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Abstract

Language modeling had two defining moments. First, a single pretrained model, fine-tuned per
task, displaced task-specific systems. Then scale made fine-tuning optional for many tasks, letting
the same model handle them from few or no examples. Behavioral models learn from sequences
of human actions, such as purchases, payments, and app sessions, but remain organized around
individual datasets, tasks, and domains. We present BehaviorGPT-v4, a 12.5B-parameter Large
Behavioral Model pretrained by next-event prediction on 150 billion user actions (3.6 trillion tokens)
from retail, engagement, and payments. It represents behavior as sequences of discrete, multimodal
events and extends next-token prediction to an open set of candidates, still scored in a single step.
On public datasets whose catalogs and users were held out from pretraining, BehaviorGPT-v4 with
no target-specific training outperforms every sequential, generative, transferable, tabular, and LLM
baseline we evaluated, including specialists trained on the target’s full training split. Fine-tuned, it
learns from added target data 17 times faster than the strongest baseline. The same model serves
three industries and 13 datasets with no per-dataset changes: it leads the strongest baseline on 30 of
31 dataset—task pairs without adaptation and on all 31 fine-tuned. The 12.5B model transfers better
zero-shot than our 0.5B model and needs less target data. It ranks a full catalog in one forward pass,
in under a millisecond per query, 48 times faster than a prompted LLM. Production A/B tests of the
BehaviorGPT family show double-digit gains in conversion and orders in several deployments. We
document the recipe and design decisions behind the BehaviorGPT family, with internal ablations.
An SDK and API for zero-shot deployment and evaluation on new catalogs, and live demos built on
them, are available at www.unboxai.com/behaviorgpt.
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Figure 1: Large Behavioral Models transfer zero-shot to datasets held out from pretraining, and stay ahead of
baselines given millions of target samples. Two held-out datasets averaged into one panel, short video (PixelRec) and
reviews (Amazon Sports). Accuracy @ 10 is Effective Recall @ 10 under full-catalog ranking on a temporal split, with
unseen items and users, divided by the 12.5B’s own zero-shot score on the same dataset (0.594% and 0.763%), so the
dashed rule at 1.0 is our zero-shot point and every value is a multiple of it. Left: no samples from the target, though
the LLM’s point ranks a shortlist of the target’s most frequent products. Right: accuracy after adaptation on N target
samples, by fine-tuning for ours, training for the specialists, a refit over the budget’s own samples for gradient boosting
(LightGBM), and in-context conditioning for the LLM and for the LTM (TabPFN v3). No baseline reaches the rule
at any budget. Arrows are accuracy gained per tenfold increase in target data, fitted over the sweep: +0.35 for ours
against +0.02 for RecFormer, the strongest baseline. See Appendix F.4 for details.

1 Introduction

Foundation models have transformed language, vision, and genomics [9]. They have made less headway in several of
the industries where data and use cases are most abundant: in retail, engagement (app usage), and payments, most of
what is logged is behavioral (records of what people did rather than what they wrote or photographed), and it is still
modeled one dataset, one task, and one domain (company, vertical, or market) at a time. We present BehaviorGPT-v4,
which extends the paradigm to all three [36, 34, 35]: a single 12.5B-parameter model trained on 150 billion real human
actions and 3.6 trillion tokens, one pretrained model behind every domain and task in this paper. Both numbers are,
to our knowledge, the largest yet disclosed for behavior: 1.5x the largest published event count and 1.8 x the largest
published token count. The same holds for the model: its 12.5B non-embedding parameters are more than ten times the
largest reported for any behavioral foundation model (setting aside sizes inherited from language-model backbones
and totals whose non-embedding share is undisclosed; Section 6.4 gives the accounting). Our BehaviorGPT models,
deployed with retailers and payment providers, have driven double-digit increases in conversion and orders in A/B tests
against the incumbent systems, some running for several years (Section 3.6).

Two moments for language. In language, one pretrained model fine-tuned per task first displaced the task-specific
architectures that preceded it, on many tasks at once [54, 88, 26, 91]; then scale made the fine-tuning optional [89, 11],
the same model handling tasks it had never been trained on, improving at them as it grew, and on some of them matching
or outperforming systems trained on those tasks in full. Both results rested on one formulation, next-token prediction,
which absorbed tasks that had been modeled apart. Behavior has had neither, and the same unification is missing: the
pretrained model is mostly a feature extractor, with a head fitted per task. We pose the tasks as one, next-item retrieval,
and take it to a scale at which it has not been tried (Section 2). One pretrained model then reproduces both moments:
fine-tuned per dataset, it beats every baseline on every task (Figures 2 and 5); left unadapted, the same fixed model
makes fine-tuning optional (Figures 1 and 11).
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Figure 2: Every method on every dataset, as a share of the best score on that dataset. Recall@10. A cell is the
method’s recall as a percentage of the highest any method reached on that dataset, so 100 marks the leader and 10 an
arm an order of magnitude behind it. Letters mark what target data each row was given, as Table 9 sets out: T trained
on the target’s training split, p counted over its training stream, w no target data at all, B a bounded candidate list of the
most frequent products in the target’s own data. Our own four checkpoints are set in bold. Rows are ordered by mean
rank over all fourteen columns, with the median of the row in the column beside it. The Payments band is scored by
hit@S5 rather than recall@10 and counts toward both. See Appendix F.8 for details.

Our claim. We claim the same transition is available for behavior, and that three falsifiable properties would show it:
(i) zero-shot transfer: a pretrained model that ranks well on a new merchant, catalog, and user population with no
samples from that dataset, where a specialist has nothing to train on at all; (ii) breadth from one pretrained model:
one fixed set of weights competitive with the strongest specialist across retail, engagement, and payments, across the
subdomains within each of them, and across task families, all simultaneously rather than one at a time, since breadth
along one axis alone would leave the per-dataset model as the default; and (iii) generality that improves with scale:
zero-shot transfer getting better, and adaptation getting more sample-efficient, as model scale grows, which we test by
comparing our 0.5B and 12.5B models. Four figures test them: two held-out datasets from zero shot through a full
adaptation sweep (Figure 1), every method in the benchmark against every dataset in it on the one slice all of them share
(Figure 2), the adapted model against the strongest specialist on every dataset and task we can pair them on (Figure 5),
and what model scale bought on that grid, without target data and with it (Figure 12).

The third property was central to GPT-3 [11], whose case rested less on any one benchmark than on performance on
untrained tasks rising steadily with scale, and on larger models making better use of in-context examples. We test the
behavioral analogue at our two model sizes (Section 3.1): 25X more parameters improve zero-shot transfer on 28 of 31
dataset—task pairs.

Zero-shot for behavior. Zero-shot has never meant a model untouched by a task, only one never trained on it
explicitly: GPT-3’s held-out tasks were latent in its corpus, so the term marks a position on a spectrum rather than a
clean break. Behavior differs in where the novelty lies. Words are shared across every English corpus, so a new corpus
can be new only in what it asks. A behavioral dataset’s catalog, by contrast, is its vocabulary, so a new dataset is new
in its symbols, and reaching an unseen catalog at all requires describing actions by their multimodal features rather
than their identities. Tasks must reach the model the same way. A language model is told its task in words; ours is
told it in behavior, with every task posed as the next action given the context that defines it (Section 2.2). Finding one
such formulation for all tasks is much of what the approach has to solve. Figure 1 is the far end of that spectrum: two
public datasets whose catalogs, items, and users are absent from pretraining, in domains for which we hold no data at
all. The datasets of Figure 2 are mixed. Several catalogs are new in the same sense; for others, some items were seen in
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Figure 3: BehaviorGPT-v4 is the most accurate method on the benchmark at sub-millisecond serving cost, the
cost band of the cheapest learned recommenders. Each point is one method: its median share of the best score on
each dataset (Figure 2) against its median milliseconds per query (Table 3). Hollow points use no target data. The
shaded band runs between the best baseline at each cost (dashed) and the best method overall (solid). The fine-tuned
12.5B reaches 3.1x the median of the strongest baseline, Gemma 4 31B, at 48x less time per query. The gap is
architectural: like SASRec and HSTU, BehaviorGPT ranks the whole catalog in one forward pass, whereas semantic-ID
recommenders and prompted LLMs decode in multiple steps. Latencies are harness throughput, not serving latency, and
Gemma and the tabular arms are timed on a thousand-item shortlist, a smaller ranking problem than ours (Appendix F.3).

pretraining, and the task belongs to a family pretraining covers, though all users are new throughout. Zero-shot covers a
weaker claim there.

Target data and engineering cost. Zero-shot and few-shot are first of all claims about cost: GPT-3’s case rested on
the expense of a labeled set per task [11]. Two costs matter here, target data and the engineering around it, and Figure 1
shows both: a training pipeline per dataset for a specialist, a light fine-tune for us, and nothing at the left edge. The few
dozen examples that few-shot means in language rarely bind here, since any traffic at all logs thousands of events in a
week; we therefore sweep from a thousand target samples up to the full training split. Each tenfold increase in target
data adds 4-0.35 of our zero-shot accuracy, against +0.02 for the strongest baseline. Even given the entire split, that
baseline reaches only 0.62 x our zero-shot score, while our fine-tuned model reaches 2.18 .

Where prior work stands. Behavioral foundation models have reached industry: over the past two years, media,
commerce, banking, card networks, payments, and markets have each published one (HSTU at Meta [112], Shopify’s
commerce model [3], PRAGMA at Revolut [83], nuFormer at Nubank [10], and five more in Table 1). Each is pretrained
on one company’s event stream and evaluated on that company’s internal tasks, with headline results reported as relative
lifts on proprietary data. These models show that scale helps within a platform, but almost none tests transfer across
platforms, domains, and catalogs, the property central to foundation models: where public datasets appear, as in HSTU,
models are trained on them from scratch (Section 6.4). Academic work [27, 50, 51, 72, 60] does report zero-shot
transfer, but at 1075-10~* of our pretraining scale, on one industry’s public recommendation corpora, and almost
always for next-item prediction alone. Each line of work is thus broad in one respect and narrow in the others: in tasks
but not platforms, or in catalogs but not industries or tasks. A foundation-model claim requires breadth on all of them at
once and at industrial scale, which to our knowledge has not been shown. We evaluate on public datasets so that both
the cross-domain and zero-shot claims can be verified, and release a notebook that reproduces our zero-shot PixelRec
evaluation through the public API. Table | summarizes this landscape and Section 6 develops it.
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Figure 4: The language of behavior. An LLM predicts the next token from a fixed vocabulary; a Large Behavioral
Model predicts the next action, where each event can carry text, imagery, a time, a place or a price, and the candidates
form an open catalog. Language is the special case in which every event is a single token and the catalog a fixed
vocabulary (Section 2.3).

Large Behavioral Models. We define Large Behavioral Models (LBMs) as foundation models in which co-
occurrence within chronological sequences of human actions defines the meaning of the entities acted upon. As
LLMs model language by next-token prediction, we model behavior by next-action prediction over an individual’s
chronologically ordered actions (Figure 4); with every event a single token and the catalog a fixed vocabulary, the
formulation reduces to an LLM. Conversely, any task whose answers can be enumerated and embedded becomes a
single retrieval step rather than autoregressive decoding (Section 2.3). LBMs differ from LLMs and vision-language
models (VLMs) in what they observe: text and images are the polished outputs of human activity, while behavioral
logs record the trajectory that produced them. This changes what similarity means. To an LLM or VLM, regular and
lactose-free milk are near-duplicates; behaviorally they are nearly disjoint (Figure 6). Models that derive similarity
from descriptions produce answers that sound reasonable; models that derive it from actions produce answers matched
to what the user at hand actually does. This principle shapes BehaviorGPT’s embeddings, losses, and candidate
sampling, and separates it from zero-shot recommenders whose transfer runs entirely through item text, and so through
the description-based similarity this example rejects (Section 6.4). A companion position paper [33] and Appendix A
develop the definition and its consequences.

Why one model per domain has been the default. Catalogs and event taxonomies differ from one tracking system
to the next, and the behavioral foundation models in Table 1 are built accordingly: one per platform, with a head fitted
per task inside it. If that heterogeneity is fundamental, a model spread across retail, engagement, and payments should
be mediocre at each. In our results it is not, which weakens the case for one model per domain. We expect Large
Behavioral Models to take the place in behavior-driven industries that LLMs now hold in language. The reason is
accuracy as well as convenience: on our benchmark, one model outperforms both the specialists it would replace and
the general-purpose alternatives, prompted LLMs and Large Tabular Models. We therefore treat behavior as a modality
in its own right, not as a table or a text corpus.

Our main contributions are as follows:

1. Zero-shot transfer that beats fully trained specialists. Under standardized full-catalog ranking with temporal
splits on two public datasets held out of pretraining, short video (PixelRec) and reviews (Amazon Sports),
BehaviorGPT-v4 without any samples from the target outranks SASRec, HSTU, and RecFormer trained on
the target’s full training split, OneRec 8B Pro, a prompted LLM (Gemma 4 31B), gradient-boosted trees
(LightGBM), and a Large Tabular Model (TabPEN v3). No baseline reaches our zero-shot accuracy at any
budget (Figure 1). Zero-shot behavioral transfer has been shown before (Section 6.4), but not at industrial
pretraining scale, across industries, or against specialists trained on the full target dataset rather than a fraction
of it. BehaviorGPT-v4 was never trained on reviews or videos at all.

2. Breadth from one pretrained model. With no per-dataset architecture, objective, or vocabulary changes,
one fixed BehaviorGPT-v4 model leads the strongest specialist on 30 of 31 dataset—task pairs with no target



Model Pretraining corpus Par. Data Ind. Tasks 0-shot Carrier Geom.

Industrial behavioral foundation models

HSTU [112] Meta: engagement 0.13B¢ 100B ex. 1 Muli* No' IDs Behav.
Netflix FM [82, 107] Netflix: video 1B™ 2T tok.™ 1  Multi* No® IDs + meta. Behav.
Shopify CFM [3] Shopify: storefronts, Shop app <8B* ~ITtok.> 1 Muli* No IDs Behav.
PRAGMA [83] Revolut: banking 0.91B° 24Bev. 1 Multi* No Schema + text Behav.
nuFormer [10] Nubank: card txns. 0.30B°¢ 500B tok. 1  Multi* No™ Text+ schema Behav.
TREASURE [109] Visa: card txns. ~0.005B¢ 6B txn. 1 Multi*  No IDs +schema Behav.
TransactionGPT [29] Visa: card txns. 0.01B 1B+ txn. 1 Multi* No IDs+schema Behav.
Stripe PFM [65] Stripe: payments — 10sBtxn. 1 Multi* No Schema" Behav.
TradeFM [63] J.P.M.: trade flow 0.49B° 10.7Btok. 1  Multi* Yes® Schema® Behav.
Transferable recommenders

ZESRec [27] Public rec. corpora 0.001Bf 23Mint. 1 1 Yes Item text Lang.
UniSRec [50] Public rec. corpora 0.003Bf 14Mseq. 1 1 Yes” Item text Lang.
VQ-Rec [51] Public rec. corpora 0.003Bf 14Mseq. 1 1 Yes” Item text Lang.
RecFormer [72] Public rec. corpora 0.11B° 3.6Mseq. 1 1 Yes Item text Lang.
RecGPT [60] Public rec. corpora 0.021Bf 125Msseq. 1 1 Yest Item text Lang.
LLM-backed generative recommenders

OneRec-Fdn. [115] Kuaishou: video, ads, product 6.95B¢ 130B tok. 1 Multi No# Item text Lang.
Prompted LLMs [53, 75] (LLM pretraining) — — Multi Multi!  Yes Item text Lang.
Large Tabular Models

TabPFN [43] Synthetic causal graphs 0.026B" 100M tab. Muli 19 No' Synth. prior  Synth.
XTab, CARTE [117, 68] Public tables; YAGO3 0.009B" 18M trip. Multi 19 No Schema text Lang.
TabuLa-8B [38, 45] Serialized tables 6.98B" 4Mtab. Muli 17 Yes Row text Lang.
BehaviorGPT-v4 Retail, engagement, pay. 12.5B 150B act., 3.6T tok. Multi Multi Yes® Multimodal Behav.

Table 1: Where behavioral foundation models stand. No specialized behavioral model is broad in both industries and
tasks. The general-purpose alternatives, Large Tabular Models and prompted LLMs, are not competitive in accuracy
(Figure 1) or latency (Table 3). Par.: non-embedding parameters, the only count comparable across architectures, since
ID-based models hold most of theirs in per-item lookup tables that grow with the catalog; dashes mean not reported,
so our figures are the largest disclosed. Data: pretraining corpus in the unit each work reports. Ind.: industries in
pretraining (Multi: not tied to one company or vertical). Tasks: task families one pretrained model is evaluated on.
0-shot: evaluated on a dataset with no samples from it. Carrier: what an event enters the model as, and so what can
carry it to an unseen catalog. Geom.: what makes two events close in the learned space. Appendix A.l defines the
columns and marks; Section 6.4 develops the comparison.

data (Figure 11), and fine-tuned it leads all 31, over 12 catalogs and a cross-merchant payment stream
(Figure 5). We are aware of no behavioral model previously shown to hold up across industries, subdomains,
and task families at once; prior work is broad along at most one of those axes (Table 1). Two exceptions are
broad by construction: a prompted LLM, whose breadth is inherited from language rather than learned from
behavior, and a Large Tabular Model, which applies to any domain but is not built for behavior: it cannot rank
even moderately sized catalogs or represent user sequences well. We outperform both on every task in our
benchmark that can be posed to them.

3. Generality that grows with model scale. From our 0.5B model to our 12.5B, a 25 X increase in parameters,
zero-shot transfer improves by a geometric mean of 1.94x across the same grid of datasets and tasks, and the
larger model keeps a 1.47x margin once both are given the target’s own data (Figure 12).

4. Real-world deployment evidence. Multi-year A/B tests of our BehaviorGPT models against incumbent
commercial systems in search, recommendations, and physical retail show that the approach holds under
production latency and cost constraints, which bind hard in these industries: a ranking call sits inside a
page load, and a low-margin conversion must pay for the inference behind it. The two established routes to
generality break these constraints: prompted LLMs and semantic-ID generative recommenders both decode
in multiple steps, and prompted LLMs rank only a shortlist supplied in context. BehaviorGPT-v4 keeps the
single-step retrieval cost of a classical recommender while transferring across catalogs (Table 3), and on our
benchmark it is the most accurate method at that cost (Figure 3).

5. Method and design decisions. An account of what training a foundation model on discrete action spaces
at this scale involves: multimodal event representations, two-stage embedder—contextualizer training, loss
and candidate-sampling design, and exact softmax over catalogs of 10? candidates, together with the internal
experiments and ablations behind each choice (Appendices B and G).
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Figure 5: Adapted where evaluated, one pretrained model beats every baseline on every dataset and task. Each
cell is the 12.5B’s recall@ 10 over the strongest baseline’s on the same positions, fine-tuned on the target’s training split
on 22 cells and unadapted on those marked z (marketplace, image discovery and payments, which have no fine-tune).
The baseline is the highest of every baseline run on that cell rather than one fixed opponent (Table 9); Appendix F.1
explains the marks. We lead all 31 populated cells, by a geometric mean of 2.4 x, and all 22 fine-tuned cells by 2.35X;
with no adaptation anywhere, one fixed model leads 30 (Figure 11).

6. Availability. An SDK and API that deploy a new catalog zero-shot, an example notebook that reproduces a
zero-shot PixelRec evaluation through the API, and live demos built on the SDK, at www.unboxai . com/be
haviorgpt (Section 4; demos in Appendices [ and J.1).

Roadmap. Section 2 describes the approach (the framing of behavior as sequences of multimodal events, the training
recipe, the data, and the evaluation protocol), with full method details in Appendices B—D. These appendices are a
deliberate record of the recipe: they collect design lessons from six years of building these models, including internal
runs reported in less detail than the main results. The benchmark appendices (Appendix E onward) document the
evaluation protocol and results in full. Section 3 presents public-dataset, breadth, scaling, and deployment results, with
the internal experiments and ablations behind the recipe in Appendix G. Section 6 reviews related work and locates our
claim relative to both the industrial and the academic transfer literature. Two companion papers cover the position and
its implications [33] and compute-optimal scaling for this model family [37].
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with gluten-free bread far more than with regular milk.



2 Approach

This section summarizes the recipe needed to interpret the results: what we require of the model (Section 2.1); behavior
as chronological sequences of multimodal events, and the two-module model that consumes them (Sections 2.2-2.4);
the losses and data it is trained on (Sections 2.5-2.6); adaptation and serving (Sections 2.7-2.8); and the evaluation
protocol (Section 2.9). Appendix B records the full set of techniques and design decisions.

2.1 Desiderata

We first state what we require of the model, since the next-event objective alone does not determine several of the
design choices that follow.

Predictive requirements. We ask pretraining for a single model that predicts any action from a history of actions:
p(action | history of actions, action € candidate set). )

A history is a chronological sequence of past events together with the contextual attributes (market, age band, store
format) under which they occurred; these are part of the history even where they occupy no sequence positions (Section
2.2). The candidate set fixes the support: (1) is the model’s distribution over all actions, restricted to that set and
renormalized. Unlike a language model’s vocabulary, the support is not fixed in advance. Candidates enter through their
multimodal features rather than an identifier, so a candidate set may contain actions absent from pretraining, which
is what makes an unseen catalog rankable at all. It may hold a full catalog of up to ~ 10? items or a handful, and
normalizing over the largest is a central computational problem of training (Section 2.5). Nor must it come from the
domain that generated the history: given a partial grocery basket and a candidate set of vehicles, the model must return
a distribution over vehicles. A task is thus specified by a history and a candidate set rather than by a choice of model,
and the same weights serve every such query; in deployment, “customers who bought this also bought” and “customers
who viewed this also viewed” differ only in whether the prompt ends in a purchase or a view.

We also want the reverse direction: which history most plausibly precedes a given outcome, such as the search most
likely to have preceded a purchase. This is a capability rather than a pretraining objective: pretraining is causal, and
masked fine-tuning supplies the reverse direction afterwards (Section 2.5).

Representational requirements. Most tasks use the model end-to-end, but its intermediate representations also
matter: they make predictions explainable and serve uses not posed as (1) at all (Appendix J). Pretraining should
therefore yield, as a byproduct, four metric spaces in which distance reflects behavioral co-occurrence rather than
descriptive similarity (Section 1):

(D1) over actions and the items acted upon, so that products users treat interchangeably are close;
(D2) over agents, so that users with similar behavior are close;
(D3) over domains, so that markets, age bands, or store formats with similar behavioral structure are close;

(D4) over actions conditioned on an agent, since interchangeability depends on the agent: which of the two milks in
Figure 6 substitutes for the other is a property of the user, not of the pair.

These should emerge from the pretraining objective itself, not from separately trained heads. D3 follows from the
domain conditioning of Section 2.2; Appendix J describes how agent representations are read out of the trained network.

2.2 Behavior as Sequences of Events

Ordering an individual’s actions chronologically yields a sequence structurally analogous to a sentence, which admits
the same causal, autoregressive treatment. Where graph-based recommenders model relations among products or users
explicitly, we capture them through the temporal structure of what each user did next, without materializing a graph.

The atomic unit of the sequence is a single action, represented by its text, imagery, and numerical fields rather than
by an identifier. Where this boundary is drawn decides what gives an action its meaning: the other tokens in its own
description, or the other actions in the same user’s history. Section 2.3 reports the experiment that separates the two.

To the sequence we add domain information: contexts spanning multiple events, such as market, store format, or
demographic attributes (Figure 7), encoded following CTRL [66], which conditions generation without consuming
sequence positions. Domains raise CartMetric accuracy (Appendix D.6) from 0.35 to 0.386, close to 10%, with most of
the gain on users with fewer than 50 recorded events, where behavioral history is thinnest (Appendix G.2). Conditioning
this way also places the domains themselves in a metric space, D3 of Section 2.1.
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Figure 7: Behavioral sequences with domains. Events are ordered chronologically and each carries multimodal
features. Domains are contexts spanning one or more events (market, store format, demographic attributes) and enter as
conditioning rather than as additional sequence positions, so they cost no context length.

2.3 Events as Multimodal Features

Event IDs as tokens. The naive approach treats each distinct event as a token and predicts the next event ID, as in
language modeling. It fails for three reasons, which is why events enter our model through their features instead (the
carrier of Table 1). First, IDs do not survive a tracking boundary: systems use different conventions for the same
product, so an unseen catalog maps to the wrong embeddings or to none; unsupervised translation between ID spaces
[70] can align them, but only where both are observed. Second, IDs pool no statistical strength: most events are rare,
and a model that sees each as an arbitrary index cannot share what it learns across them, whereas descriptions let a
preference for a price point or a color carry over to every event that shares it, and from one dataset to another. That
transfer, rather than warm- or cold-start performance, is the main advantage of features over IDs, and what lets one
model make use of diverse corpora. Third, IDs offer no feature-level handle for explaining a prediction or for generating
product text and imagery.

Embeddings. Training the text and image embedders end-to-end on behavior works better than adopting pre-trained
ones (Appendix G.3), and since behavioral text (short search terms, brand names, merchant descriptions) is unlike
internet text, we train the tokenizer on it as well. Nor should the embedders be trained apart from the sequential
task: auto-encoding objectives fitted to individual events, detached from their place in a user’s history, yield weaker
representations.

The granularity of masking shows why. Consider a user’s basket, rendered as descriptions:
pasta 1kg, barilla, $7.3 <sep> rao’s tomato basil sauce, $6.8 <sep>

Masking individual tokens and masking whole descriptions both instantiate the distributional hypothesis (“you shall
know a word by the company it keeps” [31]), but they disagree about what the company is. Token-level masking is
largely solvable from the rest of the same description, so it teaches naming conventions; masking the whole description
leaves only the other products the user bought, so it teaches the cross-product associations that behavior carries. We
find the second yields better embeddings and recommendations, so the event, not the token, is our unit of prediction.
The pretraining objective itself remains causal (Section 2.5).

Features of events and actions. Behavioral frequencies are long-tailed, and the features attached to events (im-
ages, descriptions, prices) are typically static and human-authored, which invites memorization over generalization.
Overfitting takes two forms: to features that identify a tracking source rather than a behavior, and to the particular
feature values seen in training, which leaves the model unable to handle new or altered events. The model therefore
needs combinatorial generalization [81] over unseen events and unseen feature combinations, a stronger demand than
a language model faces, since its vocabulary is fixed in advance. Data augmentation [32] is central to meeting it
(Appendix G.7).

Two-stage training. The model has two modules: the embedder, which maps an event’s text, imagery, and numerical
fields to a vector, and the contextualizer, which consumes the sequence of event embeddings and produces the
distribution of (1) (Figure 8). Training the embedder end-to-end is expensive, since it runs on every candidate as well
as every event, so we train in two stages. Stage 1 trains both modules against the sequential objective, so that event
representations are shaped by behavior rather than by an auto-encoding proxy. Stage 2 freezes the embedder and
continues training the contextualizer alone; freezing lets candidate embeddings be precomputed and cached instead of
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Figure 8: The two modules, and the two batches that train them. Every event, in the sequence and among the
candidates, enters as its multimodal features through the embedder; only the sequence batch reaches the contextualizer,
which runs once per sequence and scores candidates by a single product against their vectors. Stage 1 trains both
modules jointly with in-batch negatives; stage 2 freezes the embedder, caches the candidate vectors, and trains the
contextualizer against pools drawn from the full catalog (Section 2.5). The annotations show the asymmetry behind the
compute accounting: an embedder parameter is billed on every event and every candidate, a contextualizer parameter
once per sequence, and sequence windows essentially never repeat while head items recur hundreds of times [37].

Module Layers Width Parameters
Embedder (stage 1, then frozen) 8 768 165M
Contextualizer (stages 1 and 2) 64 4096 12.36B
Total 12.5B

Table 2: Configuration of the BehaviorGPT-v4 checkpoint. The embedder is frozen after stage 1, so candidate vectors
can be precomputed and cached for both training and serving (Sections 2.3 and 2.8).

recomputed every batch, which is what makes stage 2’s large candidate pools affordable (Section 2.5). The split of
parameters between the two modules is one of the axes of our scaling study [37].

Language as a special case. The embedder—contextualizer structure contains the language model as one instance:
let every event be a single token, the embedder a lookup table, and the candidate set a fixed vocabulary, and the
contextualizer becomes a decoder-only transformer trained by next-token prediction. The same model does train on
text alone, with segments of text as events (Appendix C.4). An LBM lifts both restrictions: events are described by
open-ended text, imagery, and numbers, and the model predicts a distribution over any catalog, including one never seen
in training. The reduction also runs the other way. Because candidates are embedded from their features, a candidate set
can hold anything the embedder can describe (a complete answer, a query, a multimodal action), so any task whose
answers can be enumerated becomes a single step: one contextualizer pass and one product against cached candidate
vectors (Section 2.8), where an LLM would decode its answer token by token.

Predicting actions costs far more than reading them. A language model scores a vocabulary of hundreds of thousands
of tokens by lookup; the action space holds tens of billions of events, each embedded from its own text and imagery,
so scoring C' candidates costs up to C' times as much as encoding the input sequence. This asymmetry drives several
further design choices, detailed in Appendix B: alternative target objectives, temporal and popularity features injected
at the logit level, candidate caching, and learned quantization.

2.4 Model, Scale, and Training Configuration

Table 2 gives the configuration of the two modules. The embedder is 8 layers at width 768 and the contextualizer 64
layers at width 4096, and the contextualizer holds 99% of the parameters: describing an event is a far smaller problem
than modeling a sequence of them.
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Scaling laws for LBMs are the subject of a companion paper [37], summarized in Section 3.3. One difference from
LLMs bears directly on configuration: an LLM’s vocabulary is fixed and varies little across models, whereas the
candidate space is a hyperparameter in its own right, with bottlenecks of its own. Its effect on difficulty cuts both ways:
more candidates make each next-event prediction harder, but finer-grained candidates also make each history more
distinctive, so earlier events say more about later ones [37].

2.5 Losses and Candidate Sampling

An LLM computes a full softmax over a fixed vocabulary at every step. An LBM cannot, because its candidates are not
fixed in advance (Section 2.1) and three scales are at play: the action space the model is trained over, tens of billions of
actions across all corpora; a single catalog, up to ~ 10 items; and the candidates any one loss computation involves.
These are usually sampled, and the sampling distribution then defines the loss and what the model learns; where a full
catalog must be scored, an exact softmax handles up to 10? items. Five design decisions follow, developed in full in
Appendix B.5.

Local and global losses. Batch-derived candidates over-represent hard negatives and are drawn in proportion to
popularity, so their loss divides popularity out of what the model learns. We therefore pair a local loss over batch
candidates, which teaches fine discrimination between similar items, with a global loss over candidates sampled from
the full space, which teaches the overall action distribution. Stage 1 uses the local loss alone, over the batch candidates
of all devices gathered together; stage 2 adds the global loss, drawing candidates from the catalog cache that the frozen
embedder makes possible. More candidates help monotonically, and the compute-optimal number is swept in our
scaling study [37].

