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Abstract

Theoretical computational models are widely used to describe latent cognitive processes.
However, these models do not equally explain data across participants, with some
individuals showing a bigger predictive gap than others. In the current study, we examined
the use of theory-independent models, specifically recurrent neural networks (RNN), to
classify the source of a predictive gap in the observed data of a single individual. This
approach aims to identify whether the low predictability of behavioral data is mainly due to
noisy decision-making or miss-specification of the theoretical model. First, we used computer
simulation in the context of reinforcement learning to demonstrate that RNNs can be used to
identify model miss-specification in simulated agents with varying degrees of behavioral
noise. Specifically, both prediction performance and the number of RNN training epochs (i.e.,
the point of early stopping) can be used to estimate the amount of stochasticity in the data.
Second, we applied our approach to an empirical dataset where the actions of low IQ
participants, compared with high IQ participants, showed lower predictability by a well-
known theoretical model (i.e., Daw’s hybrid model for the two-step task). Both the predictive
gap and the point of early stopping of the RNN suggested that model miss-specification is
similar across individuals. This led us to a provisional conclusion that low IQ subjects are
mostly noisier compared to their high IQ peers, rather than being more miss-specified by the
theoretical model. We discuss the implications and limitations of this approach, considering
the growing literature in both theoretical and data-driven computational modeling in
decision-making science.

eLife assessment

In this study, Ger and colleagues present a valuable new technique that uses
recurrent neural networks to distinguish between model misspecification and
behavioral stochasticity when interpreting cognitive-behavioral model fits. Evidence
for the usefulness of this technique, which is currently based primarily on a relatively
simple toy problem, is considered incomplete but could be improved via
comparisons to existing approaches and/or applications to other problems. This
technique addresses a long-standing problem that is likely to be of interest to
researchers pushing the limits of cognitive computational modeling.
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Introduction

Humans’ behavior is thought to arise from a set of multidimensional, complex, and latent
cognitive processes. Theoretical computational models allow researchers to handle this
complexity by putting forward a set of mathematical descriptions that map assumed latent
cognitive processes to observed behavior (Daw et al., 2011b @ ; Smith and Ratcliff, 2004 2). By
fitting a theoretical model (also sometimes termed ‘symbolic’ models) to the observed behavior,
the researcher is able to draw conclusions regarding the estimation and architecture of the latent
cognitive processes (Wilson and Collins, 2019 (7). While this approach has already led to
substantial scientific findings (Montague et al., 2012 (3 ; Rescorla, 1972 (%), it still faces a major

theoretical computational models usually stem from strict theoretical assumptions that can differ
from the true cognitive mechanism that led to the observed behavior, a problem termed ‘model
misspecifications’ (Beck et al., 2012 ; Nassar and Frank, 2016 (%). Moreover, the issue of model
misspecification is even more critical when considering that most studies in the field focus on
group differences and therefore might neglect individual variation in the expressed models
(Stephan et al., 2009 @ ; Rigoux et al., 2014 (%). In the current study, we address the fundamental
methodological problem of theoretical model misspecification by using well-established theory-
independent models, a family of highly flexible models that require no prior theoretical
specification.

Imagine that you are working on a theoretical question that you have addressed well by
assembling a computational model that, after much effort, can replicate and mimic empirical
observations. Still, some data will not be accurately predicted by the model, leaving an open
question regarding the possibility that better specification of the model (i.e., changing some
mechanisms, adding additional processes) would better capture the pattern in your observations.
Currently, to address the issue of model misspecification, methodology in theoretical

have what seems like room for improvement. This leaves an unanswered question regarding the
possibility that yet another different model that was not described by the researcher might better
explain and predict the observations (Eckstein et al., 2021 @ ; McElreath, 2020(%).

The distance in terms of variance between observed and predicted model behavior is typically
termed the predictive gap. The predictive gap between individuals’ behavior and model prediction
can be attributed to two factors: The first is model misspecification, as mentioned above. Here, the
individual’s true behavior-generating model is different from the one suggested by the researcher
(Beck et al., 2012 & ; Nassar and Frank, 2016 %). The second factor is stochasticity, which refers to
true noise or the natural randomness in human behavior (Faisal et al., 2008 % ; Findling et al.,
2019@). The underlying assumption is that some variance in behavior is unpredictable and

therefore represents irreducible variance. The assumption of irreducible variance is well accepted
across scientific disciplines (Griffiths and Schroeter, 2018 ), and it suggests that even Laplace’s

and processes in the universe, would not be able to produce perfect predictions. Both model
misspecification and irreducible noise influence the predictive gap, yet identifying the
contribution of each factor may lead to different implications. A predictive gap attributed mostly
to model misspecification suggests that the researcher needs to increase the space of candidate
models to further reduce the gap. However, a predictive gap attributed mostly to irreducible noise
suggests that such improvement is mostly out of reach.
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More recently, data-driven approaches based on neural networks have emerged as an alternative
modeling paradigm in cognitive research (Dezfouli et al., 2019b Z; Song et al., 2021 3). These
networks, which are models trained to learn directly from data rather than relying on theoretical
assumptions about human behavior, have been shown to surpass typical theoretical models in
pure action prediction (Dezfouli et al., 2019b 2; Song et al., 2021 @). The key property of these
models is that a priori, the models’ parameters do not directly map to some underlying cognitive
process. Instead, the free parameters (i.e., weights) are iteratively adjusted during training to
improve the network’s predictive capability for a desired objective function (LeCun et al., 2015@).
Furthermore, unlike classical theoretical models, neural networks are overparameterized models
that include a large number of learnable free parameters. This property allows the network high
flexibility and the ability to approximate a wide range of functions (Siegelmann and Sontag,
19927 ; Hornik et al., 1989 ), including functions believed to arise from human cognition (Barak,

predict future human actions in a two-armed bandit task. Their study indicated that the RNN is
capable of surpassing baseline RL models in action prediction. In another work, Fintz et al.

showed that the RNN was able to capture atypical behaviors such as choice alternations and win-
shift-lose-stay, which common cognitive models failed to capture. Finally, Song et al. (2021) 2
trained an RNN model to predict the choices of humans in a reinforcement learning task that
included a rich space of possible states and actions. They showed that the RNN was able to
outperform the best-known cognitive model.

However, the high flexibility of neural networks also comes with the disadvantage that these
networks are often considered black box models. Despite attempts to interpret the networks’
latent space (Dezfouli et al., 2019a @), it is still not clear how to efficiently interpret behavior using
them, which is a major goal in cognitive research (Hasson et al., 2020 @ ; Yarkoni and Westfall,
2017 ). In this study, we aim to leverage the network’s high flexibility and predictive capability to

address the problem of identifying misspecification in theoretical computational models, using
two different estimates:

1. Predictive performance. We assume that, for a fixed dataset, the flexibility of neural
networks would enable them to capture the mapping between independent variables and
dependent variables, up to a point where the remaining predictive gap is primarily due to
noise rather than model misspecification (see Fig. 1a ). Therefore, we hypothesize that
across different true generative models, neural networks will reach a predictive gap that
closely resembles the predictive gap that remains when the true generative model is
known. As a result, theory-independent models can serve as an upper benchmark against
which the new data can be predicted based on previous observations. If, for some
individuals, the theoretical model is severely misspecified, we expect to observe a
significant improvement in our ability to predict unseen data using theory-independent
models. However, if an individual is simply exhibiting a noisier pattern of behavior, we
anticipate little to no improvement when using theory-independent models.
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2. Point of early stopping. Neural networks are prone to overfitting, where they fit too
closely to the training data and fail to generalize to new datasets (LeCun et al., 2015 ). To

Nasrabadi, 2006 (2). In early stopping, the network is trained for multiple epochs, and the
predictive performance on a validation set is monitored. Initially, the performance
improves as the number of epochs increases, but there comes a point where the network
starts learning patterns that reflect noise rather than true underlying patterns in the data.
The point of early stopping is determined as the epoch at which the best prediction is
achieved. We propose that the point of early stopping largely reflects the amount of noise
in the data. With a fixed dataset and network size, an earlier stopping point indicates
noisier data (see Fig. 1b@). The rationale behind this hypothesis is that, under certain
realistic assumptions, the probability of stopping at an earlier epoch is higher for a
sequence with more noise. This is because the noisy sequence has a lower ratio of true
signal to noise, resulting in less information learned by the algorithm over the course of
training. Using the point of early stopping to estimate irreducible noise has advantages,
including the potential to require fewer data compared to using network predictive
accuracy to estimate model misspecification. Estimating the upper bound of the prediction
accuracy of the true data generation model using predictive accuracy typically necessitates
three sets of data per individual (training, validation, and test). This approach may also
require initial auxiliary data for pre-training the recurrent neural network (RNN) to
achieve optimal results. However, estimating the point of early stopping can be
accomplished with only two sets of data per individual (training and validation).
Additionally, this approach may benefit from initializing the network with random weights
instead of a pre-trained RNN, as it allows for estimating the maximum possible variance in
the optimal epoch estimate among individuals.

