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Abstract. How might deep learning offer a modern answer to old questions about understanding the human mind?
Trained on vast amounts of human text, large language models learned to model the people who wrote it. We explore
three fields, human-computer interaction, simulation, and recommendation, that predict, simulate, and model humans
for a wide range of tasks, and argue that they are converging on the same model: a foundation model of human
behavior. Two of the three ingredients that carried deep learning elsewhere, a generic objective and scaling, are
already in place; the third, a corpus of what people do that spans the silos holding it, is not. Our contributions are a
checkable definition that rolls the fields’ own into one, a survey of what each field has built, a formalization of their
convergence into a single next-action model, and directions toward the corpus.

1 Introduction

1.1 Motivation: understanding human behavior

Psychology, cognitive science, sociology, anthropology, and
economics have each sought to understand the human mind
and the processes that produce our behavior. The goal has
largely evaded them: behavior is high-dimensional and context-
dependent, it is observed only through sparse and fragmented
traces, and the verbal theories built atop those traces underde-
termine prediction.

In recent decades, deep learning has shown a remarkable
ability to solve problems across domains. Given large amounts
of data and general methods of computation, deep learning
matches or exceeds human ability at tasks that had resisted
every hand-built method; the 2024 Nobel Prizes in Physics
and Chemistry were both awarded for work in or enabled
by neural networks. The Chemistry prize is the instructive
case. AlphaFold solved a fifty-year-old problem by supervised
training on solved structures (Jumper et al., 2021); the models
that followed it are foundation models in the sense of §1.3:
a language model trained only to fill in masked residues of
protein sequences learns to predict structure from a single
sequence (Lin et al., 2023). Understanding of the protein fell
out of predicting its sequence.

In recent years there has been growing interest in applying
these methods to psychology, cognitive modeling, and the pre-
diction of human behavior. The appeal is practical: deep learn-
ing offers a way onto problems that humans cannot solve di-
rectly, or could not solve on any reasonable timescale. This
paper examines whether the same holds for understanding peo-
ple, with deep learning models, and specifically large language
models, as the candidate.

Our contributions are fourfold:

1. to roll the definitions the fields have offered into one
checkable definition of a foundation model of human
behavior (§1.4, Table 3);

2. to survey three fields building toward it, human-computer
interaction, simulation, and prediction and recommenda-

tion (§2);

3. to formalize their convergence: each field’s formula
reduced to one next-action model, with what each field
keeps of the person’s stream made explicit (§3);

4. to outline directions that complete the circle back to the
goal: a computer that understands people, reached by uni-
fying the data held in separate silos, in one language, into
one model (§4).

1.2 What it means to “understand”

Understanding cannot be cleanly attributed to machines, and the
discussion slides easily into epistemology (Searle, 1980; Bender
and Koller, 2020); Bommasani et al. (2021, §2.6) structure this
debate for foundation models specifically, distinguishing what
understanding would mean in principle from how we could de-
tect it in practice. For the purposes of this paper, a computer
understands a person insofar as it can predict or simulate what
that person will do in any situation. This is Newell’s criterion
for a unified theory of cognition: a single model that behaves as
an (almost) arbitrary function of the environment, rather than a
separate theory per task (Newell, 1990).

The model. Let h,, denote the recorded stream of a person wu:
the actions they took and the situations they took them in, as one
sequence. We assume the stream is rich enough that the current
situation is simply its most recent portion. Deployed systems
hold a finite window over fragmented data, and long inputs de-
grade performance well before the window is full (Hong et al.,
2025); memory systems (Packer et al., 2023; Chhikara et al.,
2025) and context engineering bridge the gap, and they matter
because the trained model fixes an upper bound on performance
and supplying the right context is how a system reaches it. This
paper is about the bound. The model is a single function, trained
end to end, that predicts the next action from the stream,

po(att1 | hu), 1)

where a;; is the next action. Computing Eq. 1 forces the
stream through an internal summary: the network compresses



h,, into a state

Ry = f [4 (hu) 2)
and predicts from that state. Nothing about z,, is designed or
trained separately: it is whatever summary of the person the
model learns because prediction demands one. The predictive
accuracy of the model hinges on the quality of z,,: a good repre-
sentation captures the underlying explanatory factors of the per-
son’s behavior, remains useful across many downstream tasks,
and disentangles what is stable about the person from what is
situational (Bengio et al., 2013).

Prediction and simulation. We use these terms for two uses of
the same model. Prediction evaluates Eq. 1: given the stream,
score what the person does next. Simulation samples from
it, feeding each sampled action back into the stream to roll
forward. When the simulated individual is a real person, simu-
lation is graded as prediction, against held-out behavior (Park
et al.,, 2024); simulation also runs where prediction cannot,
populating environments with synthetic agents and playing out
counterfactuals (Park et al., 2023).

Generality. In line with the definition above, a good z,, should
carry predictive power for a wide range of tasks, including tasks
absent from the training distribution. Formally,

G(Z) = ET [PerfT(z)] s (3)

the expected performance of the representation across down-
stream tasks 7. G is defined only relative to the set of tasks:
“more general” means nothing until that set is fixed, which is
what a benchmark does (§4).

1.3 Foundation models

The term foundation model was coined in 2021 by Stanford re-
searchers: “a foundation model is any model that is trained on
broad data (generally using self-supervision at scale) that can be
adapted (e.g., fine-tuned) to a wide range of downstream tasks”
(Bommasani et al., 2021). The definition has three checkable
clauses: broad data, generic self-supervision, and adaptation
to many tasks. The same report names the two properties that
make such models significant: emergence, behavior implicitly
induced rather than explicitly constructed, and homogenization,
one model coming to underlie many applications. Four ingredi-
ents recur in how these models are built.

Self-supervision. The training signal is the data itself, so the
method scales to whatever data exists.

Tokens and the transformer. The dominant architecture dis-
cretizes its input into tokens and models the sequence au-
toregressively with attention (Vaswani et al., 2017). A large
language model is trained to predict the next token; the rep-
resentations it learns are useful far beyond that task, which is
generality (Eq. 3) in the sense of §1.2.