Separate softmaxes per distribution. A single softmax over mixed candidate distributions (data sources, markets, or
time periods) teaches the model to separate them, the opposite of the alignment that cross-domain transfer requires.
We keep one softmax per distribution and weight the resulting losses, which aligns the embedding spaces instead;
at 24,000 candidates this is worth more than doubling the candidate count without it (Table 48), and it is what lets
out-of-industry data help rather than hurt (Section 3.4). The rule applies to genuinely distinct distributions: candidates
from one distribution, merely sharded for computation, belong in one softmax, and fully disjoint distributions forfeit the
transitivity that shared items provide.

Exact softmax at catalog scale. Where a full catalog must be scored, we compute an exact softmax cross-entropy over
up to 10 items, roughly ten thousand times an LLM vocabulary. An optimized streaming kernel for our distributed
setting applies online softmax [80], in the spirit of fused large-vocabulary cross-entropy kernels [102]: a log-sum-exp
over vocabulary shards with a hand-derived backward pass that never materializes the full logit matrix (Appendix D.4).
The action space as a whole remains beyond an exact softmax, so the sampling design above still governs pretraining.

Simple objectives at scale. We stay close to step-wise autoregression, predicting one or two targets per step. Richer
multi-target objectives can reach a better loss, but we find the simpler ones win at equal compute at scale, the pattern
language modeling settled into.

Causal pretraining, masked fine-tuning. Pretraining is causal. Masked objectives capture useful bidirectional
conditioning, such as which search most likely preceded a purchase, but converge more slowly at scale, so we apply
them as fine-tuning after pretraining.

2.6 Data

BehaviorGPT-v4 is pretrained on 150 billion actions, or 3.6 trillion tokens, of retail, engagement (app usage), and
payments behavior, in decreasing order of share. An action averages roughly 24 tokens because it is serialized as its
multimodal features (description text, categorical fields, numerical values such as price) rather than as an identifier
(Section 2.3), so action and token counts measure different things, and we report both.

The corpus combines three families of events: transactions (purchases, returns, individual receipt lines); interactions
(clicks, likes, searches, and other engagement with items); and contextual attributes of a user or session (location, age
band, market), which enter as domains (Section 2.2). A subset of sequences also carries demographic attributes and
outcome labels such as fraud indicators.

Behavioral corpora are far less homogeneous than text corpora. A language model fitted to diverse internet text learns
p(language) and, implicitly, conditionals such as p(language | author) or p(language | country). Behavior adds a
conditioning variable with no counterpart in text: what gets recorded depends on the system that recorded it, so a corpus
supplies p(behavior | tracking system), each system a dialect with its own event taxonomy, catalog, and convention for
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what counts as an interaction. The per-distribution softmaxes of Section 2.5 exist to align these dialects rather than let
the model separate them.

Behavior is also bounded by what an interface permits. A poor search interface yields sequences in which users never
found what they wanted, and a model fitted to them learns the constrained behavior rather than the intent behind it. Part
of the problem is measurement: in one deployment, adding an event recording whether a user left the search page before
clicking changed what the model inferred about search intent and made its search predictions markedly less diffuse.

Three properties matter more than raw size in making a corpus learnable: events that carry predictive signal about one
another, enough distinct event types co-occurring for the model to learn relations across types, and sequences long
enough in elapsed time to expose repeat and seasonal behavior. Augmentations, auxiliary text and internet data, and
time-delay encoding are described in Appendices G.7, C.4, and B 4.

The recipe also extends beyond consumer data. Workforce event streams differ from this mixture more than its three
industries differ from one another, with a far smaller event vocabulary and a coarser time granularity, yet a separate
SM-parameter model trained from scratch on 43M workforce events with the same architecture and objective predicts
employee attrition at 91% accuracy (F1 0.93) [34] (Appendix C.3). That is transfer of the method, not of this checkpoint,
and it makes workforce behavior a candidate for a future mixture (Section 5).

2.7 Fine-tuning

Pretraining runs once; adapting to a new dataset or deployment is a much smaller step. We fine-tune a small subset of
the parameters, either LoRA adapters [55] or the last transformer block with the final normalization, output projection,
and domain embedder, depending on the target, running stage 1 and then stage 2 on the target’s data with early stopping
on a small validation set. An unseen catalog needs none of this: its items are embedded from their features and enter the
candidate set without training (Section 2.3), so adaptation changes how well the model ranks, not what it can rank.

We fine-tune only when a target is absent from pretraining or its own data is plentiful enough to warrant it; deployments
already represented in the pretraining corpus are served the checkpoint as-is. Because the delta is small, one base model
serves every deployment, with per-deployment deltas swapped in where they exist, and many adapters can be served
concurrently at low marginal cost [19].

Fine-tuning reuses the pretraining formats, so inference formats still match training. EMA-anchored adaptation and
distillation from the stage-1 model were tried and not adopted (Appendix B.6). Post-training for reasoning and test-time
compute in the behavior space, by supervised fine-tuning and Group Relative Policy Optimization (GRPO) [25], is
described in Appendix B.8.

2.8 Inference

Serving cost is a design constraint in these industries. A ranking call sits inside a page load, and where margins are thin,
the inference behind a decision is a material fraction of what that decision is worth. Table 3 compares the routes to a
ranked list by the number of sequential passes through the model per request, which does not depend on hardware,
alongside measured latency.

A classical sequential recommender is as cheap as ranking gets: it encodes the history once and scores candidates with
one matrix product, but its embedding table cannot leave the platform it was built on (Table 1). The two established
routes to generality both give up that single step, and ours does not. Semantic-ID generative recommenders and
prompted LLMs reach new items by decoding in multiple steps, and prompted LLMs rank only a shortlist supplied in
context; for actions, the beam search of semantic-ID decoding does not even buy accuracy, as greedy decoding scores
higher (Table 50). Because our embedder is frozen (Section 2.3), candidate vectors are precomputed and cached, so
a request costs one contextualizer pass and one product against the cache, whatever the candidate’s modality, and a
new item enters the cache by one embedder pass over its features, with no retraining. Figure 3 sets these costs against
accuracy.

2.9 Benchmarks and Evaluation Axes

Most public benchmarks test one narrow form of generalization: the next item for a known user in a known catalog, at a
time inside the data window. A foundation model for behavior must generalize along six axes, which structure both our
internal evaluations and the public-dataset protocol of Section 3.1:

1. New time: generalize to time periods after the training window (temporal splits are mandatory, not optional).

2. New items: generalize to products and actions never seen in training, via their multimodal features.
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Route to a ranked list Passes Full catalog ms/query

Count-based rules (popularity, recency) 0 Counts and recency only 0.04 (0.02-1.4)
ID-based sequential (SASRec, HSTU) 1 Own catalog only 0.2 (0.02-1.6)
Text-encoder retrieval (RecFormer) 1 Yes 5.7 (0.94-19)
Per-candidate LTM (TabPFN) n No, shortlist only 3.7 (0.94-57)
Per-candidate trees (LightGBM) n No, shortlist only 0.59 (0.41-0.84)
Semantic-ID generative (TIGER, OneRec) mb Approximately 20 (0.36-38)
Prompted LLM (ranking in context) T No, shortlist only 34 (3.6-186)
BehaviorGPT-v4 1 Yes 0.71 (0.06-2.4)

Table 3: What a ranked list costs to produce. Passes: sequential forward passes through the model per request, the part
of serving cost set by the architecture rather than the hardware; n is the shortlist size, m and b the code depth and beam
width of semantic-ID decoding (mb=40 at typical settings), and 7" the number of decoded tokens. Full catalog: whether
the list is drawn from the whole catalog, as Figure | requires. ms/query: median and range of harness throughput over
the benchmark’s runs, not serving latency, so the column is read down rather than across rows. Appendix F.3 gives
per-route details and measurement caveats.

3. New users: generalize to individuals not seen in training.

4. New domains and markets: generalize to entire catalogs, merchants, or countries never seen in training (the
zero-shot regime).

5. Dropped or short history: perform well under cold-start, without assuming long histories.

6. New tasks: generalize across task families (from the next purchase to the next reviewed item, the answer to a
search, or an attribute of the next event) without a head fitted per task.

One rule cuts across all six axes: nothing an arm reads (history, features, or any statistic) may come from after the
timestamp of the position being scored. Anything from before it is fair, including behavior aggregated across users
up to that moment (popularity, trends, the drift of a catalog’s traffic), which is exactly what a deployed system has.
Pretraining obeys the same rule: it is causal in time, and the time-since and popularity trajectories of Appendix B.1 are
such aggregates, computed up to each position.

Figure 1 exercises axes 1-4 and 6 on two datasets held out of pretraining, and the breadth results of Section 3.2 mix
axes 2—4 across twelve catalogs in three industries. Axis 5 is present throughout, since evaluations include histories of
every length, but is not a focus.

Comparisons to LLMs. The LLM arm is Gemma 4 31B [40], served locally as a zero-shot and N-shot next-item
ranker: for each target position it receives the user’s 20 most recent interactions and a numbered list of the same
candidates every other bounded arm ranks (Appendix F.4), all rendered as catalog text, and returns a ranked JSON array
under greedy decoding. The N-shot variant adds N (history, next-item) pairs from the training split to the prompt, with
no parameter updates; Appendix F.5 gives the full protocol.
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3 Results

3.1 Public Datasets

This subsection tests the first headline property, zero-shot transfer: with no samples from a public sequential-
recommendation dataset, BehaviorGPT-v4 outperforms per-dataset models trained on it, and it improves further
with light fine-tuning. We test on public data because only there can the claim be independently verified, and because
prior industrial behavioral foundation models have not reported this setting (Section 6.4). An example notebook runs
our zero-shot PixelRec evaluation through the public API (Section 4).

Protocol. Figure | reports two datasets: PixelRec [21] (Pixel200K subset), short-video recommendation over cover
images, and Amazon Reviews: Sports and Outdoors [52] (Amazon Sports), retail. Each method’s score is divided by
our zero-shot score on that dataset before the two are averaged, so the average does not mix dataset difficulty; Figure 9
shows each dataset on absolute recall. Ranking is over the full catalog with no sampled negatives, on a temporal split
rather than leave-one-out [69, 59], with unseen items and users, and every arm scores identical positions. The metric is
Effective Recall@10: a target an arm structurally cannot reach (outside its candidate pool, or absent from its training
interactions) counts as a miss, as it would in deployment. We compare our checkpoint with no target data, the same
checkpoint fine-tuned on the target’s training split, and baselines run as their authors intend, trained on that split where
they train at all: SASRec and HSTU, RecFormer, OneRec 8B Pro, LightGBM, TabPFN, a prompted Gemma, and a
popularity rule. Section 3.2 widens this to 12 catalogs under a second protocol.

Results. We draw three findings. First, zero-shot transfer beats trained specialists: with no target data we lead every
arm that runs without it, and no baseline reaches our zero-shot score at any budget; given all 2.9 x 10° and 2.5 x 10°
target samples, the best stops at 0.62x. Second, pretraining changes what a target sample is worth. RecFormer, built
around item text, has the best baseline zero-shot score (0.47x ours) but stops improving by 36,000 samples, plausibly
because its text carries little of what the target’s behavior can teach (Appendix E); our checkpoints improve at every
rung, the 12.5B to 2.18x and the 0.5B to 1.67x the 12.5B’s zero-shot score, averaged over the two datasets. A strong
starting point and the ability to convert target data are separate properties, and a foundation model needs both. Third,
scale helps: the 12.5B leads the 0.5B zero-shot and at every budget, and the 0.5B needs 9,949 to 35,928 target samples
to reach what the 12.5B scores with none. Appendix E gives arm-by-arm numbers and adaptation protocols.

What each dataset asks of transfer. Both datasets are held out of pretraining, but at different distances. Amazon
Sports is the nearer transfer: the review behavior is new, but its items are retail products, the largest share of our mixture.
PixelRec is the farther one: we hold no short-video data, so the transfer crosses industries. It is also a pixel dataset, built
to test whether raw visual content can replace item IDs, and every transferable recommender (Section 6.4) represents
items by text, so it tests a carrier those baselines lack.

Limits of the comparison. Pretrained models differ in their pretraining data, so the figure compares systems as
fielded, not architectures under a control. One such confound favors a baseline: RecFormer is pretrained on other
Amazon Reviews categories, while BehaviorGPT has seen no Amazon Reviews data, yet BehaviorGPT outperforms it
there. Parameter count alone does not explain the ordering either: OneRec, at 73 x RecFormer’s size, scores 0.10x
zero-shot against RecFormer’s 0.47 %, and within our family 25x the parameters buys a factor of 1.3 after adaptation.
Figure 12 extends the scale comparison to every dataset and task.

3.2 Breadth: One Pretrained Model Across Industries and Tasks

The second headline property is breadth from one pretrained model. Figure 2 shows it most directly: every method on
every dataset it ran on, fifteen arms over twelve catalogs on the one slice all methods share, as a leaderboard rather than
a ratio against us, so each score is divided by the dataset’s best rather than by a baseline we pick. Our four checkpoints
lead all twelve datasets and both payments tasks; the eleven baselines lead none. No baseline reaches two thirds of the
leader on any catalog, the best being HSTU at 64% on pharmacy (transactions). The only baseline cells above four fifths
are in payments, where two session rules reach 85% and 83% of our next-merchant score, because merchants repeat
within a session far more than products do. The zero-shot 12.5B, given nothing from the target, sits at a median 83.1%
of the leader and leads two datasets outright, above every baseline trained on the target, extending the result of Figure 1
from two datasets to twelve. Behind us, the four strongest baselines are within a rank of each other (RecFormer 7.3,
HSTU 7.9, Gemma 4 31B and SASRec 8.1), so a prompted LLLM restricted to a thousand candidates ranks with three
models trained on the target. Split by task (Figure 10), four different arms are the strongest baseline across the seven
columns: Gemma on the two search columns, by reading the query; a session rule on item returned and payments; the
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Figure 9: Figure 1 drawn one dataset per row rather than averaged, on absolute recall. Short video above
(PixelRec; engagement, 89,444 items, 79,399 held-out targets) and reviews below (Amazon Sports; retail, 1,587,428
items, 69,723 targets), with separate vertical axes. Curves are 5-seed means with 1 s.d. bands; zero-shot inference is
deterministic. Popularity is counted on the target’s training stream, so it appears on the fine-tuning axis only; OneRec
needs no target data and spans both panels. Three things show only per dataset: the text-reading baselines’ zero-shot
scores track how descriptive item text is; on short video, adaptation first costs the 12.5B accuracy, recovered by 3,219
samples; and the 0.5B is within 1.2 of the 12.5B on reviews, near our pretraining mixture, but 4.4 x behind on short
video. Appendix E gives arm-by-arm numbers.

trained specialists on views and purchases. No baseline family is strong everywhere. Appendix F.8 reads both figures
arm by arm.

A leaderboard hides the size of the margin and pools every task into one slice. Figure 5 shows both, across 12 catalogs
and five tasks, with no per-dataset changes to architecture, objective, or vocabulary. Each cell faces a different opponent,
the strongest we ran there: on 12 cells a model trained on the dataset’s full training split, on nine a 31B-parameter LLM,
and on ten a rule reading the session in front of the target. We lead every cell, by up to 11x; the narrowest margin,
1.02x on marketplace returns, reflects a ceiling: a returned item is by construction one the session already holds, so a
simple rule can nearly match us. Without target data the same weights still lead all but one cell (Figure 11), on users the
model has never seen and on catalogs wholly or partly absent from pretraining, which a per-dataset specialist cannot do
by construction.

The baseline pool is the paper’s full set: SASRec and HSTU, RecFormer fine-tuned and zero-shot, OneRec 8B Pro, four
cheap rules (popularity, recent items, user-popular, and predict-last), and three candidate-bounded arms, Gemma 4 31B,
LightGBM [64], and TabPFN v3 [43], which rank a shortlist of the training stream’s most frequent products (1,000 on
most rows), a target outside it counting as a miss (Appendix F.4). Tables 8 and 9 describe each arm and which arm each
ratio is against, Appendix F.1 sets out the conventions all grids share, and Table 7 profiles each dataset.

Where the margin comes from. Two design choices predict where the margin should be widest, and the grid follows
both. First, the model reaches items through their multimodal features (Section 2.3), so an item absent from training is
scored like any other. An atomic-ID specialist cannot reach it at all: zero-shot, the two specialists sit at chance on an
unseen catalog, and even trained on the target’s split they rank only the items in its training interactions (8.6% of the
catalog on reviews). The margin is accordingly widest where the evaluation window carries items the training window
does not. Second, the model ranks the full catalog, with an exact softmax over 10° candidates (Section 2.5), so the
margin grows with assortment. On the same stream, moving from a thousand items to the dataset’s own catalog leaves
us 0.44x of our accuracy and the candidate-bounded arms 0.21-0.23 x of theirs, roughly doubling the margin (Figure
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Figure 10: Which baseline is strongest depends on the task. Figure 2 by task. A cell is the method’s median share of
the leading method on that task, over the datasets that carry it (100 is the leader, 10 an order of magnitude behind);
the header gives each column’s dataset count, from ten down to one. The two payments columns score hit@5 on a
merchant or category rather than recall@ 10 on a product, and sit in the same grid because each cell is a share of its
own column’s leader. Rows keep the pooled order, so a row read across is a method’s profile; marks follow Figure 2.
q marks the four arms that never see the query (SASRec, HSTU, TabPFN, LightGBM); they are run on the search
columns but excluded from the leader there, as in the breadth matrices.

23). Across datasets the margin correlates with catalog size on every arm (Spearman +0.34 to +0.73), though domain
travels with size on this benchmark and only the two-point comparison is controlled (Figure 24; Appendix F.4).

Scale across tasks. Figure 12 replaces the baseline with our own 0.5B model on the same positions, so what varies is
chiefly parameter count (chiefly, for the caveats below). Without target data (left panel), the 12.5B’s lead is uneven
and grows with distance from the pretraining mixture: 0.97-1.42x on retail, 4.4 x on short video, 7.2-9.1 x on image
discovery, and up to 26 x on beverage discovery, a pattern set by what the model was pretrained on rather than by
size alone. Two models support an ordering rather than a trend; that ordering is the behavioral analogue of the GPT-3
property from the introduction, and the form in which we state property (iii).

After adaptation (right panel), the 12.5B’s lead over the 0.5B narrows from 1.94x to 1.47x but persists. Every column
narrows, and the rows furthest ahead fall furthest, beverage discovery from 13x to 2.4 x and short video from 4.4 to
1.4x. Target data substitutes for scale where the small model can reach the same ceiling, which is most tasks, but not
for pretraining: a model trained from scratch on a target’s data levels off well short of one fine-tuned from a pretrained
checkpoint. On beverage discovery, stage 2 from scratch levels off at 4.28 nats after twelve epochs, against 3.70 from a
smaller pretrained checkpoint and 3.43 from our largest after four (Figure 26, Appendix G). Nowhere does scale cost
accuracy: the four cells below parity, with or without target data, are all within three percent of level. Target data thus
narrows the larger model’s lead but, on this grid, never reverses it; this is the form of property (iii) that matters for
deployment.

Against the closest published comparison, OneRec 8B Pro run zero-shot on the same catalogs, the 12.5B leads on all
12 datasets, from 1.8x on convenience to two orders of magnitude on beverage discovery. Two caveats bound the
scale reading: two models fix a direction, not a curve (no power-law fit, no extrapolation past 12.5B), and the 0.5B
was trained on the previous stage-2 pipeline and a different data mixture, so the ends of each row differ in more than
parameter count.
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Figure 11: Without training on the target, the same model leads the best available model on all but one cell of
the grid. Figure 5 redrawn for the zero-shot 12.5B, with the same rows, columns, and baseline rule. It leads 30 of
the 31 cells, by a geometric mean of 1.95x; ~ marks the 19 cells whose baseline scored a different set of positions,
mostly fewer, where a run was cut or strided for cost (Appendix F.3). The margin is widest on search, at 3.1x and 2.7,
where Gemma is the strongest baseline on eight of the 13 cells. It is narrowest on returns, at 1.42x, where a rule nearly
matches us on marketplace (recent items 81.3% against our 82.9%, but 42.3% against 83.7% on beverage discovery),
then after a purchase (1.44x) and on a view (1.57x). On the aggregate next-item slice that the literature benchmarks
(not a column here), the margin is 1.8 . The one loss, camera & photo’s purchase recall at 0.45x, becomes a win after
fine-tuning (Figure 5). xBeverage discovery’s return column holds only 98 scored positions and is directional only.
Short video and reviews are scored under Figure 1’s protocol.

Accuracy at serving cost. Breadth bought with serving cost would not survive the constraints of Section 2.8, so
Figure 3 sets each method’s leaderboard standing against what a ranked list costs it. The baselines occupy one band
at every cost: SASRec and HSTU, at 0.18 and 0.26 ms per query, reach medians of 23% and 26%, and spending two
orders of magnitude more, on Gemma 4 31B at 34 ms or OneRec 8B Pro at 20 ms, buys at most 32%. Our checkpoints
sit above that band at the cost of the fast arms: the 0.5B at 82% fine-tuned and 69% zero-shot for 0.29 ms, and the
12.5B at 100% and 83% for 0.70 ms, its zero-shot point alone 2.6 x the best baseline’s median. The latencies fix an
ordering rather than serving costs (Table 3), and every point of the upper band is one of ours.

3.3 Scaling Laws

A companion paper [37] reports a compute-optimal scaling study for this model family: roughly 600 runs from 10'° to
1019 training FLOPs, sweeping the embedder/contextualizer split, critical batch size, model/data allocation, and the
number of sampled negatives after the embedder is frozen. Five findings shaped BehaviorGPT-v4’s configuration:

* Compute accounting differs from LLMs. The embedder runs on every event and candidate, so the per-step
costis 6 BL(tpe + p+ 3B Lh), with p. and p the embedder and contextualizer parameters, ¢ ~ 24 the
embedder context in events, and the last term in-batch contrastive scoring. The embedder and the candidate
axis, not the transformer alone, set the budget.

* The compute-optimal embedder is small, about 2% of parameters at every budget tested, because embedder
parameters are touched far more often per step and see a far more repetitive data distribution (popular items
recur thousands of times).

* Allocation is data-heavy, and narrows toward Chinchilla with scale. The optimal data-to-parameter ratio
falls from ~ 344 at 10*® FLOPs to ~36 at 10'° (N* oc C%52): nearly an order of magnitude above the ~20:1
Chinchilla heuristic [47] over most of the range, and within about 2 of it at the largest budget.
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Zero-shot 12.5B relative to zero-shot 0.5B Fine-tuned 12.5B relative to fine-tuned 0.5B
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Figure 12: What 25x more parameters buy, and how much of it the target’s own data buys back. The grid of
Figure 5 with each cell the 12.5B’s recall@ 10 over the 0.5B’s on the same positions. Left: both zero-shot; the 12.5B
improves on 28 of the 31 cells, by a geometric mean of 1.94x. Right: both fine-tuned on the same split where a
fine-tune exists, and unadapted on the seven cells marked z; the 12.5B leads 30 of the 31 cells by 1.47x, and 21 of the
22 that are its own fine-tune by 1.36 x.

* The evaluation metric is part of the scaling law. Critical batch size, the optimal negative count, and how
well the sampled-softmax loss tracks full-catalog ranking all shift with compute and with the target metric, so
the training loss is not a dependable proxy for the deployed metric, and the metric must be chosen before the
recipe is fixed.

+ Negative sampling becomes a memory question. At 10'? FLOPs every headline metric still improves at
the largest candidate pool trained, so candidate-axis memory, not FLOPs, is the binding constraint, which
motivates the exact large-vocabulary softmax of Section 2.5.

What the law implies at this model’s size. Inverting the fitted allocation, N*(C) = 3.35 x 10=* C9617 with
D* = C/(6N*), puts a 12.5B model’s compute-optimal budget at C' ~ 10?2 FLOPs and its data at D* ~ 132B
events, D/N ~ 11. BehaviorGPT-v4’s 150B actions over 12.5B non-embedding parameters give D/N = 12. This
is consistency within a wide band, not confirmation: the extrapolation runs three decades past the largest sweep, the
slope’s =10 alone widens the optimum to roughly 1.5-90 events per parameter, and the slope leans on the largest
budget, so fitting the four lower budgets alone gives an exponent of 0.58 and an optimum near 30. Nor can the form hold
indefinitely: with an exponent above 0.5, D* /N* oc C~%23 falls without limit, below one event per parameter near
10%7 FLOPs, and we expect the exponent to flatten toward 0.5 as the optimum approaches the language-model regime.
Measuring the frontier above 10'° FLOPs is future work. The embedder split lands the same way: 165M of 12.5B,
or 1.3%, is inside the study’s optimal band (= 2-3%, analytic optima [1.1%, 3.7%)]) on its shallow side, where going
below 2% costs little and going above 6% costs tenths of a nat. The 165M includes the embedder’s feature-vocabulary
tables; its compute-active transformer alone would fall below the band, still in the shallow region.

Two caveats apply. The sweeps top out at 10'? FLOPs and optima of a few hundred million parameters, so at this

scale the guidance is extrapolated rather than measured; and the allocation and architecture sweeps score against
batch-local candidate pools, which keeps within-budget comparisons sound but makes absolute losses non-comparable
across budgets. Figure 13 also places the published behavioral models of Table 1 against the frontier. The transferable
recommenders sit one to two orders of magnitude below it, with too little data for even their few million parameters,
consistent with their transfer resting on a frozen text encoder rather than on behavioral pretraining. Several industrial
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Figure 13: BehaviorGPT-v4’s data-to-parameter allocation is consistent with the compute-optimal frontier of the
companion scaling study; published behavioral models fall on either side of it. The compute-optimal D*/N* of
Gabrielsson et al. [37] (their Table 4, redrawn): five measured optima from 10'® to 10'® FLOPs, the fitted power law
(N* o C0617%0.025) "and its extrapolation, the band being the slope’s 4-1¢ alone. At BehaviorGPT-v4’s budget the
extrapolated optimum is D/N = 11 events per parameter and the corpus supplies 12. The dotted rule is the text-LM
Chinchilla heuristic. Grey squares and green triangles place the models of Table 1 at C = 6 N D from non-embedding
counts (mostly our estimates) and reported corpus sizes. Their placement is indicative only: the frontier was fitted on
our architecture and loss; D is corpus size, not data seen; hollow markers count subword tokens, several per event,
which overstates D /N; and academic sequence counts assume ten interactions per sequence.

models sit well above it, small for their data, most likely a trade for serving latency; if the frontier carries over to their
architectures, a larger model could make use of that data. PRAGMA, TransactionGPT, and TradeFM sit near it.

3.4 Data Mixing

The pretraining mixture of Section 2.6 is fixed throughout this paper, so we report one mixing ablation at proxy scale,
about two orders of magnitude below the full run. A base run sees 2B retail events (including grocery), and three arms
see 8B: more retail data; the base data plus engagement data from image discovery under one shared softmax; and the
same mixture with a separate softmax per distribution (Section 2.5). Appendix G.1 gives the full setup and its caveats,
including that the separate-softmax arm is not a pure control.

Under separate softmaxes, the added image-discovery data improves on the base run in the mixture (—0.08 nats) and on
all four catalogs outside it (Figure 14). At the same budget it trades a little in-domain accuracy for transfer: more retail
data is better in the mixture (4.53 against 4.65 nats), while the image-discovery mix is better outside it (—0.20 against
—0.05 nats relative to the base) and also covers image discovery itself, at 9.1% recall@10 on a stream the retail-only
arms never saw. Under a shared softmax, the in-mixture stream ends 0.37 nats worse than the base run at a quarter of
the compute, and neither a fivefold larger mixed corpus nor a larger model closes the gap. This is the experimental
ground for the per-distribution softmaxes of Section 2.5.

3.5 Internal Experiments and Ablations

Appendix G reports in full the internal experiments and ablations that shaped the recipe; several bear directly on the
paper’s claims. Events entering through learned feature embedders outperform one-hot identifiers on long-tail events, at
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Figure 14: Added out-of-industry data helps only with separate softmaxes. Change in held-out loss when the
training budget grows from a 2B-event retail base to 8B events, spent on more retail data or on added engagement data
(image discovery). Left: the in-mixture retail stream. Right: mean next-product loss over four held-out catalogs (home
decor, both pharmacies, camera & photo). Under one shared softmax, engagement data makes the in-mixture stream
worse than the base run it was added to; under separate softmaxes it helps on both panels, and helps most outside the
mixture.

equal data and at equal compute (Table 35), the experimental basis for features over IDs (Section 2.3). Image and text
embedders trained end-to-end on behavior both outperform pretrained initializations (Tables 36 and 37), supporting the
argument that our transfer runs through behavior rather than being inherited from language (Section 6.4). Pretraining on
two grocery datasets improves one of them over pretraining on it alone, and removing domains that only one dataset
carries improves it further (Table 31), since otherwise the model learns which dataset a sequence came from rather
than the behavior they share. Design choices that favor in-domain fit can cost transfer: a softmax in both directions, as
in CLIP, lowers in-domain loss but raises out-of-domain loss (Table 40), whereas separate softmaxes per candidate
distribution improve both (Table 48), the basis of Sections 2.5 and 3.4.

3.6 Real-World Deployments (A/B Tests)

Offline metrics are an imperfect proxy for production outcomes. Table 4 summarizes multi-year A/B tests of Behav-
iorGPT deployments against incumbent commercial systems and internal baselines across search, recommendations,
in-app engagement, physical retail, and assortment optimization; Appendix H sets out what the commercial comparisons
can support and gives day-level results for the engagement test.

