arXiv:2610.13603v1 [cs.LG] 9 Oct 2026

A small cognitive core explains human behavior at
scale

Marcel Binz"?*, Eric Schulz!

nstitute for Human-Centered Al, Helmholtz Munich, Neuherberg, Germany
2Max Planck Institute for Biological Cybernetics, Tiibingen, Germany

*To whom correspondence should be addressed; E-mail: marcel.binz@tuebingen.mpg.de.

Psychology has proposed many principles of cognition. Each, however, was
developed in isolation, leaving their combined explanatory power unknown.
We assembled a small set of established principles into one model, which we
call COntextual Retrieval and Encoding (CORE). CORE consists of a hierarchy
of episodic memories into which prediction errors are written and whose en-
coding, retrieval, and forgetting depend on context. Fitted jointly to 7,036,442
choices from 137 experiments, the model predicts human choices better than
black-box models and reproduces 75% of reported behavioral effects when
simulated. Moreover, its latent variables show classic signatures of Bayesian
learning and event segmentation. Taken together, these findings suggest that
a small cognitive core accounts for much of human behavior. They also open
a path toward making psychology more than the sum of its parts, by building

computational models on the entire experimental record.
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Introduction

A chief aim of cognitive science is to discover the computational principles that give rise to
human behavior. More than a century of research has produced many candidates, and there
is much we already know about individual mechanisms that seem important. For example, we
know that associations strengthen when events co-occur (/), that learning is driven by prediction
errors (2), and that representations are organized hierarchically (3). What is missing, however,
is an estimate of their combined explanatory power: how much of human behavior can these
principles, taken together, explain?

The most direct way to answer this question is to build a single computational model based
on a small set of such principles and test it against human behavior across a broad range of
experiments (4, 5). The ingredients for this are now finally in place: large-scale data sets of
human behavior, expressive and meaningful computational models, and the compute to actually
train them. A model of this kind must meet two requirements. It must be built from cognitively
meaningful principles, and it must capture behavior across paradigms. To date, no model meets
this standard. Existing approaches fall into two categories: domain-specific cognitive models
that are interpretable but confined to a single paradigm (2, 6, 7) and large-scale predictive models
that capture behavior across paradigms but remain black-box engines (8).

We introduce the COntextual Retrieval and Encoding (CORE) model, combining the in-
terpretability of cognitive models with the breadth of predictive models. CORE consists of a
hierarchy of episodic memories into which prediction errors are written and whose encoding,
retrieval, and forgetting are all context dependent. Each individual component has a long his-
tory in cognitive science (/-3, 9—12), but their joint explanatory power has not previously been
tested across a broad range of human behavior. CORE operates directly on natural language

transcripts of experimental sessions, allowing the same model to be fitted across paradigms.



We show that this small set of principles actually brings us quite far in explaining human
behavior. Fitted jointly to 137 experiments involving 7,036,442 choices in 80,452 experimental
sessions, CORE predicts human choices well compared to standard machine learning archi-
tectures, such as Transformers (/3), and black-box foundation models of cognition, such as
Centaur (8). Furthermore, we find that, when simulated, CORE reproduces 75% (50 out of 67)
of behavioral effects identified in the corresponding studies.

Taken together, our work suggests that a surprisingly small cognitive core can account for
much of human behavior, and establishes a framework for testing theories of cognition not one
experiment at a time, but against large portions of the behavioral record at once. We believe
that this approach can move psychology from a loose collection of theories toward an actually

unified account of the human mind.

Results

COntextual Retrieval and Encoding (CORE). Let us suppose we wanted to build a cogni-
tively meaningful model that captures human behavior across the full range of psychological
experiments. Which components should such a model contain?