Scaling. Loss falls as a power law in model size, data, and com-
pute (Kaplan et al., 2020). Training proceeds in stages: large-
scale pre-training under the self-supervised objective, followed

by post-training that aligns the model to use (Ouyang et al.,
2022).

Data. Scaling makes data the binding ingredient: compute-
optimal training grows the token count in proportion to model
size (Hoffmann et al., 2022), the corpus is the public web,
and projections have frontier models exhausting the stock of
public human text within this decade (Villalobos et al., 2024).
Selection and quality matter alongside volume (Albalak et al.,
2024). For language, the corpus existed before the models
did; every ingredient above is generic, so where a comparable
corpus exists, a foundation model can follow.

1.4 A foundation model of human behavior

A foundation model of human behavior is a model that

D1. is trained on behavioral traces: timestamped records of
actions people actually took, in context;

D2. under a generic self-supervised objective, not a task-
specific supervised target;

D3. such that training learns a person-level representation
2y = f(hy,) from the person’s history alone;

D4. and the one resulting artifact serves many tasks: predic-
tion, ranking, simulation, profiling, etc.

D2 and D4 carry over the clauses of §1.3; D1 and D3 say
what the data and the product are. The definition is a roll-up: the
fields have each offered their own, a foundation model of human
cognition, a general user model, a large behavioral model, and
this one keeps what they share and drops what is particular to
one field. Those definitions, with the near-synonyms and false
friends around them, are collected in Table 3 and Appendix A.1.
Next-action prediction is the leading candidate objective in the
literature, not part of the definition.

Does an LLM already qualify? Yes. Text is human-generated,
so a model of text is a model of human behavior, though its
training never saw a per-person stream. Kosinski (2024) draws
the consequence: to predict the next word of a sentence gener-
ated by a human, a model “must model not only grammar and
vocabulary but also the psychological processes humans use
when generating language.” The empirical record bears this out,
from theory-of-mind performance (Kosinski, 2024), contested
on robustness by Ullman (2023), to reproduced behavioral ex-
periments (Horton, 2023; Hewitt et al., 2024).

Its limits as a model of people. There are limitations. These
models were not built for the role:

* Objective: post-training collapses the model into a sin-
gle helpful assistant, narrowing the human distribution
pre-training absorbed (Ouyang et al., 2022; Santurkar
et al., 2023; Padmakumar and He, 2024; Hagendorff
et al., 2023);

* Data: pre-training sees documents with no person at-
tached, never the per-person stream h,, of D3 (Lei et al.,



2026), while representing a person takes long per-person
sequences (Jiang et al., 2026; Pi et al., 2019; Pancha
et al., 2022);

» Signal: text records what people say, not what they
do; the behavioral-modeling literature claims that ac-
tions carry signal words lack (Zhai et al., 2024; Briiel
Gabrielsson, 2026a).

Whether these differences are fundamental, or an LLM alone
already suffices, is taken up in §5.

2 Survey: three fields

With the definition of §1.4 in hand, we survey three fields in
which models meeting it, in whole or in part, have been built:

* Human-computer interaction observes a single user
deeply and maintains a standing model to assist them

(§2.1);

» Simulation asks what a person or a population would do
in a given situation. It is the most open-ended of the three:
the situation may be an environment the simulated agents
live in, and the aim is prediction in any situation, which
is the generalization form of Eq. 1. It has a commercial
category of its own (§2.2);

* Prediction and recommendation trains on billions of
users’ interaction sequences to predict the next action

(§2.3).

Each section runs in the same order: how the field started and
what it aims at, what has been built, how it is measured, and its
limitations. What each field gains over a base language model
is collected once, in §3.2.

2.1 Human-computer interaction (HCI)

Origin and aim. HCI studies how people use and are served by
computing systems. Its user-modeling tradition is as old as inter-
active computing: the first user-modeling paper built stereotype
models of individual users in order to recommend novels (Rich,
1979). The aim has not changed. A system that serves a person
should maintain a model of that person, and the field’s recent
position paper states the motivation plainly: a gulf stands be-
tween what users intend and what they manage to specify, and
one way to close it is a better model of the user (Ziems et al.,
2026), a model that knows who we were, who we are, and who
we want to become.

The models. Three forms are in use.

* Assistant memories. Commercial chat assistants keep
background-curated user memories built from chat his-
tories and interaction events, reviewable by the user;
documented as products rather than papers, so noted
without citation.

* General user models. GUM takes screenshots of any
computer use in and produces confidence-weighted

natural-language propositions about the user’s prefer-
ences, context, and intent, held on device and consultable
by any assistant (Shaikh et al., 2025). Nothing is trained.

* Next-action predictors. LongNAP trains (Shaikh et al.,
2026): from a month of screen recordings per user, a
vision-language model learns by reinforcement to retrieve
from a per-user memory and predict the user’s next ac-
tions, rewarded by judged similarity to what the user ac-
tually did.

Training. There is no behavioral pretraining stage in this field.
GUM trains nothing. LongNAP starts from a vision-language
model pretrained on text and images and post-trains it by rein-
forcement, with the judged similarity of predicted to actual ac-
tions as the reward (Shaikh et al., 2026). The behavior enters
only at adaptation time.

The formula. HCI predicts the user’s next action from a curated
memory of the stream:

my = g(hy), 4

pLLM(at+1 | em Ct) ,

where m,, is the memory (GUM’s propositions, LongNAP’s per-
user store) read by a pretrained model, and ¢; the current screen.
my,, is an engineered stand-in for the learned z,, of Eq. 2. Inputs
are screenshots, but both convert observation to language before
modeling; the field has not moved past language tokens.

How it is measured. Neither GUM nor LongNAP has a stand-
ing benchmark; each is graded against its own users. GUM is
judged by the people it models: participants rated propositions
built from their own email streams, with maximum-confidence
propositions rated fully accurate, and a five-day deployment of
its proactive assistant replicated the pattern on live screen ob-
servations (Shaikh et al., 2025). LongNAP holds out by time
and measures LLM-judged similarity to the user’s actual next
actions plus human win rates (Shaikh et al., 2026). Shuffling
the history’s order costs accuracy, the sequential signal Eq. 4
assumes.