3.7 Qualitative Examples

Appendix I shows the storefront demo (Section 4) serving the 0.5B and 12.5B over a multimillion-item marketplace
catalog, where every change in the ranking comes from the model’s input rather than from rules written for the demo.
The ranking follows context (chocolate returns heart-shaped boxes on Valentine’s Day and gift boxes on Christmas Eve),
earlier events (a Samsung phone in the cart brings up its case, charger, and earbuds), and both together (a baby-shower
purchase and a late-October date produce baby Halloween costumes), and it reads queries against the session, resolving
the misspelling plystton to PlayStation. A second demo, Curate my wall, ranks thousands of artworks from the Art
Institute of Chicago, a catalog with no interaction data, and also suggests clothing: from a visitor’s art preferences alone,
it recommends H&M products (Figure 35). A third demo detects fraud with no labels: it scores each action by how
much it surprises the model, flags a session once the accumulated score crosses a threshold set on normal shoppers, and
names the actions behind each flag, catching an account takeover one step after it begins (Figure 36). The model can
also be queried rather than served: Appendix J.2 reads brand propensities off it, finding for instance that a broadband
brand’s top products beyond the network itself are household staples and moving services, bought around a move.
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Area Metric/Outcome Comparison Baseline Gain
Recommendations  Clickthrough rate (CTR) Internal recommender +29%
(General)
Conversion rate Most-bought-products baseline 10x
Conversion rate Visual art recommender engine +24%
Conversion rate, related products Partner’s in-house related-products  +20%
module
Engagement Clicks on featured content Control arm, niche-interest app +11.7%
Orders following a click Control arm, niche-interest app +19.5%
Search Conversion rate Commercial site-search vendor A +5.7%
Conversion rate Commercial site-search vendor B +7.5%
Conversion rate Commercial personalization vendor  +9.4%
C
Interactions with search-term sug- Incumbent suggestion mechanism +49.1%
gestions
Conversion rate Commercial product-discovery ven- +16%
dor D
Time on site (min:sec) Vendor D (3:17 vs. 4:03) +23%
Search depth Vendor D +21%
Custom uploads (lower is better) Vendor D (4.41% vs. 1.29%) 3.4x fewer
Search refinements Vendor D -20%
Avg. order value Vendor D +5%
Physical Retail In-store sales via dynamic assort-  Static regional assortment +2.2%
ment
Dynamic Catego- Conversion rate Incumbent categorization system +11%
rization
Assortment Opti- Est. sales via gap filling Manual assortment planning +14%
mization
Retraining Effects  Avg. conversion uplift (annual) Previous model version +2.5%

Table 4: A/B tests of BehaviorGPT deployments, 2020-2026. Each commercial row compares against one production
deployment as configured by the partner (Section 3.6). Incumbents are anonymized as vendors A—D: A—C at one retail
partner and D at another. Identities are available to reviewers on request, subject to partner consent.

4 Demos, SDK, and API

Claims about a foundation model can be verified only if others are able to use and evaluate it. Zero-shot transfer is also
what makes it deployable: a catalog the model has never seen can be served as soon as it is uploaded, with no data
collected and no model trained for it, and anything that consumes a ranking, a prediction, or an embedding can be built
on top. We make the 12.5B and 0.5B checkpoints available through three access points:

1. Live demos at https://www.unboxai.com/behaviorgpt: an e-commerce storefront for exploring either
checkpoint over deployed catalogs or a catalog the user uploads, an art-curation wall, and further applications
built on the SDK (Appendix J.1).

2. SDK and API at https://github.com/Unbox-AI/behaviorgpt: deploy any catalog and call next-action
prediction, ranking, retrieval, and embedding extraction on it, for search, recommendations, or any other
application; we invite others to build their own.

3. Example notebook at https://github.com/Unbox-AI/behaviorgpt: runs our zero-shot PixelRec

evaluation (Section 3.1) through the APL. It illustrates the protocol rather than reproducing the paper: baselines
are trained with their authors’ code, and results on internal data cannot be recomputed outside our infrastructure.
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5 Discussion

A different kind of object. Zero-shot transfer and breadth from one checkpoint are capabilities a specialist lacks
altogether: a model trained on one dataset has nothing to train on before the target dataset exists, and once it does,
its weights serve only that dataset. That the same weights lead 30 of 31 dataset—task pairs without target data, each
against a locally chosen opponent (Figure 11), and all 31 once adapted (Figure 5), thus argues for a foundation-model
family of its own. It is distinct from LLMs, which it contains as a special case but which reach behavior only through
descriptions of it, and from Large Tabular Models, which transfer a fitting procedure rather than knowledge of behavior;
we outperform both on every benchmark task that can be posed to them.

Scale and target data. The case does not rest on the current model. From 0.5B to 12.5B, zero-shot transfer improves
on 28 of 31 cells, and the gain survives adaptation at 1.47x (Figure 12). Scale also substitutes for target data: on the
two public datasets, the 0.5B model needs 10k—36k target samples to match the 12.5B model with none (Section 3.1),
and nowhere on the grid does target data reverse the gap. Two sizes fix a direction, not a curve: we fit no power law, do
not extrapolate past 12.5B, and note that the models also differ in pipeline and mixture.

Implications for behavior-driven industries. Every industrial model in Table 1 is pretrained and evaluated on a
single platform. Our results suggest this is a limitation of the data, not of behavior: one model pretrained across three
industries leads every specialist we compared. Out-of-industry data even improves catalogs outside the mixture, though
only under separate softmaxes and at proxy scale (Section 3.4). This points to the path language took after GPT-3:
rather than one model per domain and task, general behavioral models that adapt zero- or few-shot and are fine-tuned
only where the data warrants it.

Complementary foundation models. LLMs and LBMs are trained on different data toward different ends: an LLM
models how people describe the world, an LBM how they act in it. Their strengths are accordingly complementary.
Gemma is the strongest search baseline because it reads the query, yet it can rank only a shortlist, whereas an LBM
scores the full catalog in one pass (Table 3). We therefore expect the two to be used together, as in our most successful
deployments: the LLM as language interface and source of knowledge, the LBM as the behavioral model it calls.

Beyond next-action tasks. All our tasks are next-action retrieval, but many behavioral decisions concern outcomes,
such as whether a loan is repaid or a transaction is fraudulent. These can be handled by fitting a head, or embeddings
from final or intermediate layers, on the target’s labels, or posed as next-action retrieval with outcomes embedded
as candidates, keeping them to a single pass. The second option matters more: a consistent way to express every
downstream task as behavior, which next-token prediction gave language and Section 2.2 provides here, lets a task
inherit the zero-shot transfer of Section 3 instead of waiting for labels. Internally, a checkpoint’s next-action performance
tracks its performance on credit underwriting and fraud detection; we defer these results, as regulated, high-stakes
decisions warrant their own evaluation of fairness, calibration and explainability. In the workforce setting, next-event
pretraining quality likewise correlated with attrition prediction, employee embeddings organize by tenure and reason
for leaving, and a fine-tuned model reaches 91% accuracy [34]; earlier BehaviorGPT embeddings have similarly served
beyond pretraining [36, 35]. As Figure | shows, pretraining changes what a target sample is worth, most where labels
are scarce, as outcome labels usually are, arriving months after the behavior that predicts them.

What remains open. Three questions bound the claim. Benchmark coverage: public behavioral datasets are few and
mostly retail recommendation, payments rests on one stream, and some cells have small evaluation sets. Reasoning
under a latency budget: post-training for test-time compute in the action space (SFT on a reasoning format, then
GRPO) nearly doubles next-purchase accuracy after a viewing session (13% to 25%), but in a modest-compute run
lifts accuracy across tasks only from 8.9% to 9.7% (Table 52). Action traces are far shorter than language chains of
thought, yet still forgo the single pass behavioral serving relies on (Table 3). Since the prompt selects reasoning within
one checkpoint, it can be reserved for decisions worth the latency; distilling its gains into a single pass, or reasoning
ahead of the request, remains open. Beyond consumer behavior: the same architecture and objective, trained separately
on workforce events (a smaller event vocabulary, coarser time granularity), predict attrition [34] (Section 2.6). Whether
such domains reinforce rather than dilute one another in one mixture is open; the mixing result suggests this depends as
much on how the objective separates distributions as on which are included.

5.1 Limitations

The internal datasets behind most results cannot be shared, and the public ones are only proxies for deployment. Our
scale evidence rests on two sizes, and the compute-optimal guidance we adopt [37] was measured well below the scale
at which we apply it.
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5.2 Ethics and Societal Impact
Behavioral modeling raises concerns distinct from language modeling: predicting human actions touches on privacy,

consent, and power asymmetries between organizations and individuals. We follow established practice throughout,
from data provenance, consent and de-identification to governance, fairness and responsible deployment.
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6 Related Work

Our work draws on foundation models across language and other modalities (Section 6.1) and on recommendation
systems (Section 6.2); Section 6.4 compares it with the foundation models already built on behavioral data, and Section
6.5 with LLM-based agents and reasoning for behavior.

Our line of work. We have pursued foundation models for behavior since 2020, when we proposed modeling behavior,
transactions and retail with language-model techniques [12], and the following year formulated a data and model design
general across behavioral domains [13]. In 2023 we presented the approach in an MIT lecture series [14]. In 2025 we
introduced BehaviorGPT [36], applied it to workforce dynamics and visual aesthetics [34, 35], and presented it in a
series of talks [16, 15, 17]; in 2026 we reported scaling laws for behavioral foundation models [37] and proposed a
definition of Large Behavioral Models in a position paper [33]. The majority of the works reviewed below appeared
over the same period.

6.1 Foundation Models

From language to behavior. An early challenge for foundation models was framing language tasks so that one model
could generalize across many of them. Word2vec [79] learned meaning from co-occurrence, after the distributional
hypothesis [31], much as an LBM defines an entity by its co-occurrence in sequences of actions (Section 1). Word
embeddings inspired the pretrain-then-fine-tune paradigm popularized by BERT [26], which we use when target data
is available. Casting NLP tasks as one sequence problem [77] paved the way for autoregressive models that, at scale,
learn in context from few examples or none [11]. Next-token pretraining followed by instruction tuning, RLHF [84]
or GRPO [25] remains the dominant recipe, with prompting conditioning the model on a task. We extended these
developments to behavior [36, 34, 35] and found that many transfer well: autoregressive causal training proved most
effective, framing every task as generation remains the most effective approach we know of and lets one checkpoint
serve many tasks, and GRPO carries over to reasoning in the action space (Appendix B.8). We also observed early on
that many language tasks have direct behavioral analogues: translation corresponds to cross-selling, sentiment analysis
to mood inference, and text generation to recommendation or search (Table 5). Transfer has also run the other way,
with relative position prediction, an objective developed for behavior, improving text encoders [18]. Behavior departs
from language in that predicting backward, such as which search most likely preceded a purchase, is often as useful as
predicting forward, which calls for a more nuanced use of autoregression (Appendix B.5).

Language task Behavior analogue Mlustrative application

Machine translation Cross-selling Map grocery baskets to electronics suggestions
Sentiment analysis User-mood inference Predict satisfaction from purchase streams
Question answering Goal-conditioned retrieval ~ Fetch products given query-like contexts

Text generation Action recommendation Autoregressively suggest next item(s)
Sequence classification  Behavioral risk scoring Flag churn or fraud from traces

Table 5: Task analogies between language and behavior domains.

Foundation models beyond language. Self-supervised pretraining [6, 5, 20] has spread to genomics [111], electronic
health records [104], consumer behavior [36] and time series [24, 103]. These efforts share the pretrain-then-fine-
tune paradigm and largely adopt autoregressive modeling, but each domain’s characteristics have called for bespoke
techniques. Large Tabular Models extend the recipe to tables, transferring through synthetic priors or schema text
[48, 45]; we treat them as a baseline family throughout and compare them with our setting in Section 6.4. Four
such characteristics also shape behavioral modeling. Format: unlike images and text, time series are heterogeneous,
interleave diverse event types, and are shaped by their sampling frequency, and behavioral data shares these issues.
Interpretability: like DNA, behavior is less structured and interpretable than language, which makes prompting less
intuitive. Vocabulary: four bases in genomics, hundreds of thousands of tokens in LLMs, and billions of candidate items
in recommendation create very different bottlenecks. Cost: finance, payments and many of our use cases need inference
far faster and cheaper than current LLMs provide, because their applications are high-frequency and low-margin.

Vision foundation models and the role of behavior. Vision foundation models [90, 4] learn largely from static
images and their captions. Robotics work points to a limit of that data: models trained on static images or text can
misread scenes, and training on visual traces of behavior helps, because elements are understood through their role in
an interaction rather than their appearance [114]. LBMs rest on the same grounding, defining meaning through patterns
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in user sequences and so surfacing preferences and intent that pixels miss, whereas datasets of what people say they see,
such as art descriptions [57, 8], record conscious, narrow interpretations rather than behavior. LBMs are thus built to
complement vision and language models rather than replace them.

6.2 Recommendation Systems

Recommendation was long dominated by collaborative filtering. Among the earliest deep approaches, YouTube’s
two-tower model [23] encodes users (demographics and behavior) and items with separate networks and retrieves by
the inner product of the two. Sequential modeling followed, drawing on NLP: GRU4Rec [46] pioneered recurrent
session-based recommendation, BERT4Rec [96] mirrored BERT’s masked-language objective to learn bidirectional
representations of interaction sequences, causal Transformers proved highly effective [62], and LLMs have more
recently entered the field [106].

Behavioral modeling across domains and time. Our setting spans many behavioral domains, so the goal is to
generalize across distributions rather than model one. Multi-domain recommendation trains one model across a
platform’s scenarios with shared and domain-specific parameters [93, 76, 97], and cross-domain recommendation
transfers from a source to a target domain, almost always through shared users or items [118]. Both stay within one
platform or depend on overlap, and neither studies how the candidate space should be divided when domains are pooled,
which our mixing ablation finds decides whether added data helps or hurts (Section 3.4). Learning across industries with
disjoint catalogs and users has received little study [30]: we want grocery purchases to inform behavior in electronics,
and the model to adapt to any reasonable behavioral space, such as a new or shifting assortment.

Time is another form of domain shift. Lexical drift in language is slow, but consumption can shift within weeks as
new trends and products appear: the launch of an iPhone branded with “Apple Intelligence” may immediately change
preferences and actions. Treating temporal dynamics as domain change unifies how we think about generalization, and
augmentations, including contrastive and dropout-based strategies, encode invariances that improve robustness to both
kinds of shift [20, 32, 95].

A unified formulation. HSTU [112] models app behavior with separate retrieval and ranking tasks:

11,01,%2,02, ..., 4,y —> tp41 retrieval 2)
11,01,92,02, -+, In, G, int1 —> Apt1  Tanking 3)

whereas we use one format:
1,11,02,12 .., Gn, iy, Gnt1 —> iny1  retrieval & ranking “4)

Here a,, can refer to the upcoming or the preceding item: the task is retrieval in the first case and ranking in the second,
and training both jointly yields a model that generalizes across behavioral domains and interaction types. Unified
formulations have been explored for end-to-end training across recommendation tasks [41], but, as in language modeling
[91, 11], we find autoregressive causal training the most efficient, with many of its benefits transferring to behavior.

Generative recommenders and quantization. The size of the candidate set is a central challenge in recommendation.
Generative recommenders with learned quantization [92], built on residual quantization [71], address it by representing
each item as a short code: three tokens of 1,000 values each give 1000 = 10° combinations, so a billion items need
three indices each and 3,000 shared embeddings rather than a billion. The memory saving costs complexity in training
and inference: decoding typically requires beam search over longer sequences, turning a single scoring step into tens
of sequential passes (Table 3). In our long experience with such methods, efficient GPU and CUDA optimization has
handled large vocabularies better while keeping inference latency low at scale, though we still use learned quantization
to ease memory constraints without sacrificing performance.

6.3 Large Behavior Models in Robotics

Parallel work uses similar names for short-horizon motor tasks: Large Behavior Models for multitask dexterous
manipulation [99], and, unrelated to ours, BehaviorGPT for simulating agents in autonomous driving [116]. We focus
instead on discrete, long-horizon domains such as retail, payments and engagement, where actions unfold over months
or years. One can imagine a unified model that both controls a household robot and manages its owner’s shopping.
Either way, the term as we use it (Section 1) requires that the model read sequences of human actions in chronological
order, rather than abstractions, artifacts or reinterpretations of behavior; Appendix A gives the extended argument.
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6.4 Behavioral Foundation Models

Industrial event-stream models. The closest work applies foundation-model training to large industrial event streams;
over the past two years, media, commerce, banking, card networks, payments and markets have each published such
a model. In engagement, HSTU [112] recasts ranking and retrieval as generative sequential transduction on Meta’s
platforms, and Netflix reports a pretrained recommendation backbone that improves with scale [82, 107]. In retail,
Shopify’s Commerce Foundation Models run HSTU-based models over buyer and merchant event streams [3, 67].
In finance, PRAGMA pretrains on 24 billion Revolut banking events [83], nuFormer on about 500 billion tokens of
Nubank transactions [10], Visa has published TREASURE [109] and TransactionGPT [29], Stripe reports a payments
foundation model [65], and J.P. Morgan’s TradeFM models trade flow [63]. Wukong [113] and Ardalani et al. [2] show
that recommendation architectures scale predictably. Together, these establish that within one platform a pretrained
sequence model can replace hand-engineered features and per-task pipelines at production scale.

They leave open whether behavioral pretraining is a foundation in the sense the term has in language, through three
recurring gaps. Single-domain pretraining: each corpus is one company’s stream, so cross-domain transfer is never
tested. Almost no zero-shot regime: downstream results come from fitting a head, probe or adapter on target labels,
with the pretrained model as a feature extractor. The exception, TradeFM, transfers zero-shot from US to Japanese and
Chinese equities because its inputs carry no instrument or venue identifier, our point about ID-based representations
reached from the other direction, though within one asset class rather than across catalogs or industries. Proprietary
evaluation: results are relative lifts on proprietary data, which limits external comparison; HSTU does report public
benchmarks, but trains a model per dataset from scratch, the specialist setting rather than transfer.

Transferable recommenders. A second, largely disjoint literature targets transfer directly and reports zero-shot
results. Because item text is shared across platforms where item IDs are not, ZESRec [27], UniSRec [50], VQ-Rec
[51] and RecFormer [72] represent items by their descriptions, pretrain on a mixture of public datasets and evaluate
on held-out ones; RecGPT [60] extends this to a decoder-only generative recommender that beats baselines trained
on 10-50% of the target data, and LLMs prompted as rankers [53] offer a further zero-shot baseline. We therefore do
not claim zero-shot behavioral transfer as new, only the regime in which it holds. This literature pretrains on 105-107
sequences from public recommendation corpora of one kind, so “cross-domain” means Amazon Scientific to Amazon
Instruments rather than grocery baskets to card transactions to in-app sessions. Its results are typically reported under
leave-one-out splits with sampled negatives [69, 59] against baselines trained on similarly small data, and its target
catalogs hold at most 4 x 10% items [72, 92], against our 2 X 107 (Table 7).

Generative recommenders on language models. The closest single comparison is OneRec-Foundation [115]:
open-sourced, covering eight task families across short video, advertising and e-commerce, and gaining 26.8% average
Recall@10 over the strongest baseline on ten held-out Amazon datasets. It differs from our setting in three ways. Its
transfer is not zero-shot: the Amazon results fine-tune on the target under leave-one-out splits, whereas we use no target
samples and rank the full catalog under temporal splits. Its corpus is one company’s surfaces at about 10*! tokens, over
an order of magnitude below ours. And its generalization runs through language: the backbone is Qwen3, its pretrained
itemic tokenizer collides on over 30% of Amazon items, and the authors’ best remedy replaces behavioral tokens with
five text keywords per item, consistent with the limits we expect when similarity is derived from language. We read this
line as complementary, showing how much can be recovered by mounting recommendation on a language model when
behavioral data is limited to one platform.

Large Tabular Models. A third literature appears to have what we claim already. TabPFN and its successors [48, 49],
trained on synthetic priors in the Neural Processes tradition [39] and extended to time series by TimePFN [28], together
with cross-table and language-serialized variants [117, 68, 45, 38], predict on unseen datasets without gradient steps and
are domain-agnostic by construction, at least as broad as we are across industries. But they are not behavioral, and three
limits show in our results. An LTM consumes a fixed-width table of i.i.d. rows, so an event history must be flattened
into hand-engineered aggregates, discarding order and reintroducing the feature engineering behavioral pretraining
exists to remove. Its context is bounded at a few thousand rows, which is why the in-context methods in Figure | lead at
the smallest budgets and then saturate. And it predicts a label from a small fixed set, so ranking an open catalog cannot
be posed to it at all. What transfers also differs: TabPFN’s prior over synthetic causal graphs holds no knowledge of
what people buy, and none could be written for behavior, whose patterns are culturally specific, non-stationary and
spread over billions of actions; augmentations [32] play the role synthetic data plays there. LTMs have learned how to
fit a small dataset quickly; an LBM has learned what people do. We evaluate against them wherever the formulation
permits, as the strongest zero-shot alternative on the tasks both can pose.

Carrier and geometry. Scale aside, these lines differ in how transfer is achieved, which Table | separates into two
columns. The carrier is the representation through which an event enters the model, and so the only thing that can
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reach an unseen catalog: IDs cannot leave their platform, since a new catalog has no rows in the embedding table;
schema fields travel only between platforms that share a schema; text travels wherever language does; and a synthetic
prior travels anywhere. The geometry is what makes two events close once inside. Every industrial model learns a
behavioral geometry; we differ in pairing it with a carrier that survives leaving the platform. The industrial models
bind their carrier to their catalog, and say so: HSTU reports that a content-only variant substantially underperforms its
ID-based model, TREASURE maps new merchants into shared aggregate buckets, and Netflix’s content path, which
mixes a title-metadata embedding with an ID embedding according to title age [82], is designed to cold-start titles
within its own catalog and defers to identity once interaction data exists. TradeFM, which transfers because it drops
identity entirely, suggests that the carrier, not the domain, sets the ceiling. The models that do reach a new dataset take
their geometry from language: BERT encodes descriptions in ZESRec and UniSRec, a language model feeds VQ-Rec’s
quantizer, RecFormer models attribute strings, and MPNet supplies RecGPT’s item embeddings. In three of these the
encoder is frozen, so the pathway carrying the transfer is never trained on behavior, and their zero-shot capability is
largely inherited from language rather than learned from behavior.

Our design principle rejects that geometry: regular and lactose-free milk are near-duplicates in description and nearly
disjoint in behavior (Section 1). Linguistic transfer should therefore degrade where item text is uninformative, as
with short search terms, brand tokens and merchant strings, and on such data pretrained text embedders underperform
embedders trained end-to-end on behavior (Section 3). PixelRec, cover imagery with sparse text, is the sharpest public
instance (Section 3.1).

The gap we address. Our claim sits at the intersection these literatures leave empty. The industrial models have
scale, task breadth and deployment, but operate on one platform and, apart from TradeFM, never test transfer. The
transferable recommenders test transfer across catalogs, but for one task and at a scale and domain diversity that cannot
tell whether behavioral pretraining is a foundation-model story or a text-encoder story. OneRec-Foundation reaches
new datasets only through a language backbone and after fine-tuning on the target. The tabular models apply to any
domain and need only the target’s rows in context, but cannot rank even moderately sized catalogs, read images, or
represent user sequences well, and transfer a fitting procedure rather than knowledge of behavior. BehaviorGPT-v4 is
pretrained on 150 billion actions spanning three industries, served as one checkpoint across their subdomains and task
families, transfers through multimodal behavioral representations rather than item text alone, is evaluated zero-shot
against fully trained specialists under full-catalog ranking with temporal splits, and is deployed in production (Table 1).
In non-embedding parameters, it is more than ten times the largest industrial behavioral model whose count can be
estimated from the public record, and four to five orders of magnitude above the transferable recommenders; its corpus
is also the largest disclosed, 150B actions against HSTU’s 100B examples and 3.6T tokens against the 2T per training
cycle Netflix reports (Appendix A.1). Both comparisons concern the public record rather than what exists. Size matters
here for what it lets us test: transfer at 10*~10° times the pretraining scale of prior transfer studies, and transfer across
industries, which to our knowledge has not been tested at any scale.

6.5 LLMs, Agents, and Reasoning for Behavior

Building on the success of LLMs, recent work uses them for recommendation more natively [73]: a prompt built from
user history asks the LLM to describe the next likely action or product, and a retrieval model matches the description to
items, so results still depend heavily on that retrieval model. Assistants and agents for recommendation, consumption
and behavioral tasks [100, 105, 56] likewise reach user behavior and product spaces through retrieval modules (RAG),
prompt chaining and tool use, with the LLM as a flexible orchestrator. We find this one-sided interaction limiting, since
the retriever only retrieves and the LLM must supply contextual and behavioral intelligence on its own. We instead
propose a two-sided interaction in which the LBM also communicates with the LLM: beyond retrieving products,
BehaviorGPT can surface the behavior that precedes an action (Appendix J.2), group results into personalized themes
(Appendix I) and generate keywords and search terms [35], giving the LLM behavioral context it cannot infer on its
own.

Advances in prompting [101], RLHF [84] and reinforcement learning [25] have spurred work on LLM reasoning and
test-time scaling [94]. Training LLMs end-to-end with tools such as web search and browsing is of growing interest,
but is bottlenecked by tool latency and by LLMs not being pretrained on behavioral data, so they often reason about
behavior in abstract language, ungrounded in the action space. Reasoning need not leave the space the model acts in: in
BehaviorGPT it happens within the behavioral space, where searching, clicking and selecting are native actions rather
than external tools. Independently, ReaRec [98] spends test-time compute inside a sequential recommender by feeding
its hidden state back for several latent steps; our reasoning trace is instead a sequence of generated actions, trained with
GRPO against the realized next action (Appendix B.8). Each step is a single action, costing about one LLM token, and
a trace typically needs fewer steps than a chain of thought in words, so the reasoning is personalized, grounded in the
action space, and faster than reasoning about behavior in language.
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7 Conclusion

We presented BehaviorGPT-v4, a 12.5B-parameter Large Behavioral Model trained by next-event prediction on 150
billion user actions, and showed evidence that it has the three properties that made language models foundation models.
It transfers zero-shot: on public benchmarks whose catalogs and users it has never seen, it outperforms baselines
trained on those datasets in full, at every data budget we tried. It is broad: without target data, one checkpoint with no
per-dataset changes leads the strongest available specialist on 30 of 31 dataset—task pairs across three industries, and on
all 31 once adapted. And its generality grows with scale: from 0.5B to 12.5B, zero-shot transfer improves on 28 of
31 pairs, and the target data needed for a given accuracy falls. In production A/B tests under live-serving constraints,
BehaviorGPT models raised conversion and orders by double-digit percentages against incumbent commercial systems
in several deployments. Open questions remain, from wider benchmarks to reasoning within a latency budget and
domains beyond consumer behavior. Still, our results suggest that behavior-driven industries may follow the path
language took: toward general behavioral models that transfer to new domains and tasks zero-shot or from a few
samples, rather than a separate model for every one.
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A Extended Definition and Positioning

This appendix expands the definition given in Section | and the reasoning behind it. The full position is developed in a
companion paper [33]; what follows is the part most directly relevant to the design choices in this work.
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Figure 15: Contrasting data perspectives: LLMs and VLMs derive meaning from static co-occurrences (e.g., on
webpages) (left), while LBMs derive meaning from chronological behavioral sequences (right).

A.1 The Comparison Axes

Parameters. The table reports non-embedding parameters, the only ones comparable across these architectures,
since a recommender over a billion-item vocabulary can hold a trillion parameters in lookup tables while computing
with very few. That is why HSTU’s headline 1.5T is not the relevant quantity, and why TREASURE, three layers at
width 256, sits some two orders of magnitude below the 0.4—1.8B total the paper reports. Dashes mean not reported, so
the figures given are the largest disclosed rather than the largest.

How each count was obtained. Few industrial behavioral models in the public record report a comparable figure:
Shopify gives 8B total in a talk, split between embedding tables and the encoder in unstated proportion, so no non-
embedding count can be estimated for it; the largest estimable is PRAGMA at 1B total parameters, of which we estimate
roughly 0.9B is compute-bearing, and the largest reported is Netflix’s 1B backbone, counted without its embedding
and decoding layers [107], which leaves better than a tenfold gap to ours. HSTU’s headline is far larger—1.5 trillion
parameters—but that number sums embedding and non-embedding parameters, a distinction the paper draws explicitly
and then does not quantify; its largest reported configuration implies on the order of 0.13B compute-bearing parameters.
The remaining industrial figures come from the same procedure applied to published configurations—PRAGMA’s 72
encoder layers of a reported 1B total, nuFormer’s 24 layers of 330M, TradeFM’s 32 grouped-query layers of 524M,
TREASURE’s three layers at width 256—and only TransactionGPT and Netflix report the quantity directly. For all
but the last the estimate is close to the reported total, because the vocabularies are small, some 28k value tokens
for PRAGMA and 16k for TradeFM, so the ambiguity that makes HSTU’s headline unusable barely bites elsewhere.
The gap is largest for TREASURE: those three layers amount to roughly SM compute-bearing parameters, while the
models its scaling study reports total 0.4—1.8B, nearly all of it in embedding tables. By its headline parameter count, a
model can therefore be two orders of magnitude larger than the model that runs—the clearest case for reporting the
non-embedding count, and the reason we report it. The two entries in the table nearest ours in size sit outside this
block entirely: OneRec-Foundation’s 7B and TabuLa-8B’s 7B are the language models they are built on, Qwen3-8B
and Llama-3-8B without their embeddings, a size inherited from the backbone rather than earned on behavioral data,
which is why the comparison in Section 6.4 runs over behavioral foundation models. Our corpus is likewise the largest
disclosed outside our own earlier work [36], though by a narrower margin than the parameter count: the largest reported
event count is HSTU’s 100 billion examples against our 150B actions, and the largest reported token count is Netflix’s
2T per training cycle against our 3.6T, under a factor of two. The one figure that may be comparable is Shopify’s
“trillion-level” tokens per epoch, an order of magnitude given in a talk rather than a number.

The academic baselines sit at the opposite extreme. None of them reports a parameter count either, so we counted from
released code and checkpoints: the trained non-embedding parameters run from under a million in ZESRec and XTab,
through three million in UniSRec and VQ-Rec and twenty-one million in RecGPT, to 106M in RecFormer, the only one
of them that fine-tunes a full language backbone—four to five orders of magnitude below ours, on corpora of a few
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million sequences. TabPFN is smaller still, and version 2 is smaller than version 1, at 7.2M against 25.8M. Where a
row of the table names two models we report the larger and give the other here: XTab’s transferable backbone is 0.8M
against CARTE’s 9.3M, and TabLLM does not pretrain on tables at all, training some 1M (IA)? adapter parameters per
task on an off-the-shelf 11.1B TOpp. These counts change how their transfer results should be read: three of the five
transferable recommenders are a few-million-parameter head on a frozen BERT whose item vectors are precomputed
offline, so when such a model generalizes to an unseen catalog, the evidence is in the first instance about what BERT
knows about product descriptions, and only derivatively about behavioral pretraining. Separating those two explanations
is what the comparison in this paper is built to do. Both statements are about the public record rather than about what
exists: these models are trained on continuous internal streams whose size is never published, and Meta’s more recent
ads foundation model, GEM, is described only as having billions of dense parameters alongside trillions of sparse
ones [78, 74]. Size matters here for what it lets us test: transfer at 10°~10° times the pretraining scale of prior transfer
studies, and transfer across industries, which to our knowledge has not been tested at any scale.