In the present study, our aim is to estimate model miss-specification in individual participants. We
propose a method that utilizes theory-independent models, specifically recurrent neural networks
(RNNs), which possess high flexibility in learning complex features from data without manual
engineering. In Study 1, we conducted simulations involving three groups, each consisting of N =
100 simulated agents performing a two-step reinforcement learning decision task. Each group of
agents followed a specific data-generating model, and the agents differed in the level of true noise
present in their actions. We assumed three hypothetical labs, with each lab having knowledge of
only one data-generating model, thus miss-specifying two-thirds of the agents. We demonstrated
that the predictive performance of a pre-trained RNN using three data sets per agent (training,
validation, test) could be used to classify whether an agent was miss-specified by the lab’s
theoretical model. Additionally, we showed that the number of optimal training epochs for an RNN
with random weights and fewer data (training and validation, without a test set) could serve as an
estimate for comparing the amount of noise in agent data, given a fixed dataset and RNN
architecture. Next, in Study 2, we analyzed an empirical dataset with N = 54 participants who
completed three sessions of a two-step decision task in a lab setting. We examined the fit of a well-
known theoretical model (Daw’s hybrid model) to participants with different IQ levels. We found
that the theoretical model showed a systematically poorer fit to participants with low IQ compared
to those with high IQ. By utilizing RNN predictive performance and optimal epochs estimates, we
classified the source of the low theoretical model fit in low IQ participants. Our findings converged
to suggest that the percentage of model miss-specification did not differ between low and high IQ
individuals. Instead, low IQ individuals exhibited noisier decision-making compared to their high
IQ counterparts. We propose that theory-independent models, such as RNNs, can be valuable in
classifying model miss-specification. However, we acknowledge the limitations of our approach
and discuss potential directions for future research.
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Figure 1

Hypothetical illustration for using theory-independent models
to explore the fit of theoretical models to human behavior.

(a) Predictive performance - we illustrate the predictive gap for three hypothetical models: First, the true data-generating
model (i.e., forever unknown to the researcher; green) where the remaining gap is due to an irreducible noise component in
the individual’s behavior. Second, a hypothetical alternative theoretical model (e.g., specified by a researcher; purple), where
the remaining predictive gap reflects both irreducible noise and model misspecification. Finally, a hypothetical theory-
independent model (turquoise) is assumed to reflect a predictive gap that is mainly due to model misspecification compared
with the alternative model, yet does not provide a clear theoretical interpretation. We, therefore, assume that theory-
independent models can be used to inform researchers about the amount of improvement that can be further gained by
assembling additional theoretical models. (b) Point of early stopping - when training a network, we can examine its
performance against a validation set as a function of the number of epochs used for training the parameters (x-axis). The
point of early stopping reflects the maximum number of training epochs with the best predictive performance, just before
the network starts to overfit the data (i.e., learn patterns that are due to noise; indicated by a yellow star). Here, we illustrate
two hypothetical learning curves reflecting the point of early stopping for low-noise (purple line) and high-noise (blue line)
datasets. Specifically, we illustrate the notion that the point of early stopping can reflect the amount of noise in the data, so a
lower point of early stopping reflects noisier data (considering a fixed number of observations for the two datasets and
network size).
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Study 1

We begin by applying our method to simulated data, where different types of artificial agents
governed by distinct generating models performed a two-step task (Daw et al., 2011a ). This
simulation allowed us to evaluate our approach using artificial data, where we knew the true
underlying data-generating model and the level of true noise for each agent. Our main objective
was to assess the ability of theory-independent models to inform us about the factors contributing
to a poorer fit of a theoretical model, specifically model miss-specification or irreducible noise. To
accomplish this, we introduced three theoretical models (Hybrid model-based/model-free, Habit,
and K-dominant hand) and two theory-independent models (logistic regression and RNN). We
generated data from the three theoretical models and fitted all five models to the data from each
respective theoretical model. Subsequently, we utilized the predictive capability of the RNN and
logistic regression models, as well as the number of optimal training epochs for the RNN, to
estimate and distinguish between model miss-specification and stochastic behavior.

Method

Two-step-task. To test our hypothesis, we employed an exemplar two-step reinforcement
learning task, which has been widely utilized in computational modeling studies (see Fig. 2a (Z;
Daw et al. (2011a) @). Each trial of the task consisted of two stages. In the first stage, participants
made a choice between two actions, labeled as action A and action B. These actions
probabilistically led to one of two possible second-stage states. Action A predominantly led to
State-I in the second stage, while action B primarily led to State-II (common transition). However,
there was also a minority of trials where the actions led to the opposite states, meaning action A
led to State-II and action B led to State-I (rare transition). The probabilities of common and rare
transitions were set at 0.7 and 0.3, respectively, and remained constant throughout the task. In the
second stage, participants again made a choice between two additional actions and received a
binary reward of $0 (no reward) or $1 (reward). The reward probability varied randomly across
trials (see Fig. 2b(@).

Theoretical models. We consider three different theoretical models that generate choice
behavior in the two-step task.
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Two-step task.

(a) At the first stage, participants choose between two options (A or B) that probabilistically lead to one of two second-stage
states, with a fixed transition probability of 70% (“common”) or 30% (“rare”). In the second stage, participants choose
between two options (C/D or E/F) to obtain rewards. (b) The reward probability for each second-stage choice is determined
by a random walk drift. (c) An example of a trial sequence in the two-step task.
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1. Hybrid model. The first model we considered was the hybrid model originally suggested
by Daw et al. (2011a) @, which assumes that agents’ choice behavior is determined by a
weighted combination of both model-based (MB) and model-free (MF) RL algorithms
(Sutton and Barto, 2018(). The contribution of each algorithm is modulated by the free
parameter weight w. The weighted value of each first-stage action is calculated according
to,

Qnet<51, a;) =w- QMB(Sh ar) +(1—w)- QMF<51, ar), (1)
where QM F (81, ap) is the model-free action value in the first stage updated trial-by-trial
and QM B (s, aq) is the mentally calculated model-based estimation. The MF Q-values were
initiated at zero and updated according to action and reward history as follows,

QMF(Sl-,al) = QMF(Sh ar) +ag - (QMF(Sz,Gz) = QMF(Sh al)) +oag- A (Tz = QMF(S%CLZ)), 2)

QM (s2,a2) = QM (53, a2) + g - (1e — QM (52, a2)), (3)
where a4, a, are the learning rates free parameters of the first and second stage
respectively, A is the discount factor parameter, and r; € [0, 1] is the received reward. The
model-based action value of the first stage QM B (s1, aq) is calculated according to,
QMB(s1,a1) = ZP(82’517a1)maXQMB(527a2)7 (4)

a€A

s2€S
where P(s, | 51, a4) is the true transition probability of reaching the second-stage state s, by

performing action a, at the first stage. S denotes the second-stage states and A is the set
containing the actions available at each second-stage state respectively. Note, that at the
second stage model-based (MB) values, Q" B(s,, a,) of each action a, performed at the
second-stage state s,, are identical to the corresponding model-free values, namely, oM B(sz,
ay) = QM¥E(s,, a,). We used a SoftMax choice rule for both the first and second choices. The
SoftMax choice rule transforms the action values to distribution over the action according

” o al) — exp [51 Q! (51, al)}
Pl )l = > aca EXD [Blygnet (s1,a)]’ 2
P(sn,ay) = < SPLP @ (52, 02) ©

ZdeA exp [52 : QMF (82> a)} 7

where ; and B, are inverse-temperature parameters of the first and second stages
respectively. This parameter controls the level of stochasticity in the action selection.
Where - 0 corresponds to random choices and  — « for deterministically choosing the
highest value action. Overall, the model includes six free parameters Opyp,;q = {w, ay, ay, A,

B, B}
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2. Habit model. According to a habit model, agents tend to repeat previously taken actions
regardless of their outcome (Miller et al., 2019(%). Here, agents’ choices are influenced only
by previous actions, independent of any transition or reward history. The model keeps
track of past action selection in the form of habit strengths, denoted as H, and are similar
in spirit to the Q-values described in the previous hybrid model. These values are initiated
at 0.5 and updated on both stages of the task according to,