First, it needs to handle experiments that differ widely in their stimuli, instructions, and
response formats. Natural language provides an input format that allows us to express many
different experimental paradigms, making it a suitable choice for the model’s representation.
Next, the model needs a memory that can store experiences and retrieve them when they become
relevant. Importantly, what is being stored, retrieved, and forgotten should depend on the current
context, because what is relevant may change over time. The model should also rely on what it
already knows instead of repeatedly storing the same information. Finally, it should represent
information in an efficient, hierarchical manner, from simple low-level features to more abstract

concepts.
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Fig. 1. The CORE model. (A) CORE reads the transcript of an experimental session (instruc-
tions, stimuli, feedback, and the participant’s own responses) converted into a sequence of
phonemes. (B) The phonemes are embedded and passed through a stack of memory layers,
each of which adds its output to its input; a linear read-out followed by a softmax predicts the
next button press. (C) Each memory layer computes a key, a query, a forgetting factor, and a
learning rate from its current input, which makes every operation contextual. Encoding: the
memory is decayed feature-wise and a new association between a value and a key is added,
scaled by the learning rate (Eq. 1). Prediction errors: the value is the difference between the
input and what the memory predicts for the current key (Eq. 4). Retrieval: the query reads out
the written values whose keys match it (Eq. 3).

CORE brings these components together in a single model, building on ideas with a long
history in cognitive science (Fig. 1). It reads a transcript of an experimental session that contains
all the information the participant had access to (instructions, stimuli, previous responses, and
feedback) and responds with button presses (A—Z). When processing an experiment, CORE first
converts its transcript into a sequence of phonemes, in line with models of speech perception
that operate on phoneme-based representations (/2). Each phoneme s; is then mapped onto a
learned d-dimensional embedding x; (14, 15).

Following distributed accounts of human memory, information is written into an episodic



memory that takes the form of an associative matrix H, € R%*? (9—11). In each time-step,
the existing memory content H; ; is multiplied by a feature-wise forgetting factor c; and a
new association between a value v; and a key k; is encoded using a Hebbian outer-product
rule (7,9, 10, 16):

H, = H,_, diag () + diag (8,) vi k/ (1)

What is written, and how strongly, depends on context (17, 18). Keys, forgetting factors, and

learning rates 3, are all computed from the current input:

ki = ¢ (W x,)
Q=0 (Wa Xt) (2)
B, =0 (WB Xt)

where ¢ denotes a nonlinearity followed by normalization to unit length, and o a nonlinearity
that maps onto values between zero and one.

To read from memory, CORE computes a context-dependent query q; = ¢ (W?x;). Echoing
classic models of memory retrieval (/9), it then returns the stored values, weighted by the
similarity between their keys and the query:

t t
yi=H;q; = (;diag (B:) vi R:) q = ;diag (B;) vi (R: Qt) 3)

k; = diag () - - - diag (ci1) ks
where k; is the key written at step 7, with each feature decayed by the forgetting that has hap-
pened since.
What is written into memory are not the inputs themselves but — as proposed in associative
learning theory (2) — prediction errors between the input and what the memory retrieves for

the current key (20, 21):

Vi =X — }_Itfl diag () ky @)

prediction from memory



Lastly, CORE stacks multiple of these associative memories on top of each other, reflecting
the idea that cognition operates over multiple levels of representation (3). The output of the
final layer is transformed with a linear mapping followed by a softmax into a probability for
each button press.

We fit CORE using maximum a posteriori estimation on Psych-201, a large-scale col-
lection of psychological experiments from domains such as reinforcement learning, decision-
making, category learning, and social interaction (22). For our analyses, we focus on experi-
ments in which participants respond via button presses (137 experiments from 62 studies; the
training set comprises 7,036,442 choices in 80,452 experimental sessions).

To evaluate the resulting models, we rely on two metrics. The negative log marginal likeli-
hood (NLML) measures how improbable the data are when averaging over all possible weights
of a model, weighted by their prior probability (23, 24). The predictive negative log-likelihood
(PNLL) measures how well the fitted model predicts human choices in held-out sessions. We
compare CORE against standard machine learning architectures — such as Transformers (/3)
— and black-box foundation models of cognition — such as Centaur (8) — as well as against

ablated versions of itself.