Limitations. The stream satisfies D1 for one person at a time,
with consent and depth the other fields lack, and a representa-
tion the user can read and correct. The published models train
on tens of users, and today’s collections sit under research pro-
tocols that prevent pooling. Population-scale training on such
streams has not happened yet; nothing about the method forbids
it, and assembling that corpus is the open step (§4).

2.2 Simulation

Origin and aim. Simulating people is an old ambition; what
is new is the agentic instantiation: an LLM given memory,
reflection, and planning, placed in an environment with other
such agents, produces believable individual and group behavior
(Park et al., 2023), after earlier work prototyped social systems
with simulated communities (Park et al., 2022). Economics
arrived independently, re-running classic behavioral experi-
ments on LLM subjects and checking the results against the



published human ones (Horton, 2023); conditioned on demo-
graphic backstories, sampled responses track subpopulation
distributions (Argyle et al., 2023). The aim is agents whose
behavior matches people’s in any situation, and the standard
in this early work was believability or aggregate fidelity: no
particular person was being modeled.

The models. Two lines. The prompted line supplies the person
in context: a demographic profile (Argyle et al., 2023), or a two-
hour interview transcript, which is what the agents of Park et al.
(2024) are conditioned on. The trained line moves the person
into weights. HumanLM trains a simulator to align a latent user
state (stance, emotion) with the person’s actual responses rather
than imitate surface text (Wu et al., 2026); HumanLLM fine-
tunes on the longitudinal public traces of 282K accounts (Lei
et al., 2026); OdysSim builds a foundation model for behavior
simulation outright (Zhou et al., 2026). Training is displacing
prompting.

Training. The trained line post-trains a language model. Hu-
manlLM fine-tunes on persona, situation, and response triples
and then optimizes, by reinforcement, the alignment of a la-
tent user state with the person’s actual responses (Wu et al.,
2026). HumanLLM fine-tunes on its per-account traces and
then merges the result one-to-one with the original weights to
limit forgetting of general capability (Lei et al., 2026). As in
HCI, the behavior enters at adaptation time; the pretraining is
on text.

The formula. The field’s data takes the shape HumanLLM makes
explicit, triples of persona, situation, and response (Wu et al.,
2026), a schema the interview agents fit without stating. The sit-
uation often includes an environment, sometimes a closed one
with a fixed set of options, a survey item or a game move. The
model is

pLLM(y | S, 7Tu)7 &)

a response ¥ to a situation s given a supplied persona 7, rather
than a learned representation. Input and output alike are lan-
guage tokens.

How it is measured. The yardsticks are the most person-
grounded of the three fields. Park et al. (2024) interview 1,052
people and grade the agent by normalized accuracy: its accu-
racy on held-out survey responses divided by the accuracy with
which the participants replicate their own answers two weeks
later; interview-conditioned agents reach 0.83 of that ceiling.
HumanL.M ships a 26K-user benchmark scoring alignment
against held-out responses (Wu et al., 2026); trained simulators
are also scored on out-of-domain social benchmarks (Lei et al.,
2026), and OdysSim ships a capability taxonomy (Zhou et al.,
2026). Elicited data, interviews and experiment trials, is the
substrate throughout; the trained line is beginning to add public
traces.

Limitations. Three. Grounding: a described persona is not the
person. Prompted models reflect the opinions of some demo-
graphic groups far more than others (Santurkar et al., 2023),

their survey answers carry artifacts of their own (Dominguez-
Olmedo et al., 2024), and the line separating the positive re-
sults from the nulls is conditioning on an individual’s actual
data. Sensitivity: simulators diverge from humans under small
rewordings of the same task (Schroder et al., 2025). Confidence:
validation practice across the field is thin (Larooij and Tornberg,
2026), and no simulator reports calibrated confidence in what it
predicts.

2.3 Prediction and recommendation

Origin and aim. Recommendation predicts what a person will
engage with next, from what they and others engaged with be-
fore. Its history is a sequence of four pivots, each answering a
limit of the last.

Filtering. Content-based filtering, an outgrowth of infor-
mation retrieval, describes items by their features and matches
them to a profile of what a person has liked; retrieval is the
query-present case of the same problem (Belkin and Croft,
1992). Collaborative filtering answered content’s limit by
using other people’s reactions: people who agreed in the past
tend to agree again (Goldberg et al., 1992; Resnick and Varian,
1997). It worked because the signal is cheap and everywhere,
and Amazon’s item-to-item version made the field industrial
(Linden et al., 2003). The Netflix Prize made matrix factoriza-
tion the standard method: a person as a learned vector, a rating
as its product with an item vector (Koren et al., 2009), a form
psychometrics had written decades earlier (Table 4).

Deep learning. Wide & Deep named the field’s central
tension and marked its turn toward generalization: a wide part
memorizes specific co-occurrences, a deep part generalizes
through learned embeddings, and the two are trained jointly
(Cheng et al., 2016). YouTube reformulated recommendation
as extreme multiclass classification over a deep network (Cov-
ington et al., 2016), and attention over the user’s action history
followed (Zhou et al., 2018).

Sequence models. The objective became autoregressive:
predict the next item from the sequence so far, with recurrent
networks (Hidasi et al., 2016) and then transformers (Kang
and McAuley, 2018; Sun et al., 2019). The person’s represen-
tation became the sequence model’s state, and that state was
pretrained and transferred: across tasks (Yuan et al., 2020),
across a retailer’s surfaces (Shin et al., 2021), and as one user
embedding serving a whole platform (Pancha et al., 2022). The
term foundation model was not yet in use; the practice was.

The generative turn. After the success of large language
models, researchers sought to bring their general world knowl-
edge into recommendation, and with it the whole recipe: atten-
tion, autoregressive prediction, pretraining, and post-training
with rewards. PS5 cast recommendation as text-to-text (Geng
et al., 2022); TIGER replaced item IDs with semantic IDs,
learned codes an autoregressive model can generate (Rajput
et al., 2023); HSTU recovered power-law scaling on raw event
streams (Zhai et al., 2024). Deployment followed: PLUM
adapts a pretrained language model to semantic-ID retrieval at
YouTube (He et al., 2025), OneRec replaces Kuaishou’s cas-



cade with one end-to-end generative model (Kuaishou OneRec
Team, 2025), later released as open checkpoints (Zhou et al.,
2025), and LLM-backed rankers at Netflix and JD beat mature
production baselines (Li et al., 2026; Zou et al., 2026).