The marks against individual cells. *Multiple tasks, but all internal to the operating company and not externally
reproducible. | Rating prediction, recommendation, explanation and summarization have all been posed to prompted
LLMs, but the LLM either ranks a bounded candidate list supplied in context or generates text that a separate retriever
matches to the catalog; it never scores the full catalog itself. #Transfers to ten held-out Amazon datasets, but by
fine-tuning on the target data under leave-one-out splits, not zero-shot. °Our count, excluding embedding tables, from
the published configuration or the released weights; only Netflix, TransactionGPT, TabPFN v1 and CARTE report this
quantity directly, and Appendix A.1 gives the accounting for every estimate. For the industrial models the estimate is
close to the reported total because their vocabularies are small—TREASURE excepted, its merchant table dwarfing
the three layers that compute; HSTU’s cell is the largest configuration it reports testing, its headline 1.5T summing
both kinds of parameter under a distinction it draws but does not quantify. fTrained parameters only: a small trained
module on a frozen text encoder (BERT-base, or MPNet in RecGPT) whose item vectors are precomputed offline,
adding 85M of inference compute apiece that is not learned from behavior. Counting it leaves the whole block at or
below 0.11B. ZESRec’s cell is an upper bound, its trainable width never having been published. »Row names two
models: we report the larger, with the other in Appendix A.1. TabPFN’s corpus is version 2’s; version 1 trained on
9.2M synthetic datasets. " As reported: backbone parameters excluding embedding and decoding layers, and behavior
tokens per training cycle [107]. *Shopify publishes no paper: the 8B is a fotal including embedding tables, split from
the encoder in unstated proportion, so its cell is an upper bound on the column’s quantity, and the corpus “trillion-level
tokens per epoch,” both stated in a talk [3], with 100B parameters stated as the roadmap; the written account [67]
gives no figures. YLabel prediction over a fixed-width table of i.i.d. rows; applicable to any domain, but unable to rank
even moderately sized catalogs, read images, or represent user sequences well, so most tasks here cannot be posed to
them at all. TSequence-length extrapolation on the same dataset, not transfer to a new one. °Cold-starts unseen items
within its own catalog, by an attention over title age that defers to IDs once interaction data exists—not evaluation on
a held-out dataset. ™Several countries, but with a separately pretrained model per market. “Inferred from first-party
descriptions; Stripe publishes no architecture-level account, so this cell is less firmly sourced. #The one industrial
exception: US equities transferred zero-shot to Japanese and Chinese markets. Its inputs carry no instrument identifier,
and it is transfer across venues within one asset class rather than to a new catalog or task. It is also the only row in this
block that sequences an instrument rather than a person or account, so it is behavioral in the aggregate sense—many
agents against one series—rather than in the per-agent sense the rest of the block and this paper use (Section 6.4).
 Against baselines trained on 10-50% of the target data. “Fine-tuned on the target in its own paper; evaluated zero-shot
by others [72]. INo weights are updated, but labeled rows of the target table are given as context. 5 Against fully trained
specialists under full-catalog ranking with temporal splits.

Carrier. The representation through which an event enters the model, and hence the only thing that can carry it to an
unseen catalog. The platform’s own IDs cannot leave it, a new catalog having no rows in the embedding table. Typed
schema or metadata fields travel only where a schema is shared, and their high-cardinality members are IDs in disguise.
Text travels wherever language does. A synthetic prior travels anywhere. Multimodal event features—text, imagery and
numeric fields jointly—are ours. Hybrids list the dominant component first.

Geometry. What makes two events close in the resulting space: behavioral co-occurrence, linguistic similarity of
descriptions, or a prior over causal graphs. Read against the carrier column, it gives the table’s central contrast: every
industrial model has a behavioral geometry but a carrier that cannot leave its platform, while the models that do travel
take their geometry from language.
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A.2 Where Meaning Comes From

Large Behavioral Models (LBMs) sit within the broader class of foundation models: any model trained on broad data
(typically via self-supervision at scale) that can be adapted to a wide range of downstream tasks [9]. This foundation is
shared with Large Language Models (LLMs) and Vision-Language Models (VLMs), but LBMs diverge in how data is
interpreted and meaning derived.

LLMs and VLMs primarily learn from statistical co-occurrences of text and images in contexts like webpages (Figure
15, left). The meaning of pixels emerges from their co-occurrence with other pixels and surrounding words, while
words derive meaning from adjacent text and images. Webpages, however, are manufactured artifacts, not chronological
behaviors—they are outcomes of actions, and are often acted upon themselves (Figure 15, right).

The behavioral perspective is instead dynamic and sequence-oriented, and encompasses two views: (i) the chronological
actions of the creator producing the content, which define elements like pixels and words through their co-occurrence in
the creation sequence; and (ii) the chronological actions of users interacting with the content, where meaning arises from
co-occurrences in consumption or engagement sequences. Any text, image, or video rarely represents a chronological
sequence of individual human actions; it is the aggregated outcome of those actions across individuals—consider the
iterative process of writing, editing, and refining this very paper, interspersed with pauses and external influences. The
underlying actions are a different and less curated perspective on the same object—recording what people did rather
than what they chose to share. The data is also abundant: estimates we conducted with major data providers suggest
behavioral data in retail and payments alone may exceed internet text by a factor of 100—1000 [33].

Behavior is therefore a complementary, often orthogonal source of meaning to the text and images LLMs and VLMs
learn from. Robotics illustrates this [114]: models trained solely on static images or text may misinterpret scenes for
lack of action context, while training on behavioral trajectories improves interpretation, because elements are understood
through their roles in action flows rather than isolated co-occurrences. Even averaging all behaviors involving an image
typically does not replicate the meanings that VLMs and LLMs capture from pixel occurrences and text—image pairs,
and vice versa. The classic “invisible gorilla” experiment makes the same point about perception: participants counting
basketball passes often fail to notice a gorilla walking through the scene, because behavioral context filters information
rather than merely adding to it. LLMs derive meaning from linguistic co-occurrences, VLMs from visual and textual
co-occurrences, and LBMs from behavioral co-occurrences; we believe a complete machine understanding of people
requires all three.

Over time, behavioral models for different domains and time scales may converge into fewer, more general LBMs; the
transfer results in Section 3 are an early indication of how far a single set of behavioral weights can reach.

A.3 Complementarity and Compounding

LBMs complement LLMs rather than compete with them. LLMs reason about behavior in language space and
must reach the action space through slow external tools; LBMs are trained directly in the action space and can search,
rank, and simulate trajectories natively, at a fraction of the cost and latency (Table 3). Conversely, LLMs supply
linguistic interface and world knowledge that LBMs lack. The most successful deployments we have built are two-sided:
the LBM serves as a behavioral-intelligence tool for the LLM, and the LLM as a language interface for the LBM
(Section 6).

Deployed foundation models compound. Better models generate better behavioral data, which trains better models.
Across several years of production deployments we estimate this “interest rate” of foundational Al at roughly 2.5%
average annual conversion uplift from retraining and redeployment alone, excluding gains from newly enabled products
[33]. This compounding is why our evaluation emphasizes deployment-grade metrics alongside offline benchmarks:
serving cost in Table 3 and A/B outcomes in Table 4.

A4 Systems 1,2,and 0

Over the course of this six-year project, a natural structure has emerged in our approach to developing foundation
models for behavior. We have found it useful to categorize our efforts into three systems, inspired by Kahneman [61],
with an additional System O.

System 1 encompasses fast, black-box applications of models for consumer use, such as search, recommendations,
fraud detection, and dynamic pricing.

System 2 involves analyzing model representations to yield interpretable results, often for business intelligence, such as
market analysis, operational expansions or contractions, and assessments of assortment strengths and weaknesses.
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System 0 focuses on data collection and engineering, including understanding model inputs.

This paper primarily addresses System 1, while also discussing the others. The three feed one another: we examine the
data, train and evaluate models, and study their representations, which informs better data collection and in turn better
models. Expertise in one therefore requires proficiency in the others. Foundation models also change what data an
enterprise should collect, a shift enterprises often overlook. The explainability features that earn organizational trust
shape model training and design, and the tasks that most affect end users point business intelligence to the analyses
with the most impact.

B Architecture and Objectives

This appendix and the two that follow collect the techniques, design discussions, and engineering details behind the
recipe summarized in Section 2: this one covers the model and its objectives, Appendix C the data, and Appendix
D training, systems, and metrics. These appendices record techniques and experiments from several BehaviorGPT
generations, not only the BehaviorGPT-v4 recipe.

B.1 Output Space and Candidate Representations

Output versus Input Space: Digesting and predicting actions are distinct tasks in behavioral modeling [87]. This
distinction is sharper in LBMs than in LLMs. Embedding a sequence of products scales with the batch size and sequence
length (B x L). However, predicting the next product requires retrieving from a candidate set, scaling as B x L x C,
where C, the size of the candidate set, can exceed 10 billion for all possible actions. Thus, embedding the candidate
space is up to C' times more computationally expensive than embedding the input space. We explore several approaches
to address this challenge:

* One-Hot Encodings for Sources and Targets: This approach scales as B x L x C, with each operation being
computationally inexpensive due to the simplicity of one-hot embeddings. However, one-hot encodings do not
naturally generalize to new products, assortments, or tasks (e.g., search), unlike feature-based representations.

* Feature Embedder for Sources and Targets: This method also scales as B x L x C, but each operation is
costly, as it involves learning to map text and image features to vectors. The extra cost buys richer, more
generalizable representations.

 Feature Embedder for Sources and Text-Generation for Targets: Instead of retrieving the next action from the
candidate set, this approach generates the text description of the next product as a bag-of-words, reducing
the target space to the number of tokens (e.g., 100,000) rather than the full candidate set (beyond 10 billion).
While this resembles quantization, it does not inherently provide a fast retrieval mechanism, as describing a
product does not directly enable selecting it from a large assortment during inference. However, this method
yields strong embedders that can be frozen in the second training stage for retrieval tasks. Generating text
descriptions can also support downstream tasks, such as autocomplete or personalized search refinement,
though static descriptions risk memorization, necessitating augmentation techniques [32].

» Feature Embedder for Sources and Latent Vectors as Targets: Using pre-trained image or text embedders,
this approach predicts the latent vector of the next action via an L2 loss, scaling as B x L and requiring
less computation. At inference, retrieval involves finding the closest product in L2 distance, assuming a
high-quality pre-trained embedder is available.

* Predicting Relative Positions: To reduce the target space, this method predicts the relative positions of actions
within a sequence rather than their identities or features. By masking actions and training the model to infer
their positions, it learns to understand action relationships [18]. The candidate space is reduced to the number
of sequence positions, which is orders of magnitude smaller than the number of possible actions.

* Mixing Multiple Objectives: Combining multiple objectives, such as retrieving products, predicting their text
tokens, and minimizing L2 loss to semantic vectors, improves pretraining performance; the challenge is to
balance that gain against simplicity.

» Small and Large Embedders: Embedders capture both global information (e.g., popularity, general category)
and local information (e.g., specific brand, color, or price preferences). Using multiple embedders tailored to
these different scales of information can improve performance. This is further explored in the “Global and
Local Loss” section below.

Time Since and Popularity Prior work has recognized that the age of an action or item, defined as the time since
its introduction, is a strong predictor of its likelihood of occurrence [23]. However, incorporating this feature into
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Transformer-based autoregressive models requires careful engineering to ensure scalability. For a batch size B, sequence
length S, and candidate set size C', the output logits have dimensions B x S x C'g. We aim to incorporate two features
for each logit: (i) the time since an item’s introduction, computed as the difference between the static introduction time
of aitem in C'g and the event time in B x .S, and (ii) the cumulative interactions with the item (sales, in retail) from its
introduction to the current user event.

For (i), the time-since-introduction can be cached with a memory footprint of order (B x S) + Cp across all training
data, enabling computation of B x S x C'p values at training time. For (ii), caching sales data for each target-user-event
triplet would require a prohibitive B x S x Cp cache. Instead, we propose storing sales data as a segmented time series
with K segments (e.g., weeks or months), reducing the cache size to C'z x K. Alternatively, fitting a simple function
to sales over time allows querying continuous time values, further compressing the representation. This results in a
Cp x K matrix, indexed by the B x S event times to produce B x S x Cp values.

Given hidden embeddings h € RZ*9%4 and target embeddings ¢ € R€2*?, computing B x S x Cz embeddings
to incorporate time-since-introduction and sales-since-introduction is computationally expensive due to the high
dimensionality of d. Instead, we incorporate these features at the logit level, where the output of the matrix product
he® € RBXSXCe s one-dimensional per element. Using small neural networks f; and fa, we compute:

fa (he” + fi(t,t2))

where t1,t; € REXSXCE represent time-since-introduction and sales-since-introduction, respectively. This approach
is computationally feasible and can be introduced during finetuning after initial training without these features. At
inference, synchronized user event times further improve efficiency.

Incorporating temporal interaction trends across users enhances model performance and subsumes the need for separate
time-since-introduction and popularity features, as these are implicitly encoded in the interaction trends. For each
user, sequence, and target action, we include a historical interaction vector (e.g., a 36-dimensional vector capturing
monthly interactions over the past 36 months), providing richer context for modeling action popularity and temporal
dynamics. This results in t, € RBXS*CBX36 which is processed by a linear layer or a small neural network to produce
RE*SXCB for incorporation into the logits.

As implemented. In BehaviorGPT-v4 both features enter as additive logit residuals that are bilinear in the hidden state.
A candidate’s age at the event is bucketed by month into 13 buckets, and its sales up to that age are binned by log;
into 12 levels. Each bucket has a learned vector whose inner product with & is added to the logit, giving the form of
Appendix D.4. Candidates introduced after the event’s timestamp are masked out of the softmax (the target never is), so
no position is scored against an item that did not yet exist. Because the residuals depend only on the query and the
bucket, serving folds them into the cached candidate table at the request’s timestamp.

Cache (MoCo) for Candidates Inspired by Momentum Contrast (MoCo) [44], we have experimented with a cache
of candidates from the two preceding batches during Stage 1 training. It slightly improved the performance of the
embedder by providing a more diverse and temporally consistent set of candidates for contrastive learning.

B.2 Learning to Tokenize (Quantization)

Quantization techniques such as Vector Quantized Variational Autoencoders (VQ-VAE) and Residual Quantized
Variational Autoencoders (RQ-VAE) compress behavioral sequence data effectively. Generative recommendation
on top of them, decoding with beam search, is expensive and can lower accuracy. As with the feature embedders,
the quantization should be learned end-to-end with the sequential autoregressive task so that it serves the predictive
objective. We find quantization helps most in the input space, where it compresses sequences while preserving their
behavioral patterns. We also adopt multi-target prediction, following its use in large language models [42], to make the
quantization more stable and efficient.

End-to-end quantization. Two points are critical. First, it is not sufficient to learn the quantization by sampling
from a fixed set of actions or a dataset using auto-encoders — this will learn to semantically embed items by co-
occurrence within the features and the set, rather than letting meaning be defined by co-occurrence in behavior. Thus,
quantization should be trained end-to-end on the sequential autoregressive pre-training task of interest. Second, we find
the quantization of sources and candidates (in target space) are very different, and thus one cannot simply quantize one
of them and use it for both. See Figure 16 for how this can be done end-to-end. We quantize the source embedding with
a codebook, then also quantize every candidate, and apply a regular softmax in this space. The disadvantage is that
this forgoes the benefits of quantization, though it can serve as a first step, with the learned quantization then used for
compression and generative recommendation.
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Figure 16: End-to-end quantization integrated into the autoregressive pre-training task. Unlike typical pre-hoc ap-
proaches that quantize data using a fixed codebook before training, this method jointly learns the quantization codebook
with the model. Both source and candidate embeddings are quantized using this shared codebook during training,
allowing the learned representations to reflect behavioral co-occurrence. This setup does not yet use quantization for
compression or retrieval, but the learned codebook can serve those uses later.

B.3 Reversing Stage 1 and Stage 2 (Unsupervised Translation)

The two-stage process can in principle be reversed: first train a robust contextualizer, then fine-tune the embedder
against it frozen. Consider a scenario with abundant one-hot encoded events corresponding to products. Using one-hot
embeddings, a large-scale contextualizer can be trained to predict the next event based on prior events. As noted earlier,
this approach struggles to generalize to new products due to the limitations of one-hot encodings. However, suppose a
smaller dataset with rich features, such as product descriptions and images, is available. We can fine-tune the model
by introducing a feature embedder and training it on this smaller dataset, replacing the one-hot embedder. Optionally,
freezing the contextualizer during this phase constrains the embedder to produce representations that align with the
contextualizer’s learned predictive task.

This approach differs from an alternative that assumes products overlap between datasets and uses them to map product
descriptions and images to their corresponding one-hot embeddings. Unlike the mapping approach, reversing the stages
does not require explicit correspondences between one-hot encoded events and feature-rich data. Instead, it relies solely
on congruous sequences—sequences that share similar behavioral patterns—so the embedder learns representations
compatible with the contextualizer’s objective.

B.4 Time-Delay Events

We make each time delay between events its own event, which the model both predicts and conditions on. At evaluation,
specifying a short delay before the next product yields more relevant, less diverse results, and a longer delay more
far-fetched, more diverse ones. Time delays could be embedded using a linear layer to better embed continuous variables
such as time and be predicted via regression (or grouped together to discrete targets and input).

We experimented with discrete versus continuous encodings of times, and found that discrete input and target worked
the best. Optimal was 30 buckets of time, with an equal number of items in each bucket, based on training data.
However, we also found that for most tasks, predicting time delay (and not just having it as input) is often not an optimal
use of compute. We have also experimented with introducing time delay later in training, which in those experiments
gave better results.

B.5 Losses and Objectives

For LLMs, a single auto-regressive cross-entropy loss is optimized, mainly because the candidate space (the vocabulary)
is fixed and small enough to compute a complete distribution over at every step. For behavior, this is different. We
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typically need and want to sample the candidate space, but how we sample it affects what the loss actually is and what
the model ends up learning. With hard-negative sampling, for example, the model learns to discern between similar
items (what we call local information) but may suffer in its ability to understand the overall popularity of an event, item,
or product (global information)—e.g., the difference between a popular and an unpopular Nike shoe. We address this
by having two losses, one for local information and one for global information.

Imagine using the candidates that are in the current batch (from training sequences) as the samples for the loss. With
a batch of 32 sequences, the candidates from a position’s own sequence tend to be similar to its target, so a fraction
of the batch candidates act as hard negatives. If we instead sample from the full space of actions, say 10B, most of
them will be far away from the true targets, in comparison. What the model learns from a sampled loss depends on
how the candidates are sampled, which we now make explicit. For a position with history s, the targetis y ~ p(- | ),

the candidate set is C' = {y, x1, ..., Tk } with negatives x; drawn i.i.d. from a proposal ¢, and the model scores a
candidate as f(z, s) = " h(s), where h(s) is the contextualizer’s output. The loss is
ef(y:s)
{=—log 5)

ZxEC ef(mﬁs) ’
Batch candidates are the targets of other positions, so their proposal is the marginal frequency of events, g(x) < p(z).

Fixed h. Suppose first that & is one vector shared by every position. The target distribution it faces is then the marginal
p(x), and an item’s chance of appearing as the target is proportional to its chance of appearing as a negative. The
optimum, derived below with p(z | s) replaced by p(z), is f(z) = logp(xz) — log ¢(x) + ¢ = ¢: every candidate
receives the same score, so a fixed & trained on batch candidates learns nothing about popularity.

History-dependent /. The trained model has h = h(s), which differs per position, so the fixed case does not settle what

it learns. As K grows, % >k ef (@) Epngef (#.5) | the target’s own term in the denominator becomes negligible,
and up to the constant log K the expected loss at history s is

L(s) = —H‘:?’,Np(.|s)f(y7 s) + log Z q(x) ef (@8) ©)

Writing g(z) = q(z) e (@) /3", q(a") ef(*"9) a distribution over candidates,
L(s) = —Eynp(1s) 108 9(y) + Eynp(1s) l0g a(y), @

a cross-entropy between p(- | s) and g plus a term that does not depend on the model. It is minimized at g = p(- | s),
that is, at
f(z,s) =logp(x | s) —logq(z) + c(s), ®)

the known optimum of sampled softmax [7, 58, 110]. With batch candidates, ¢ = p and the optimum is log Z 15?5) +e(s):
how much more likely an item is after this history than on average. The contextualizer still learns everything that
depends on the history, but popularity is divided out, and nothing in the loss rewards ranking a popular item above an
unpopular one with the same lift. The fixed case is the special case of an uninformative history, p(z | s) = p(z). The
result is exact only as K — oo, assumes the model can represent the optimum, and is approximate when the batch

holds duplicates.

Therefore, we also have a loss that we call the global loss, whose candidates are sampled uniformly from the full
candidate space. With ¢ uniform, the optimum is f(z, s) = log p(x | s) + ¢(s), which keeps popularity.

Note, we should not have both the distributions in one single loss. Meaning that we should not have
ev'h
Th Th
Zl’q‘ €Dy et + ZMEDz e’

because we are comparing across them: the model learns to identify, contrast, and separate the distributions, as the next
paragraphs illustrate.

—log ©))

Instead consider:

—log

— log (10)
T T
Z:EieDl evih ZziGDQ evi
which is optimized by pp, (y) and pp, (y) respectively, with the two losses weighted by how often we sample from
each distribution. This is better for us, because we want to learn both distributions individually rather than learning to
contrast them: we care about generalizing to more data, not about identifying which dataset an example came from and
separating them.
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Figure 17: Hierarchical global-local candidate-scoring network, a design we have experimented with. The first stage
uses a frozen 256-dimensional target embedder to project all 10 million actions, so a cheap matrix multiplication yields
a coarse probability over the entire action space. The top-50k actions from this global distribution are then forwarded to
a second stage, where a trainable 768-dimensional embedder refines the scores with a full softmax. Separating global
screening from local re-ranking cuts computation and memory, while the larger embedder keeps full capacity for the
final ranking.

Separate distributions. Assume two distributions pysa and pgurope With similar behavior and similar products, except
that events in one are described in English and in the other in German. Trained on both together, the model learns to
separate them easily on exactly this cue: it pushes the embeddings of US and European products far apart even when
the behavior involving them is similar. In most cases this is not what we want. Deployments typically have separate
output spaces that handle this anyway, so the main objective is to learn and generalize as much as possible. If we take
such a model and ask how a US product will perform on the European market, it must project from the US space to
the European space—two spaces it has been incentivized to separate—which is prone to error. If instead a second
loss treats pysa and peurope independently, there is less incentive to separate them and the spaces can align; adding
correspondences between the assortments aligns them further, letting us more robustly ask how an event in one market
corresponds to outcomes in another. The same holds across time, €.g. pag24 and pyps: we are more interested in how
events in 2024 help predict what happens in 2025 than in learning what happened when—we want to align rather than
separate those events. We would not want to learn that nobody buys candy in 2025 just because it was removed from
the assortment, rather than because users stopped buying it.

We tried restricting targets to only products bought that month and did not see a clear improvement. However,
appropriate time domains did allow the model to do better.

As a guiding principle, the loss should compare only actions the user could have considered; anything else gives a false
signal. This is tricky, because that space of possibilities can be very dynamic and unstable.

Global and local loss. Getting a global distribution over all actions and distinguishing within a local neighborhood
may be two different bottlenecks, so the architecture can handle them differently. For example, with 10M possible
actions, we can train stage 1 with two target embedders (the same could be done for the source, but this is more
target-specific)—a smaller one with 256 output dimensions and a bigger one with 768—used as in Figure 17. The small
embedder embeds all actions (it can be frozen and its outputs cached), enabling a much cheaper matrix multiplication in
the smaller space that yields a distribution over all products. We then select the top SOK candidates and compute the
softmax with the bigger embedder (which can be kept trainable) only on those; if the target is not among the top SOK
we can skip the example or apply some other loss. This separates local from global and gives a hierarchical architecture
with more efficient compute and parameter use.

History hierarchical loss. Since people often repeat actions they have already taken, we can create a history-hierarchical
loss that factorizes into P(Action) = P(Action|Action in History) x P(Action in History). This makes it easier for

48



History P(Action)

.01 Action1 | -8 | *.01=.008

History Action2 |.1 | *.01=.001
Action3 | .05.L*.01=.0005
Action 1 Output
Action 2
Action 3 Contextualize \ ActionN | |
Ei(s):om 99

Action N &

Figure 18: History-hierarchical loss schematic. The network factorizes the action probability into two sequential
predictions: (1) a history gate that estimates the likelihood an action has occurred before, P(Action in History), and (2)
a conditional scorer that assigns P(Action | Action in History) to each previously seen action. Their product forms the
full distribution P(Action), biasing the model toward repeats while still allowing exploration.

the model to retrieve from history and learn the distribution of behavior, because we enforce a stronger bias. However,
we could also do this with thresholding as in Figure 17, and hopefully learn the correct conditioning.

Collisions. Mapping the same event or action to one token across datasets aligns their spaces, but pre-defined mappings
always introduce some incorrect correspondences, so the question is how much a correct correspondence helps and how
much an incorrect one hurts.

MLM vs CLM objective. We have experimented extensively with versions of both Masked Language Modeling
(MLM) and Causal Language Modeling (CLM) approaches for behavior. One difference from language modeling is
the utility of predicting backwards. For example, given a product, we might want to ask what search term would be
most likely to precede it, i.e. p(search,,_; [product,,), which is different from predicting what search a user might do
following the product. MLM-like objectives can capture this bi-directional conditioning [108]. However, we find that at
scale MLM converges much slower than CLM and ends up working less well. Instead, we do our main training via
CLM, then finetune specific capabilities efficiently afterwards using MLM-inspired objectives. This is quite analogous
to findings for LLMs.

B.6 Fine-tuning Techniques

B.6.1 Exponential Moving Average (EMA)

We explored using EMA for finetuning, so that the model stays closer to the pre-trained one: stage 2 was updated as an
EMA of the stage-1 model. This helped slightly but was not worth the complexity at scale.

B.6.2 Distillation (Teacher and Student)

We tried distillation with the stage-1 model as a teacher, using the loss 0.1 x stage-2 loss + 0.9 X teacher loss, where
the teacher loss targets the scores from our stage-1 model, which exhibits much less diversity. This did reduce diversity,
but at the expense of test and validation losses. We also applied it to search queries only: again much less diverse, but
with higher validation and test loss for search. Evidently, our test and validation sets reward diversity.

B.6.3 Training and Inference Correspondence

Formats at inference must match training formats exactly to avoid confusing the model; training with extensive
augmentations makes the model robust to the remaining variations. LoRA adapters work well here, keeping the last
layer freely trainable (Table 49).
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B.7 Categories and Themes

Categories and thematic breakdowns of actions, such as search refinements or product categories, help users explore the
action space efficiently, and they need to be personalized to the user’s behavior. The right breakdown depends on intent:
is the user looking for keyboards for gaming, piano, or writing? Knowing this lets us predict the categories most helpful
to the user, those whose breakdown carries the most information (high entropy). A fixed set of categories therefore falls
short, in both its headings and their probabilities; both need to be generated and personalized on the fly.

We want to model p(category|behavior) and be able to sample from it, but we also want to model
p(action, category|behavior). This allows us to generate and rank the most important categories for the user, and
to assign actions by

action € argmax action, category|behavior) (11)

categoryP (

This needs to be done with very low latency. It is hard for LLMs to approximate these probabilities in a personalized
and efficient way: without detailed user data it is hard to predict p(category|behavior), and harder still the more subtle
p(action, category|behavior) that determines which action to assign to which category, which can change substantially
based on the behavior.

Labelling from search behavior. The vocabulary for such breakdowns can be read off the model itself. For each
product we rank search terms by p(term | product) o< p(product | term) p(term), scoring each term as a one-event
prompt and weighting it by its observed frequency. A group of products is then named by a vote over its members’ top
terms, so the labels come from how users search for the products rather than from how the catalog describes them.

B.8 Reasoning in the Behavior Space and Test-Time Compute

This section frames reasoning and test-time compute in terms of user behavior. Reasoning is something of a misnomer
here; it is better understood as the strategic use of test-time compute, exploration, and simulation. In language-based
tasks, reasoning is often explicitly structured as clear-task — reasoning — result.

In behavioral settings, analogous structures arise more naturally. For example, in e-commerce, a typical interaction
might be search — viewing products — add-to-cart, where the viewing products stage can be seen as an
exploratory reasoning phase preceding the final decision.

Our objective is to design a framework in which reasoning and test-time computation are applied more universally. We
achieve this through the following procedure:

1. From each  training sequence, remove  the final  event, yielding a  pair
{user-history-except-last-action}, {last-action}.

2. Train an autoregressive model by passing {user-history-except-last-action <think>} and letting it
generate K candidate actions. Construct sequences of the form: {user-history-except-last-action
<think> { K-generated-products} last-action} for training.

3. Perform supervised fine-tuning (SFT) with {last-action} as the target, using standard cross-entropy loss
while masking all tokens except the final action.

4. Atthis stage, the model learns to largely ignore the reasoning trace following the <think> token, understanding
the format and producing the correct action at the K 4-1 position regardless of the reasoning sequence.

5. Apply GRPO by providing {user-history-except-last-action <think>} as input and assigning re-
wards to improve the quality of the reasoning trace with target {last-action}, thereby making test-time
computation genuinely beneficial.

6. Compare performance between the GRPO-enhanced model with <think> and the base autoregressive model,
to evaluate whether test-time computation improves outcomes. Importantly, even when ignoring the reasoning
trace, performance should be no worse than the baseline.

Small variations of this procedure are also feasible; it yields a more flexible model that can allocate test-time compute
adaptively. For example, when the <think> token is used, it performs explicit reasoning; otherwise, it can produce
direct predictions. Note that this is a property of one set of weights rather than of a separate reasoning model: instruction-
following and reasoning behaviors are folded into the same released checkpoint and selected at inference through the
prompt format, so there is a single model to serve, evaluate, and reason about.

Lastly, we explored introducing residual connections across time steps. If the goal is to improve a baseline next-step
prediction using test-time computation, it may be advantageous to propagate information from the baseline prediction
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directly to the final step. Concretely, this can be achieved by adding (or preserving) the embedding or probability
distribution of the baseline next-step prediction at the final stage. This allows the model to focus on refining or adjusting
an existing prediction rather than reconstructing it from scratch.

C Data

C.1 Demographics and Seasonality

Behavioral prediction requires explicit demographic and temporal covariates (e.g., age, calendar date), where seasonality
and cohort effects are first-order drivers of outcomes. This stands in contrast to general-purpose LLMs: while they
can be prompted with temporal context, they are not inherently trained to model calendar time or domain identifiers,
and naively encoding exact timestamps risks domain overfitting—memorizing contemporaneous events rather than
learning patterns that generalize to future periods. Consider a product introduced at the end of the training window (e.g.,
an iPhone 16): the model must decide whether subsequent demand reflects a persistent novelty effect or a recurring
seasonal spike, a distinction that is underdetermined with limited post-launch data. The challenge is sharper for
genuinely unseen concepts (e.g., “Apple Intelligence”), which appear frequently in retail and other behavioral domains,
inducing rapid concept drift akin to accelerated semantic change. To mitigate this, we combine coarser, semantically
meaningful time features with dynamic behavioral signals: we embed time-since-event and popularity trajectories
(Appendix B.1) and update the model as fresh interaction data arrive. This improves temporal generalization and
reduces overfitting to specific dates.