CORE captures human choices across paradigms. We found that CORE predicts human
choices well compared to several baselines (Fig. 2A-B). It achieves both a lower negative log
marginal likelihood (3,498,133 vs. 4,592,031) and a lower predictive negative log-likelihood
(262,572 vs. 329,043) than a Transformer-based sequence model of matched configuration.
CORE also predicts held-out choices better than Centaur (262,572 vs. 389,151) — a large lan-
guage model fine-tuned on human behavior that has been shown to outperform domain-specific
cognitive models. These results hold broadly across studies: CORE predicts held-out choices

better than the Transformer in all 62 studies, and better than Centaur in 47 of them (Fig. 2C-D).
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Fig. 2. Model comparison. (A) Negative log marginal likelihood (NLML) and (B) predictive
negative log-likelihood (PNLL) of CORE, its ablations, and the baselines; lower is better. (C)
PNLL per choice of CORE against the Transformer and (D) against Centaur in each of the 62
studies; points above the diagonal are studies in which CORE predicts held-out choices better.



CORE relies on all of its components. To test whether each of CORE’s components is neces-
sary, we removed them one at a time and compared CORE against each ablated version (Fig. 2A—
B). The hierarchy proved to be the most important component (A NLML = 859,990, A PNLL
= 98,916). That is because, with a single layer, the model lacks the expressivity to capture
human behavior. Forgetting came in second (A NLML = 131,706, A PNLL = 13,483). In its
absence, old associations never fade and can only be overwritten by new ones. Phoneme-based
encoding outperformed byte-pair encoding (25), the standard tokenization scheme in modern
language models (A NLML = 110,303, A PNLL = 7,014). Even though the byte-pair model
fit the training data better (negative log-likelihood of 2,904,051 vs. 3,066,566), it generalized
worse and used considerably more embedding parameters (1,750,016 vs. 11,136). Finally, writ-
ing prediction errors instead of raw inputs improved performance as well (A NLML = 68,874,
A PNLL = 4,423). Whereas writing raw inputs adds familiar content again, prediction errors

contain only what the memory has not yet learned, thereby freeing up capacity for other content.

CORE reproduces behavioral effects. Thus far, we have shown that CORE fits human
choices well, which is a necessary but not sufficient requirement for a model of human cog-
nition. Equally important is that CORE, when simulated, reproduces the behavioral effects
observed in humans (26). We therefore simulated CORE on the experiments of Psych-201
and tested whether its simulated data show the same behavioral effects reported in the original
studies. To do this at scale, we used an agentic pipeline that implemented a simulator for each
experiment and an analysis script that tests the paper’s main effects on the resulting data. In
total, we obtained 67 effects from 47 experiments of 32 studies after filtering. We simulated
as many participants as in the original study and counted an effect as reproduced if it was
statistically significant in the direction reported in the paper (or, for predicted null effects, if it

was not significant).



Domain Reproduced Experiment Not reproduced

Exploration 11/11 (100%) — —
Reinforcement 10/11 (91%) chambon_2020_information (27) Counterfactual feedback improves performance in a
learning two-armed bandit.
Risky and 9/13 (69%) olschewski_2024_frequent (28) Preference for the more frequent winner in a sampling
intertemporal task with equal-value options.
choice
olschewski_2024_frequent (28) Preference for the more frequent winner in a sampling
task with identical outcome distributions.
olschewski_2024_frequent (28) Preference for the right-skewed option in a sampling
task without a frequent winner.
spektor_2024_absolute (29) Fewer risky choices in a loss-averse than in a
gain-seeking context.
Planning 4/6 (67%) kool _2016_when (30) Model-based planning signature in a two-step task.

feherdasilva-2023_rethinking (37) Intuitive task instructions increase model-based
planning in a two-step task.

Function and 9/14 (64%) flesch_2018_comparing (32) Blocked training reduces interference between rules
category learning in context-dependent categorization (cardinal rules).
flesch_2018_comparing (32) Blocked training reduces interference between rules

in context-dependent categorization (diagonal rules).
flesch_2018_comparing (32) Blocked training beats interleaved training in
context-dependent categorization.
binz_2022_heuristics (33) No increase in accuracies over trials in multi-cue
paired comparison with four unknown cues.

binz_2022_heuristics (33) Increased accuracies over trials in multi-cue paired
comparison.