Training. This is the one field that pretrains on behavior, and
its pipeline mirrors the language model’s. OneRec builds a to-
kenizer, pretrains by next-token prediction over semantic IDs
on the event stream, roughly 18 billion samples a day, and then
post-trains by on-policy reinforcement with preference, format,
and industrial rewards (Kuaishou OneRec Team, 2025). PLUM
starts from a pretrained language model, expands its vocabu-
lary with semantic IDs, continues pretraining on a half-behavior,
half-metadata corpus, and then fine-tunes for retrieval with a
reward-weighted loss (He et al., 2025). OpenOneRec aligns
item tokens with text, co-pretrains, and adds a distillation stage
in post-training to restore general reasoning (Zhou et al., 2025).
HSTU trains in one pass over the streaming log and reports no
post-training at all (Zhai et al., 2024).

The formula. Recommendation predicts the next item from the
interaction sequence itself:

po(tet1 | 41:t) (6)

the field in which the representation is routinely learned from
behavior at population scale: z,, is the sequence model’s hidden
state, exactly the fy(h,) of Eq. 2. The prior is population co-
consumption absorbed into €; the generative line adds a text
prior. The deployed models’ exact objectives are inventoried in
Table 4.

Tokens. Unlike the other two fields, recommendation chooses
its token. Raw item IDs carry no content, so a new item starts
from nothing. TIGER’s semantic ID quantizes an item’s con-
tent embedding into a short code, so similar items share a pre-
fix and a new item has a code from the day it is listed (Rajput
et al., 2023). PLUM’s tokenizer adds a contrastive term over
co-engagement, so the code reflects both what an item is and
who else chose it (He et al., 2025). OpenOneRec interleaves
such codes with natural language in one language-model con-
text (Zhou et al., 2025). The arc runs from IDs a language model
cannot read to tokens it can.

The tokenizer is where much of the downstream perfor-
mance is decided, and the field says so. PLUM states that
the efficacy of a generative retrieval model “is fundamentally
dependent on the semantic richness and structural integrity” of
the semantic IDs, and spends a whole pretraining stage ground-
ing the new tokens so they are “aligned with existing text
tokens of the base language model” (He et al., 2025); OneRec
rebuilds its tokenizer around collaborative signal because codes
from content alone reconstruct items poorly (Kuaishou OneRec
Team, 2025). The codes also constrain what the model can
express: because generation walks a tree of codes, items that
share a prefix receive similar probabilities for any user, and
the model cannot represent some preference patterns that plain
collaborative filtering captures (Hou et al., 2026). Catalogs

change daily, so the codebook has to be maintained against
drift as well as built.

How it is measured. Offline, by Recall@K and NDCG@K on
held-out interactions, with Amazon Reviews and MovieLens
the academic defaults (Rajput et al., 2023); online, by A/B lifts
in engagement, the standard that decides deployment (Zhai et al.,
2024; Kuaishou OneRec Team, 2025). The gap between the
two is a standing problem the field names as such (Bougie et al.,
2026). Open logs at billion-event scale now exist (Yandex, 2025;
Nietal., 2025; Yuan et al., 2022), and two instruments approach
a standing benchmark: NineRec for transfer across domains
(Zhang et al., 2023) and RecIF-Bench, eight tasks from predic-
tion to reasoning released with OpenOneRec (Zhou et al., 2025).

Computation and efficiency. Recommendation serves far more
queries per second than a chat assistant and trains on more
events than there are words on the web, so it is engineered
for cost, and the generative turn was partly an efficiency gain.
Aggregating the deployment reports: model-FLOPs utilization
rose from single digits under the classical cascade (4.6% for
Kuaishou’s ranking stack, 3.3% for its search stack) to the mid-
twenties end to end, against roughly 40% for language-model
training; operating expense fell to a tenth for recommendation
and by three quarters for search; parameters moved out of
embedding tables and into the network, 0.4% of parameters in
the network for YouTube’s embedding model against 90% for
PLUM; and the sequence encoder runs 5 to 15 times faster than
a standard transformer at long sequence length, which is what
let Meta serve a 285-times more complex ranking model within
a constant inference budget (Kuaishou OneRec Team, 2025;
Chen et al., 2025; He et al., 2025; Zhai et al., 2024). Behavioral
models are cheaper per query than language models and, so far,
less efficient per FLOP.

The trajectory. Retrieval and filtering were argued to be one
problem in 1992 (Belkin and Croft, 1992). In 2025 the com-
pany behind OneRec deployed the same generative recipe for
search (Chen et al., 2025), and Netflix’s ranker reads the user
as verbalized context: the problem shifts “from feature engi-
neering to context engineering,” and “innovation moves up a
level: from per-task architecture design to questions of data,
scaling laws, post-training strategy, and inference optimization”
(Li et al., 2026). Search conditions the person-model on an
explicit query, recommendation on none, and chat elicits the
query interactively; the three are converging into one autore-
gressive model consulted through different interfaces, one that
can be steered in natural language and that generalizes to a cold
start. The convergence runs one way so far: recommendation
absorbed the language models’ playbook, and nothing recogniz-
able has flowed back. §4 takes up the reverse.

Limitations. D1 to D3 hold at population scale, with z,, learned
from behavior alone and scaling laws to show for it (§3.3). Gen-
eralization has been demonstrated within one platform’s sur-
faces and, through content tokens, across catalogs (Zhang et al.,
2023; Zhou et al., 2025); it has not been demonstrated beyond



that, which is not the same as being impossible. The field’s
own description of itself is the point to hold: constrained by iso-
lated data, today’s recommenders “operate as domain special-
ists” (Zhou et al., 2025). §5 returns to it.