C.2 Data Considerations

Volume alone does not make behavioral data learnable. To uncover a behavioral “language” in which patterns can be
modeled and predicted, the data must also carry meaningful, structured signal. This section sets out the criteria we use
to identify such data.

C.2.1 Meaningful and Predictive Signals

A foundation model can only learn from data if that data contains inherent structure. A model can be fed large volumes
of data and left to identify patterns, but meaningful signal must be present for learning to occur. Pure noise offers
nothing to compress or predict. If the future is statistically independent of the past (i.e., p(future|history) = p(future)),
no model can uncover useful patterns. Thus, we focus on behavioral events that are consistent indicators of individual
traits—actions that reveal preferences, motivations, and likely future behavior.

We find that survey responses and self-reported forms, while sometimes useful for diagnostics, are often poor predic-
tors of real-world behavior due to their inconsistency and low signal-to-noise ratio. In contrast, logged behavioral
events—that is, how people spend time, take breaks, change schedules—are more reliable and predictive.

C.2.2 Volume and Variety of Events

For a foundation model to generalize, it must observe enough high-quality examples. We need tens of millions of
relevant historical sequences where future behavior can be predicted from past activity; BehaviorGPT-v4’s corpus holds
close to 2 billion unique sessions. Crucially, these sequences must contain consistent event types. If each user exhibits
only unique types of events (e.g., one user only takes breaks, another only has sick days), the model struggles to learn
generalizable patterns across employees.

It is more valuable to have co-occurring and overlapping event types (e.g., how breaks and sick days might jointly
predict vacation time) than to have disjoint sets of behaviors per user. In short, we aim to capture joint probabilities
across event types, not isolated patterns.

C.2.3 Depth Over Breadth (Longitudinal)

We benefit more from deeply understanding a few individuals than from shallow glimpses of many. Long sequences of
meaningful events per individual enable the model to infer latent traits and behavioral tendencies, which are foundational
for making accurate predictions about unseen users. Tracking should be per individual and as longitudinal as possible:
aggregates lose the very structure we need; the goal is to be an anthropologist, not a statistician.

Longer sequences also connect concepts that are far apart in the data. A customer might add a vegan product and not
add another one until 100 events later; only long contexts connect such recurring preferences, and through them more
abstract associations (e.g., vegan customers also tending to buy outdoor food). Similarly, brand loyalty often reveals
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itself only over long horizons: someone who refills the same brand of toilet paper monthly may require a 500-event
context window before that pattern is even visible.

C.2.4 Analogies in Human Natural Language

Human natural language exhibits all of these desirable properties. Because language was developed as a tool for
communication, we know it is not random; it carries structured, meaningful information, and it is inherently learnable (as
evidenced by our ability to acquire it). Language is composed from a finite set of symbols, such as words or characters,
meaning that sequences of text share common elements that can act as building blocks for learning. Moreover, we have
access to long, coherent sequences produced by individuals (such as books), which provide rich insight into what the
author intends to communicate.

Human behavior shares the learnability property: people can interpret a large part of each other’s behavior, which
makes sense because it is difficult to produce behavior much more complicated than what we ourselves can interpret,
consciously or subconsciously. The parameters on which we base our behavior and those on which we base our
interpretation of behavior are related.

C.3 Workforce Events

The recipe was also applied, separately, to workforce data [34]; we summarize that study here because Section 2.6
and the Discussion rely on it. The corpus holds 43M weekly events from about 80,000 employees over four years,
drawn from 15 event types (scheduled, actual and productive hours, paid and unpaid breaks, and similar) with eight
contextual attributes such as manager and campaign. Identifiers were salted and timestamps jittered, and training,
validation and test sets are split by employee, so every test sequence belongs to an unseen person. A SM-parameter,
eight-layer causal transformer is pretrained from scratch with next-event prediction, then fine-tuned at every prefix to
predict whether, when and why an employee leaves. On 6,705 held-out employees (4,653 leave within the month, 2,052
stay), each truncated at a random point and asked whether they will leave within the next month, the model reaches
91% accuracy and F1 0.93, with 99.3% specificity and 0.997 precision. Starting from the pretrained weights improves
attrition performance by 7% over training the same architecture from scratch. Mean-pooled employee embeddings
cluster by country, with weaker, distributed structure by tenure and reason for leaving. These are results of a different,
far smaller model on a different domain: they show that the architecture and objective transfer, not the BehaviorGPT-v4
checkpoint.

C.4 Text and Internet Data

One way to incorporate more general text data is to segment it. Our approach retrieves the next actions (described by
text, images, and/or numbers) given a sequence of such historical actions. Thus, we take a text sequence that is topical,
perhaps about electronics products or receipts, and we randomly segment it into segments of, say, 5-25 words, and just
predict the next segment based on previous segments.

Prompting may also help as the model is trained on more scraped data. Given the products a user has bought, we can
append a text segment that states the task, differently for search and for recommendation:

Search: [product 1] [product 2] [The user bought these items and now searches for
“milk’’>. The next product is]
Recommendation: [product 1] [product 2] [The user bought these items. The next

product is]

Any such reasonable prompt can be constructed. See Figure 19 for an example in Swedish (“fisk” means fish), where
this worked well. This lets us utilize topical text corpora as a lowest-quality tier of data that is cheap to obtain.

Similar constructions apply to other data, such as videos: crop at certain frames, embed with an image embedder,
then treat the result as a sequence and apply contrastive learning on the embeddings, i.e., classify the correct “next”
frame-crop against random frame-crops. This should learn how things relate “causally”.

C.5 Acquiring Behavioral Data Across Channels

Behavioral data can also be amassed by acting: interacting with e-commerce sites directly to elicit more data. Behav-
1orGPT can rank alternatives and even generate search queries, so we can let a strong model sample short start-sequences
(1-5 products), follow similar/related-product links, or issue generated queries and learn from the search suggestions.
Training on the collected traces, then generating more data with the improved model, and iterating in an expectation—
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Figure 19: Using a sequence segmentation on topical internet text to get a starting point for a contextual retrieval model.

maximization fashion, converges toward a compressed version of the target site’s algorithms—which we can then
improve upon. A large model can generate this data, which could then be distilled into smaller models.

C.6 Data Augmentations

Data augmentation is nearly absent from current LLM training, especially in pretraining. The abundance of data is the
main reason, but the task also contributes. In language modeling, we want to be able to predict the next token given the
previous tokens. However, in behavior, we typically want to predict any future action based on any previous action. If
a person has bought a cheese burger we might want to understand what type of car the person might be interested in
purchasing, without having a natural sequence of events between them. Modeling such links with long beam searches
or similar methods can be suboptimal and practically impossible. That is, the p(future|history) in behavior is much less
connected and restricted than it is for LLMs, where we want the next immediate tokens.

Because behavior is tracked, it also depends strongly on the tracking system that recorded it, which we do not want.
We aim for a representation that does not overfit to any one tracking system and works for any format of behavioral
sequence, and augmentations help here too.

Also, if we drop certain features in the right way—so that they are used both as supplements and as complements at a
given part of the network—we can generalize better and also learn embedding spaces that are semantically meaningful,
allowing different features to be embedded into a shared space. This is useful for many downstream tasks, and it
augments the text-and-image correspondences with sequence information: an image is embedded by how it appears in
sequence with other images and text, not just by the description of the same product, which reduces overfitting and
gives the space a more behavioral meaning.

Consider an image—text pair: it has a single relation. Add some type of augmentation, with n possible augmentations of
each side, and we get n x n relations (such augmentations are usually automatic rather than user-defined, and thus less
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Figure 20: Tasks converge at different rates

meaningful or genuine). Now consider a sequence of k such pairs: each instance introduces (n x n)¥ relations, many
of which are defined by the actual sequential behavior of the user.

Augmentations are also critical because the model should be promptable flexibly, without expecting a specific format
that makes it harder to use and debug—for example, a model that comes to require prompts ending with a period *“.”
because its training data was created a certain way.

Where to make use of LLMs. We find that LLMs are not competitive for contextualizing user behavior. However,
they are useful at the per-event level: their general knowledge is best incorporated per event rather than per individual
user. We use an LLM to generate metadata for events and to perform basic sanity checks. This way the LLM only
needs to be called once per unique event in the vocabulary, rather than once per user-event in a history—the latter
being several orders of magnitude more expensive. LLM-generated item descriptions used as augmentations improved
generalization (Appendix G.7).

C.7 Missing Critical Actions

When critical actions are missing from the data, the model finds causation where there is none and cannot identify the
factors that actually matter—so a better loss does not translate into better real-world performance.

One example of many: our search was becoming a little too diverse—jumping ahead too much—according to our own
qualitative evaluations, even while improving in cross-entropy loss and top-k accuracy. The shortfall therefore lay in the
data rather than in the learning process: the model learned what the data showed. Digging deeper into the tracking, we
found a way to more reliably record whether a user who searched then navigated away from search to a new page and
clicked something there. Including this new action in training let the model learn much more clearly whether a search
led to a direct click or the user navigated away, and made search markedly less diverse. Still, this had a smaller effect
on A/B test performance than expected: the diversity was more annoying for analytical testers than for real users, since
the results, though diverse, were mostly relevant.

The back and forth between data and performance, qualitative and quantitative, is key to finding problems with the data
and to optimizing performance.

D Training, Systems, and Metrics

D.1 Tasks Converge at Different Rates

Predicting next actions is more explicitly multi-task than language modeling: a single training sequence supervises
search, recommendation, and other behaviors simultaneously, and some of these tasks are inherently easier than others.
Search, for instance, is target prediction given extra information (the query), and its loss converges much faster than
product-to-product recommendation (Figure 20), so search may begin to overfit while recommendation is still improving,
raising the question of where to stop early. We initially addressed this by regularizing fast-converging tasks more
heavily so that tasks converge at comparable times. As dataset sizes grew this became less of an issue, and the dominant
concern shifted to not overfitting on any specific domain or data source.

D.2 Training Stability

Reordering normalization layers is important for stabilizing training of bigger models and across data sources, in the
embedder as well as the contextualizer. We normalize the output of each sub-layer before it joins the residual stream,
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and never normalize the stream inside a block: each block computes = + Norm(Attn(z)) and  + Norm(MLP(x)),
with RMSNorm and query—key normalization throughout. After the last block we apply RMSNorm, project to the
768-d output space, and normalize the result to unit length; candidate embeddings are unit-normalized too, and a learned
temperature scales the cosine logits. In one earlier run a candidate table collapsed, which we now catch early by logging
embedding norms and pairwise cosines. Batches with a non-finite loss are skipped on all devices and saved, with their
sampled candidates, for inspection.

D.3 GPU Utilization

In stage 2 the candidate table is the dominant memory cost. For a catalog of 710M items, 768-dimensional bf16
embeddings occupy 1.07 TB, or 134 GB per GPU if sharded across the eight GPUs of a node, which does not fit. We
therefore hold the full table once per node in host memory, as a memory-mapped file that all eight ranks share through
the operating system’s page cache, so the node pays for one copy rather than eight. At every step each GPU samples its
negatives without replacement from the full table, reads only those rows from host memory and moves them to the
device. The per-GPU samples are then gathered, so every query is scored against the negatives of all devices in a single
softmax; Table 47 shows why one joint softmax beats one per device. A background thread samples and gathers the
next step’s negatives into pinned buffers while the current step computes, which keeps the lookup off the critical path.
Where a catalog is small enough, the table can instead be sharded row-wise across GPUs, each GPU embedding the ids
it holds and exchanging the rest; this was our earlier setup at 64M items. In both cases the softmax is aggregated across
GPUs by max- and sum-reductions of the streaming statistics of Appendix D.4.

D.4 A Custom Softmax for Huge Vocabularies

Vocabulary size is a particular challenge in our setting. Across the whole corpus the action space exceeds 10 billion
unique events, which no exact softmax can reach; even a single catalog runs to the order of 10° items, roughly ten
thousand times a typical LLM vocabulary, which already makes materializing the full logit matrix impossible under
single-GPU memory constraints. Sampling therefore governs pretraining (Appendix B.5), but wherever a full catalog
has to be scored we score it exactly, at V on the order of 10°. The underlying technique is online softmax [80], as used
in fused large-vocabulary cross-entropy kernels [102]; what we add is an optimized streaming kernel for our distributed
setting: we algebraically merge several operations to avoid ever materializing the full (B x V') matrix, implement a
streaming log-sum-exp over vocabulary shards, fold in the time and sales residual heads, and derive a custom backward
pass with hand-computed gradients for the fused operations. We give the construction below for completeness.

Setup. Let B be the batch size, H the hidden dimension, and V' the number of candidates. For each example
b€ {1,..., B} we have a hidden vector h; € R¥ and a target index y;, € {1,...,V}. Let W € RV*# denote the
candidate matrix with rows w; We optionally use two additive “residual” heads: (i) a time—difference (“timedelta”)
head with embedding matrix £(tm) € RT*H and per-example logits g™ = E(tme)p, ¢ R, and (ii) a sales—since

head with embedding matrix E(31¢5) ¢ RS*H and logits gésales) = Eales)p, ¢ RS, Each candidate j is assigned
indices 7,; € {1,...,T} and 0p; € {1,...,S} (e.g., bucketed by time delta and sales history for example b). Let
my,; € {0, 1} be a mask indicating if candidate j is invalid for example b (type or time availability); we always enforce
mpy .y, = 0.

Logits with residuals and masking. For each (b, j) the (pre-masked) logit is

i ) (time) (sales)
Eb] == <hb7 wj> + b,y + b,0p;
B
linear decoder timedelta residual sales residual
Masking is applied as
lyj,  ifmy; =0
by =7 with my, ,, = 0 by construction.
—o00, ifmy; =1,

Shardwise softmax with streaming log-sum-exp. To avoid materializing (B x V') logits, we partition the vocabulary
into S contiguous shards {S,}_; of size at most K (the slice_size). We process shards sequentially while
maintaining, for each b, a running maximum M}, and a running softmax denominator Z:

M =—o00, z{”=0.
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For shard s we compute local logits {/; }jcs, and set

ml(js) = max Uyj, M, = max{Més_l), mgs)}, ap = exp(]\/[lfs_l) —Mb).
JES,

We then update

Zés) = Oy Z}Es_l) + Z exp(fbj — Mb), Més) = Mb.
JESs
Let T}, denote the (unshifted) target logit, T}, = ¢, , which we record when the shard containing ¥ is processed. After
the final shard,

T
lossy = log 25 — (T) — M) = —1og — 2T __

The total loss is reduced as desired (mean/sum/none).
Probabilities and gradients. Define the exact softmax probabilities (implicitly recoverable shardwise)
exp(ly; — les))

Po; =
] ZISS)

(Wlth Pvj = 0if Mp; = 1).

Let 6y; = I{j = v, } and define the standard softmax residual 7;,; := py; — dp;. Then the gradients are:

Oloss & T IxH
ow: Z Yihy  E€RTE,
J b=1
Oloss 14 T V ' s v
o = D i+ Z(Z%g‘ {m; = t})egtlme) + Z( Vo5 H{ow; = 8})62”193)7
b j=1 t=1 j=1 s=1 j=1
decoder term timedelta head sales head
where egtime) and eg‘“"l“) are the ¢-th and s-th rows of E(tim¢) and F(s21es) respectively. For the residual embedding
matrices,
Oloss & v
time T time
oE(time) Z (pl(’ )hb )’ pl(%t ) = Z%j Hm; = t},
b=1 j=1

B 1%
Oloss sales sales
SR ST (AR ) o = > i oy = sh.

b=1 =1

Implementation details (streaming). The quantities M lfs) and Z ISS) are maintained per batch row while iterating

shards, using the numerically stable log-sum-exp updates above. During the forward pass we also accumulate
the sufficient statistics needed to form Oloss/dh;, without storing full (B x V) tensors: for each shard we add

Zj es. exp(ly; — M, IES)) w; to a running buffer, which is first rescaled by «y, whenever the running maximum changes,

)

exactly as Z is, and is divided by ZIES and corrected by subtracting wy, at the end (realizing 3 _; pyjw; — wy,).

Analogous per-index scatter-add accumulators, rescaled by «, in the same way, realize p,(]time) and pl(fales). The gradient

w.r.t. W is formed by a second shardwise pass that reconstructs py; from (MZES), ZZSS)).

Complexity. The method computes the exact softmax cross-entropy while using O(BH + K H) working memory
per shard (instead of O(BYV")), with total compute matching a dense pass up to streaming overhead.

Measured cost. At production stage-2 shapes on one B200 GPU (8,192 query positions, from 16 sequences of 512
events, against 262,144 sampled candidates, with the time, sales and type terms enabled), materializing the logits alone
would take 4.3 GB in bf16, and as much again for their gradient. The streaming kernel runs the full loss step, forward
and backward, at a peak of 2.6 GiB. Compiling the per-shard body and prefetching the candidates on a background
thread cut the step from 228.8 ms to 57.5 ms, a 4.0x speedup. The loss agrees with the unfused implementation to
1.4 x 107>, and the gradients sit closer to an fp32 reference than the eager bf16 loop does.
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D.5 Losses That Depend on Sampled Candidates

Our loss depends on the sampled candidates, not only the input batch. Inspecting the batch behind a loss spike therefore
requires the candidate space as well, so we save it, which adds overhead.

For the same reason, comparing models across training runs with different candidate sampling needs a separate metric:
a subset of the logits, an accuracy, or the validation or test evaluation run on the same fixed candidate space.

D.6 Cart Metric

In basket—completion, the exact order of forthcoming items is often immaterial—predicting Fanta instead of Coca-Cola
is still far more useful than predicting Salmon, yet standard cross-entropy penalizes both mistakes equally. Unlike
language modeling, where order matters, cart prediction benefits from a loss that tolerates permuted order. A sufficiently
large model could in theory learn this from data alone, but we make it explicit with CartMetric. Given past carts
(cl, ce ck_l) and the subset of items already placed in the current cart ¢}, C ¢y, CartMetric(n, (c1,.. . Cr-1), ¢, ck)
measures the probability that the model’s top-n predictions intersect the unseen set ¢, \ ¢j,. Because it rewards any
correct item regardless of position, the metric tracks real-world recommendation quality more closely.

Finally, we ensure that each ground-truth product can contribute to the score at most once per cart. Let Hy C ¢
be the set of correct hits among the model’s top-n predictions at step . We maintain a global hit set H = & for the
entire session and update H < H U (H; \ H) after every step; only the | H; \ H| new hits are credited. Consequently,
predicting Fanta correctly at multiple steps yields a single reward, forcing the model to surface novel items to improve
its overall score and preventing precision inflation through repeated mentions of the same popular product.

E Public Datasets in Detail

Figure | averages the two datasets, and three of its claims are per-dataset claims: that the text-reading baselines are
ordered by how much of an item its text describes, that on short video fine-tuning on the first thousand target samples
drops the 12.5B slightly below its zero-shot score, which does not happen on reviews, and that the 0.5B is close to the
12.5B only where the target resembles our pretraining mixture. Figure 21 redraws the average with the spread between
the two datasets shaded, and Figure 9 draws the same runs one dataset per row on absolute recall, which is where those
three claims are read.

Zero-shot Few-shot / fine-tuning

BehaviorGPT-v4 (12.5B)

2.0
©
2 BehaviorGPT-v3 (0.5B)
©
© 15
o
® 12.5B zero-shot
> 1.0 * RecFormer
g HSTU
8 > SASRec
< o5 * / +0.02 per 10x data gradient boosting
L ® LLM (Gemma4 31B) LTM (TabPFN v3)
popularity
0.0 ° — e R RN OneRec 8B Pro
. 1 o1 ! ! ! L | ! ! ! L | ! ! ! R | ! !
0 1K 10K 100K 1™

Samples from the held-out dataset
Figure 21: Figure 1 with the spread between the two datasets drawn: each band and each zero-shot bar runs from an

arm’s lower to its higher normalized score across short video and reviews, around the arithmetic mean drawn as the line.
Seed spread is far smaller and is not drawn.
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How the average is formed. Each score is divided by the 12.5B’s zero-shot score on its dataset, 0.594% on short
video and 0.763% on reviews, and the two are averaged arithmetically; normalizing first keeps the mean from being
an average of dataset difficulty, the corpora differing by a factor of two. The sweeps use eight matched budget rungs
(945/1013, 3219/3276, 9858/10040, ...), each averaged point being two measured runs drawn at the geometric mean
of their sample counts, with nothing interpolated. Curves are 5-seed means; seed spread is 0.6-2.4% on the 12.5B, and
zero-shot inference is deterministic. A target a method structurally cannot score counts as a miss, so arms confined to a
bounded pool or to items seen in training are penalized as they would be in deployment: Gemma, LightGBM and the
LTM rank a shortlist of the target’s most frequent products, and SASRec and HSTU reach only items in their training
interactions. On reviews the two specialists rank within the 137,027 items of their training interactions, 8.6% of our
catalog, which is much of why they sit so low there. Popularity is a rule on both rows so that they stay on one footing,
counted per budget on reviews but over the full training stream on short video.

With no target data. LightGBM, the LTM (TabPFN) and popularity have no zero-shot point, having nothing to fit,
condition on or count. Gemma has one, but not a target-blind one: it ranks the target’s most frequent products rather
than its catalog. The sequential specialists land at chance, 0.009x for SASRec and 0.004x for HSTU, as a model
that reaches items through learned identity must on an unseen catalog. The rest are ordered by how much of an item
its text describes, and this is where averaging hides most: RecFormer’s 0.47x is nearly the same on both datasets,
while a prompted Gemma’s 0.37 x is low on short video, whose items are videos, and high on reviews, whose titles are
descriptive. The 0.5B, at 0.52x, varies for the analogous reason, reviews being close to our pretraining mixture and
short video not; whether it or Gemma leads depends on the choice of mean, so nothing rests on it. OneRec 8B Pro
reaches 0.10x.

After adaptation. No baseline reaches the rule at any budget. RecFormer stops improving, peaking at 0.72x by
36,000 samples and ending at 0.62x. We see two likely causes, neither isolated here. RecFormer is fine-tuned under
its authors’ recipe, on leave-one-out splits of each user’s history, but scored on our temporal split with unseen users,
so more target data fits it more closely to a task other than the one measured. And it represents items by text alone,
where ours is multimodal, and both its architecture and the way it is trained differ markedly from ours; on these results,
that approach appears less effective at converting target data through fine-tuning. Ours, meanwhile, rise at every rung,
averaged over the two datasets, to 2.18x for the 12.5B and 1.67x for the 0.5B; per dataset, the 12.5B ends at 2.89% on
short video and 1.48 x on reviews, the two drawn under different fine-tuning protocols (below). The 0.5B crosses the
rule between 9,949 and 35,928 samples, so about ten thousand target samples buy what 25x the parameters supply for
free. Popularity and OneRec are drawn flat: OneRec uses no target data, and popularity has per-rung counts only on
reviews, so its rule takes reviews’ largest rung.

In absolute terms. Zero-shot, RecFormer and Gemma reach 0.402% and 0.465% on reviews against our 0.763%,
but only 0.248% and 0.081% on short video against our 0.594%; OneRec reaches 0.087% and 0.044%. After the full
sweep the 12.5B reaches 1.717% on short video and 1.126% on reviews. On reviews we name no strongest baseline
after training, RecFormer and HSTU tying within a seed at 0.395% and 0.345%.

The two rows use different fine-tuning protocols. On short video the first thousand samples leave the 12.5B slightly
below its zero-shot score, at 0.97x, recovered by 3,219 samples; on reviews it starts level at 1.02x and rises at every
budget. The difference comes from the protocol, not the dataset. On reviews the first adaptation stage trains only the
last transformer block, final layernorm, output projection and domain embedder (0.20B of 12.52B), for eight epochs
per stage. Restricted this way the curve rises at all nine budgets with 0.6-2.4% seed spread; unrestricted, it starts at
0.84x, dips at 298,374 samples and has 1.9-8.1% seed spread, though at the largest budget it reaches 1.231%, 8.6%
above the 1.126% drawn. Each curve is drawn under one protocol end to end, the one that leads at most budgets on its
dataset. On short video the restriction removes the dip (1.05x at 945 samples) but trails the full fine-tune at the other
seven budgets, ending at 2.11 x against 2.89x; on the 0.5B it loses at seven of eight budgets on reviews.

Reference time on short video. The checkpoint scores an item by combining its content embedding with a residual
read from the item’s age and its past sales, both measured at a reference date. Figure 1 sets that date per position, to
the date of the position being scored, for 0.594% zero-shot recall@ 10; every number in this paper is read that way.
Where one date must serve every position instead, recall@ 10 falls to 0.330-0.443% depending on where in PixelRec’s
validation window (2021-11-13 to 2022-06-25) that date falls, highest mid-window and lowest at either end. Table 6
gives the sweep.

Why the hosted catalog carries one date. In production the item embeddings are precomputed and the residual is

folded into each stored vector when the catalog is embedded, which is what lets one stored vector serve a request. Item
fields change rarely and age is bucketed by month, so little is lost as long as catalogs are re-embedded regularly and the
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Reference time Future R@l R@10 R@100 NDCG@10 MRR@10

Our harness, 89,444 candidates

Each position’s own date kept 0.091 0.594 3.346 0.293 0.203
Each position’s own date removed 0.113  0.777  4.035 0.382 0.264
2021-11-13 (window start) kept 0.035 0.330  2.047 0.158 0.106
2021-11-27 (10% of positions) kept 0.038 0.356  2.162 0.169 0.113
2021-12-20 (25%) kept 0.040 0398  2.572 0.184 0.120
2022-01-29 (median) kept 0.062 0432 2.684 0.213 0.147
2022-03-04 (calendar midpoint)  kept 0.062 0433  2.581 0.212 0.146
2022-03-19 (75%) kept 0.062 0443  2.552 0.217 0.149
2022-06-25 (window end) kept 0.049  0.365 1.981 0.178 0.122
Public API, hosted catalog PizelRec200K, 89,437 products
2022-01-29 (fixed at embed time)  kept 0.060 0.398  2.283 0.201 0.142
2022-01-29 (fixed at embed time) removed 0.132  0.953 5.285 0.470 0.325

Table 6: What a single reference date costs, and what removing future candidates buys. Zero-shot 12.5B on all
79,399 PixelRec validation positions whose answer is a product; every row scores the same positions, and all figures
are percentages. Reference time: the date at which an item’s age and past sales are read. Future: whether items first
seen after the position’s date stay in the candidate pool. The first row in bold is the protocol behind every PixelRec
number in this paper. The hosted catalog holds the same products as our harness less the seven special tokens, and
its date is fixed when the catalog is embedded, so the two kept rows at 2022-01-29 are the like-for-like pair, 0.432%
against 0.398%.

reference date stays near the present. Stored vectors also allow vector search over the catalog, indexed with HNSW
over int8-quantized vectors and rescored at full precision over the best candidates, which trades a little accuracy for
speed on large catalogs. For a benchmark on historic sequences the consequence is that one embedding carries one date,
and matching this paper exactly would need one embedding of the catalog per evaluated date, 225 of them across the
validation window, which is not practical to host. The hosted catalog is therefore embedded at the median date of the
evaluated positions, 2022-01-29, and Table 6 reports our own evaluation at that same single date beside what the public
API returns on the same positions.

Candidates from the future. No number in this paper removes items first seen after the position being scored, so the
model ranks against a catalog that is partly in that position’s future. It is the harder setting and we report it throughout.
Both our harness and the API can remove those items instead, and doing so moves the result further than the reference
date does, in the opposite direction: on each position’s own date recall@ 10 goes from 0.594% to 0.777%, and on the
hosted catalog from 0.398% to 0.953%. A reproduction that turns the filter on will therefore exceed this paper’s figure
rather than match it, which is why both settings are in the table.

What the notebook reproduces. We publish part of the harness: a preprocessing script that builds the split from
the official PixelRec download, a notebook that scores every evaluated position through the public API and computes
the metrics from the returned rankings, and the pre-embedded catalog, hosted for every API key. A run needs an API
key and the two PixelRec files and covers all 79,399 positions, with a 5,000-position subset for a quicker check. Its
reference date is the hosted catalog’s and its candidates are unfiltered, so the row it reproduces is the first public-API
row of Table 6 and not the paper’s.

F The Breadth Matrices in Detail

F.1 How to Read the Matrices

Six grids share one layout—Figures 5 and 12 in the body, the second of them a pair of panels, and Figures 11, 25 and
22 on the same axes—and what changes between them is only what each cell divides. The conventions are set out once
here rather than in five captions.

Rows. The 12 benchmark datasets, bracketed by industry into retail and engagement, with the payments block set
apart below. Engagement is app usage: streams where a session browses, watches, rates or discovers rather than buys,
which is what puts beverage discovery, image discovery, short video and a review corpus in one bracket. Payments
is drawn apart because its two tasks predict an attribute of the next event—which merchant, which category—rather
than the item itself, making them hit@35 rather than recall @ 10, and against a different pool: the strongest of twelve
arms, led on both tasks by a rule that repeats what the session has just carried, ahead of one over the user’s own history,
RecFormer fine-tuned and zero-shot, TabPFN v3, OneRec 8B Pro, Gemma 4 31B, a popularity rule, a rule that answers
the five commonest labels, LightGBM, and SASRec and HSTU, which trail the rest. The two tabular arms predict the
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label directly where every other arm in the pool, ours included, ranks products and reads the label off them; we lead
both tasks at every k, at hit@1 by 63.0% against 53.3% on merchant and 35.9% against 30.0% on category (Appendix
F.3). Short video and reviews are scored under Figure 1’s protocol rather than the benchmark’s, and are the two rows
whose pool is publicly reproducible. Table 7 gives what the rows differ in.

Columns. Tasks, three of them selected by the event preceding the target: a full search query, a partial one, or a
purchase. View recall pools mid-session views with session starts. Item returned is the one column selected by its target
instead of by what precedes it—which item a user will return—so it overlaps the five columns beside it rather than
extending them, and is scored over every target rather than over products alone. An empty cell is a task the dataset does
not log rather than a run we skipped: four rows log purchases, seven log search. Every task here has the session holding
something in front of the target. Positions with nothing in front of them at all ask a different question—what a prior
over an unseen catalog is worth on its own, rather than what the model does with a user it can watch.

Marks. ~ marks a baseline that scored a different number of positions than we did, its recall read as an estimate
of what it would score on ours. z marks a cell showing the unadapted checkpoint where the figure otherwise draws
a fine-tune. Marketplace’s five cells and payments’ two were not fine-tuned because both streams are close to the
pretraining data, so the unadapted checkpoint is what we would deploy there; image discovery’s two were not because
the unadapted checkpoint already led the whole pool, by 5.6 and 3.7 x. Each is evidence about the checkpoint and
none about adaptation, so no aggregate over adaptation is computed from them, and in Figure 25, where the denominator
is the zero-shot run itself, they are grey rather than carried: a run divided by itself would print a gain of 1.00x on a cell
that measures none. + marks a cell where the 0.5B scored a narrower evaluation window than the 12.5B—marketplace,
from 2.4% fewer positions on partial search to 53.5% fewer on the return column, and payments, 1.29M positions
against 1.73M—so those cells compare two runs rather than two checkpoints; on the cells with their own fine-tunes the
two checkpoints scored the same positions to within 1%. * marks beverage discovery’s return cell, which rests on 98
positions.