Language and 712 (58%) gnther_2022_patterns (34) Existing compounds interpreted correctly in a
social judgment relational judgment task.
gnther_2022_patterns (34) Novel compounds interpreted systematically in a
relational judgment task.
dentella-2023_systematic (35) Ungrammatical sentences detected above chance in
grammaticality judgment.
cheung-2024_large (36) Framing effect in sacrificial moral dilemmas.
evangelidis_2022_upscaling (37) Inferior third option shifts preference toward quality

over price in consumer choice.

Total 50/67 (75%)

Table 1. Behavioral effects reproduced by simulating CORE, grouped by domain, with every
effect that was not reproduced listed. Missed effects are colored by failure mode: requires
knowledge from outside the experiment, learning dynamics, or right direction but not signifi-
cant.



CORE reproduced 50 of the 67 effects (75%; Table 1), indicating that it also mirrors qual-
itative patterns of human behavior. We observed the best match in exploration and reinforce-
ment learning, likely because these paradigms are among the most prevalent in the training data.
CORE performed worst on language and social judgment. We believe that this may be due to the
fact that many of these tasks rely on knowledge that people acquire outside the laboratory, about
language, numbers, and the world. CORE does not have access to such background knowledge
because it has only ever seen transcripts of psychological experiments. CORE also missed sev-
eral effects that concern learning dynamics: the model-based planning signature in one of three
two-step experiments, the benefits of blocked over interleaved training in context-dependent
categorization, and learning over trials in a condition where people did not learn. Finally, six of
the missed effects were in the right direction but did not reach significance. We found that some
of them are fragile in the human data as well: resampling the human participants at the original
sample size reproduced them in only 65-85% of cases.

Looking at the ablated versions, we found that a variant without hierarchy reproduced only
22 of the 67 effects: it retained simple choice preferences, but lost most effects that require
learning within an experiment. This is expected, since a single layer can only recognize famil-
iar tokens but not learn sequential contingencies between choices and outcomes. The variant
without forgetting reproduced 42 of the 67 effects. It mainly lost effects that depend on the
information of the current trial or context, such as the dependence of risk taking on the current
context, learning in contextual bandits, and the use of the current gamble’s features in risky

choice.

CORE’s latent variables are psychologically meaningful. CORE’s latent variables have a
direct psychological interpretation. To test whether they are indeed meaningful, we recorded

and analyzed them while the model performed the simulated experiments.
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Fig. 3. Latent variable analysis. (A) Learning rate 3, and (B) memory timescale 7 =
—1/log ay in tokens (log scale) per layer, over all tokens of the simulated experiments; black
ticks mark the medians. (C) Learning rate and (D) memory timescale (log scale) of a single
dimension of the fifth layer over the course of a game, each the dimension with the largest con-
sistent change (see Methods). Values are averaged over the feedback that follows each choice.
Each game is divided into five bins of equal relative length. The boundary is the text from the
end of a game’s last feedback up to the first choice of the next game. Thick lines show the mean
over experiments and thin lines show single experiments. Bands and error bars show == SEM
over experiments of the change within participants.
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We found that both learning rates and memory timescales 7 = —1/log a; (the number of
tokens after which a stored association decays to 1/e) varied within as well as across layers
(Fig. 3A-B). Lower layers showed narrow, unimodal distributions, suggesting domain-general
processes that are invariant across contexts. Higher layers showed broad and often multimodal
distributions, suggesting more specialized, context-specific processes. Learning rates decreased
with depth (Fig. 3A; median 0.44 in the first vs. 0.17 in the last layer), indicating that lower
layers track the most recent input, whereas higher layers form running averages that capture
the structure of an experiment. Memory timescales increased from the first to the fourth layer
(Fig. 3B; median 8 vs. 43 tokens). Like for the learning rates, this points to a hierarchy from
fast, local processing to slow, integrative processing.