H{on,a) = § Den ) tar- (L= Hloy, o) ¢
’ H(s1,a;) + o - (0— H(s1,a5)) ’
(o, a) = | m o) tan- (1= Hlsy o) ®

H(sz,a;) + az - (0 — H(sz, ay))

where a4, and a, are the learning rates free parameters of the first and second stages
respectively. H(s, a) is the habit strengths matrix of all possible states, and a is the vector of
all actions available in the corresponding state. We denote the action selected in the
current trial as a; and the unchosen action as a;. The updating rule increases the value of
the action selected (a;) toward 1 and the other unselected action (a;) toward 0. Like the
hybrid model, we used SoftMax choice rule for both the first and second choices,

P(s1,a1) = explfy - H (s1,01)]

S seacxp|Bi - H (s1,a)]’
€Xp [52 - H (59, QQ)}

Yaca®xp[fBs - H (s9,a)]
Overall, the model includes four free parameters 0, = a1, ay, B1, Bo}

3. K dominated-hand model (K-DH). In this model, an action is selected in a random fashion
with some bias towards one action over the other (e.g., due to hand dominancy; note that
in the simulation we assigned each action to the same response-key, thus a bias towards
one response-key translates directly to a tendency to choose one action over the
alternative). In this model, the agent is assumed to change the preference for the dominant
hand across a sequence of K actions. For example, in K = 2 the agent will have two
probabilities (defined by two fixed parameters; p,, p,) representing the preference for the
dominant hand as a function of position in the two trials’ sequence. The K-dominant hand
model is therefore designed to generate a random sequence of choices (e.g., A, B, A, B ...)
with some systematic repetitions. Here, we included agents with a fixed K = 2 for the first
stage and K = 1 for each of the two-second stages, which resulted in a similar number of
free parameters as other models in this work. Specifically, the probability of selecting
action a; at each state of the task is given by,
P(51,8:) = Pt mod 2, (11)
p(82:ai) = P2, p(837ai) = D3, (12)
Where p/p; are the probabilities of selecting action g; in the first stage on the even/odd
trials, respectively, and p,/p3 are the probabilities of selecting action a; at each second stage
state respectively. The probability of selecting the other action at each state is always set to
be the complementary probability (i.e., 1 - p(s, a;)). Overall, the model includes four free
parameters 8x_py = {Po, P1, P2, P3}-

(9)

P(sy,a9) = (10)

Theory-independent models. We used two theory-independent models. Unlike the theoretical
models which are used both to generate, fit, and predict choice data, the theory-independent
models were used only to fit and predict choice data.
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1. Recurrent neural network (RNN). The first theory-independent model we considered was
a three-layer recurrent neural network architecture. Our RNN consisted of an: (i) input
layer, (ii) hidden layer, and (iii) output layer. At each step, the RNN input was the last trial’s
first-stage action, reward, and transition type. The output at each step is a probability
distribution over the current trial’s first-stage actions. The hidden layer was based on a
single-layer gated recurrent unit (GRU; Cho et al. (2014) 3 with five hidden units.

Xt = [Tt—laat—lytt—l]y (13)
r, = O'(VV,,-XLL ~+ Urht—l = br), (14)
?t — U(szt + Uzht—l + bz), (15)
he = (Wit + Un(re © he—1) + br), (16)
h,=(1-2z)oh,1+2z ®h,, (17)

o, = W,h, +b,, (18)
plas = 4) = = (19)

2
Where x, is the input vector and h;_, is the previous hidden state vector. o is the logistic
sigmoid function, © is the Elementwise Hadamard product, ¢ is the hyperbolic tangent
function. r; represents the reset gate, z, the update gate, and h, the candidate activation
vectors. W,, W,, W}, are the input connection weight matrices, U,, U,, Uy, are the recurrent
connection weight matrices, and b,, b,, by, are the bias vectors. h; represents the actual
activation vector of the unit (current hidden state). h; is projected to the output layer with
full connections via the weight matrix W, and bias vector b,,. The output is then
transformed with a SoftMax activation function to action probabilities. Overall, this model
includes the following free parameters Ogyy = {W,, W,, Wy, U, U,, Up, b, b, by, W, b}
The total number of free parameters is dependent on the size of the hidden layer (192 for 5
hidden units). Importantly, in the supplementary information, we provide additional
analysis where we varied the number of hidden units of the hidden GRU layer (2 and 10).
We found similar results, suggesting that at least with the current task, our approach is not
sensitive to the size of the network (see 52 (2 in the SI(2)

. Logistic Regression (LR). The second theory-independent model we considered was a
logistic regression model, where the probability of taking the first-stage action is
determined by a linear combination of the history of past actions, rewards, and transition,
up to j trials back.

[\S]

T =Bt (Bla; + Birig + Blte + Bixeijriog +Bxitu jtis + Bluiri it + Blxrxe—iTestis) »
i

(20)
1
pla=118)=—.
The dependent and independent variables were coded as follows: a;: 1 for action A and -1
for action B (first stage actions, see Fig. 22). a,_;: 0.5 if the first state action j trials back
was A and -0.5 otherwise. r;_;: 0.5 if j trials back was rewarded and -0.5 otherwise. t;_;: 0.5 if
j trials back transition was common and -0.5 if it was rare. Overall, the model includes (1 +j

x 7) free parameters QLR = {607 é7 Z7 /Bgv ;XT7 Bixt»ﬁth ﬂg,xrxt}‘

(21)

Simulating data and model fitting. First, we simulated choice-behavior of artificial agents on
the two-step task (see Fig. 2(@), using the three distinct theoretical data-generating models
(Hybrid, Habit, and K-DH). For each model, we simulated 100 agents with their true underlying
free parameters sampled from a range of possible options (see Table S1 in the SIZ). Each agent
was simulated for three blocks of 200 trials each. Then, we separately fitted all five models (three
theoretical and two theory-independent) to data simulated from all three theoretical models. In
the supplementary information, we provide an additional analysis where we varied the lengths of
each block (100 and 500 trials) and found similar results suggestive that our method (at least for
the current task) is not sensitive to the amount of data (see S3 in the SI®).
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1. Theoretical models. For each agent individually, we sought optimal parameters ém under
each of the three theoretical models (Hybrid, Habit, and K-DH) with maximume-likelihood
estimation using only one of the agents’ blocks (training-set). We repeated this procedure
with 10 different initial search points and chose the optimal ém using a withheld block
(validation-set). Finally, the optimal parameters ém were used to record the prediction on
an additional withheld block (test-set). We used SciPy library (Virtanen et al., 2020 @) with
the minimize function and L-BFGS-B method to extract best-fit parameters.

2. RNN. We trained an individual RNN for each agent in a supervised manner with cross-
entropy loss (maximum-likelihood) using Pytorch library (Paszke et al., 2019 @). We
trained with Adam optimizer (Kingma and Ba, 2014 ) with a constant learning rate of
0.001. Crucially, unlike the other models, RNN’s high flexibility may lead it to overfit the
training data. This overfitting of the training dataset will result in a low generalization,
making the model less useful for making predictions on new data. To prevent this, we used
early stopping, a commonly used regularization method (Bishop and Nasrabadi, 2006 @).
We therefore first pre-trained the RNN model using a new auxiliary synthetic dataset
consisting of 200 agents from all three theoretical models pooled together. For the auxiliary
synthetic data, agents were simulated for two blocks of 200 trials each (used as training
and validation for generating the RNN pre-training). The pre-trained RNN model was then
fine-tuned for each individual on the main synthetic dataset (see Simulating data and
model fitting) using early stopping. Specifically, we used the three blocks of each agent as a
train, validation (used for training using early stopping), and a test set used to estimate the
predictive accuracy that we report in the results section for further analysis. To further
allow an accurate and variable possible estimate of early stopping, we recorded the point
of early stopping (using training and validation sets) for an individual RNN for each agent
that was not pre-trained, and instead initialized with random weights. The point at which
we stopped optimizing the network (i.e., the number of training epochs) was then used in
the main analysis and referred as optimal epoch estimate.