3 A foundation model of human behavior

Each field’s models satisfy the definition of §1.4. HCI’s
next-action predictors train on a person’s screen stream (D1),
by next-action prediction (D2), into a per-user memory and
weights (D3), serving prediction and assistance (D4). Trained
simulators train on elicited responses and public traces, by
predicting the response, into weights, serving prediction and
simulation. Recommenders train on interaction logs, by next-
item prediction, into a hidden state, serving retrieval, ranking,
and cold-start scoring; the field already calls these models foun-
dation models, with or without a language-model backbone
underneath (Netflix Technology Blog, 2025; Zhou et al., 2025).
One difference the training paragraphs of §2 expose: only
recommendation pretrains on behavior. HCI and simulation
post-train a language model on it, so strictly, in those two fields
the foundation model is the language model and the behavioral
stage is adaptation. Recommendation has built a foundation
model from behavior; the other two have adapted one to it. The
question that remains is whether one model underlies the three,
and the formulas say it does.

3.1 One model, three settings

The paper’s model is Eq. 1, restated:

Pa(at+1 | hu)7

predict what the person does next from their stream. Each field’s
formula collapses into it once the stream is written out.

The stream, written out. The stream h,, of §1.2 has four parts,
hu = (7ru» E» S1:t+1, al:t) : (7)

the persona m,, what is known about the person before the
record begins; the environment E, the setting and its rules, a
catalog, an app, a survey instrument, a game world; the situa-
tions s1.;4+1 the person was in, the current one s;4; last; and
the actions a;.; they took. Eq. 1 predicts a;y1, the action in the
current situation, from all four. Memory is not a fifth part but a
summary of the four that a system keeps because it cannot hold
the whole stream.

How each collapses into it. Each field’s equation is Eq. 1 with
the stream cut down to the part that field keeps:

Rec. p(irt1 | i1:4) = plasgr1 | ar:e) ¥
HCI p(aiy1 | mu, ¢r) = p(ai+1 | g(hu), St41) )
Slm p(y ‘ S, ﬂ—’u) = p(a‘tJrl ‘ Ty E7 St+1) (10)

Left of each equals sign is the field’s formula as §2 wrote it;
right of it is Eq. 1 with the stream of Eq. 7 cut down to the parts

shown. The equals sign means the same model with the stream
restricted: the sides range over different events, items, screen
actions, responses, and the identity is one of form. Recommen-
dation keeps the actions: the items are the actions, and the envi-
ronment, the catalog they are drawn from, is fixed; persona and
situation are dropped, or partly tokenized: OneRec feeds user
identity, age, and gender through a static pathway (Kuaishou
OneRec Team, 2025), PLUM’s prompt carries channel, watch
time, and time since the last watch (He et al., 2025), and HSTU
interleaves contextual features with actions (Zhai et al., 2024).
HCT keeps the current situation, the screen ¢; = s;41, and sum-
marizes everything else into the memory m, = g(h,,). Sim-
ulation keeps the current situation s and the environment, and
has the persona 7, supplied by the experimenter, a profile or an
interview, rather than computed from a record; the response y
is the action. A language model is Eq. 8 with words as actions.

What this shows. Each of Egs. 8—10 is Eq. 1 with parts of the
stream removed, summarized, or supplied, and that is the only
way the fields differ. That difference is memory and context en-
gineering, which § 1.2 sets aside; with an unbounded stream and
memory solved, the four are the same equation. When trained,
each field fits Eq. | on the next event, by maximum likelihood
in the recommenders, the same fit a language model uses, or
by a reward scored on the predicted event in LongNAP and Hu-
manLM; the prompted routes evaluate it without training. The
loss each paper actually writes, sampled, masked, or reward-
weighted, is in Table 4. The collapse is an identity of form, not
a result, and the paper claims nothing more from it. What it
does not show is that the fields learn the same representation of
the person. Whether the cut-down stream costs anything is the
empirical question the rest of the paper turns on.

3.2 The delta over a base language model

Table 1 collects, one measurement per field, what grounding the
model in a person’s own data adds over the base model’s prior.
Each row has its own metric, so the table ranks nothing across
rows. The deltas are real in every field, smallest where the target
is a stated response the base model can already approximate,
and largest where the target is a revealed action on a real log.
None of these measurements says whether the gain generalizes
beyond the task it was measured on. No evaluation of the three
fields’ models on one task set exists; §4.1 says what it would
need.

3.3 Scaling laws

Language loss falls as a power law in parameters, data, and com-
pute (Kaplan et al., 2020; Hoffmann et al., 2022). Where behav-
ioral papers publish fitted exponents, the numbers are close to
the language ones. Compute-optimal allocation on 115 billion
medical events gives N oc C?529 and D oc C?-%12, against 0.49
and 0.51 for text (Epic Cosmos and Microsoft Research, 2025;
Hoffmann et al., 2022); a sequential recommender’s loss falls
faster in model size than a language model’s, exponent 0.121
against 0.076 (Zhang et al., 2024b; Kaplan et al., 2020); a self-



Field System Base LLM Grounded / Metric
trained

HCI  LongNAP prompting +39% (one user); judged simi-
+13% (new users) larity

Sim.  Interview demographics, interview in con- normalized

agents 0.74 text, 0.83 accuracy
Sim.  HumanLM prompted, imita- +16.3% response
tive alignment
Rec. PLUM LLM init, 0.23  behavioral pretrain- recall@10
ing, 0.28

Rec. AlignUSER GPT-4.1,21.5% trained 8B, 52.9% next-action

accuracy

Table 1: Gain over a base language model, one row per measure-
ment and one metric per row. Sources: Shaikh et al. (2026);
Park et al. (2024); Wu et al. (2026); He et al. (2025); Bougie
et al. (2026).

published calibration on event sequences tilts the allocation to-
ward parameters, 0.617 and 0.383, with the data-to-parameter
ratio falling from 344 to 36 as compute grows (Briiel Gabriels-
son, 2026b). Several more report the power law without publish-
ing an exponent: HSTU across three orders of compute, OneRec
from 0.015B to 2.6B parameters, CLUE on 50 billion behavior
tokens, Wukong past 100 GFLOP per example, and SimBench’s
fidelity log-linear in model size (Zhai et al., 2024; Kuaishou
OneRec Team, 2025; Shin et al., 2023; Zhang et al., 2024a; Hu
et al., 2025). Two qualifications. Scaling is task-dependent:
Netflix fits an offset power law per task and finds some tasks
near their fitted ceiling within the observed range while others
keep improving (Xu et al., 2026). And every fitted law carries
an irreducible term (Hoffmann et al., 2022), which for a person
is the person’s own inconsistency, the ceiling Park et al. (2024)
already divide by. Scale is not what is missing.