Lastly, we asked whether CORE’s latent variables show signatures of classical learning and
memory phenomena. For this, we focused on experiments that consist of a sequence of indepen-
dent games, such as bandit problems with new reward probabilities or learning problems with a
new underlying rule. For every choice, we averaged the learning rate and memory timescale of
the penultimate layer over the feedback that followed it.

Bayesian models of learning, such as the Kalman filter, predict that learning rates should
decrease as evidence accumulates (38, 39). CORE’s learning rates also exhibited this decline.
Fig. 3C shows the dimension in which this effect was strongest. For this dimension, learning
rates decreased in 15 of the 17 experiments. The decline was not limited to this dimension
alone: learning rates decreased on average in 89 of the 128 dimensions of the layer.

Event segmentation theory holds that people maintain a model of the current event, which
they build up while the event unfolds and reset when a new event begins (40). Likewise, CORE’s
memory timescales grew within a game and collapsed at the boundaries between games. Fig. 3D
shows the dimension for which this effect was strongest: its timescale dropped by 80% at the

boundary to the next game. This effect was robust across experiments (17 of 17) and generalized
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across the layer: on average, 94 of the 128 dimensions had a shorter timescale at the boundary

than at the end of the game.

Discussion

Psychology has no shortage of principles of human cognition, and new ones are added every
year. Many of them, however, are narrow in explanatory power, i.e., they fail to generalize
beyond the specific paradigm they were developed for (47). Instead of adding more principles,
now is the time to ask a fundamentally different question: how far do the principles we already
have take us in understanding the human mind?

To address this question, we took some of psychology’s most established principles, assem-
bled them into a single model, and measured how much of human behavior they can actually
explain. We found that CORE predicts human choices better than standard machine learning
architectures and a foundation model of human cognition with five orders of magnitude more
parameters. Even more strikingly, CORE reproduced 75% of the behavioral effects reported in
the original studies, indicating that a small set of carefully selected principles can bring us quite
far.

CORE’s main components — phonemic input, associative memory, context dependence,
prediction errors, and hierarchical representations — are all well established in cognitive mod-
eling and neuroscience. The concept of storing knowledge in associative memories has a long
history, including the linear associator (9, 10), Hebbian learning (/), Hopfield networks (16,42),
the context maintenance and retrieval model (/8), and others (/7). Prediction errors are central
to many theories of human learning, from general frameworks such as predictive coding (43)
down to specific implementations like the Rescorla—Wagner model (2). Hierarchical represen-
tations feature in many lines of research, including the classic work on receptive fields and

modern connectionist models (3). CORE’s components also map onto proposals for how the
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brain implements memory (44, 45). For instance, Kozachkov et al. have shown how associative
memories — like the one CORE uses — could be implemented by networks of neurons and
astrocytes (46,47). More broadly, CORE repeats a single type of memory layer across its hierar-
chy, much like the neocortex is thought to repeat a canonical local circuit across areas (48, 49).

CORE furthermore borrows ideas from machine learning, in particular linear attention (50),
fast weight programmers (20, 51), and Gated Delta Networks (27, 52). What distinguishes
CORE from these models is what it leaves out: it contains no computation besides writing to
and retrieving from memory, which makes it possible to attribute its behavior to a handful
of principles, and nothing else. Parameter estimation at this scale relied on the flash-linear-
attention library (53), extended with a custom kernel that cut the run time from about 10 days
to about 24 hours on a single GPU.

We have shown that a few established principles can take us quite far, but there is still some
way to go. What is needed to capture the remaining 25%? CORE struggles with model-based
planning, as shown by our model simulations (54). This makes sense, given that it contains no
explicit planning mechanism. Future model iterations could incorporate such a mechanism in
several ways, for example using ideas from looped Transformers (55). There are also mech-
anisms that our method cannot detect at present, simply because the data do not support it.
Long-term memory is one example. Experiments in our data set typically span less than an
hour, so how participants learn and store information over weeks and months is never observed.
Longitudinal data would allow us to add a long-term memory to CORE, which would make it
possible to study how such a memory differs from CORE’s episodic memory and how consoli-
dation transfers information from one to the other (56).