3. LR. We fitted a logistic regression model to the artificial data using scikit-learn library
(Pedregosa et al., 2011 @) with L-BFGS-B method, again using only one of the agents’ blocks
(training-set). The individual coefficient of each agent was estimated using maximum-
likelihood. The number of trials back k was determined using a withheld block (validation-
set). Then we used the coefficient to predict the choices of a withheld block (test-set).

m__ Zszl Z?:l logp(a,ﬂém)
i ] ’

(22)

Model selection. We compare the different models by their predictive performance of left-out data of the first-stage
choice. Hence, we adopted a cross-validation (CV) approach. Specifically, at each CV round, for each agent, and under
each model, only one of the blocks (training-set) was used to estimate optimal parameters (ém ). Then the optimal

parameters were used to evaluate the predictions on a withheld block (test-set). We averaged across all withheld blocks
(three in total) to obtain a single predictive score we denote as nLP™ (Negative log-probability; lower is better),

Where m denotes the fitted model, i the agent index, B the total number of blocks, T the total
number of trials of the corresponding block, ém denotes the optimal parameters under model m
(maximum-likelihood parameters of the validation-set), and log p(a! | ém) is the log-probability
that the optimal parameters under model m assign to the first-stage action a; of the test-set.

i - g
ﬁmaz _ Bmin’

noise =1 — (23)
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Noise estimates. For each agent we quantified the amount of true noise (stochasticity) the agent holds in the first
stage action, using his true underlying parameters. Specifically, within each group of agents that shared the same
theoretical model we performed a min-max scaling. For the hybrid agents we used the agent’s true inverse-

temperature parameter of the first stage 84 to calculate the amount of true noise as fellow,

Where £3 is the true first stage inverse-temperature of agent i and f™"/™* is the true
minimal/maximal inverse-temperature overall hybrid agents. We took the 1 - min-max scaling so
that the hybrid agent with the minimal amount of noise will take a value of 0 and the agent with
the maximal amount of noise will take the value of 1. For the habit agents, we performed the same
calculation, using the true inverse-temperature parameter 3, of the first stage.

For the K-DH agent, we used the true p; and p; parameters to quantify the amount of true noise.
We measured the distance (in absolute value) between the true py/p; parameters to 0.5 (i.e.,
completely random response policy) and summed these resulting distances,

0 = |po — 0.5] + |p1 — 0.5, (24)
and then performed a min-max scaling as follows,
noise = 1 — W, (25)

That is, a K-DH agent that his true pg, p; = 0 (i.e., determinedly choose one of the actions at each
trial) will take the value 0. Conversely, a K-DH agent that his true pg, p; = 0.5 (i.e., choose randomly
at each trial) will take the value 1.

Results

Classification of model miss-specification using predictive performance. Our first aim was
to assess the ability of theory-independent models to predict agent choice data across each
theoretical model. For each agent in the artificial dataset and for each cross-validation round, we
used one block (training-set) to estimate optimal parameters (separately for each model). Then, the
optimal parameters were used to predict the agent’s first-stage choice data on a withheld block
(test-set). We repeated this procedure for three rounds and averaged the predictive score over all
corresponding to the 5 models mentioned above (Hybrid, Habit, K-DH, RNN, LR). We found that
across all theoretical models, RNN achieved the second-best predictive score, second only to the
true generative model (see Fig. 3a®). This suggests that RNN is flexible enough to approximate a
wide range of different behavioral models. Moreover, we found that the Logistic regression model
achieved a poorer predictive score of agent choice data, implying that the model is less expressive
compared with RNN.

Next, we performed a hypothetical experiment in which three hypothetical labs estimated
individual performance using a theoretical model. Each hypothetical lab was assumed to be aware
of only one data-generating model, namely, ‘Hybrid-lab’, ‘Habit-lab’, and ‘K-DH-lab’. The notion
here is that we illustrate a hypothetical situation where unbeknownst to the research lab, subjects
are performing the task under different models. For example, the hypothetical Hybrid-lab is
assumed to be aware only of the hybrid model and wrongly assumes that all subjects acted
according to the Hybrid model. In such a case, all agents with a true generative model of Habit and
K-DH models will be misspecified. However, we assumed that the lab has no knowledge regarding
these alternative models, and thus will fit the hybrid model to all agents. We were interested to
test the extent to which theory-independent models (RNN, LR) can help such a lab to classify if a
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Figure 3

Classification of model-misspecification using the
predictive performance of theory-independent models.

Here, we tested our ability to identify model misspecification of theoretical models using RNN and Logistic regression. (a)
Across three theoretical models (Hybrid, Habit, K-DH) we simulated 100 agents and predicted agents’ actions using the same
three theoretical models, RNN and logistic regression. We present on the y-axis differences in negative log-probability
estimates for each fitted model against the true generative model. For example, the left panel depicts the difference in log-
probability estimates across all five models for 100 agents simulated using the hybrid model. As expected, across all three
generative theoretical models, RNN achieved the best performance score, second only to the true generative theoretical
model (black lines represent 95% CI). (b) We calculated a confusion matrix for a hypothetical lab that is familiar only with one
theoretical model and uses RNN or logistic regression to try and conclude whether a certain agent shows a high predictive
gap due to model miss-specification. Specifically, we simulated data from three theoretical models (Hybrid, Habit, K-DH) and
assumed that the hypothetical lab wrongly fitted only one model to all agents. The hypothetical lab then estimated a
predictive performance for each agent using RNN and logistic regression and classified each agent as “miss-specified” if the
prediction accuracy of the RNN/logistic regression was better compared with the predictive accuracy of the lab’s theoretical
model. We calculated a confusion matrix where the hypothetical lab classification is contrasted with the true label. Results
show good classification by RNN (Accuracy =.86), and logistic regression (Accuracy =.70), with better performance for RNN
compared with logistic regression. Overall, these results suggest that RNN/logistic regression can be used to some extent to
inform researchers regarding model-misspecification when using theoretical computational modeling.

Yoav Ger et al., 2024 eLife. https://doi.org/10.7554/eLife.90082.1 13 0of 40


https://doi.org/10.7554/eLife.90082.1
https://doi.org/10.7554/eLife.90082.1

7 eLife

certain agent might be better explained by another unknown model compared to the hybrid
model. For this aim, we performed three classification rounds, where at each round we assumed
one hypothetical lab classified each agent into one of two classes: lab theoretical model or
unknown alternative model. The classification was done based on the difference between the
nLP™ scores of the assumed theoretical model and the two theory-independent models of each
agent. We averaged across all classification rounds and present two confusion matrices,
classification by RNN and by Logistic regression (see Fig. 3b(@). Like before, we found that RNN
achieved a higher classification accuracy of 86%, compared to the LR model which reached only
70% accuracy. This finding supports our claim that RNN can signify if a certain subject might be
better explained by another unknown model. Importantly, to illustrate the robustness of our
results, we provide a supplementary analysis where the exact same analysis was repeated across
100 and 500 observations per agent and found very similar results (see Fig. S3 in SI®).
Furthermore, to assert that this effect is not due to averaging across all classification rounds in the
supplementary information, we provide the confusion matrices for each hypothetical lab (Hybrid,
Habit, K-DH). We found that across all hypothetical labs, the RNN achieved a higher true negative
rate and a lower true positive rate compared to the LR model (see S4 7 in the SIX2).

Using the number of optimal epochs to estimate noise. When fitting an RNN we estimate the
number of optimal training epochs that minimize both underfitting and overfitting. We reasoned
that for a fixed number of observation and network parameters, the point of early stopping
(henceforward, “optimal epochs”) should also reflect the amount of noise/information in the
behavioral data. Specifically, we hypothesized that the probability of stopping in an earlier epoch
is higher for noisier agents since this probability is determined by the ratio between the true
signal learned and the noise. To test our hypothesis, we examined the correlations between the
number of optimal epochs and the amount of true noise each agent holds (see Fig. 4a@). As
expected, we found that agents with high levels of true noise in their data also showed lower
number of optimal epochs (i.e., required less RNN parameter training) compared with less noisy
agents [see Fig. 4a @2; linear correlation coefficient r = -.67, -.74, -.62 for the Hybrid, Habit, and K-
DH agents respectively; p <.001 across all correlation]. Importantly, we found that this result holds
regardless of the agent’s true underlying data-generating model, suggesting that the point of early
stopping may be used as an index for the amount of true noise each participant holds. We
performed the same analysis with different network sizes and different number of observations
(i.e., trials) per agent and found very similar results (see Fig. S2@ in SI?). Therefore, we
conclude that the number of optimal epochs reflects the amount of information in the observed
behavior. Note, that the number of optimal epochs is not an absolute estimate since on its own it
can be influenced by other factors, including the number of observations and the size of the net.
However, as long as the number of observations and the size of the network is the same between
two datasets, the number of optimal epochs can be used to estimate whether the dataset of one
participant is noisier compared with a second dataset.

Study 2

We now present an application of our method to an existing dataset, where humans performed an
identical two-step task as reported in Study 1, at three different time points (Kiddle et al., 2018 (3).
We predict participants’ behavior using a well-established hybrid model (see Hybrid model in
Study 1 for further details) and demonstrate that low IQ is associated with a higher predictive gap.
We put our method to use and examine whether action prediction of RNN can improve the
predictive gap of the theoretical model.