Color. Blue is the numerator ahead. The scale is clipped at 10x and stretched near parity, so where a cell saturates
the printed number is the one to read.

F.2 Dataset Characteristics

The other tables report how each method did on each dataset. Table 7 reports how the twelve rows differ: how large
each catalog is, how many positions we score on it, what event precedes the target, how much history stands in front of
it, how concentrated the catalog is, how often the answer is already in the window, and what we score there zero-shot.
The rows are the rows of every breadth figure, so a cell there can be read against the stream it came from.

The footer needs care, which is why the table sits here rather than in the results. It gives the rank correlation of each
column with three outcomes, and twelve points is few enough that a single row moves a coefficient by around 0.2,
while the columns are not independent of each other—catalog size, search share and domain travel together across
these datasets, as Figure 24 sets out. Nothing in it is an effect estimate. Two near-zero coefficients are worth naming,
though at twelve points they are inconclusive rather than evidence of no relationship: neither what precedes the target
nor how concentrated the catalog is shows a clear rank association with our zero-shot level, at —0.02 for purchases and
+0.16 for concentration, so the table gives no support to the two most obvious explanations without ruling them out.
The association that is there runs the other way from ours: the gain from fine-tuning correlates —0.85 with the zero-shot
level, so adaptation pays most exactly where transfer pays least, which is the same shape Section 3.2 reports cell by cell.

F.3 Baselines

The breadth matrices (Figures 5, 12 and 11) print one ratio per cell without saying what it is against. Table 8 describes
the arms—size, target data, what each can rank, and what a ranked list costs—and Table 9 gives, on the same grid,
which arms ran on each cell and which one the ratio is against: the strongest arm run there.

Position coverage. Every arm that ran on a cell is in its pool, whether or not it scored the same positions we did;
some runs were cut or strided for cost. We read such scores as estimates of what the arm would get on our positions,
which assumes the positions were chosen without regard to difficulty, so every cell whose winner scored a different set
is marked ~. Of the 29 product-grid winners, 10 scored our positions exactly, 17 fewer and 2 more. The assumption is
partly testable: RecFormer was scored on two or more position sets on 38 cell-and-regime pairs, and its recalls agree to
a median of 2.5%, except on full search, where a variant that selects search positions spreads by up to 1.57x. Admitting
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Scale Precedes the target  In window Conc. Zero-shot 12.5B

cat.  pos. view top re- Vs Vs +
items scored start search  buy none >10 1k peat R@10 best 0.5B tune
Retail
Marketplace 10M  2M 8.5 11 54 07 95 6.4 12 23 2.0 1.2 -
Grocery 1 30k 10M 69 31 0 03 97 52 32 41 2.9 1.2 1.2
Grocery 2 70k 9M 56 44 0 1.0 93 41 0.7 38 24 1.1 1.2
Pharmacy (browsing) 30k 4M 76 24 0 12 43 45 19 41 2.0 1.0 1.2
Pharmacy (transactions) 40k  3M 0 0 70 30 2.9 54 <0.1 13 22 1.2 1.3
Convenience 30k 200k 100 0 0 7.6 68 35 9.9 13 1.2 1.1 22
Home decor 30k 800k 93 6.8 0 11 47 51 20 27 1.3 1.0 1.3
Camera & photo 40k 200k 0 0 49 24 32 54 42 58 08 1.1 3.8
Engagement
Beverage discovery 20M 1M 53 46 0.2 0.9 94 7.5 52 37 7.1 19 1.1
Image discovery M 2M 52 48 0 04 97 08 06 26 47 8.2 -
Short video 90k 80k 100 0 0 20 33 - 0 06 24 44 209
Reviews 2M 70k 100 0 0 27 22 - 0 08 1.6 1.2 1.6
Rank correlation of the column with:
R@10 —0.31 +0.80 —0.07 +0.59 —0.02 —0.45 +0.45 +0.16 +0.58 self +0.26 —0.46 —0.85
vs best +0.54 +0.51 —0.15 +0.71 —0.03 —0.57 +0.57 —0.45 —0.31 +0.26  self +0.62 —0.76
+tune —0.07 —0.78 +0.21 —0.86 +0.00 +0.60 —0.60 +0.43 —0.25 —0.85 —0.76 —0.02  self

Table 7: What the twelve datasets differ in, beside the scores. One row per dataset, on the item slice every breadth
figure is built on. Scale: products in the catalog, and item positions the zero-shot 12.5B was scored on, both rounded to
one significant figure. Precedes the target: what the event in front of it was, as a percentage of those positions—a view
or a session start, a full or partial query, a purchase. These need not sum to 100: marketplace and beverage discovery
also log refund and unknown predecessors, 27% and 1% of their positions, and the columns are the tasks of Figure 10
rather than a partition. In window: items in front of the target, none of them or ten and more, which is how much of a
session a method has to read on that stream; positions with none are outside every task the grids draw. Conc.: the share
of targets inside a 1,007-item shortlist of the commonest training products, on the 10 rows that have such a run of ours,
and the recall@ 10 of the recent-items rule, which re-offers what the session already holds. The second is a property of
the stream and not of a method: it says how often the answer is already in front of the model, and it is 0 on the two
streams where re-offering is never right. Zero-shot 12.5B: our level, then that level over the strongest arm given no
target data (the envelope of Figure 24), over our own 0.5B, and the fine-tuned checkpoint over the zero-shot one. A
dash is a number the benchmark does not carry: no shortlist run on the two rows scored under the protocol of Figure
1, and no fine-tune on image discovery or on marketplace. The footer gives Spearman’s p between each column and
three outcomes, over the twelve rows or over the fewer that carry both numbers. It is a description of this table and
not an effect estimate, for two reasons that both cut the same way. Twelve points is few enough that one row moves a
coefficient by around 0.2, and the columns are not independent: catalog size, search share and domain travel together
here—size against concentration is —0.48 over those 10 rows—so a column can correlate with an outcome through any
of the others. A near-zero here is inconclusive rather than evidence of no relationship: what precedes the target and how
concentrated the catalog is show no clear rank association with our level, where positions scored and search share do.
The clearest reading in the table is the last row rather than any of ours: the gain from fine-tuning runs opposite to the
zero-shot level at —0.85, so adaptation pays most exactly where transfer pays least.

mismatched arms also costs us margin rather than buying it: on 14 of the 19 marked cells an exactly matched arm
scored lower, and restricting every cell to exact matches would raise the grid’s geometric mean from 2.0x to 5.3X.

The pool. All four learned arms—SASRec, HSTU, RecFormer and OneRec—ran on all 16 non-search cells, and
every populated cell also carries a cheap rule. The three shortlist arms are in the pool wherever they ran (Appendix F.4).
SASRec, HSTU, TabPFN and LightGBM are excluded from the 13 search cells, where they would rank a post-query
position with the query discarded, so those comparisons fall to Gemma, RecFormer, OneRec or a rule. Gemma takes
eight of them: without it, grocery 1’s two search cells and grocery 2’s partial search would stand at 21-28x rather
than 2.1-2.6x. Popularity is not target-blind: it ranks by how often an item is a target in the first 160k sessions of the
dataset’s own training stream. Only recent items, user-popular and predict-last see no target data.

Sample size. Every ratio is a count divided by a count. Table 10 gives the correct predictions behind each cell, the
fewest being 42 on beverage discovery’s return column, and Table 11 the positions, from 98 on beverage discovery’s
return column to 9.8M on grocery 1’s view recall. Away from beverage discovery’s two rightmost cells the thinner leg
never falls below 3,797 positions, so what limits a cell is the rate rather than the sample. Purchase recall on beverage
discovery is the one cell with a large imbalance: 2,110 positions for us against 687 for the arm we are measured on.
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Payments. Eleven arms were scored on next merchant and next category, at hit@5. Two session heuristics lead the
pool, repeating what the session has carried (0.623 and 0.469) and answering from the user’s own history (0.610 and
0.432): both attributes are heavily repeat-driven. TabPFN v3 and LightGBM predict the label directly (0.497 and 0.279;
0.376 and 0.051), against a rule that answers the five commonest labels (0.447 and 0.137). RecFormer, OneRec and
Gemma reach the label as we do, by ranking products and reading it off them; SASRec and HSTU sit at the floor on
both tasks. Against the strongest arm we lead by 1.18x and 1.30x%, and at hit@1 the result is the same, 0.630 against
0.533 on merchant and 0.359 against 0.300 on category. Every arm in this block, ours included, is reported as a table of
hit@k with no position count, so its evaluation windows cannot be checked against each other.

Serving cost in Table 3. An ID-based sequential recommender and ours both encode the history once and score
candidates by one matrix product, so both cost a single pass. A count-based rule needs no pass at all, and is the floor the
latency column should be read against. A text-encoder retriever also ranks the open catalog in one pass, but through a
language encoder over the history rendered as text. A per-candidate scorer applies its model once per shortlist item,
n applications for a shortlist of n, and cannot leave that shortlist. A semantic-ID generative recommender decodes
each item as a code of m levels under a beam of width b, costing mb passes, or 40 at the m=4, b=10 typical of these
systems; the beam explores only a fraction of the code space, so its list is drawn from the catalog only approximately.
A prompted LLM decodes 1" tokens autoregressively, over a far larger model, after a prefill over the candidates in its
context, and ranks only the shortlist it is given, so its row is timed on a strictly smaller ranking problem than the others.

Latencies are read from each run’s recorded ms_per_query, taking the representative arms of each route (the rules,
SASRec with HSTU, and RecFormer’s two arms pooled; TabPFN and LightGBM; OneRec; Gemma 4 31B; our
zero-shot 12.5B; Table 8 gives every arm). They are harness throughput figures, not serving latency: the harness batches,
the runs span four hosts, our arm runs hand-optimized kernels where the baselines run as research code, and within one
arm at a fixed catalog the number moves by tens, so the column is read down, for the two orders of magnitude separating
a single-pass ranker from a decoding LLM, and not across a row. The passes column is the implementation-independent
half of the claim and carries the argument; a serving measurement proper (percentile latency and cost per request on
one harness at a stated catalog size) is left to future work.

Latency in Figure 3. Our zero-shot and fine-tuned checkpoints of one size share one latency, the median over datasets
of their runs on B200 hosts. Two zero-shot runs scored on a slower host, and the fine-tunes’ absence from the two
largest catalogs, would otherwise separate them for no reason in the model.

F.4 Large Tabular Models and an LLM Ranker

The tabular models treat each product as a class and cannot rank a catalog of millions; TabPFN in particular is built for
tabular classification over a modest number of classes, not for choosing among a large catalog. An LLM ranks only the
candidates in its context window (Appendix F.5): listing a catalog of tens of thousands to millions of products in every
prompt is prohibitively expensive at best and beyond any context window at worst. TabPFN v3, LightGBM and Gemma
4 31B therefore each rank a shortlist of the most frequent products in the target’s own data: 1,000 on ten rows, and
167 on reviews and for TabPFN on short video. None of the three is therefore target-blind, their runs without samples
included: the shortlist carries the dataset’s own item frequencies, which our zero-shot model sees only as each item’s
own past interaction count up to the scored position (Appendix B.1), not as a list of the most frequent items. A target
outside the shortlist is scored as a miss, just as an item we fail to retrieve is, so both sides measure the same quantity:
the share of positions whose target lands in the top ten. That is why the three sit in the pool of both breadth matrices.
Gemma is the strongest baseline on nine of the 31 cells, eight of them search cells, and the tabular pair on none. This
appendix compares us against the three alone.

Against LTMs and the LLM ranker. Figure 22 divides our zero-shot full-catalog recall by the best of the three.
We lead 29 of 30 cells by a geometric mean of 4.5x. The one loss is camera & photo’s purchase recall, at 0.90x to
Gemma. Gemma is the strongest of the three on every cell. It alone contests the search columns: the tabular arms see
only brand, category and event type, never the query, and are barred there as SASRec and HSTU are. Nearly all of
the margin comes from the shortlist, not from ranking skill. Credit the three with perfect reachability at the skill they
show on their shortlist and the aggregate inverts, to 0.73 %, with them ahead on 22 of the 28 cells. That counterfactual
assumes ranking fourteen million items is as easy as ranking a thousand, so it is not an alternative reading. It shows that
an LLM ranks a shortlist well but cannot produce one that holds the answer.

Caveats. On ten rows the three were scored on the first 2,000 evaluation sessions, 0.3-33% of our positions; on short
video and reviews they score every position ours do. Reachability is 35-55% on the seven smaller catalogs but 8%
or less on marketplace, beverage discovery, reviews, image discovery and short video, which carry the largest cells.
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Arm Size 0-shot Target data Ranks Item as Hist. Passes ms/query

Ours
BehaviorGPT-v4, zero-shot 12.5B Yes none catalog multimodal 512 ev. 1 0.71 (0.06-2.4)
LoRA fine-tuned 12.5B No LoRA r=128 catalog multimodal 512 ev. 1 0.47 (0.16-2.2)
BehaviorGPT-v3, zero-shot 0.5B Yes none catalog multimodal 512 ev. 1 0.22 (0.01-2.3)
fine-tuned 0.5B No all weights  catalog multimodal 512 ev. 1 0.20 (0.10-2.2)
Trained on the target’s training split
SASRec [62] — No from scratch ~ train items” item IDs 512 ev. 1 0.18 (0.02-1.6)
HSTU [112] — No from scratch ~ train items® item IDs 512 ev. 1 0.26 (0.02-1.5)
RecFormer fine-tuned [72] 0.11B€ No all weights  catalog item text 512 ev. 1 5.6 (0.94-19)
Given no target interactions
RecFormer zero-shot [72]  0.11B€ Yes none catalog item text 512 ev. 1 5.8 (2.3-19)
OneRec 8B Pro [115] 8B Yesd none code space® item text 512 ev. mb 20 (0.36-38)
Cheap rules
popularity none No target counts® catalog item IDs none 0 0.04 (0.02-1.4)
recent items none Yes none session window item IDs 20 ev. 0 0.05 (0.02-1.4)
user-popular none Yes none session window item IDs 20 ev. 0 0.04 (0.02-1.4)
predict-last none Yes none session window item IDs lev. 0 0.04 (0.02-1.3)
most-frequent label® none No gold counts  merch., cat. labels none 0 —
Bounded to a candidate list
TabPFN v3 [49] —h No 50k rows' 1,007 shortlist brand, cat. 20 ev. 56 3.7 (0.94-57)
LightGBM 300rounds® No  50krows' 1,007 shortlist brand,cat. 20ev.  trees®  0.59 (0.41-0.84)
Gemma 4 31B 31B! Yes none 1,007 shortlist item text 20 ev.”™ prefill+7 34 (3.6-186)

Table 8: What each arm in the benchmark is, and what a ranked list costs it. Where each arm ran is in Table 9, its
accuracy in Table 14. Size: non-embedding parameters, as in Table 1. 0-shot: no interactions from the target dataset.
Target data: what the arm was given; trained and fine-tuned arms use the target’s training split. Ranks: the set the
returned list is drawn from; a target outside it counts as a miss. Ifem as: how a candidate reaches the arm, and so what
can carry it to an unseen catalog. Hist.: what the arm reads from the session; the harness gives every sequence model
512 events, and shorter figures are the arms’ own. Passes: sequential forward passes per request. Ours, the specialists
and RecFormer encode the history once and score a cached catalog by one matrix product; OneRec decodes m code
levels under a beam of b; an LLM prefills its candidates and decodes 1" tokens (Section 2.8). ms/query: median over the
arm’s datasets, with the range. It is an order of magnitude, not a benchmark: the harness batches, runs span four hosts,
and one arm varies widely (Gemma 3.6—186 ms on the same 1,007 candidates; ours 0.06—2.4 ms as its catalog grows
from 27,064 to 18.4M items). The last block ranks only 1,007 candidates, which flatters its timings.

“Trained per dataset by us; the result package records no architecture, so no count is given. Both are dominated by an item table with one row per catalog item, which is
the quantity this column excludes. bOnly items appearing in the target’s training interactions, 8.6% of the catalog on reviews, a target outside them counting as a miss.
©A Longformer-base backbone; item text vectors are precomputed, so the pass is over the history alone. dZero-shot in our runs, which is what the package records and
what Figure | reports: it reaches an unseen catalog by decoding codes rather than by being trained on the target, which is why it sits in this block and not the one above.
©A semantic-ID decoder reaches an unseen catalog by decoding codes rather than looking up rows, but a beam explores only part of the code space, so the reachable set is
not the whole catalog. fHow often an item is a target in the first 160k sessions of the dataset’s own training stream. It reads nothing from the session in front of it and is
the only rule here given target data. Payments only, where the two attribute tasks are scored at hit@5: the rule answers the commonest merchant or category labels,
computed from the counts the run itself records. B Not published for v3. TabPFN v2 is 0.026B. iFifty stratified rows per class over the 1,000-class candidate list, drawn
from the target’s training stream: in context for TabPFN, fitted for LightGBM. A row is brand, first category and event type per history slot, carrying no product identifier,
text or imagery. J Fourteen ECOC sub-classifiers times four ensemble members, each re-encoding the support set, which is why a 1,007-item ranking costs more than a
full-catalog pass of ours. YThree hundred boosting rounds at 63 leaves over 1,000 classes, so some 3 X 10° trees, ranked on pre-softmax margins. 'As named by the
model, total rather than non-embedding parameters and not our count. ™Its prompt renders the user’s 20 most recent interactions and then the numbered candidate list, in
text, and asks for a JSON array of the top-n candidate numbers under greedy decoding (Section 2.9; Appendix E.5).

LightGBM barely learns: within its shortlist it reaches 0.9-2.3% recall@ 10 on the ten benchmark rows, against about
1% for a random ordering of the list. On grocery 1 it fits its training positions at 7.8% recall@10 but reaches only 1.3%
on held-out ones; regularizing it with fewer boosting rounds narrows the gap, to 5.9% and 1.8%, without lifting it far
from chance, and the tables keep the configured fit. A gradient-boosted classifier over a thousand item classes, with
only brand, category and event type per history slot as features and no item identity, text or query, is hard to configure
so that it generalizes on catalogs of this size. Tables 27-29 give all three arms cell by cell.

The catalog bound, measured. Figure 23 gives every arm two measured points: recall on a 1,000-item catalog, over
the positions its shortlist reaches, and recall on the dataset’s own catalog. Our recall falls by a geometric mean of
0.44x between the two and theirs by 0.21-0.23 X, so our margin over Gemma roughly doubles, from 1.75x to 3.52x.
The slopes differ in kind. Ours is the cost of choosing among more items. Theirs is reachability alone: they rank the
same thousand items equally well at both ends, but the target usually falls outside them. Below 70,000 items the lines
run roughly parallel. The two largest catalogs separate them: on beverage discovery we fall from 70.1% to 36.5%
where Gemma falls from 48.3% to 4.1%. Camera & photo, the most concentrated row, with 54.5% of targets inside a
thousand items, is the one row where Gemma leads at both ends: a list of its thousand most frequent products, counted
from its own data, reaches more than half its targets, a prior our zero-shot model is not given as a list.
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Full
search

View
recall

Partial
search

Item
returned

Purchase
recall

Retail
Marketplace r~ SHRZOpulTBG R"™ ZOprulG
Grocery 1 SHRZOprulTBG G~ RZOprul
Grocery 2 SHRZOprulTBG G~ RZOprul

Pharmacy (browsing)
Pharmacy (transactions)
Convenience

Home decor

Camera & photo

R™ SHZOprulTBG G~ RZOprul

H SRZOprul TBG
SHRZOprulTBG ~ RZOprulG

r~ RZOpulG R™ SHZOprulTBG r”~ SHRZOpulTBG
G~ RZOprul
G™ RZOprul
G™ RZOprul
H SRZOprulTBG

RZOprulG
S HRZOprulTBG

Engagement
Beverage discovery
Image discovery

r~ SHRZOpulTBG G~ RZOprul
u”~ SHRZOprlITBG r~ RZOpulG

G~ RZOprul r~ SHRZOpulTBG r™~ SHRZOpulTBG

Short video R SHZOpruTBG
Reviews G SHRZOpruTB
Payments

Next merchant Next category

rfuRITIZIpTrOTGTBTHTST rfufGiIRITIZTOTpTfSTHIBY

Table 9: Which baselines were run on each dataset and task, and which one Figures 5, 12 and 11 are measured
against. The grid is the one in those figures. The leading, bold code in each cell is the arm the ratio is against—the
highest recall@ 10 of any arm run on that cell—and the codes after it are the rest of the pool. Trained on the target’s
training split: S SASRec, H HSTU, R RecFormer. Counted over its training stream: p popularity. Given no target
data: r recent items, u user-popular, 1 predict-last, which rank from the eval session alone, and Z RecFormer zero-shot,
O OneRec 8B Pro. An arm’s code is black if it scored exactly our evaluation positions, blue if it scored fewer and
orange if it scored more; a cell whose winner is blue or orange carries a ~ here and in the figures. Green arms rank
only a candidate list of 1,000 products (167 on the last two rows), a target outside it counting as a miss: T TabPFN v3,
B LightGBM, G Gemma 4 31B. S, H, T and B are query-blind and so absent from the search columns. In payments,
 marks an arm reported as a table of hit@k with no position count, f is a most-frequent-label rule, and the block is
scored at hit@5. A - is a task the dataset does not log. Across the 31 populated cells the winner is Gemma 4 31B on 9,
recent items on 9, RecFormer on 6, SASRec on 4, HSTU on 2, user-popular on 1. The text of this appendix discusses
what the pool is worth.

Cross-merchant

Across datasets. Figure 24 asks whether the margin is also larger on the larger assortments. It correlates with catalog
size for every arm, Spearman +0.34 to 4-0.73, but the benchmark cannot support a causal reading. Catalog size tracks
concentration (p = —0.48) and domain: three of the four catalogs over a million products are engagement streams, and
seven of the eight retail catalogs lie between 27,000 and 67,000 products. Marketplace, the one large retail catalog, has
a margin of 2.0x over the strongest zero-shot arm, inside the small retail rows’ range of 0.5-2.9x. Against Gemma
alone it is 10.6 %, but only because a session-repeat rule beats Gemma more than fivefold on that stream. The three
session rules have no panel of their own because their ratio can be undefined: predict-last scores zero on seven of the
ten datasets it ran on. Normalizing the axis would not help, since any per-dataset factor cancels out of a ratio.

F.5 LLM Ranking Protocol

This subsection carries the full protocol behind the LLM arm of Section 2.9. The candidate list and task instructions form
a constant, domain-neutral system prompt, and only the history varies per request: the user’s 20 most recent interactions,
oldest first, each rendered as its catalog text—name, brand, categories—in the same format as the candidates. The
model is instructed to return a JSON array of the top-n candidate numbers, n being the largest & we report plus the
number of session tokens, with greedy decoding (temperature 0) and its thinking mode disabled. A malformed response
receives one format-repair round trip; a response that still fails counts as a non-prediction, scored as uniform over the
candidates. Returned ranks are mapped to scores with a Zipf weighting, so the ranking metrics (Recall@k, NDCG,
MRR) reflect the model’s stated ranking exactly; we report no likelihood-based metrics for this arm. Session-boundary
tokens are removed from the ranking and metrics are product-only. In the /N-shot variant, N (history, next-item) pairs
from the training split are added to the system prompt and no parameters are updated.

F.6 Decision Models as Shortlist Rankers

Jev [1] is TypeSafe AI’s “System One” decision model, proprietary and served only over an API: given a state and a
typed question whose options are fixed in advance, it returns a calibrated probability over those options in one parallel
pass and generates no text. Two open-weight models of that shape rank the shortlist here under the protocol above: Von
1.2 [86], 0.4B, a ModernBERT-large encoder with one option-marker head, and Kev [85], 9B, a LoRA adapter and
pointer head on a hybrid Qwen3.5 backbone. Both are zero-shot and rank the same 1,000-product shortlist Gemma
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View Full Partial Purchase Item

recall search search recall returned
Retail
Marketplace 43k/30k 18k/4861 35k/6590  167k/31k  105k/103k
Grocery 1 2370k/1278k 1848k/900k 1550k/593k
Grocery 2 1005k/711k  1475k/750k 1155k/505k
Pharmacy (browsing) 1037k/945k  336k/206k  184k/113k
Pharmacy (transactions) 378k/269k
Convenience 23k/23k
Home decor 201k/174k  9873/6122  6694/4229
Camera & photo 7639/17k
Engagement
Beverage discovery 75k/49k 73k/11k 254k/25k  685/528 82/41
Image discovery 30k/5403 22k/5816
Short video 472/347
Reviews 532/324
Payments

Merchant Category

Cross-merchant 1276k/1080k 1055k/813k

Table 10: How many correct predictions each cell of Figures 5, 12 and 11 rests on. Same grid as Table 9. Each
cell gives the zero-shot 12.5B’s recall@ 10 hits and then those of the arm its ratio is against—the bold code in the cell
above—over the same positions, so the two are the numerator and denominator of the printed ratio up to a common
count. Hits rather than positions, which Table 11 gives on the same grid: away from beverage discovery’s two rightmost
cells positions are never the scarce quantity, and what a cell can be short of is successes to count. No cell in the grid has
a leg under 30 hits: the thinnest is beverage discovery’s return column at 42, and the next is reviews’ view recall at 324,
50 every ratio here is readable as a factor. A count of h carries a relative standard error near 1/v/%, so at 30 hits a leg is
good to about 18% and at 4 to about 50%; below that a ratio is a comparison of small integers and should be read as a
direction and not a factor. The table is drawn from the zero-shot run because that is Figure 11’s arm; the fine-tuned run
scores at least as many hits on every cell it shares, or clears 30 where it does not, so a cell thick enough here is thick
enough in Figures 5 and 12. Payments is hit@5 on an attribute rather than recall@ 10 on an item, and its counts are
large enough that the distinction does not matter here.

does (Appendix F.4), each applied as released under one prompt, and neither was trained on behavioral data. What
follows bounds what a general decision model does on this task without adaptation, not what one trained for it would.
Neither arm is in the pool of either breadth matrix, so no cell in the paper rests on them.

Table 12 reads recall over the positions the shortlist reaches—the target inside the list—and not over every scored
position as the matrices do, so all four arms are being measured at the ranking step alone, with the reachability bound
set aside. That is why the numbers here run far above the same arms’ cells in Figure 22.

Results. Neither open decision model outranks the LLM on any row. On Grocery 2 Kev reaches 0.74x Gemma’s
recall@10 and Von 0.71 %, both 3.5-3.6 shortlist popularity. On marketplace Kev matches shortlist popularity at
recall@10 and leads it at recall@100, 48.0% against 39.9%, while Von falls below both. On short video Kev sits
level with Gemma, 3.1% against 3.2%, but every text arm there is within a factor of four of chance, which is 1% on a
thousand-item list.

They rank on the last event. Two fifths of Grocery 2’s product positions follow a search, and there the three reach 67.3%
(Gemma), 51.4% (Kev) and 43.9% (Von) by matching the query against item text. Those three are over the search
positions all three arms scored, so they are lower than Gemma’s own run read alone, which pools to 68.3% across
the two search columns. Von reads only the latest event, by design: given the full history, as Gemma and Kev are, it
scores 3.1% on a 5,000-position Grocery 2 sample against 15.9% on the latest event alone. It was trained to judge short,
single-situation premises and scores how well an option fits the premise, so a longer history rewards candidates related
to any past item rather than to the next one.

Against our own checkpoint. Held to the same shortlist and the same reachable positions, our zero-shot 12.5B
reaches 54.2% at recall@ 10 on Grocery 2 and 80.9% on marketplace, which is 2.0x and 4.8 x Kev, the stronger of
the two, and 2.1x and 28.9x Von. That is the comparison this table supports and the narrowest one available, both
sides ranking a thousand items. It is not the task the paper measures, and the difference matters in both directions: the
shortlist is a thousand frequent products of the target’s own stream, so it flatters every arm that gets it—on marketplace
Gemma’s 26.8% here is above our 23.4% over the full catalog, where the target can be any of ten million items. Figure
22 accounts for that bound, and Gemma is the denominator on every one of its cells, so Kev and Von, below Gemma on
all three rows here, would sit further behind still.
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View Full Partial Purchase Item

recall search search recall returned

Retail

Marketplace 147k/111k  51k/69k  138k/102k 932k/535k  127k/98k

Grocery 1 9.8M/9.8M 2.2M/7.7k 2.1M/8.7k

Grocery 2 53M/53M  1.9M/20k  2.3M/25k

Pharmacy (browsing) 2.9M/1.5M  484Kk/6.7k  426k/5.9k

Pharmacy (transactions) 2.3M/2.3M

Convenience 184k/184k

Home decor 753k/753k  28k/28k 27k/27k

Camera & photo 78k/78k
Engagement

Beverage discovery 586k/233k  84k/3.8k  428k/20k  2.1k/687F  98/26™

Image discovery 1.0M/1.2M  960k/825k

Short video 79k/79k

Reviews 70k/70k
Payments

Next merchant Next category
Cross-merchant 1.7M/1.7M 1.7M/1.7TM

Table 11: How many evaluation positions each cell rests on. Same grid as Table 9. Each cell gives our positions and
then those of the arm the ratio is against—the bold code in the cell above. Unlike the hit counts of Table 10 these are a
property of the benchmark and not of any run: they do not move when a model improves, so this is the table to read
for sample size. One table serves all four matrices, our own checkpoints scoring the same positions on every cell they
share apart from marketplace, where the 0.5B scored a narrower window and the scale figures print a +. Our counts run
from 98 to 9.8M, and away from the two cells marked * the thinner leg never falls below 3,797, so what limits a cell is
almost always the rate and not the sample. Red and * mark the two cells where either leg falls under 1,000 positions:
beverage discovery item returned (98 against 26), which the figures star for the same reason, and beverage discovery
purchase recall (2,110 against 687), which they do not, their * counting our positions alone where here it is the baseline
that was cut. Both read as a direction rather than a factor. The second leg carries Table 9’s ink: blue where the winning
arm scored fewer of our positions, orange where it scored more, in both cases because runs were cut or strided for cost
and not because the protocol differed. The spread is wide—grocery 1 full search admits an arm scored on 0.4% of our
positions and marketplace full search one scored on 1.35x them—and it is what every ~ in the figures rests on: that a
cut or widened position set was chosen without regard to difficulty. Payments is one stream scored once and its baseline
is a rule over the same positions, so its two legs are equal.