Longitudinal data of this kind are easiest to collect outside the laboratory, in naturalistic
environments that people revisit over weeks and months. While traditional cognitive models

resist such environments, CORE is stimulus-computable (57): it operates directly on natural
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language and could be readily extended to other sensory modalities.

CORE’s principles are interpretable, but its computations are not. Instead of a full mecha-
nistic account, CORE is, in its current form, best seen as an intermediate step between classical
cognitive models and black-box systems (58). There are still components of CORE that lack a
theoretical grounding, e.g., how it computes keys, values, learning rates, and forgetting. Future
models should retain the broad behavioral coverage of CORE while replacing learned trans-
formations with independently motivated computational principles, thereby moving from an

interpretable architecture toward a complete mechanistic account.

Conclusion

Imagine a future in which every behavioral experiment ever conducted is available in a unified
format. How should we develop theories of the mind in such a world? For most of its history,
psychology has tested its theories one experiment at a time (59). This leaves most of the ev-
idence unused: each theory is constrained by a few experiments, not by the entire behavioral
record of psychology. What we have pursued amounts to a radically different paradigm: prin-
ciples are no longer tested in isolation, but assembled into a single model that is fitted jointly to
many experiments.

CORE is an initial step in this direction. It shows that a small set of established cognitive
mechanisms can account for a surprisingly broad range of human behavior when fitted jointly
across experiments. The opportunity, however, is larger than any single model. If every exper-
iment ever conducted constrains a shared model of the mind, psychology may finally become

more than the sum of its experiments.
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Materials and Methods

Data. We used a version of Psych—-201 re-transcribed by an agentic pipeline. Each experi-
ment was converted into a natural-language transcript using DeepSeek-V4-Flash (deepseek—
v4-flash-0731) (60) and verified using Claude Fable 5.1 (claude-fable-5-1) (61).
We release this version on the Hugging Face Hub: https : / /huggingface . co/
datasets /marcelbinz / Psych - 201 - discrete — agentic (training set) and
https://huggingface.co/datasets/marcelbinz/Psych-201-discrete—
agentic-test (test set). Transcripts contain all the information participants had access
to and were never truncated. Human choices are enclosed in response markers ([ HUMAN_
RESPONSE]... [/HUMAN_RESPONSE] ). We kept these markers only around button presses
and removed them around all other responses, which remain in the transcript as text but are not
predicted; sessions without any button press were dropped. The resulting data set comprises
137 experiments from 62 studies (27-37, 62—112), with 7,634,315 choices in 83,352 sessions.
Each button press was represented by a single token, and the loss was computed on these tokens
only. To this end, we added one separate token per button (A-Z) to the vocabulary of the
tokenizer, so that a button press is never split into phonemes or subwords. For each study, we

held out min(100, |0.1n]) of its n sessions as a test set (597,873 choices in 2,900 sessions).

Model. CORE converts each transcript into phonemes using the eSpeak-based phoneme tok-
enizer of wav2vec 2.0 (/5), and maps each phoneme onto a learned 128-dimensional em-
bedding. The embeddings pass through six memory layers, each of which normalizes its input
using RMSNorm (/173) and adds the output of its memory to it. Each layer consists of four
heads, i.e., independent memory modules that operate in parallel. The memory matrix of each
head starts empty (Hy, = 0) at the beginning of every session. Each head computes its own

keys, queries, learning rates, and forgetting factors (32 dimensions each) from the full 128-
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dimensional input; the outputs of the four heads are concatenated to form the output of the
layer. Keys and queries are computed with a SiLU nonlinearity (//4) followed by normaliza-
tion to unit length, the learning rate 3, with a logistic function, and the forgetting factor a; as
exp (—a - softplus(z + b)) with learned @ > 0 and b per feature. A linear read-out followed by
a softmax maps the output of the last layer onto the response buttons. The model contains no
other components and has 452,608 parameters in total. The memory update was implemented

as a chunked Triton kernel extending the flash-linear-attention library (53).