Specifically, we assume that if low IQ participants are more frequently miss-specified by the
hybrid model, then RNN will show a greater reduction of the predictive gap for low compared
with high IQ individuals (see Fig. 5a ). However, another possibility is that the higher predictive
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Optimal epoch relation to true noise.

For each agent we iteratively trained the RNN while examining its predictive ability. We then recorded for each agent the
number of optimal epochs, which is the number of RNN training iterations that minimized underfitting and overfitting. (a) We
found a strong association between the number of optimal RNN training epochs (y-axis) and the agent’s true noise level. This
result demonstrates that the number of optimal RNN epochs can be used as a proxy for the amount of information in a
certain dataset (given a fixed number of observations and network size). (b) For illustration purposes, we plotted the RNN
loss curves for agents with low vs. high levels of noise. Specifically, we present loss curves where for each RNN training epoch
(x-axis) we estimate the predictive accuracy using a validation data set. We estimated the loss curves of 300 artificial agents
(from three theoretical models) and divided them into two groups according to their true noise (high vs. low). We show that
the point of optimal epoch (early stopping; denoted yellow star) was higher to agents with low internal noise.
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gap of low compared with high IQ participants in the theoretical hybrid model is mostly due to the
noisier behavior of the low IQ participants’ part. In that case, RNN should have a similar
contribution to the predictive gap, regardless of IQ (see Fig. 5b ).

Furthermore, we estimate the number of optimal epochs for each individual and examine the
correlation with IQ. If low IQ participants’ behavior is less predicted by the theoretical model
mostly due to them being misspecified, then we should not observe any correlation between the
optimal number of epochs and IQ (since across IQ participants are assumed to have a similar
amount of information in their behavioral data). However, if the behavior of low IQ participants is
noisier compared with high IQ, then we should expect a negative correlation between the number
of epochs and IQ.

Methods

Dataset. We studied a previously published dataset taken from NSPN U-Change Cognition Cohort
(Kiddle et al., 2018 2). We focus on a subset of the dataset, of which healthy volunteers (ages 14 to
24 years; N = 54) performed the two-step task at three distinct time points (6 and 18 months after
the first measurement). At the first time point (Time-I), each subject performed the task for 121
trials, in the second (Time-II) 121 trials, and at the third (Time-III) 201 trials. In the preprocessing
step, we omitted from the analysis trials with RTs below 150ms. The dataset also includes for each

utilized another subset of the NSPN dataset that included N = 515 individuals who performed the
two-step task in only two different time points (Time-I: 121 trials, Time-III: 201 trials).

Model fitting. For each subject choice data, we fitted both the theoretical Hybrid model and a
theory-independent RNN model. We followed the same procedure presented in Study 1, where at
each cross-validation round (three in total), we used each subject three distinct measurements as a
train, validation, and test sets respectively.

exp [51 Q™ (s1,a1) + K¢ (a)) 0 (a) = Kk ifa=a_ (26)
> aeA €XP [ﬂl (@Qm(s1,a) + K (d))] 7 ' 0 otherwise

P(sl,al) =

Hybrid. To comply with most studies that examined two-step task behavior using a hybrid model (Daw et al., 2011a3;

Gillan et al., 2016 @; Shahar et al., 2019 @), we included to the hybrid model described in Study 1 an additional first-

stage choice perseveration parameter,

where -0.5 < k < 0.5 is the choice perseveration free-parameter so that « > 0 corresponded to
selecting the same action as the previous trial and k < 0 corresponded to switching to the other
action. All other model details were similar to the model presented in Study 1. Overall, the model
includes seven free parameters ehybrid ={w, ay, ay, A, By, By, k}.

RNN. The RNN architecture was identical to the one described in Study 1 (see Theory-independent
models) We first pre-trained the RNN using a subset of the NSPN dataset consisting of N = 515
individuals who performed the two-step task at two different time points (Time-I: 121 trials, Time-
III: 201 trials). As in Study 1, we used one block (from each individual) for training and the other
block for validation. We then fine-tuned the pre-trained RNN weights to fit the choice behavior of
each of the N = 54 individuals using three different blocks for each individual, following the same
cross-validation procedure of Study 1. In this procedure, each subject’s three distinct
measurements were used as training, validation, and test sets, respectively, in three rounds. We
were concerned that it might be that the pre-training set (N = 515, two sessions) had a different
proportion of high/low IQ participants compared to the main set that we were interested in
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Prediction scenarios for the use of RNN to examine model miss-specification as a function of IQ.

To demonstrate the ability to use RNN to identify model miss-specification, we illustrate two hypothetical associations
between IQ and the difference in predictive performance for a theoretical hybrid model vs. RNN. (a) Prediction for a scenario
where there is a higher frequency of model miss-specification among low vs. high IQ individuals: Here, we assume that low
1Q participants are more frequently miss-specified by the theoretical hybrid model compared with high IQ individuals.
Therefore, the prediction here is that for low IQ individuals, the RNN will provide higher predictive gap improvement
compared with high IQ individuals. (b) Prediction for a scenario where there is equal frequency of model miss-specification
among low vs. high IQ individuals: Here, we assume that the frequency of model miss-specification is similar across levels of
1Q. Therefore, we predict no association between IQ and the change in predictive accuracy for RNN vs. the theoretical hybrid

model.
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estimating (N = 54, three sessions). However, we tested and found that the distribution of IQ scores
was identical for both subsets (M = 112.31, SD = 10.75 for N =54 and M = 110.83, SD = 10.92 for N =
515; t(567) = -0.954, p = 0.34).

Results

Predictive performance. We began our investigation by estimating the correlation between 1Q
and the predictive score of the hybrid model. We found a positive correlation between individuals’
IQ and the hybrid predictive score [see Fig. 6a(Z; linear correlation coefficient r = 0.28, p > 0.05,
95% CI (0.014, 0.548)] so that lower IQ was associated with a higher predictive gap. This finding
can reflect a systematic miss-specification of individuals with low IQ by the hybrid model.
Alternatively, it might be that low IQ is associated with noisy behavior which then led to a higher
predictive gap. To address this question, we predicted individuals’ actions using RNN and
examined whether the association between individuals’ predictive gap and IQ is attenuated when
using RNN. If the association between IQ and predictive gap of the theoretical hybrid model is due
to higher rates of model misspecification for low compared with high IQ individuals, then RNN
would attenuate this association. Specifically, RNN should be able to overcome the miss-
specification issue the hybrid model might have, thus leading to a similar predictive gap across IQ
levels. However, if the association between IQ and predictive gap of the theoretical hybrid model
is mostly due to noisy behavior in low compared with high IQ, then we should observe the same
correlation between predictive gap and IQ for both the theoretical hybrid model and RNN (see Fig.
6b (2, linear correlation coefficient r = 0.07, p = 0.58).

To examine whether RNN’s predictive accuracy shows an attenuated association with 1Q
compared to the theoretical hybrid predictive accuracy, we estimated the paired interaction of
model-type (RNN vs. Hybrid) and IQ on predictive accuracy estimates. Specifically, we fitted a
hierarchical Bayesian regression model, where the dependent variable was the individual’s
predictive score (measured in negative log-probability) that was predicted using the individual’s
IQ score, model type (coded as -1 for hybrid and 1 for RNN), and their paired interaction. We found
a main effect for IQ, such that individuals with higher IQ had higher log-probability scores (see
Fig. S5a in the SIZ; posterior median = 0.614; 95%pp; between 0.022 and 1.208; probability of
direction (pd) 97.9%). Moreover, we also found a main effect for Model-Type, such that the RNN
model obtained on average a higher predictive score than the Hybrid (see Fig. S5b( in the SI(Z;
posterior median = 9.577; 95%pp; between 6.94 and 12.2; probability of direction (pd) 100%).

Importantly, we did not find support for an interaction effect of IQ x Model-type on individuals’
predictive scores, suggesting that the association between IQ and predictive accuracy was similar
for the RNN and hybrid models (see Fig. 6¢ 2 ; posterior median =-0.11; 95% HDI between -0.35
and 0.13; probability of direction (pd) 81.1%). This result suggests that RNN did not improve the
predictive accuracy of the hybrid model more for low vs high IQ individuals. Specifically, the lack
of interaction between model-type and IQ can be taken as evidence that the frequency of model
miss-specification is not different in low vs. high IQ individuals. To further assert our finding, we
now turn to examine the association between IQ and the number of optimal RNN epochs as a
proxy for the amount of noise in the individual’s data.