3.4 Data composition

For language the corpus existed before the models did (§1.3).
For behavior it does not, and Table 2 shows the shape of what
exists: the corpora with consent see tens or thousands of people,
and the corpora with millions see one platform or one record
type. A pretraining corpus for language is organized by doc-
ument; a person’s traces are scattered across it, unlinked, and
never presented as a sequence, which is why an LLM meets D3
only in context. Every behavioral pipeline begins by undoing
this, assembling person-major sequences (Lei et al., 2026). The
unit of the language corpus is the document; the unit of the be-
havioral corpus must be the person.

4 Direction from here

The goal of §1.2 is a computer that understands people. §3
showed three fields fitting one model to three slices of a person’s
stream, which is the case for unifying them: the slices belong
to the same equation, so the data that produces them belongs in
one corpus and one model. Architecture, objective, and scaling
are settled to the standard of the other fields. The corpus and the
evaluation are not, and the directions below are the steps from

the three slices back to the whole.

4.1 Data

No corpus in Table 2 is longitudinal, cross-context, population-
scale, and consented at once. Four things follow.

* Breadth. The same person observed across contexts.
Within a company the join is free and has been published
(Yuan et al., 2020, 2022); across companies no join exists.
The alternative is the consented panel: people who carry
their own streams across platforms, as GUM’s partici-
pants did on their own devices (Shaikh et al., 2025). A
panel of thousands is enough to measure cross-context
transfer, not to pretrain on.

* Depth. Long, rich per-person sequences. The evidence
is consistent across fields: user-representation quality
grows smoothly with input sequence length (Shin et al.,
2023), information gain is non-decreasing in history
length (Jiang et al., 2026), the industrial frontier is life-
long sequences at lengths in the thousands (Pi et al.,
2019; Zhai et al., 2024), and shuffling a month of history
costs a next-action predictor accuracy (Shaikh et al.,
2026). The trade between depth and breadth at a fixed
budget has not been measured.

e Consent. A Dbehavior stream identifies its author
(Narayanan and Shmatikov, 2008), so de-identification
is not a privacy mechanism for this data; consent at
collection and the person’s ability to read and revise the
model (Shaikh et al., 2025) are.

Evaluation. G(z) is undefined until the task set is fixed
(§1.2). Each field has a candidate benchmark (Zhou et al.,
2025; Zhang et al., 2023; Hu et al., 2025; Huang et al.,
2026; Toubia et al., 2025); none spans fields, and only the
interview-agent protocol grades against the person’s own
consistency (Park et al., 2024). A standing benchmark
needs both.

4.2 A common language for the stream

Eq. 7 names four parts. A model can train across the holders
of a person’s data only if all four arrive in one token language,
and that is the mission this paper’s directions reduce to: every
holder tokenizes its slice of the stream, the tokens connect, and
one model serves the fields’ tasks. Today each field has solved
one part its own way. Recommendation tokenized the action
and is starting on the situation (§2.3); HCI captions the screen
into language; simulation writes the persona and the situation
as text. Language is the common denominator they are drifting
toward, and OpenOneRec’s interleaving of item codes with text
is the first model that reads two of the parts in one context (Zhou
et al., 2025).

The precedents say a shared vocabulary is what lets a model
cross walls. Medicine got cross-country transfer once every
event was an ICD code (Shmatko et al., 2025); pharma feder-
ated once every molecule was one fingerprint (Heyndrickx et al.,



Corpus People Contexts covered Span per person Access

GUM (Shaikh et al., 2025) 18 everything on one device days research consent

LongNAP (Shaikh et al., 2026) 20 everything on one screen one month research consent

Interview agents (Park et al., 2024) 1,052 a whole life, elicited two hours, retest at research consent
two weeks

Twin-2K-500 (Toubia et al., 2025) 2,058 500 questions, elicited four waves research consent

SocSci210 (Kolluri et al., 2025) 400K 210 experiments, elicited one session research consent

HumanLLM traces (Lei et al., 282K accounts

public posts, four platforms

account history

public, unconsented

2026)

Tenrec (Yuan et al., 2022) M four surfaces, one company log window open release
Yambda (Yandex, 2025) 1M one music platform 11 months open release
MicroLens (Ni et al., 2025) 34M one video platform log window open release
Kuaishou (Kuaishou OneRec Team, platform scale one video platform lifelong log private

2025)

life2vec (Savcisens et al., 2024) 6M health, work, income, residence, education ten years registry, restricted
CoMET (Epic Cosmos and Mi- 118M health records, 310 systems patient history private

crosoft Research, 2025)

Delphi-2M (Shmatko et al., 2025)  0.4M + 1.9M disease history decades biobank, registry

Table 2: The corpora the surveyed models train on. No row has many people, many contexts of a person’s life, a long span, and

research consent at once.

2024). Behavior has no such standard for any of its four parts.
The nearest existing piece is the semantic ID: a tokenizer built
on a public content encoder gives every silo a common code
for the action, each silo tokenizes locally, and what leaves is a
sequence of codes rather than a log (Rajput et al., 2023). The
persona, environment, and situation have no equivalent yet.

Once a language exists, two routes to training across holders
are visible. Federated training: MELLODDY had ten compet-
ing pharmaceutical companies pretrain jointly without sharing
data, and each improved (Heyndrickx et al., 2024); federated
pretraining has been demonstrated for language models (Sani
et al., 2024) and not yet for behavioral ones. Translation be-
tween representations: the user embeddings each silo already
holds could be mapped into one space rather than retrained from
pooled data, on the evidence that representations of scaled mod-
els converge (Huh et al., 2024). Both need the language first.