Training. All parameters were fitted jointly on the training set by maximum a posteriori
estimation, using schedule-free AdamW (/15) with a learning rate of 10~® and a decoupled
weight decay of 0.5. We trained for 100 epochs with batches of 304,500 tokens and a sin-
gle random seed. Training took about 24 hours on a single NVIDIA H100 GPU and used the

transformers library (116).

Model comparison. We approximated the log marginal likelihood with a Laplace approxi-
mation around the fitted weights, using a diagonal empirical Fisher information matrix over
all parameters and a prior precision per layer that was optimized after training (//7). The
predictive log-likelihood was the summed log-probability of all held-out choices. The Trans-
former baseline used the same configuration as CORE (128 dimensions, six layers, four heads)
but a byte-pair tokenizer (25). The ablations removed one component each: a single mem-
ory layer instead of six, no forgetting (ov; = 1), Hebbian instead of error-driven encoding
(v¢ = xy), and a byte-pair tokenizer instead of phonemes. We did not compute the marginal
likelihood for Centaur, because it is unclear how its pretraining should be accounted for. Per-
study likelihoods, behavioral effects, and example transcripts for all models can be explored at

https://core-cognition.github.io/core-model/results/.
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Experiment simulations. For each experiment, an agentic pipeline produced a simulator of
the task, which generates transcripts in the same format as the data, and an analysis script that
tests the main effects reported in the original paper. We retained experiments for simulation
and subsequent analysis based on the following criteria. First, we excluded experiments whose
simulator or original transcripts involve other responses, such as numbers, words, or free text.
We then excluded effects whose analysis depended on information the simulators cannot pro-
duce, such as reaction times, age, gender, ratings, or clinical group membership. Finally, we
kept only effects that the original human data reproduce under the same analysis. In total, this
yielded 67 effects from 47 experiments of 32 studies. CORE was simulated by sampling its
predicted distribution with a temperature of 1.0. We simulated as many participants as in the

original study, up to 1,000. Failure modes from Table 1 were assigned by hand after scoring.

Latent-variable analysis. We analyzed the latent variables of CORE while it performed the
simulated experiments. For each simulated session, we recorded the learning rate 3, and the
forgetting factor ¢, of every dimension and layer at every token. Forgetting factors were con-
verted into memory timescales 7 = —1/ log v (i.e., the number of tokens after which a stored
association has decayed to 1/e of its strength) and averages of memory timescales were com-
puted on a logarithmic scale.

For Fig. 3A-B, we averaged the learning rates and log forgetting factors over the dimen-
sions of each head. For each experiment, we computed histograms over all tokens and heads
of a layer, and normalized them to sum to one. We then averaged the histograms over the sim-
ulated experiments, so that each experiment has the same weight regardless of its number of
participants or tokens. Medians were computed from the averaged histograms.

To follow the latent variables over the course of a game, we used the simulated experiments

that consist of a sequence of games (at least four games per participant with at least five choices
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in a typical game). This resulted in 17 experiments from 9 studies. For Fig. 3C-D, we kept
the individual dimensions instead of averaging over the dimensions of a head. For each choice,
we averaged the latent variables over the feedback that follows it, from the choice to the end of
the line that reports the outcome. For the boundary between two games, we averaged over the
text between the feedback of a game’s last choice and the first choice of the next game, which
introduces the new game and presents its first stimulus. We assigned each choice to one of five
bins according to its position in the game, relative to the length of the game, so that the first and
last choices of every game fall into the first and last bin; games with fewer than five choices
were excluded. We averaged within participants, then over the participants of an experiment,
and then over experiments, so that each experiment has the same weight. The shaded bands
and error bars in Fig. 3C-D show the standard error over experiments of the change within

participants, that is, after we subtracted each participant’s mean over the five bins.
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