Optimal epoch relation with IQ. The comparison of the predictive performance of the hybrid
vs. RNN models suggested that low IQ individuals showed noisier behavior compared to their high
IQ peers. To further validate our finding that lower IQ individuals’ choice data is noisier (rather
than more frequently miss-specified), we examined the number of optimal RNN training epochs
for each participant. Here, we trained an individual RNN model for each subject initialized with
random weights. We then examined the relationship between an individual’s IQ score and their
corresponding number of optimal RNN training epochs (i.e., the point at which we stopped
training the RNN to avoid overfitting). We found a significant positive correlation, such that
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Empirical association of the predictive score for the theoretical hybrid model, RNN, and IQ.

(a) Association between IQ and the predictive score obtained from a theoretical hybrid model, showing that low IQ
individuals are associated with lower predictive accuracy (shaded area corresponds to the 95% confidence interval for the
regression line). We assumed that if this association is mostly due to higher rates of model miss-specification in low
compared with high IQ individuals, then RNN should overcome this difficulty and show similar predictive accuracy across
both models. (b) Difference in the predictive score for the theoretical hybrid model vs. RNN. Across different IQ scores, we
found no significant difference in the predictive score of one of the models over the other. This finding suggests that the
lower predictive score of low IQ individuals is not due to systematic model miss-specification, but rather due to noisier
behavior (shaded turquoise/purple areas signify better predictive score of the Hybrid/RNN models, respectively; shaded dark
area corresponds to the 95% confidence interval for the regression line). (c) Posterior distribution for the interaction term
from a Bayesian regression, suggesting no effect for the paired interaction of model-type (hybrid vs. RNN) and IQ on the
model’s predictive score. This null effect suggests that the association between IQ and predictive accuracy was similar for
both hybrid and RNN models (soiled/dashed purple lines indicate median/zero, respectively; lower solid black line indicates
95%y,p; ). These results suggest that the higher predictive gap of the theoretical model for low compared with high IQ
individuals is mostly due to individual differences in the levels of behavioral noise rather than systematic model miss-
specification.
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individuals with higher IQ had a higher number of optimal training epochs [see Fig. 7a(@; linear
correlation coefficient r = 0.33, p < 0.05, 95%y (0.072, 0.597)]. To further illustrate this finding, we
divided participants into two groups according to their IQ score —low/high (using the median as
the threshold). We then recorded the prediction of the validation data of each participant
throughout the training procedure and averaged within each of the two groups (see Fig. 7b (2). We
found that the optimal epoch of the high IQ group was significantly greater (M = 332.80, SD =
178.06) than that of the low IQ group (M = 227.34, SD = 206.90; t(52) = 2.011, p < 0.05). These
findings suggest noisier behavior for low compared to high IQ individuals.

Discussion

Developing a theoretical computational model requires the researcher to state theoretical
assumptions regarding the investigated process, assumptions that might differ from the true data
generating process, and thus exposed to the problem of model miss-specification. Here, we sought
to construct a method that tackles this problem in the context of theoretical computational models
of human decision-making behavior. Taking advantage of the high flexibility of theory-
independent models (i.e., RNN), that are not theoretically constrained by assumptions of behavior,
we proposed a method to indicate if a predictive gap observed in a single agent choice data is
mostly due to model miss-specification or rather an inherent stochasticity in the behavior being
modeled. We further suggest that the number of training epochs, used to reach an optimal balance
between under and overfitting for RNN can be used as a relative estimate of noise in the
individual behavior.

In Study 1, we validated our approach using simulated data from artificial agents generated by
different theoretical models in a two-step multi-armed bandit task. By comparing the predictive
performance of the RNN model with each theoretical model, we demonstrated the RNN’s ability to
determine whether a predictive gap observed in an individual agent is primarily due to model
miss-specification or inherent stochasticity in their behavior. Additionally, we showed that the
point of early stopping in the RNN training process is strongly associated with the level of true
irreducible stochasticity in an agent’s behavior. A higher number of optimal training epochs is
indicative of less noise in the agent’s behavior, given a fixed amount of data and network size. One
practical advantage of using the point of early stopping is that it can be estimated using only two
sets of data (training and validation), unlike predictive accuracy, which requires an additional test
data set.

Next, in Study 2, we applied these methods to an empirical dataset of human participants
performing the same two-step task. We found that Daw’s hybrid model (Daw et al., 2011a(®), a
well-known theoretical model, exhibited a consistently poorer fit to participants with low IQ
compared to those with high IQ. To investigate the source of this poorer fit, we individually fitted
an RNN model to each participant and compared the predictive performance of both the hybrid
model and the RNN model, as well as the point of early stopping for each participant. We observed
that the RNN model showed a similar reduction in behavior prediction for both low and high 1Q
individuals, consistent with the hybrid model. Additionally, the RNN’s optimal epoch estimates
were systematically higher for high IQ individuals. These findings provide preliminary evidence
suggesting that the behavior of low IQ participants is characterized by greater inherent noise,
rather than being more mis-specified by the hybrid model, when compared to their high I1Q
counterparts.

The use of theory-independent neural network models fitted directly to behavioral data in
decision-making tasks has garnered significant attention in recent years (Dezfouli et al.,

has highlighted the advantages of this approach by demonstrating that recurrent neural networks
(RNNs) are capable of capturing behavioral features that traditional theoretical models struggle to
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Association between IQ and individual’s optimal epoch estimates.

(a) Relation between the number of optimal RNN training epochs (y-axis) and IQ score (x-axis; shaded area corresponds to
the 95% confidence interval for the regression line). We found that IQ significantly correlates with individuals’ optimal RNN
epoch estimates, such that lower IQ participants required fewer RNN training epochs to reach the optimal training point. (b)
Loss curve of validation data averaged over the low IQ group (IQ < 110; purple) and high IQ group (IQ > 110; turquoise). The
point of optimal epoch (early stopping) is denoted by a yellow star. We found that the optimal epoch for the high IQ group
was significantly higher than that for the low IQ group. Overall, when combined with our simulation study demonstrating the
association between the number of optimal RNN epochs and true noise (for a fixed number of observations and network
size; see Fig. 43), these results suggest noisier decision-making for low IQ individuals compared to high IQ individuals. This
finding, along with the results obtained from the RNN predictive accuracy (see Fig. 6 ), suggests that low IQ individuals are

not more frequently miss-specified compared to their high IQ peers.
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replicate. In a groundbreaking study by Dezfouli et al. (2019b) @, it was shown that an RNN model
fitted to participants performing a two-armed bandit task outperformed a typical reinforcement
learning (RL) model in pure action prediction. This finding has been extended to more complex
decision-making tasks such as the four-armed bandit (Fintz et al., 2022 %) and build-your-own-
stimulus tasks (Song et al., 2021 2). While most studies have primarily focused on the high
predictive performance of RNN models, there are also examples of leveraging RNNs to gain
theoretical insights. For instance, Dezfouli, Ashtiani, et al. (2019) % developed an autoencoder
model utilizing an RNN encoder to map each participant’s behavior into a low-dimensional latent
space, which facilitated the study of individual differences and variation in decision-making
strategies. In another study, Song et al. (2021) & proposed an RNN model trained with an
embedding specific to each participant, showing that these embeddings were effective in
capturing differences in various cognitive variables. Thus, previous research has demonstrated
that RNNs, unconstrained by specific theoretical assumptions, have the ability to capture and
predict human behavior, resulting in remarkably low predictive gaps.

We believe that our work contributes to the growing body of research in the field, making four key
contributions. Firstly, through simulation, we have validated the assertion that RNNs can achieve
nearly optimal fit and approximate various behavioral models without the need for prior
theoretical specification. Secondly, we introduce a novel application of the point of early stopping
in RNN training. Traditionally utilized to prevent overfitting, we demonstrate its utility as a unique
individual measure of the amount of inherent noise present in both artificial and human
behavioral choice data. Unlike predictive accuracy, which requires group-level pre-training and
three data sets per individual (training, validation, and test), the point of early stopping only
necessitates two data sets (training and validation) and can be employed without empirical RNN
pre-training. This allows for a more flexible estimate of stopping points between individuals.
Thirdly, we present an application of the RNN model to human choice data in the context of a
multi-stage two-step decision task, expanding upon previous research that has predominantly
focused on single-stage tasks. Lastly, we utilize the RNN model to investigate the relationship
between model miss-specification and individuals’ intelligence scores.