F.7 What Adaptation Adds

Figures 5 and 11 are the same pretrained model with the target’s data and without it, each measured against the field, so
the difference between them carries the gain adaptation brings together with how strong the field happens to be on a
row. Figure 25 takes the field out: it divides each fine-tuned model by its own zero-shot base, on the same positions, so
a cell is what the dataset’s own training split was worth with pretraining held fixed. It is the quantity a practitioner with
a stream and a labelling budget is deciding about, and the one the two grids above can only imply.

Adapting both stages. The fine-tunes in these grids adapt stage 1 and then stage 2. Adapting stage 2 alone, on the
same rows and the same positions, recovers most but not all of the gain (Table 13): both stages lead on 19 of the 20
cells, by 1.10x, and the one tie is beverage discovery’s return cell on 98 positions. The difference is largest on view
recall, 1.20x, and smallest on the two search columns, 1.05x and 1.06x. Over the zero-shot checkpoint, stage 2 alone
gains 1.17x and regresses on beverage discovery’s view and purchase cells; adapting both stages gains 1.29x and
improves every cell.

F.8 Per-Method Accuracy on Every Cell

The breadth matrices print ratios. Tables 14—26 print the accuracies behind them, one table per method on the same
grid, and Tables 27-29 do the same for TabPFN v3, LightGBM and Gemma 4 31B. Every ratio in the breadth results
can be recovered from them. A cell of Figure 11 is our 12.5B zero-shot entry divided by the highest entry of any other
method on that cell, the three candidate-bounded tables included. Figures 2 and 10 summarise the same numbers.

Conventions. Values are recall@10 in percent, and hit@5 in the payments block. Bold marks the leader of a cell over
all sixteen tables, so each cell is bold in exactly one. Our checkpoints hold every bold: the fine-tuned 12.5B on 21 of the
29 grid cells, the zero-shot 12.5B on 7 and the fine-tuned 0.5B on 1. RecFormer’s run variants collapse to its strongest
on each cell, as in the figures’ pool; this only lowers our margins. Repeated seeds are averaged. Blue and orange mark
runs scored on fewer or more of our positions, and a bold on a mismatched count carries a ~. Query-blind arms are
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BehaviorGPT 12.5B zero-shot over the best of TabPFN v3, LightGBM
and Gemma 4 31B, each ranking the whole catalog it can reach

View Full Partial  Purchase ltem
recall search search recall returned
=200x
Grocery 1 - 2.1%
= Pharmacy (browsing) 2.2x 1.64x  1.63x 5x
ko] .
14 Pharmacy (transactions)
2 .
Convenience 1.93x
Home decor 1.89% 2.0x -

Camera & photo 0.90x% 1x
o
o
s Short video 0.5%
c
w Reviews 1.64x
42 Merchant Category
g Cross-merchant 1.48x 1.44%
>
g no contender

no such event in the stream

Figure 22: A model that can only consider a thousand items is not doing the task, and the score says so. Zero-shot
12.5B recall@ 10 over the whole catalog, divided by the best of TabPFN v3, LightGBM and Gemma 4 31B on their
shortlist of frequent training products (1,000 items; 167 on reviews and for TabPFN on short video), a target outside the
list counting as a miss. We lead 29 of 30 cells, geometric mean 4.5 x; the color scale runs to 200 x rather than 10x.
Gemma is the denominator on every cell, and alone on the search columns. Beverage discovery’s return column is grey
because none of the three ranks any of its 18 positions inside ten. Payments is hit@5 against the best of the three over
the same stream, TabPFN on next merchant and Gemma on next category; there the tabular pair rank the labels directly
and in full, so no shortlist bound applies. On ten rows their runs cover the first 2,000 sessions only. *Fewer than 1,000
positions in their run.

greyed in the search columns and barred from the bold there. A dash is a run that does not exist; a - is a task the dataset
does not log. The candidate-bounded tables rank a 1,000-item shortlist, 167 on two rows, over the first 2,000 evaluation
sessions except on short video and reviews (Appendix F.4). In payments every cell is read from the hit@k table behind
Table 9, and the tabular pair rank the labels directly rather than a product shortlist.

Reading Figure 2. Each cell is a method’s recall as a share of the best on that dataset. Rows are sorted by mean rank
among the methods run on each dataset and payments task. Rank tolerates the exact zeros some rules post, where a
geometric mean would be undefined, and the median column beside it gives magnitude. Predict-last is dropped, being
zero on seven of its ten datasets. Marketplace and image discovery have no fine-tune, so each fine-tuned row carries its
zero-shot cell there. The B arms rank a shortlist on a subsample of positions, so their cells are not on quite the same
footing as the rest. HSTU, RecFormer, SASRec and Gemma sit within a rank of each other, and their order depends on
the summary statistic. Gemma’s place in that cluster comes from search: on view recall alone it is eleventh, at 14.0% of
the leader. The payments band counts toward the rank and the median as two columns, scored by hit@5, with each
fine-tuned row carrying its zero-shot cell there as no payments fine-tune exists. Its two tasks share one event stream, so
payments weighs two columns against each catalog’s one; scoring it as one column instead would move no row of ours
relative to any baseline.
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=0O== BehaviorGPT 12.5B

Convenience
~30k items - 34.8% reachable

=0= Gemma 4 31B

=O— TabPFN v3

Pharmacy (browsing)
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~10M items - 6.4% reachable
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Catalog the task ranks over

Catalog the task ranks over

0.01 11x Gemma
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1k 100k 10M 1k 100k 10M
Catalog the task ranks over
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1

recall@10 (%)

Catalog the task ranks over

Figure 23: What a larger catalog costs an arm that can rank it, and one that cannot. Zero-shot recall@10 on the
product slice, two measured points per arm per dataset. Left, at 1,007 items: recall over positions whose target is inside
the arm’s candidate list. Right, at the dataset’s catalog: recall over every position, which for the bounded arms is the left
point times reachability. Panel labels give our recall over Gemma'’s at the right-hand end: 1.9 to 32x on the nine rows
we lead, 3.52x over all ten, against 1.75x at the left. Camera & photo is the one row Gemma leads, at 0.84 . Shortlist
runs cover the first 2,000 sessions. Short video and reviews are absent, having no shortlist run of ours.

Reading Figure 10. Split by task, four different arms are the strongest baseline across the seven columns. The session
rules take item returned, recent items and user-popular at 71% and 63% of our level, since a returned item is usually
one the session already holds. They also take both payments columns, where merchants and categories repeat more
readily than products. HSTU leads view recall at 34% and SASRec purchase recall at 28%. Gemma takes both search
columns at 37% and 35%, about three times the next arm, because it reads the query. TabPFN reaches 68% and 46% on
the payments columns, the attribute tasks it was built for, against 1.4-3.4% on the product tasks.
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zero-shot 12.5B over each arm given no target data, twelve datasets apiece - *TabPFN is fitted on target rows, drawn for reference
last panel: the strongest of six such arms, three being session rules, TabPFN not among them

® retail ® engagement

OneRec 8B Pro RecFormer zero-shot Gemma 4 31B

Spearman +0.73 - 2.3x/decade [1.5-3.6] Spearman +0.34 - 2.0x/decade [1.0-3.2] Spearman +0.59 - 1.9x/decade [1.4-2.9]
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TabPFN v3* Strongest arm on each dataset

Spearman +0.46 - 1.7x/decade [0.9-2.8] Spearman +0.54 - 1.4x/decade [1.0-1.7]
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Figure 24: The margin rises with catalog size, and with everything catalog size travels with here. Zero-shot 12.5B
recall@ 10 on the product slice over each arm given no target data, against catalog size, both axes logarithmic, the dashed
rule parity. LightGBM and popularity are excluded, both being fitted or counted on the target’s training split. x*TabPFN
v3 is too, and is drawn for reference only, as the most prominent large tabular model; it is not in the last panel’s pool.
The shaded band, 27,064 to 67,209 products, holds seven of the eight retail catalogs. The last panel divides by the
strongest of the six such arms on each dataset, three of them session rules, ringed where one is the denominator. Each
panel prints Spearman’s p and a log-log slope per tenfold increase in catalog, with a bootstrap interval. No line is drawn:
R? is 0.17-0.52, and dropping image and beverage discovery takes the slopes from 1.37-2.27 x to 1.06-1.70x per
decade, with R2 at most 0.32.

Dataset Arm R@l R@10 R@I100
Grocery 2 Ours, 12.5B zero-shot  24.9™  54.27 80.2~
Gemma 4 31B 15.1 36.6 50.0
Kev (9B) 7.6 27.1 475
Von (0.4B) 6.3 26.1 49.8
shortlist popularity 13 7.5 29.1
Marketplace  Ours, 12.5B zero-shot ~ 29.7~  80.9~ 97.8~
Gemma 4 31B 11.3 26.8 51.8
Kev (9B) 34 16.9 48.0
Von (0.4B) 0.6 2.8 27.2
shortlist popularity 3.1 16.2 39.9
Short video Ours, 12.5B zero-shot . . .
Gemma 4 31B 0.5 3.2 15.6
Kev (9B) 0.5 3.1 15.3
Von (0.4B) 0.1 1.0 11.1
shortlist popularity 0.1 0.9 9.9

Table 12: Two open decision models against the LLM ranker and against us, all ranking the same shortlists.
Recall in percent over the positions the shortlist reaches, so a target outside the list is excluded here rather than counted
a miss as it is everywhere else in this appendix. Our row is our own shortlist run, not the full-catalog run the matrices
draw, and it carries a ~ because it covers more of the stream than the other three: 79,404 reachable positions against
Gemma’s 43,310 on Grocery 2 and 17,679 against 7,501 on marketplace. We have no shortlist run on short video.
Shortlist popularity ranks the same list by target counts in the training stream, and is not the full-catalog popularity arm
of the matrices.
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BehaviorGPT 12.5B fine-tuned over the same checkpoint zero-shot

View Full Partial  Purchase Iltem
recall search search recall returned
=10x
Marketplace
Grocery 1 1.28x 1.07x  1.11x 4x
Grocery 2 1.44x 1.11x  1.16x%
-E Pharmacy (browsing) 1.20x  1.15x  1.21x 2x
& Pharmacy (transactions) 1.23x 1.5%
Convenience -
Home decor 1.33x  1.33x  1.21x

Camera & photo 3.7x 1%
v Beverage discovery 1.26x 1.03x  1.06x 1.08x  1.15%
o
g Image discovery
o .
% Short video m
w Reviews - 0.5%
‘3 Merchant Category
g | Cross-merchant 0-25x
>
© no fine-tune
o no such event in the stream <0.1x

Figure 25: Target data buys most where the zero-shot checkpoint has least to go on, and almost nothing where it
is already strong. The fine-tuned 12.5B over the zero-shot 12.5B, same rows, columns and positions as Figure 5, with
the field out of the ratio. Adaptation gains on all 22 cells that have a fine-tune, by a geometric mean of 1.35x, and
the gain is graded rather than uniform across the tasks. The two search columns move least, 1.13x and 1.15x, and
beverage discovery’s two are the smallest gains on the grid, 1.03x and 1.06x. A checkpoint that can already read a
query has the position’s answer largely in front of it, so the target’s sessions add little. A view or a purchase to condition
on is worth 1.57x and 1.70 %, and the return column 1.15x. Nothing is carried in this figure. A row with no fine-tune
is grey rather than a ratio, because carrying the zero-shot run into the numerator would divide a run by itself and print a
gain of 1.00x where nothing was measured: marketplace’s five cells, image discovery’s two and both payments cells,
the nine the other grids mark z. *Beverage discovery’s return cell rests on 98 positions.

View Full Partial Purchase Item
recall search search recall returned
Grocery 1 25.5/31.0 87.6/89.9 76.2/79.9
Grocery 2 21.7/27.1 83.9/86.5 56.4/59.7

Pharmacy (browsing) 38.9/42.5 77.3/80.0 50.2/52.2

Pharmacy (transactions) . 17.1/20.1

Convenience 23.1/26.9 . . .

Home decor 30.2/35.6 40.8/47.4 26.7/29.6 . .

Camera & photo . - - 35.0/35.8 .

Beverage discovery 123/16.2 88.2/89.6 59.6/63.1 31.9/352 959/959
Both over stage 2 1.20x 1.05x% 1.06x 1.10x 1.00x

Table 13: Adapting both stages beats adapting stage 2 alone. Recall@ 10 in percent of the 12.5B fine-tuned on stage
2 alone and then on both stages, stage 1 followed by stage 2, on the rows and positions of Figure 5; the better of the two
is in bold. The last row is the geometric mean of the second over the first down each column. Short video and reviews
have no both-stage run on their split and are left out, as are the rows with no fine-tune. Over all 20 cells both stages lead
by 1.10x.
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View Full Partial Purchase Item
recall search search recall returned

Retail
Marketplace 29.2 359 254 17.9 82.9
Grocery 1 243 842 722
Grocery 2 188 779 513
Pharmacy (browsing) ~ 35.5 69.6 432
Pharmacy (transactions) 16.3
Convenience 12.5
Home decor 26.7 357 245
Camera & photo 9.79
Engagement
Beverage discovery 129 872 594 32.5 83.7
Image discovery 292 224
Short video 0.594
Reviews 0.763
Payments
Merchant Category
Cross-merchant 73.6 60.9

Table 14: BehaviorGPT 12.5B zero-shot: recall@10 as a percentage on every cell of the grid, hit@5 in the payments
block. Bold where it leads every other method in Tables 14-29. Key in Appendix F.8.

View Full Partial Purchase Item
recall search search recall returned

Retail
Marketplace
Grocery 1 31.0 899 799
Grocery 2 27.1 865 59.7
Pharmacy (browsing) ~ 42.5 80.0 52.2
Pharmacy (transactions) 20.1
Convenience 26.9
Home decor 356 474 29.6
Camera & photo 35.8
Engagement

Beverage discovery 16.2 89.6 63.1 35.2 95.9
Image discovery

Short video 1.72
Reviews 1.22
Payments
Merchant Category

Cross-merchant
Table 15: BehaviorGPT 12.5B fine-tuned: recall@10 as a percentage on every cell of the grid, hit@5 in the payments
block. Bold where it leads every other method in Tables 14-29. Key in Appendix E.8.

View Full Partial Purchase Item
recall search search recall returned

Retail
Marketplace 240 33.6 242 17.4 724
Grocery 1 174 829 69.3
Grocery 2 133 77.1 483
Pharmacy (browsing) 347 717 444
Pharmacy (transactions) 15.0
Convenience 11.0
Home decor 26.5 357 245
Camera & photo 9.14
Engagement
Beverage discovery 0.602 8.72 2.32 1.52 30.6
Image discovery 0.320 0.310
Short video 0.135
Reviews 0.620
Payments
Merchant Category
Cross-merchant 57.7 45.7

Table 16: BehaviorGPT 0.5B zero-shot: recall@ 10 as a percentage on every cell of the grid, hit@5 in the payments
block. Bold where it leads every other method in Tables 14-29. Key in Appendix E.8.
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View Full Partial Purchase Item
recall search search recall returned

Retail

Marketplace

Grocery 1 209 863 74.0
Grocery 2 200 821 54.1
Pharmacy (browsing)  38.6 754 49.6
Pharmacy (transactions) 16.3
Convenience 222

Home decor 31.0 424 30.0
Camera & photo 34.8
Engagement

Beverage discovery 6.69 445 227 8.95 59.2
Image discovery 0.728 0.734

Short video 1.24

Reviews 1.01

Payments

Merchant Category

Cross-merchant
Table 17: BehaviorGPT 0.5B fine-tuned: recall@10 as a percentage on every cell of the grid, hit@5 in the payments
block. Bold where it leads every other method in Tables 14-29. Key in Appendix E.8.
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View Full Partial Purchase Item
recall search search recall returned

Retail
Marketplace 0.607 2.04 3.62
Grocery 1 13.1
Grocery 2 133
Pharmacy (browsing) 294
Pharmacy (transactions) 9.10
Convenience 8.96
Home decor 23.1
Camera & photo 22.0
Engagement
Beverage discovery 0.997 2.04 3.06
Image discovery 0.045
Short video 0.130
Reviews 0.303
Payments
Merchant Category
Cross-merchant 9.80 6.90

Table 18: SASRec: recall@ 10 as a percentage on every cell of the grid, hit@5 in the payments block. Bold where it
leads every other method in Tables 14-29. Key in Appendix F.8.

View Full Partial Purchase Item
recall search search recall returned

Retail
Marketplace 0.563 2.03 2.67
Grocery 1 114
Grocery 2 114
Pharmacy (browsing) 284
Pharmacy (transactions) 11.6
Convenience 12.5
Home decor 21.6
Camera & photo 15.8
Engagement
Beverage discovery 0.918 3.36 3.06
Image discovery 0.035
Short video 0.179
Reviews 0.384
Payments
Merchant Category
Cross-merchant 329 6.50

Table 19: HSTU: recall@10 as a percentage on every cell of the grid, hit@5 in the payments block. Bold where it leads
every other method in Tables 14-29. Key in Appendix F.8.
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View Full Partial Purchase Item
recall search search recall returned

Retail
Marketplace 19.2 957 406 335 14.8
Grocery 1 4.62 236 1.77 .
Grocery 2 561 11.1 0.718

Pharmacy (browsing) 323 203 126

Pharmacy (transactions) - 6.01
Convenience 9.76 - . .
Home decor 200 22.1 155 .
Camera & photo . . 10.9
Engagement
Beverage discovery 5.60 570 277 1.66 13.1
Image discovery 0.088 0.082 . . .
Short video 0.437 -
Reviews 0.380
Payments
Merchant Category
Cross-merchant 514 33.1

Table 20: RecFormer: recall@ 10 as a percentage on every cell of the grid, hit@5 in the payments block. Bold where it
leads every other method in Tables 14-29. Key in Appendix F.8.

View Full Partial Purchase Item
recall search search recall returned

Retail
Marketplace 378 278 1.61 0.768 4.08
Grocery 1 3.08 397 257 -
Grocery 2 1.17  1.96 0.984

Pharmacy (browsing) 207 127 122

Pharmacy (transactions) - 1.85
Convenience 6.97 . . .
Home decor 10.8 11.8 9.76 -
Camera & photo . . . 3.69
Engagement
Beverage discovery 0.258 0.485 0.199 0.548 0
Image discovery 0.135 0.126 E .
Short video 0.087 -
Reviews 0.044
Payments
Merchant Category
Cross-merchant 433 234

Table 21: OneRec 8B Pro: recall@10 as a percentage on every cell of the grid, hit@5 in the payments block. Bold
where it leads every other method in Tables 14-29. Key in Appendix F.8.
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View Full Partial Purchase Item
recall search search recall returned

Retail
Marketplace 8.46 443 287 0450 1.57
Grocery 1 1.01 0.748 0.461 . .
Grocery 2 1.11 0.490 0.244

Pharmacy (browsing) 21.3 102 822

Pharmacy (transactions) - 4.58
Convenience 5.07 . .
Home decor 124 138 11.1 .
Camera & photo - - . 3.64
Engagement
Beverage discovery 0.377 0.355 0.217 0.136 7.14
Image discovery 0.109 0.054 . . .
Short video 0.248
Reviews 0.402
Payments
Merchant Category
Cross-merchant 48.5 24.1

Table 22: RecFormer zero-shot: recall@ 10 as a percentage on every cell of the grid, hit@35 in the payments block.
Bold where it leads every other method in Tables 14-29. Key in Appendix F.8.

View Full Partial Purchase Item
recall search search recall returned

Retail
Marketplace 0 0 0 1.24 2.26
Grocery 1 427 323 207 -
Grocery 2 323 323 225

Pharmacy (browsing) 2.69 448 343

Pharmacy (transactions) - 8.17
Convenience 4.04 . .
Home decor 490 3.19 252 .
Camera & photo . . . 5.49
Engagement
Beverage discovery 0.292 0.875 0.500 0.146 3.85
Image discovery 0.022 0.027 E .
Short video 0.018 -
Reviews 0.191
Payments
Merchant Category
Cross-merchant 44.7 20.9

Table 23: popularity: recall@ 10 as a percentage on every cell of the grid, hit@5 in the payments block. Bold where it
leads every other method in Tables 14-29. Key in Appendix F.8.
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View Full Partial Purchase Item
recall search search recall returned

Retail
Marketplace 203 7.27 477 2.64 81.3
Grocery 1 382 204 1.58
Grocery 2 0.932 0.514 0.290
Pharmacy (browsing) 223 10.8 9.57
Pharmacy (transactions) 0.00065
Convenience 9.92
Home decor 206 19.7 148
Camera & photo 3.87
Engagement
Beverage discovery 836 275 1.01 25.0 423
Image discovery 0.518 0.606
Short video 0
Reviews 0
Payments
Merchant Category
Cross-merchant 62.3 46.9

Table 24: recent items: recall@10 as a percentage on every cell of the grid, hit@5 in the payments block. Bold where
it leads every other method in Tables 14-29. Key in Appendix E.8.

View Full Partial Purchase Item
recall search search recall returned

Retail
Marketplace 192 726 476 2.76 67.9
Grocery 1 4.13 208 1.62
Grocery 2 1.12 0.560 0.302
Pharmacy (browsing) 22.1 10.8 9.56
Pharmacy (transactions) 0.00069
Convenience 10.9
Home decor 202 19.7 148
Camera & photo 4.07
Engagement
Beverage discovery 8.12 277 1.02 23.6 423
Image discovery 0.520 0.605
Short video 0
Reviews 0
Payments

Merchant Category
Cross-merchant 61.0 432

Table 25: user-popular: recall@10 as a percentage on every cell of the grid, hit@5 in the payments block. Bold where
it leads every other method in Tables 14-29. Key in Appendix F.8.
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View Full Partial Purchase Item
recall search search recall returned

Retail
Marketplace 0 0 0 0 0
Grocery 1 0.174 0 0
Grocery 2 0 0 0
Pharmacy (browsing) 0 0 0
Pharmacy (transactions) 0.00026
Convenience 0
Home decor 0265 0 0
Camera & photo 0
Engagement
Beverage discovery 0 0 0 0 0
Image discovery 0 0
Short video
Reviews
Payments
Merchant Category

Cross-merchant

Table 26: predict-last: recall@ 10 as a percentage on every cell of the grid, hit@5 in the payments block. Bold where it
leads every other method in Tables 14-29. Key in Appendix F.8.

View Full Partial Purchase Item
recall search search recall returned

Retail
Marketplace 1.55 193 241 1.56 2.84
Grocery 1 4.06 41.0 276
Grocery 2 4.05 396 224
Pharmacy (browsing) 16.0 425 265
Pharmacy (transactions) 5.75
Convenience 6.47
Home decor 141 17.6 10.6
Camera & photo 10.9
Engagement
Beverage discovery 1.52 133 593 3.68 0
Image discovery 0.058 0.108
Short video 0.081
Reviews 0.465
Payments
Merchant Category
Cross-merchant 39.6 423

Table 27: Gemma 4 31B: recall@ 10 as a percentage on every cell of the grid, ranking a shortlist of the most frequent
training products rather than the whole catalog: 1,000 of them over the first 2,000 evaluation sessions on ten rows,
and on short video and reviews 1,000 or 167 over every position we score. Bold means the same here as in Tables
14-29: this method leads the cell over all sixteen, ours included, and a bold here carries a ~ because the lead rests on a
shortlist and on a subsample of our positions. Counts are not inked, every cell but those of the last two rows being such
a subsample by construction, which Figure 22 states once instead. That figure’s denominator for a cell is the highest of
these three entries, whether or not it is bold. Greyed entries in the search columns are query-blind and barred from
the bold. A dash is a cell the arm was never run on. The payments block is the one part of these three tables not on
the shortlist protocol: its two tasks predict a merchant or a category, which the tabular pair ranks directly and in full,
so those cells are hit@5 over the whole stream and are the numbers Figure 5’s payments block is measured against.
Gemma was never run on them.

G Internal Experiments and Ablations

These experiments and ablations, accumulated over the course of development at varying scales and on different internal
datasets, motivated the recipe choices of Section 2; Section 3.5 summarizes the ones that bear directly on the paper’s
claims.

G.1 Data Mixing Ablation: Setup and Caveats
The base run of Section 3.4 trains on 400M retail and grocery events for five epochs, or 2B events seen. The three 8B

arms spend four times that budget: on more retail and grocery data; on the base data plus 1.2B image-discovery events
under one shared softmax; and on the same mixture with a separate softmax per distribution.
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View Full Partial Purchase Item
recall search search recall returned

Retail
Marketplace 0.045 0.077  0.184
Grocery 1 0.546
Grocery 2 0.569
Pharmacy (browsing) 0.675
Pharmacy (transactions) 0.494
Convenience 0.468
Home decor 0.947
Camera & photo 1.97
Engagement
Beverage discovery 0.103 0 0
Image discovery 0.0099
Short video 0.018
Reviews 0.302
Payments
Merchant Category
Cross-merchant 37.6 5.10

Table 28: LightGBM: recall@ 10 as a percentage on every cell of the grid, ranking a shortlist of the most frequent
training products rather than the whole catalog: 1,000 of them over the first 2,000 evaluation sessions on ten rows,
and on short video and reviews 1,000 or 167 over every position we score. Bold means the same here as in Tables
14-29: this method leads the cell over all sixteen, ours included, and a bold here carries a ~ because the lead rests on a
shortlist and on a subsample of our positions. Counts are not inked, every cell but those of the last two rows being such
a subsample by construction, which Figure 22 states once instead. That figure’s denominator for a cell is the highest of
these three entries, whether or not it is bold. Greyed entries in the search columns are query-blind and barred from
the bold. A dash is a cell the arm was never run on. The payments block is the one part of these three tables not on
the shortlist protocol: its two tasks predict a merchant or a category, which the tabular pair ranks directly and in full,
so those cells are hit@5 over the whole stream and are the numbers Figure 5’s payments block is measured against.
Gemma was never run on them.

View Full Partial Purchase Item
recall search search recall returned

Retail
Marketplace 0.421 0.265 2.39
Grocery 1 0.574
Grocery 2 0.876
Pharmacy (browsing) 1.88
Pharmacy (transactions) 1.05
Convenience 1.49
Home decor 2.37
Camera & photo 8.81
Engagement
Beverage discovery 0.291 0.235 0
Image discovery 0.013
Short video 0.018
Reviews 0.258
Payments
Merchant Category
Cross-merchant 49.7 279

Table 29: TabPFN v3: recall@10 as a percentage on every cell of the grid, ranking a shortlist of the most frequent
training products rather than the whole catalog: 1,000 of them over the first 2,000 evaluation sessions on ten rows,
and on short video and reviews 1,000 or 167 over every position we score. Bold means the same here as in Tables
14-29: this method leads the cell over all sixteen, ours included, and a bold here carries a ~ because the lead rests on a
shortlist and on a subsample of our positions. Counts are not inked, every cell but those of the last two rows being such
a subsample by construction, which Figure 22 states once instead. That figure’s denominator for a cell is the highest of
these three entries, whether or not it is bold. Greyed entries in the search columns are query-blind and barred from
the bold. A dash is a cell the arm was never run on. The payments block is the one part of these three tables not on
the shortlist protocol: its two tasks predict a merchant or a category, which the tabular pair ranks directly and in full,
so those cells are hit@5 over the whole stream and are the numbers Figure 5’s payments block is measured against.
Gemma was never run on them.
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Three caveats bound the result. First, the runs are about two orders of magnitude below full scale, and in the multilingual
literature scale relieves interference at fixed capacity [22], so the in-domain cost is plausibly an upper bound. Second,
the separate-softmax arm is not a pure control: it also doubles the batch and repeats the retail data for ten epochs rather
than five. Third, one engagement source is not a sweep over mixtures; which combinations transfer positively, and how
the effect scales, remain open.

G.2 Domains

We find that domains improve the accuracy of the model by about 10% (0.35 to 0.386 in CartMetric accuracy, Appendix
D.6), with most gains coming from user behavior with fewer than 50 actions or events.

Feature Removed Performance Drop
User Type 0.000511
Hour of Day 0.000811
Device Type 0.002612
City 0.003444
Weekday 0.011484
Day of Month 0.049557
Month 0.241633
Year 0.350336
All Features (Baseline) 0.000000

Table 30: Ablation study showing the performance drop when removing individual features from a full model. The full
model uses all features; performance is measured relative to this baseline.

Domains can differ significantly across datasets and settings; some domains exist only in certain datasets. We therefore
remove domains that are too narrow in the first stage of training, so the model cannot identify the setting of the data
from the domains and overfit to it. See Table 31 for results.

Training Setup Validation Loss
Keep all domains in Stage 1 and Stage 2 5.635
Remove narrow domains in Stage 1 and Stage 2 5.574
Remove narrow domains in Stage 1, add all domains in Stage 2 5.546

Table 31: Effect of removing narrow domains on model performance. Validation loss is reported after Stage 2 training.
Narrow domains are defined as those highly specific to individual datasets and are removed to prevent overfitting.

Overfitting to domains. Domains are a real overfitting risk, especially time domains. At one point we were getting
biased results that occurred only for a specific month and year—which, on inspection, was also when the items in
question had been interacted with; there must have been a campaign in just that month and year. Such mappings from
domains to actions are easy for the model to find and overfit to, and considerable effort goes into preventing it.

G.3 Embedders

Source embedder helps. We first studied the impact of different embedders on a dataset of around 600M e-commerce
events. This is a relatively small dataset, and the generalization was in-domain. We trained with stage 1 (embedder
trainable) and stage 2 (embedder fixed). See Table 32 for results.

Target embedders. Using the same feature source embedder, we evaluate different target strategies; see Table 33.
Here we train on two similar domains rather than a single one, so the ability to use multiple domains matters more,
and other target objectives begin to gain an edge. We train stage 1 until validation loss increases. Next, after some
optimizations, we also implemented MLM-Description, randomly masking events and generating their text descriptions
from the surrounding events. However, MLM converged after 66 epochs versus 16 for CLM—more than 4 x the
compute—and did not scale well to larger datasets. See Table 34.
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Model Variant NLL | Notes

Source One-Hot 6.849 Baseline using one-hot source encoding
Source Embedder  6.231  Learns source embeddings; adds params/compute

Table 32: Comparison of negative log-likelihood (NLL) between source encoding methods. The source embedder
substantially improves performance, but it also has higher parameter and compute cost. Data set was fixed.

Stage 2 Objective NLL | Notes

CLM Objective 7.069 Baseline using one-hot target encoding
Keyword Prediction (CE)  7.003 Predicts event keywords via cross-entropy
CLM-Description 6.924  Generates next event descriptions; more params/compute

Table 33: Stage 2 performance (negative log-likelihood) on data under different stage 1 training objectives. CLM-
Description performs best despite increased computational cost. Data set was fixed. CLM-Description is more than
10x slower to train than the baseline and Keyword-Prediction.

When event frequencies are more long-tailed—most actions appearing very rarely while a few dominate—source and
target feature embedders help even more; see Table 35. Here CLM-Description (with a source embedder) outcompetes
the one-hot approach at both equal data and equal compute time: just because the actions themselves are long-tail does
not mean their features are.