4.3 Learning from recommenders

§2.3 ended on a one-way flow. PLUM states the forward prob-
lem: language models are not pretrained on user behavior, so
adapting them to recommendation means teaching them a do-
main (He et al., 2025). The framing takes for granted that be-
havior is a domain to be taught, never a modality to learn from.
Nothing in the recipe forbids the reverse: behavioral tokens
can share a context with text (Zhou et al., 2025), a person can
enter a language model as a learned embedding rather than a
prompt (Ning et al., 2024), and a recommender’s grounding is
revealed rather than stated preference, the signal §1.4 says text
lacks. Why has no language model been shown to gain knowl-
edge of people from behavior? Either nobody measured it, the
behavioral data is too narrow, the knowledge forms but has no
path into the language circuits, or nothing person-shaped forms
at all. The first is the cheapest to eliminate: OpenOneRec ships
checkpoints with base models of the same sizes, and the simu-
lation benchmarks are the person-task suites. If the transfer is
zero, behavioral models remain a parallel line; if it is positive,

behavioral data is the pretraining substrate that follows text.

5 Discussion

Domain specialists. This is the paper’s point, so it is worth stat-
ing in full. The field that has the data, population-scale, longitu-
dinal, revealed behavior, produces specialists: the leading open
recommender describes its own field as constrained by isolated
data and operating as “domain specialists” (Zhou et al., 2025).
The fields that show general behavior, an agent answering a sur-
vey it never saw, an assistant predicting an action on a new app,
get it from text: they post-train a language model, and the gener-
ality is the language model’s (§3). So the two halves of a foun-
dation model of human behavior both exist, and they are held
apart. Recommendation has behavioral pretraining and lacks
breadth; HCI and simulation have breadth and lack behavioral
pretraining. Neither can reach the other with what it has. A rec-
ommender cannot become general by scaling on one platform’s
log, because generality across a person’s contexts requires ob-
serving those contexts (§3.4), and a language model cannot be-
come behavioral by prompting, because the per-person stream
is not in text (§1.4, Table 1). A foundation model of human
behavior is what results when behavioral pretraining at recom-
mendation’s scale runs on a stream that spans the contexts the
other two fields work in. The specialist reading, that behavior
is bound to its context and a general model of a person is a cate-
gory error, predicts the same present as this paper does; the two
predict different futures, and only a cross-context corpus in a
common language (§4) separates them. Put simply: specificity
buys prediction, a foundation model buys generalization, and
the way to have both is one token language for the stream and
one model trained on all of it.

The goal. None of this is for its own sake. The aim set in §1.2
is a computer that understands a person, meaning one that can
predict or simulate what they will do in any situation, and a
universal representation matters only as the means to that: the



common language and the corpus are how the stream that test
requires gets assembled.

Text sufficiency. The competing null is that a frontier language
model with the right context is all that is required. It holds
for population-level and stated-response tasks and fails for per-
person revealed behavior (Table 1), and the boundary between
the two is itself the measurement the field should make.

Limitations of this survey. Three fields were chosen, and health,
finance, advertising, and mobility enter only where they bear on
scaling and transfer. Two of the three fields’ leading systems
come from one research group, so some of the agreement re-
ported is shared practice rather than independent arrival. Most
industrial results are self-reported by the platforms that built the
systems and have not been replicated outside them, and one scal-
ing study is a company blog post. The reduction of §3.1 is an
identity of form, and the deltas of Table 1 are measured on in-
commensurate metrics, so the cross-field comparison is qual-
itative. There is also a standing argument that generalization
in recommendation is limited by nature: that behavior on one
platform, in one catalog, under one interface, is too bound to its
context to carry over, and the working optimum is a specialist re-
trained often. The evidence against it is that a model pretrained
on one platform’s logs transfers to ten catalogs it never saw, at
+26.8% average Recall@10 (Zhou et al., 2025), which is gen-
eralization across contexts of the item if not yet of the person;
we read the objection as a claim about today’s corpora rather
than about behavior, and §4.3 is where it gets tested in the other
direction. Much of the cited work is a 2025 or 2026 preprint;
every claim was checked against its source, and the field moves
faster than a survey does.

Risks. The representation that serves a person is the represen-
tation that profiles them: private traits are predictable from
records of Likes (Kosinski et al., 2013), targeting built on such
predictions moves behavior (Matz et al., 2017), and language
models infer personal attributes from text (Staab et al., 2024).
Generality makes profiling a side effect rather than a design
choice, so the governance question is who runs the model and
under what consent.

6 Conclusion

We began with a goal that psychology, cognitive science, sociol-
ogy, anthropology, and economics have each pursued and none
has reached: a computer that understands people, meaning one
that can predict or simulate what a person will do in any situa-
tion. Deep learning reached goals of that kind in other domains
once three things were in place: a generic objective, a model
that scales under it, and a corpus large enough to scale on. For
language the three arrived together, and understanding fell out.

This paper’s finding is that for people, two of the three are
already in place. The objective is next-action prediction over
a person’s stream, Eq. 1, and three fields have been fitting it
without saying so, each with the stream cut down to the part it
can see (§3.1). Scaling holds wherever the data is dense, with

exponents close to the language values (§3.3). The third thing
is missing, and it is missing in a specific way. The population-
scale data sits inside single platforms and produces domain spe-
cialists; the cross-context data sits with tens or thousands of con-
senting people and is too small to pretrain on; and no common
token language joins them (§3.4, §4).

That is the vector. The claim is not that a model of people is
assured. It is that, for the first time, the problem has the shape of
the ones deep learning has solved, and that what stands between
the present and a foundation model of human behavior is not
an objective or an architecture but a corpus. Data is the most
important ingredient, and for behavior it is the one that has to
be built rather than found.
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A Other names for the same model

The same ambition travels under many names, coined in communities that have not reconciled their vocabularies. Table 3 collects
them. Rows above the rule are near-synonyms for what this paper means by a foundation model of human behavior, a model of a
person learned from behavioral traces. Rows below are false friends: they share the words but model something else (an agent’s

control policies, a digital human’s appearance and motion, the brain’s response to stimuli, an environment’s dynamics).