Our work also addresses the question of inherent randomness or irreducible stochasticity in
human behavior. The question of irreducible stochasticity has broader implications not only for
cognitive science but also as a fundamental question in general science. We provide provisional
evidence suggesting that individuals with lower intelligence scores exhibit noisier decision
patterns that cannot be reduced by any model. However, several questions remain unanswered,
such as identifying the specific stages of the decision-making process that underlie this behavioral
variability. In our current work, we primarily focus on noise that arises from the deliberation
process. This aligns with previous studies that have proposed the concept of “decision acuity”
(Moutoussis et al., 2021 ), which represents a dimensional structure in core decision-making
strongly related to the inverse temperature parameter (f). It suggests that decision variability
originates from differences in reward sensitivities. However, another line of research has
proposed the idea of “computation noise,” which refers to random noise inherent to the learning
process that corrupts the value updating of each action (Findling et al., 2019 ; Findling and Wyart,
20212). Further studies are needed to elucidate the extent to which these two factors contribute
to the noisier decision patterns observed in individuals with lower intelligence. Another open
question pertains to identifying the neural correlates and mechanisms underlying this variability.
Nevertheless, the significant advantage of the current method is that researchers can use the
number of optimal RNN epochs to estimate the amount of noise in observations without specifying
a theoretical mechanism. This capability enhances the interpretation and utilization of theoretical
models.

Several limitations should be considered in our proposed approach. The first limitation is that the
empirical dataset used in our study consisted of data collected from human participants at a single
time point, serving as the training set for our RNN. The test set data, collected with a time interval
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of approximately 6 and 18 months, introduced the possibility of changes in participants’ decision-
making strategies over time. In our analysis, we neglected any possible changes in participants’
decision-making strategies during that time, changes that may lead to poorer generalization
performance of our approach. Thus, further studies are needed to eliminate such possible
explanations. Second, the interpretation of the number of optimal epochs as an estimate of the
amount of information/noise in the individual data is relative and can only be interpreted at this
point against other datasets. While we found that the association between the optimal number of
epochs and true noise is robust across network size and the number of observations (see Fig.

S$2 @), the interpretation of this estimate can be made only when two datasets are estimated with
the same number of observations and network size.

To sum up, we show that both the predictive gap and the point of early stopping of neural
networks can be used to estimate whether a certain predictive gap found for a theoretical model is
mostly due to model miss-specification or irreducible noise. We hope this work would lead to

further studies exploring the utilization of neural networks to enhance theoretical computational
models.

Code availability

The code is publicly available via: https://github.com/yoavger/using_rnn_to_estimate_irreducible
_stochasticity @
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S1. Simulation specification
In study 1 we simulated 300 agents performing the two-step task (Daw et al., 2011 @) for three
blocks of 200 trials each. For each agent, his model parameters were sampled randomly according

Yoav Ger et al., 2024 eLife. https://doi.org/10.7554/eLife.90082.1 24 of 40


https://doi.org/10.7554/eLife.90082.1

Model Hybrid Daw et al. (2011) Habit Miller et al. (2019) K-DH

w~U(0,1)
Parameter range a;o ~U(0,1) aps ~U(0,1) Po12s~ U(0,1)
Bis ~ U(0,10) Bis ~ U(0,10)
A~ U(0,1)
# Agents 100 100 100
# trials 200 200 200
# blocks 3 3 3

Table S1

Simulation specification for Study 1.
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S2. Varying the size of the network hidden

layer and the number of simulated trials

To test how the network’s hidden size and the number of simulated trials affect the relationship
between the number of optimal epochs and the true noise each agent holds, we conducted a
repeated analysis similar to study 1 in the main text. In this analysis, we simulated agents with
varying trial lengths (100, 200, and 500 trials per block) and trained RNN models with different
hidden sizes (2, 5, and 10 cells in the GRU layer). For each combination, we simulated 100 agents
from each of the three theoretical models (Hybrid, Habit, and K-DH), resulting in a total of 300
agents. Subsequently, we fitted an RNN model to the behavior of each agent, training it with only
one block and using a withheld block to determine the optimal epoch for each agent. Across all
combinations, we observed a strong relationship between the number of optimal epochs and the
true noise held by each agent. Specifically, agents with a high level of true noise were better
explained by an RNN model trained with a small number of epochs, while agents with a low level
of true noise were better explained by an RNN model trained with more epochs (see Fig. $2@).
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Figure S2

Correlation matrix between optimal epoch and the true noise.

Each square denotes the Pearson correlation between the number of optimal epochs and the true noise each agent holds.
For each square, the correlation was calculated using agents that were simulated for 100, 200, or 500 trials (X-axis) and the
RNN model hidden layer consists of 2, 5, or 10 cells in the hidden GRU layer (Y-axis). We found, across all combinations a
negative relation such that longer training was most beneficial in predicting the action of agents with low levels of true noise.
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S3. Sensitivity to the lengths of simulated trials

To evaluate the sensitivity of our proposed method to the number of simulated trials, we
conducted a repeated analysis similar to study 1 in the main text (see Classification of model miss-
specification using predictive performance in the main text). Specifically, we generated a
comparable artificial dataset to that of study 1, with the only difference being that we varied the
number of simulated trials within each block (100 and 500 trials). Importantly, the size of the
hidden GRU layer in the RNN was held constant at 5 cells across all conditions. Across all lengths of
simulated trials, we observed a similar overall result to the main text. In particular, regardless of
the theoretical models used, the RNN achieved the second-best predictive score, surpassed only by
the true generative model (see Fig. S3(7, left panel). Additionally, the RNN model exhibited higher
classification accuracy compared to the LR model (see Fig. S3(Z, right panel). These findings
suggest that our method is relatively insensitive to the number of trials used in the simulations.

Yoav Ger et al., 2024 eLife. https://doi.org/10.7554/eLife.90082.1 28 of 40


https://doi.org/10.7554/eLife.90082.1

Hybrid Habit K-DH
70 70 70
60 60 60
%50 50 50
100 t . | .gaa 40 a0
rla s ;30 30 30
f‘zo 20 . 20
10 10 10
07--.-0 _HN_ "Mm_ mm
B Y L Y O L
Hybrid Habit K-DH
80 80 80
>
Ze0 60 60
3
1 e
200 trials 5« © ©
g
<20 20 20

o o
B

Hybrid Habit
200 200

150 150

100

500 trials

A log-probability
g

g
g

50

o

St (OR R

K-DH

2001

150

1001

501

o L] 1]
OB G AR b O oR AR bt (oR AR

Figure S3

True

True

Theoretical

Recurrent Neural Network
Accuracy=0.80

2

0.8
0221

Theoretical

Recurrent Neural Network

0.79

Unknown

Accuracy=0.86

(VAsPAl 0.077

0.18 |OR-E]

Theoretical

Unknown

Predicted

Predicted

Recurrent Neural Network
Accuracy=0.89

0.16 |[ueR-Z:

Theoretical

Unknown

Predicted

Logistic Regression
Accuracy=0.60

Logistic Regression
Accuracy=0.70

Logistic Regression
Accuracy=0.82

0.99

Action prediction and agent classification for different lengths of simulated trials.

The difference in the negative log-probability obtained by each model to each group of agents (left) and Classification of each
agent (right) for various simulated trial lengths [100, 200 (Fig. 3C2 in the main text), 500]. Overall RNN outperformed the LR

model in both predictive score and classification accuracy.
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S4. Classification of model-misspecification

within each theoretical model

In the main text, we presented the average results obtained from all classification rounds of the
hypothetical experiment (see Fig. 3b# in the main text). In this section, we provide the confusion
matrices for each round, which display the classification performance of each hypothetical lab
(see Fig. S42). Across all theoretical models, we observed that the RNN achieved a higher true
negative rate (bottom right square) compared to logistic regression. Specifically, the RNN exhibited
a better ability to correctly identify cases where an agent was better explained by another
unknown model. On the other hand, logistic regression demonstrated a higher true positive rate
(upper right square) compared to the RNN. However, when considering overall classification
accuracy, the RNN model outperformed logistic regression. This finding provides further support
for our claim that the RNN model offers greater expressiveness compared to logistic regression.
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Agent classification of each hypothetical lab.

Classification by RNN (top) and Classification by LR (bottom). Across all theoretical models (Hybrid, Habit, and K-DH), RNN
achieved a higher True negative rate (bottom right square) compared to Logistic regression. In addition, although RNN
achieved a lower True positive rate (upper left square) compared to Logistic regression, the overall classification accuracy of
the RNN model is higher.
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S5. Bayesian regression analysis

We provide two additional posterior distributions of the Bayesian regression coefficient, as
discussed in Study 2 (see Predictive performance in the main text). Firstly, we observed a main
effect for IQ, indicating that individuals with higher IQ scores had higher log-probability scores
(see Fig. S5a (2; posterior median=0.614; 95%pp; between 0.022 and 1.208; probability of direction
(pd) 97.9%). Secondly, We also found a main effect for Model-Type, such that the RNN model
obtains on averaged higher predictive score than the Hybrid (Fig. S5b (2, posterior median=9.577;
95%ppy between 6.94 and 12.2; probability of direction (pd) 100%).
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Posterior distribution for the regression coefficient.