Pre-trained Embedders. A frozen pre-trained image embedder reaches a loss of 6.515, versus 6.491 for an image
embedder trained end-to-end. End-to-end training is more sensitive to the quality and correctness of the images,
however: removing low-quality images and training end-to-end on the rest led to a loss of 6.364. See Table 36 for
results.

On text the effect is much larger. On the search and recommendation task, a text encoder trained end-to-end on behavior
reaches a loss of 7.0 after one epoch, against 8.03 for an encoder initialized from a BERT pretrained on generic Swedish
and 8.00 for one pretrained on product descriptions and prices (Table 37). The margin over pretraining is close to 1.0 in
loss, more than an order of magnitude larger than the 0.024 separating frozen from end-to-end on images. The two
pretrained initializations are meanwhile indistinguishable from each other, which we attribute to a corpus mismatch:
the product-pretraining data consisted of descriptions and prices unlike the descriptions seen during fine-tuning, so
in-domain pretraining bought nothing over generic language pretraining.

Image transformations can translate to text. In a joint embedding space such as CLIP, a transformation learned on
one modality may carry to the other. We learn a matrix M from user behavior at a merchant so that X, M X g 18
the better image metric, and apply it as Xy, M XL o o tune text-to-image retrieval (search) to the same merchant. It

transfers: Table 38 shows large gains for search as well.

Cache embeddings (MoCo). Caching candidates from the two previous batches, in the style of MoCo [44], slightly
improved our stage-1 model (Table 39).

Softmax both directions. CLIP applies its contrastive softmax in both directions. We tried the same; it did slightly
better in-domain but worse out-of-domain. See Table 40.

Size of embedding vectors. One way to ease the bottleneck of embedding large vocabularies is to make the
embeddings smaller. Table 41 shows one example on e-commerce data: reducing the embedding size from 768 to 64
hurts performance overall. Evaluated on low-frequency events alone, the differences are even larger (Table 42), so the
smaller size hurts rare events most.

Quantizing image embeddings. In Table 43, we show an evaluation of our VQVAE on image embeddings. We start
from image embeddings that live in a joint text-and-image latent space. For each dataset we look at image and text
embeddings: the baseline retrieves, for each event’s text, the events with the closest images; vqvae-text does the same
but with quantized image embeddings; and vqvae-img retrieves, for each (non-quantized) image embedding, the closest
ones in the quantized space. Scores are top-10 hit rate, across several data sources. We later verified that performance
in the training pipeline is not hurt on pre-training or downstream tasks.
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Objective NLL | Epochs to Converge Notes

CLM-Description 6.36 16 Efficient convergence
MLM-Description ~ 6.33 66 Slower; 4x more compute; poorly scales

Table 34: Comparison between CLM- and MLM-based description generation. While MLM achieves slightly better
NLL, it requires significantly more training epochs and does not scale well to larger datasets.

Model Variant NLL (Same Data) | NLL (Same Time) |
CLM One-Hot 6.262 6.197
CLM-Description (with Embedders) 6.194 6.188

Table 35: Comparison under long-tail event frequency: CLM-Description with learned source/target embedders
consistently outperforms one-hot encodings under both equal data size and equal compute time.

Prices. 'We show results on including prices, either as exact floating-point numbers or bucketed into integer intervals.
See Table 44 for results across two merchants. On this dataset we train for 5 epochs, so there is a risk of overfitting—
remembering products by a specific price rather than generalizing—and the results reflect it.

Popularity & trends of interactions. Incorporating the popularity or trending aspect of events and actions is critical:
we want to understand whether, say, a product or post is trending and how that affects a user’s propensity to act on
it—i.e., which users are more or less trend-sensitive. Table 45 reports performance across two markets when including
the change in number of interactions with events as targets. It comes at a 2x training cost.

G.4 Candidate Spaces

Batch candidates and sampled candidates. When we are training over a large set of possible candidates and cannot
afford to embed all possible next actions, we need to sample. First, we already have embedded the set of all batch
events, so we might as well use them as candidates. In addition, we might want to uniformly randomly sample from the
full vocabulary, to get a larger space of candidates (if compute allows). In Table 46, we show results of adding random
samples to the batched candidates, with and without freezing the target embedder. The best results come from adding
random samples with a trainable target embedder. Since training with random samples brings the setup closer to stage 2
(which trains only on random samples), we also compare regular stage 2 against training batch + random samples to
convergence—and batch + random samples won out, though barely.

Scaling number of candidates. As we scale to larger candidate spaces (vocabularies), it becomes more and more
important to sample a larger number of candidates during training. Stage 1 and stage 2 thus reinforce each other, and
stage 2 becomes about sampling as many candidates as possible.

Table 47 shows the difference in performance, now on a larger behavioral dataset with a much larger vocabulary (close
to 1B), between sharding 8M candidates so that the softmax is computed separately over each 1M candidates per device
versus jointly across all 8M on all devices. It also shows how important stage 2 is to training—freezing the embedder
and maximizing candidates converges later—and that using LoRAs to push the number of stage-2 candidates even
further also helps.

Separate distributions. Mixing candidate distributions is unproblematic when the whole batch draws from the same
distribution; problems arise when different distributions are combined within a single batch, where the model can
cheat by learning to distinguish the distributions rather than the targets. Fully disjoint target distributions can also be
suboptimal: we want the model to learn to compare things transitively. If it learns to compare popular products, and
learns to compare some of those popular products with unpopular ones, it has thereby learned to compare both. For
example, with one distribution of popular products and one per category, a model deployed over all products can reason:
from popular products, the next target should be a popular product within the shoes category; from comparisons within
the shoes category, the target should most likely be this specific product. Through the shared items, what the model
learns on each intersection lets it compare across the union. Table 48 shows that 24K random candidates together with
batched ones (but with separated losses) performs better than 24K or even 48K random candidates without separation.
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Image Embedder Variant NLL | Notes

Pre-trained (Frozen) 6.515 No fine-tuning; fixed visual features
End-to-End (All Images) 6.491  Trained from scratch; sensitive to image quality
End-to-End (Filtered) 6.364 Trained after removing low-quality images

Table 36: Performance comparison of different image embedder training strategies. End-to-end training outperforms
pre-trained embeddings, but is highly sensitive to image quality. Filtering low-quality data yields the best result.

Text Encoder Loss | Notes
End-to-end on behavior 7.0 No language pretraining
Pretrained, generic Swedish 8.03 One epoch on the search/rec task

Pretrained, product descriptions and prices ~ 8.00  Pretraining corpus differs from fine-tuning text

Table 37: Text encoder training for the search and recommendation task, after one epoch. Training end-to-end on
behavior clearly outperforms either pretrained initialization. The two pretrained variants are indistinguishable, the
product-pretraining corpus having differed from the descriptions used for fine-tuning.

Qualitatively, we also find that separate softmaxes generalize trends and patterns much better: the model does not
separate the embedding spaces but learns to align them, which helps it use data from other sources and merchants to
generalize to new merchants and domains.

Label Smoothing. While we saw some positive effects of label smoothing in smaller-scale experiments, the benefits
did not persist as we scaled.

G.5 Fine-tuning

LoRA helps generalization. We noticed that increasing the candidate space in stage-2 can lead to overfitting to that
particular vocabulary. We therefore compared training only LoRA adapters in stage 2 with training the full network.
See Table 49 for results.

Pretraining versus training from scratch. Figure 26 gives one case of what pretraining is worth before any
fine-tuning budget is spent (Section 3.2).

4.75
4.50

4.25 from scratch 4.28

4.00

3.75 \—O—osmaller, older pretrained 3.70
3.50 .\0—o—olargest pretrained 3.43
T

0 4 8 12
stage-2 epochs on beverage discovery

evaluation loss (nats)

Figure 26: Pretraining is worth more than a longer fine-tune. Evaluation loss on beverage discovery during stage 2,
by starting point, in one example run. From scratch, twelve epochs end 0.85 nats above the largest pretrained checkpoint
after four.

82



Model Loss | Search Score T Cart Score 1

Baseline (Identity Transformation) 10.235 0.062 0.145
Learned Transformation 6.603 0.246 0.220

Table 38: Comparison of baseline vs. learned transformation on search and cart metrics. The learned model significantly
improves both scores and reduces test loss.

Caching Strategy NLL (Stage 1) |
Without Cache 6.248
With Cache (MoCo-style) 6.231

Table 39: Effect of using MoCo-style cache embeddings in Stage 1. Caching candidates from two previous batches
yields a small improvement in negative log-likelihood.

G.6 Decoding

Greedy vs Beam. We find that beam search is less helpful in decoding actions than it is for language, compared to
greedy decoding. Table 50 gives one example. We believe this is because actions are less strictly ordered than language,
which has a more formal grammar.

G.7 Augmentations

Randomly dropping events. We tried randomly dropping events, but it was hard to get it to contribute. Table 51
shows one such comparison at a 10% drop rate, which helps slightly for merchant 2.

Where to make use of LLMs. Using an LLM to generate augmentations of item metadata, such as alternative
descriptions, improved generalization.

G.8 Reasoning

With the procedure of Appendix B.8, test-time compute improved clear tasks such as predicting the next purchase after
a session of viewing products, from 13% accuracy with SFT to 25% with GRPO.

The universal reasoning method requires more compute, but with modest resources it increased accuracy universally
across tasks, from 8.9% (SFT) to 9.7% (GRPO).

See Table 52 for a summary of results.

G.9 Scaling Up

Pretraining across datasets. The earliest evidence that pretraining on several datasets helps comes from an older
model: pretraining stage 1 on two grocery datasets and running stage 2 on only one of them improved that dataset’s
loss, and visibly its search and recommendations, over pretraining on it alone. Including the second dataset in stage 2
as well helped only slightly, 6.552 against 6.557 nats of test loss once both are scored with the same output layer and
context length. Removing the domains only one dataset carries—year, city, user type and device—improved stage 2
further (Table 31), since otherwise the model can recognize which dataset a sequence came from instead of learning the
behavior the datasets share.

For scaling up with multiple datasets from different sources, Table 53 gives an example of how stage 1 performs, how
stage 2 adds performance, and how separating the distributions adds further still. Lastly, we show improvements from
carefully locating correspondences between actions from different data sources, to identify which are actually the same
even when described differently.

H A/B Test Details

What the commercial comparisons support. The commercial baselines in Table 4 were licensed, indexed, configured,
and tuned by the partner rather than by us, so a row is evidence about one production deployment of a system at one
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Contrastive Objective In-Domain Loss | Out-of-Domain Loss |

Normal Direction Only 6.990 9.208
Softmax Both Directions 6.921 9.594

Table 40: Effect of using bidirectional softmax (as in CLIP) during contrastive training. While in-domain performance
improves, out-of-domain generalization worsens.

Merchant 1 Merchant 2
Model Overall Partial Search Product Overall Partial Search Product

Size 768  6.062  5.847 2.724 8.150 6.398 6.675 2915 7.196
Size 64 6.984  7.363  2.704 8.144 6.723  8.008  2.856 7.324

Table 41: Evaluation on Merchant 1 and Merchant 2 test sets. Exp-1 uses the full dataset; Exp-4 uses a mini dataset
with Stage 1 pretraining. Metrics include overall, partial search, full search, and product-level losses.

point in time, including that partner’s catalog, ranking rules, and manual tagging, and not about the vendor’s product in
general. We anonymize them because naming the vendor would invite the stronger reading and would in most cases
identify the partner. Each incumbent is also the version live when the test ran, between 2020 and 2026, not necessarily
the product sold under that name today.

Engagement: featured content in a niche-interest app. This 26-day test is the only one in Table 4 with day-level
results rather than a single period average. Featured content ranked by BehaviorGPT drew 11.7% more clicks than
the control, and those clicks led to 19.5% more orders: the click-to-order conversion rate rose from 1.93% to 2.07%,
a 7% relative improvement, and 1.117 x 1.07 ~ 1.195. The variant led on clicks on all 26 days and on post-click
orders on 22 of them. Under the null of no difference, each day is a fair coin, giving one-sided sign-test p-values of
2726 ~ 1.5 x 10~® for clicks and p ~ 3 x 10~* for orders. Days share users and are therefore not strictly independent,
so we read these as indicative rather than exact.
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Model Overall | Partial Search | Search | Product |

Size 768 6.453 6.287 3.514 7.925
Size 64 7.387 7.746 3.625 8.001

Table 42: Performance on low-frequency (< 100) events in the Merchant 1 test set. Size 768 outperforms Size 64 even
more than when evaluated on all frequencies.

Table 43: Evaluation of VQVAE image embedders on various datasets. Scores are top-10 accuracy.

Model groceries art pharmacy general retail

baseline vqvae-img vqvae-text baseline vqvae-img vqvae-text baseline vqvae-img vqvae-text baseline vqvae-img vqvae-text
VQVAE-300M 0.4828 0.9900 0.0863 0.5103 0.9466 0.2739 0.8031 0.9963 0.2479 0.5296 0.9982 0.4209

VQVAE-4B 04828  0.9966 0.1648 05103  0.9999 04114 08031  1.0000 04560 05296  0.9995 0.4554
VQVAE-4B-small  0.4828  0.9973 02233 05103 0.9998 04318  0.8031  1.0000 05771 05296  0.9995 0.4672
Model Variant Merchant 1 Test Merchant 2 Test
Overall Partial Search Product Overall Partial Search Product
baseline 6.062 5.847 2.724 8.150 6.398 6.675 20915 7.196
floats 6.042 5795 2.727 8.194 6.378 6.686  2.880 7171
buckets 6.098 5872  2.764 8.209 6.372 6.636 2.896 7.172

Table 44: Comparison of models trained with price or cost features on Merchant 1 and Merchant 2 test sets. Lower is
better. Neither variant shows a clear advantage.

Model Variant Market 1 Loss Market 2 Loss
Baseline 2.69 4.49
+ Interactions as Targets 2.57 4.40

Table 45: Impact of incorporating interaction trends (i.e., change in number of interactions) on prediction performance
across two markets. Lower values indicate better loss. Including interaction dynamics improves results.

Model Variant Overall | Partial Search | Search | Product |
batch + train target 5.804 4.942 2416 7.001
batch + 3K random + train target 5.402 4.539 2.192 6.555
batch + 8K random + train target 5.327 4.463 2.136 6.475
batch + 16K random + train target 5.280 4.420 2.103 6.425
batch + frozen target 6.219 5.355 2.634 7.464
batch + 8K random + frozen target 5.660 4.783 2.274 6.862
batch + 16K random + train target (conv.) 5.072 4.285 1.962 6.169
batch + 16K random + train target + stage-2 5.076 4.282 1.967 6.175

Table 46: Performance on the e-commerce test set using different sampling strategies and target embedder configurations.

Incorporating random candidates improves performance, with the best results from training with 16K random candidates
until convergence.
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Model Variant Epoch Loss |
Stage 1 20 6.219

Stage 2 (8M, 1M per softmax) 1 5.074
2 5.085
Stage 2 (8M, all in one softmax) 1 4.825
2 4.844
3 4.815

Table 47: Loss values across Stage 2 training setups using retail dataset. Sharded candidate strategies with a unified
softmax achieve the best loss at epoch 3.

Extra Candidates Overall | Partial Search | Search | Product |
0 (baseline) 7.234 7.123 4.850 8.439
24,000 random 6.724 6.624 4.461 7.856
48,000 random 6.494 6.431 4.250 7.519
24,000 random + separation 6.381 6.344 4.190 7.314

Table 48: Performance impact of increasing the number of extra candidates during training. Adding more candidates
consistently improves results, with the best performance achieved when separating the losses for the two distributions
(random and batched)

Model Variant Merchant 1 Merchant 2 (OOD)
Overall Partial Search Product Overall Partial Search Product

Baseline Full 4.682 4171  2.258 7.022 5767 5430 2.693 6.641
LoRA 4729 4242 2312 7.008 5.658 5176  2.558 6.582

Table 49: Stage 2 with a fully trainable model (Baseline) versus LoORA. LoRA does better on the OOD dataset, which is
from a different merchant than the one the model was trained on.

Decoding Method Accuracy T Notes
Beam Search (beam=7) 0.088 Sequence length = 10
Greedy Decoding 0.097 Higher accuracy despite no search

Table 50: Accuracy of predicted user actions using different decoding strategies. Greedy decoding outperforms beam
search in this setup.

Model Merchant 1 Merchant 2
Overall Partial Search Product Overall Partial Search Product

Baseline 6.062 5.847 2.724 8.150 6.398  6.675 2915 7.196
Drop 10%  6.069  5.848  2.737 8.167 6.372  6.667 2.880 7.167

Table 51: Comparison of Stage 1 models with and without event sampling. Event sampling shows slight trade-offs:
slightly worse in Merchant 1 overall/search but marginally better in Merchant 2 overall/product. This is test loss, lower
is better.
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Table 52: Accuracy improvements from using test-time computation and GRPO for behavioral reasoning tasks.

Setting Method Accuracy (%) Improvement
Next-purchase after SFT 13.0 -
viewing session GRPO 25.0 +12.0
Universal reasoning SFT 8.9 -
across tasks GRPO 9.7 +0.8
Model Variant Overall FullSrch PartSrch Brand Cat ViewProd <sep> <purchase> <refund> Merchant PurchProd RefProd
Stage 1 6.027 4351 6.181 4620 5228 5815 7.767 7.738 0.729 8.473 10.419 5.666
+ Stage 2 5.501 3.897 5583 4521 4949 5696  7.049 7.104 0.636 8.020 10.019 4.787
+ Separation 5.386 3.792 5451 4438 4917 5612 6.936 7.204 0.677 7.950 10.042 4.722
+ Correspondences  4.995 3.370 4994 4162 4480 5486 6.696 4915 0.190 7.242 9.574 3.500

Table 53: Comparison of model variants trained with different augmentation strategies

values represent loss; lower is better across all columns.
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I Qualitative Examples from the Demos

This appendix shows screenshots of three demos built on the SDK (Appendix J.1): the e-commerce storefront (Appendix
I.1), Curate my wall, an art recommender (Appendix 1.2), and a label-free fraud detector (Appendix 1.3).

I.1 Storefront

The figures in this subsection are screenshots of the storefront demo (Section 4), an application built on the SDK,
serving the BehaviorGPT 0.5B and 12.5B checkpoints over a general marketplace retail assortment of several million
items. Each screenshot has the same layout. On the left is the storefront, whose search results and recommendations are
the model’s ranking of the full catalog given the session so far. On the right is the session drawn as a sequence of events,
with the model’s most likely next items listed at the bottom. Red annotations mark what changed between panels.
Where we have the same scenario on the 12.5B checkpoint (Figures 28, 30 and 33), we show it as well: the behaviors
carry over to the larger model. The demo labels that checkpoint V4.0-13B, or V4.0-12.5B in the later screenshots.

Nothing in these examples is a rule written for the demo. Each change in the ranking comes from the model reading
something different in its input: a context attribute (date, gender, market), an earlier event in the session, or the query
text itself.

Context attributes. Date, gender and market enter the model as contextual attributes of the session (Section 2.2), and
changing any one of them, with the query held fixed, changes the ranking. Figure 27 changes only the session date: the
query chocolate returns everyday chocolate on an ordinary day, heart-shaped boxes on Valentine’s Day and holiday gift
boxes on Christmas Eve. The model adapts to every date of the year in this way; these two holidays simply make the
effect easy to see. The 12.5B shows the same shift (Figure 28): heart-shaped boxes and chocolate-dipped strawberries
on Valentine’s Day, holiday gift boxes on Christmas Eve, and neither on an ordinary day. Figure 29 does the same for
gender (pants) and market (spade); in the Swedish market the ranking shifts to Swedish-listed garden tools. The 12.5B
reads the market the same way (Figure 30): spade returns Kate Spade handbags in the United States and garden spades
in Sweden.

Behavioral context. Figure 31 shows how earlier events in the session change what a query means. Searching case
with no history returns the most popular iPhone cases; the same search after a search for Samsung returns Samsung
cases. In a second session, a Samsung phone is added to the cart, and the recommendations then anticipate what
goes with it: a matching case after the phone, earbuds after the charger. The basket in panel (h)—phone, case, screen
protector, charger and earbuds—was assembled by following these recommendations.

Figure 32 combines an earlier session with the date. A shopper searches for baby-shower items in February, adds two
of them and checks out. With the session date moved to late October, the home page leads with Halloween costumes for
babies, followed by strollers, cribs and baby monitors: from a baby shower eight months earlier and the approaching
holiday, the model infers that the household probably now has an infant. The 12.5B, given the same session in April
(Figure 33), draws the same inference: on 30 October its home page is given over to infant products, a bassinet, diapers,
formula and toddler toys, with Halloween costumes, one of them for a baby, among the clothing.

Reading the query. Figure 34 shows two properties of search. The query enters the model as text and is read against
the session, not matched against a keyword index, so a misspelling such as plystton still returns PlayStation products,
on both the 0.5B and the 12.5B. The same query also changes meaning with the session: brush with no history returns
mostly hair brushes and styling tools, while after a foundation is added it returns cosmetics brushes first, here with the
ranking grouped into themes.

L2 Curate my wall

We embedded 19,000 public-domain artworks from the Art Institute of Chicago as a BehaviorGPT catalog, served
by the 12.5B checkpoint with no interaction data and no task-specific training; it can be tried through https:
//www.unboxai.com/behaviorgpt. Each action a visitor takes—viewing a work, hanging it on a personal wall,
taking it down, or searching—is appended to their history as an event, and recommendations and search results are
re-ranked from that history in real time. Adding 19,000 H&M products to the same catalog lets the same art-only
history recommend fashion: kimonos and printed scarves for a visitor drawn to Japanese prints, beaded jewelry for one
drawn to ancient Egypt, and color-blocked knits and abstract prints for one drawn to Kandinsky (Figure 35). No event
in that history involves clothing. We include this example as an illustration of what can be built on the SDK, not as an
evaluation.

88


https://www.unboxai.com/behaviorgpt
https://www.unboxai.com/behaviorgpt

Unbox Intelligence e B Unbox Inteligence

{@—®

900 w00 sn00 s200 00

(a) An ordinary date. (b) Session date set to 14 February.

& e awcane = = o o e

Unbox Intelligence:

— ] -

(c) Session date set to 24 December.

Figure 27: The same query, chocolate, on three dates. Only the session date changes between panels.
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(c) Session date set to 24 December: holiday gift boxes.

Figure 28: The same date effect on the 12.5B checkpoint (labeled V4.0-12.5B in the demo). Only the session date
changes between panels.
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(c) Spade, United States market. (d) Spade, Swedish market.

Figure 29: Gender and market as context. Top: the same query under two genders. Bottom: the same query in two
markets.
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(c) The Swedish session drawn as a sequence of events.

Figure 30: The same market effect on the 12.5B checkpoint (labeled V4.0-13B in the demo). Only the market changes
between (a) and (b).
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(g) The earbuds added. (h) The resulting basket.

Figure 31: Earlier events change what a query means, and recommendations anticipate the next purchase. (a-b)
The same query with and without an earlier search. (c—h) One session built by following the recommendations after a
phone is added.
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lead the home page.

Figure 32: An earlier session and the date combined. A baby-shower purchase in February and a date in late October
together produce recommendations for an infant at Halloween.
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I.3 Behavioral anomaly detection

BehaviorGPT also detects anomalous behavior, with no task-specific training or labels. We built a fraud-detection demo
on the 12.5B checkpoint on a public retail catalog. Each action in a session (a search, product view, add-to-cart or order)
is scored by its surprisal under the model given the session so far, in excess of the model’s own uncertainty at that step:
an action the model expects scores low, one it cannot explain scores high, and an action is not penalized merely for
following an ambiguous history. The scores accumulate over the session (a CUSUM statistic), and the session is flagged
once the sum crosses a threshold set to flag 2% of normal shoppers. Because each score belongs to one action, every
flag comes with its explanation: the actions that raised it and the items the model expected instead.

Figure 36 shows an account takeover. The owner searches headphones, views four pairs and adds one to the cart; from
step 7, someone else adds a Pixel 7 Pro phone, a gas lawn mower and a crossbow, then checks out. The owner’s six steps
stay within 1.50 of normal shoppers, the three intruding ones score 5.3-6.00, and the session crosses the threshold at
step 8, before the order is placed. The phone accounts for 32% of the excess surprisal: it ranks 13,740th of 94,162 items
for this history, where the model expected headphones. The lawn mower accounts for 31%, where the model, now
reading the phone as part of the session, expected another Pixel phone. On simulated sessions at a 2% false-alarm rate,
the detector caught account takeovers, card testing, scraper bots and click fraud, usually within one to three steps of the
first fraudulent action. The next-action prediction that serves recommendations thus also serves as a likelihood model
of behavior that needs no labels. As with Curate my wall, we include the demo as an illustration, not as an evaluation
(Section 5).
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Figure 33: The same session on the 12.5B checkpoint (labeled V4.0-13B in the demo). A baby-shower purchase in
April and a date in late October produce recommendations for an infant, with Halloween costumes alongside.
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Figure 34: Reading the query. (a—b) A misspelling is resolved from the query text by both checkpoints. (c—e) The
same query before and after a related purchase, the second grouped into themes.
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Curate my wall

Whatyour art tastesays you'd wear

(a) A search for “abstract” and Kandinsky’s Improvisation No. 30 (b) A search for “japanese woodblock print wave” and three
(Cannons) hung: a color-blocked scarf, a printed tee, an abstract- Hokusai prints hung: printed scarves, a tiger-print tee and a
print top and a color-blocked knit. kimono.

Figure 35: Fashion recommended from a history of art alone. The Curate my wall demo on the 12.5B checkpoint. In

each panel the visitor’s history (left) holds only art events, and the Fashion for you tab ranks the H&M items in the
same catalog from that history.
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public retail catalog.
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J Applications
Each application below points to where it is already shown, in this paper or in our earlier reports.

* Recommendations. A/B tested against an internal recommender, a most-bought baseline and a visual-
art engine (Table 4; 36, 35), and measured offline as next-item recall in Figures 5 and 11. Similar and
complementary items separate because item embeddings are learned from what is bought together rather than
from how items are named [36].

» Search. A/B tested against four commercial search and discovery vendors, with search-term suggestions
raising interactions by 49.1% (Table 4; 36, 35); refined search terms suggested across some fifty languages
[35]; the full- and partial-search columns of the breadth matrices; and query understanding in the demo,
including misspellings (Appendix I).

» Keywords, themes, and categories. Dynamic categorization A/B tested at +11%, and generated keywords
that expert labellers missed [35]; personalized themes in the demo (Appendix I); the objective in Appendix
B.7; and next-category prediction on the payments stream (Figure 5).

* Returns. The item-returned column of the breadth matrices (Figures 5 and 11).

* Fraud. A model of p(behavior sequence) flags sequences that are highly improbable, such as at self-checkout
[36]; the corresponding task is behavioral risk scoring (Table 5).

* Cybersecurity & defense. Detecting synthetic or adversarial behavior, such as malicious bots, simulating real
users, and forecasting action trajectories in operational settings [33].

* Loyalty programs, marketing, and coupons. Individualized intent prediction in place of top-down segmen-
tation, and end-to-end engagement optimization [33].

 Assortment optimization. Store embeddings clustered for regional assortment, +2.2% in-store sales [36],
and gaps in an assortment filled for an estimated +14% in sales [35] (Table 4).

* Business intelligence. Customer segments a consultancy study missed [36], country-level structure in
employee embeddings [34], brand propensities read directly off the model (Appendix J.2), and the analysis
uses of Appendix A.4.

User embeddings. Clustering users on the output distribution over their full history works poorly, as the output
distribution is dominated by the most recent context. Instead, we consider representations across the network’s layers:
different layers offer different perspectives. Concretely, we add a CLS token with a special position that participates
even during next-event prediction, providing global information at different stages (i.e., at different layers of the
network). Who a user is spans a spectrum from stable long-term traits to current impulses and environmental conditions,
so collapsing a user to a single simple description can be counterproductive. Projections of such user embeddings have
been shown for shoppers [36] and for employees [34].

J.1 Applications built on the SDK

Because the SDK (Section 4) deploys a catalog zero-shot, an application built on it needs no interaction data of its own.
The live demos are built this way; we describe two, and invite others to build their own.

E-commerce storefront. The main live demo, shown in Appendix I, is an e-commerce storefront: its search results
and recommendations all come from SDK calls against a deployed catalog, with no logic written for the demo.

Curate my wall. An art recommender over 19,000 public-domain artworks from the Art Institute of Chicago, built
the same way on the 12.5B checkpoint with no interaction data, shown in Appendix [.2.

J.2 Behavioral analytics by querying the model

A generative model of behavior answers questions a ranker cannot be asked. Demographic and calendar attributes enter
as domains (Section 2.2) and every event type shares one output space, so p(target | context) can be read off for any
context: a month, an age band, a merchant, a search term, a product, or a whole sequence of actions. We illustrate it
with two brands, a broadband provider and a soft drink, asking what precedes a purchase of each. The readings are
aggregate conditional probabilities of BehaviorGPT 0.5B; no individual-level record is accessed or reported.
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Figure 37: Propensity for a broadband brand, read off the model by month and by age. Each bar is p(brand |
domain) as an index against the mean over the bars in its panel, 100 being the mean; ages with no recorded value are
excluded.

Broadband. Propensity is elevated from May to October, at 2.18 x the November—April level, and peaks in October
at 3.5x December (Figure 37); by age it peaks at 26-35, at 2.3 x the mean over age bands, and falls steadily after
45. The associations say more. Beyond the direct signals—the brand’s own hardware, mobile hotspots and mesh
Wi-Fi, competing carriers—the non-network products that rank highest are household staples: laundry detergent, paper
goods, cleaners, baby wipes, alongside moving and home-setup merchants such as U-Haul, Home Depot and IKEA. No
description of a detergent relates it to broadband; the behavior does, through the move or new household in which both
are bought, which is the lactose-free milk of Section 1 on a commercial question. Scoring whole sequences makes the
same point at the level of a trajectory: sequences of competing-carrier activity score highest, at a mean p of 1.5 x 1073
and 7.6 x the lowest segment, electronics purchases, while a sequence of nothing but electricity-provider lookups scores
7.8 x 10~*, above most shopping sequences, the model reading a move from two events.

Beverage. The associated products rank the brand’s own variants first, at a mean p of 0.14, then competing sodas at
0.071, energy drinks, teas and juices, waters, and snacks at 0.013. Among search terms that do not name the brand,
beer scores 0.093, as a mixer, and hamburger 0.041 and pizza 0.018, as meal pairings. By month, May carries a lift of
2.07 against October’s 0.54.

What these readings are. They are the model’s conditional probabilities, not causal effects, and they have not
been checked against either brand’s own sales. They inherit the coverage of the pretraining data: demographic fields
are missing for most users, so only recorded values are reported, and a correlation the sampling produces the model
reproduces. We present them as a capability and as hypotheses for a brand owner to test, not as findings about its
customers.
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