Term Community What it models
Foundation model of human behavior  this paper a person, from behavioral traces
Large Behavioral Model (LBM) industry human action and event sequences

Foundation model of human cognition
Generative agent

General user model (GUM)

User behavior modeling (UBM)
Digital twin (of a person)

Silicon sampling

cognitive science
HCI / simulation
HCI / assistants
recsys / industrial
simulation / industry
comp. social science

trial-level cognition (Centaur)

believable individual behavior (prompted)
a user’s context, goals, and state

user interest from interaction sequences

a specific person’s responses

population survey responses

False friends: same words, different thing

Behavior Foundation Model (BFM)
Human-Centric Foundation Model
Foundation model of the brain
World model

RL / robotics
computer vision
neuroscience
model-based RL

an agent’s control policies
digital-human appearance and motion
neural responses to stimuli (TRIBE)
environment dynamics, not the person

Table 3: Other names for the same model. Representative works: Centaur (Binz et al., 2025); LBM (Briiel Gabrielsson, 2026a);
generative agents (Park et al., 2023); GUM (Shaikh et al., 2025); UBM (He et al., 2023); digital twins (Toubia et al., 2025); silicon
sampling (Argyle et al., 2023); BEM (Pirotta et al., 2024; Yuan et al., 2025); HCFM (Tang et al., 2025); TRIBE (d’Ascoli et al.,
2026).

A.1 Stated definitions

For simplicity the main text adopts one definition; the source definitions it was weighed against are collected here.

Foundation model (Bommasani et al., 2021): “any model that is trained on broad data (generally using self-supervision at scale)
that can be adapted (e.g., fine-tuned) to a wide range of downstream tasks.”

Foundation model of human cognition (Binz et al., 2025): “a computational model that can predict and simulate human behavior
in any experiment expressible in natural language.”

General user model (Shaikh et al., 2025): amodel that infers a user’s context, goals, and state from observations of their computer
use, maintained as natural-language propositions with confidence levels.

Large Behavioral Model (Briiel Gabrielsson, 2026a): “foundation models where the co-occurrence within chronological se-
quences of human behaviors and actions defines the meaning of entities and features acted upon.”

Behavior Foundation Model (the RL false friend) (Pirotta et al., 2024): a pre-trained model of an agent’s own control policies,
adaptable zero-shot to new tasks; the behavior is the robot’s, not a person’s.

Industrial labs also describe single-domain behavioral models as foundation models (Netflix Technology Blog, 2025); under the
definition of §1.4 these satisfy D1-D3 within one platform’s traces but meet D4 only across that platform’s surfaces.

B The formulas the fields wrote

The predictor of Eq. 1 was not invented here; the fields wrote it repeatedly, in their own notation. Table 4 collects the objectives
as the papers state them (long conditioning variables abbreviated: Ctx, Hist). The recommendation entries fall into four families,
sampled discriminative, raw-ID sequential transduction, semantic-ID generation, and reward-weighted or preference-aligned; the
families differ in the event (raw ID, codeword, interleaved token), the factorization (autoregressive or masked), and the weighting
(uniform, reward, or policy gradient). Every trainable entry fits Eq. 1 by maximum likelihood; every entry is Eq. 1 with a particular
stand-in for the stream.
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System Field Objective, as written Person enters as

Rasch / IRT (Lord and psychometrics P(correct | 0y,b;) = o(0, — bs) scalar ability 6,

Novick, 1968)

MaxEnt IRL/BToM (Ziebart RL/ cog. sci. P(a| s, Ru) reward, beliefs R,

et al.,, 2008; Baker et al.,

2009)

Matrix factorization (Koren recommendation P(r |u-1) learned vector u

et al., 2009)

Language model (Bom- NLP — > logpo(wig1 | w<e) latent in weights

masani et al., 2021)

SASRec (Kang and McAuley, recommendation — 3, [log o (ro,.1) + > i¢s, log(l— o(rju))] hidden state

2018)

BERT4Rec (Sun et al., 2019) recommendation Cloze: predict masked items from both directions hidden state

HSTU (Zhai et al., 2024) recommendation  p(ai+1 | ®o, a0, P1,a1,...,Pit1) hidden state

TIGER (Rajput et al., 2023)  recommendation  seq2seq NLL over the next item’s semantic-ID codewords ~ hidden state

OneRec (Kuaishou OneRec recommendation Lnrp = — Zf;al log P (s | s®9S) sl ... s3,), then hidden state

Team, 2025) on-policy RL (preference, format, industrial rewards)

OpenOneRec (Zhou et al., recommendation next-token NLL over interleaved text and itemic tokens hidden state

2025)

PLUM (He et al., 2025) recommendation  Lspr = — Zle 7 (U, Velick) log P(sid; | context + history to-
Ctxn, Histy, sid<¢) kens

GenRec (Zou et al., 2026) recommendation page-wise next-token NLL, then GRPO over hybrid rewards hidden state

life2vec (Savcisens et al., life events masked event modeling (30%) + sequence-order prediction person embedding

2024)

Silicon sampling (Argyle simulation pum(y | 8, ), Ty a demographic backstory supplied persona

et al., 2023)

Interview agents (Park et al., simulation evaluation: acCagent/aCCself-replication (normalized accuracy) interview transcript

2024)

HumanLM (Wu et al., 2026)  simulation po(y | p,x) over {(p, 2, y)}; GRPO on judged supplied profile p
latent-state alignment

Centaur (Binz et al., 2025) cognition cross-entropy, masked to human-response tokens (QLoRA)  weights + trial context

GUM (Shaikh et al., 2025) HCI confidence-weighted propositions, no trained loss text propositions 1.,

LongNAP (Shaikh et al.,, HCI GRPO maximizing LLM-judged similarity of predicted fu- per-user memory +

2026) ture actions; retrieval decayed by e~ % weights

USER-LLM (Ning et al., recommendation cross-attention on a pretrained user-encoder embedding latent embedding

2024) /LLM

RecGPT (RecGPT Team, recommendation pg(z,y | persona, history) with curated memory written ~ persona

2026) /LLM memory

Table 4: The objectives the fields actually wrote, transcribed from the papers. Every trainable row fits Eq. 1 by maximum likelihood;
the rows differ in the event, the factorization, the weighting, and what stands in for z,,.
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