(a) Individual’s IQ score and (b) model-type on predictive Log-probability scores (soiled/dashed purple lines indicate
median/zero, respectively; lower solid black line indicates 95%,p; ). We found two main effects of individual’s IQ and model-
type on predictive Log-probability scores. Such that, low IQ participant’s choices are less predictable than high IQ
participant’s and that on average the RNN model reaches a better predictive score than the Hybrid model.
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Reviewer #1 (Public Review):

Summary:

Ger and colleagues address an issue that often impedes computational modeling: the
inherent ambiguity between stochasticity in behavior and structural mismatch between the
assumed and true model. They propose a solution to use RNNs to estimate the ceiling on
explainable variation within a behavioral dataset. With this information in hand, it is
possible to determine the extent to which "worse fits" result from behavioral stochasticity
versus failures of the cognitive model to capture nuances in behavior (model
misspecification). The authors demonstrate the efficacy of the approach in a synthetic toy
problem and then use the method to show that poorer model fits to 2-step data in participants
with low IQ are actually due to an increase in inherent stochasticity, rather than systemic
mismatch between model and behavior.

Strengths:

Overall I found the ideas conveyed in the paper interesting and the paper to be extremely
clear and well-written. The method itself is clever and intuitive and I believe it could be
useful in certain circumstances, particularly ones where the sources of structure in
behavioral data are unknown. In general, the support for the method is clear and compelling.
The flexibility of the method also means that it can be applied to different types of behavioral
data - without any hypotheses about the exact behavioral features that might be present in a
given task.

Weaknesses:

That said, I have some concerns with the manuscript in its current form, largely related to the
applicability of the proposed methods for problems of importance in computational cognitive
neuroscience. This concern stems from the fact that the toy problem explored in the
manuscript is somewhat simple, and the theoretical problem addressed in it could have been
identified through other means (for example through the use of posterior predictive checking
for model validation), and the actual behavioral data analyzed were interpreted as a null
result (failure to reject that the behavioral stochasticity hypothesis), rather than actual
identification of model-misspecification. I expand on these primary concerns and raise
several smaller points below.

A primary question I have about this work is whether the method described would actually
provide any advantage for real cognitive modeling problems beyond what is typically done to
minimize the chance of model misspecification (in particular, post-predictive checking). The
toy problem examined in the manuscript is pretty extreme (two of the three synthetic agents
are very far from what a human would do on the task, and the models deviate from one
another to a degree that detecting the difference should not be difficult for any method). The
issue posed in the toy data would easily be identified by following good modeling practices,
which include using posterior predictive checking over summary measures to identify model
insufficiencies, which in turn would call for the need for a broader set of models (See Wilson
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& Collins 2019). Thus, I am left wondering whether this method could actually identify model
misspecification in real world data, particularly in situations where standard posterior
predictive checking would fall short. The conclusions from the main empirical data set rest
largely on a null result, and the utility of a method for detecting model misspecification
seems like it should depend on its ability to detect its presence, not just its absence, in real
data.

Beyond the question of its advantage above and beyond data- and hypothesis-informed
methods for identifying model misspecification, I am also concerned that if the method does
identify a model-insufficiency, then you still would need to use these other methods in order
to understand what aspect of behavior deviated from model predictions in order to design a
better model. In general, it seems that the authors should be clear that this is a tool that might
be helpful in some situations, but that it will need to be used in combination with other well-
described modeling techniques (posterior predictive checking for model validation and
guiding cognitive model extensions to capture unexplained features of the data). A general
stylistic concern I have with this manuscript is that it presents and characterizes a new tool to
help with cognitive computational modeling, but it does not really adhere to best modeling
practices (see Collins & Wilson, eLife), which involve looking at data to identify core
behavioral features and simulating data from best-fitting models to confirm that these
features are reproduced. One could take away from this paper that you would be better off
fitting a neural network to your behavioral data rather than carefully comparing the
predictions of your cognitive model to your actual data, but I think that would be a highly
misleading takeaway since summary measures of behavior would just as easily have
diagnosed the model misspecification in the toy problem, and have the added advantage that
they provide information about which cognitive processes are missing in such cases.

As a more minor point, it is also worth noting that this method could not distinguish
behavioral stochasticity from the deterministic structure that is not repeated across
training/test sets (for example, because a specific sequence is present in the training set but
not the test set). This should be included in the discussion of method limitations. It was also
not entirely clear to me whether the method could be applied to real behavioral data without
extensive pretraining (on >500 participants) which would certainly limit its applicability for
standard cases.

The authors focus on model misspecification, but in reality, all of our models are misspecified
to some degree since the true process-generating behavior almost certainly deviates from our
simple models (ie. as George Box is frequently quoted, "all models are wrong, but some of
them are useful"). It would be useful to have some more nuanced discussion of situations in
which misspecification is and is not problematic.

¢ https://doi.org/10.7554/eLife.90082.1.sal

Reviewer #2 (Public Review):

SUMMARY:

In this manuscript, Ger and colleagues propose two complementary analytical methods
aimed at quantifying the model misspecification and irreducible stochasticity in human
choice behavior. The first method involves fitting recurrent neural networks (RNNs) and
theoretical models to human choices and interpreting the better performance of RNNs as
providing evidence of the misspecifications of theoretical models. The second method
involves estimating the number of training iterations for which the fitted RNN achieves the
best prediction of human choice behavior in a separate, validation data set, following an
approach known as "early stopping". This number is then interpreted as a proxy for the
amount of explainable variability in behavior, such that fewer iterations (earlier stopping)
correspond to a higher amount of irreducible stochasticity in the data. The authors validate
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the two methods using simulations of choice behavior in a two-stage task, where the
simulated behavior is generated by different known models. Finally, the authors use their
approach in a real data set of human choices in the two-stage task, concluding that low-IQ
subjects exhibit greater levels of stochasticity than high-IQ subjects.

STRENGTHS:

The manuscript explores an extremely important topic to scientists interested in
characterizing human decision-making. While it is generally acknowledged that any
computational model of behavior will be limited in its ability to describe a particular data set,
one should hope to understand whether these limitations arise due to model misspecification
or due to irreducible stochasticity in the data. Evidence for the former suggests that better
models ought to exist; evidence for the latter suggests they might not.

To address this important topic, the authors elaborate carefully on the rationale of their
proposed approach. They describe a variety of simulations - for which the ground truth
models and the amount of behavioral stochasticity are known - to validate their approaches.
This enables the reader to understand the benefits (and limitations) of these approaches
when applied to the two-stage task, a task paradigm commonly used in the field. Through a
set of convincing analyses, the authors demonstrate that their approach is capable of
identifying situations where an alternative, untested computational model can outperform
the set of tested models, before applying these techniques to a realistic data set.

WEAKNESSES:

The most significant weakness is that the paper rests on the implicit assumption that the
fitted RNNs explain as much variance as possible, an assumption that is likely incorrect and
which can result in incorrect conclusions. While in low-dimensional tasks RNNs can predict
behavior as well as the data-generating models, this is not *always* the case, and the paper
itself illustrates (in Figure 3) several cases where the fitted RNNs fall short of the ground-truth
model. In such cases, we cannot conclude that a subject exhibiting a relatively poor RNN fit
necessarily has a relatively high degree of behavioral stochasticity. Instead, it is at least
conceivable that this subject's behavior is generated precisely (i.e., with low noise) by an
alternative model that is poorly fit by an RNN - e.g., a model with long-term sequential
dependencies, which RNNs are known to have difficulties in capturing.

These situations could lead to incorrect conclusions for both of the proposed methods. First,
the model misspecification analysis might show equal predictive performance for a
particular theoretical model and for the RNN. While a scientist might be inclined to conclude
that the theoretical model explains the maximum amount of explainable variance and
therefore that no better model should exist, the scenario in the previous paragraph suggests
that a superior model might nonetheless exist. Second, in the early-stopping analysis, a
particular subject may achieve optimal validation performance with fewer epochs than
another, leading the scientist to conclude that this subject exhibits higher behavioral noise.
However, as before, this could again result from the fact that this subject's behavior is
produced with little noise by a different model. Admittedly, the existence of such scenarios
*in principle* does not mean that such scenarios are common, and the conclusions drawn in
the paper are likely appropriate for the particular examples analyzed. However, it is much
less obvious that the RNNs will provide optimal fits in other types of tasks, particularly those
with more complex rules and long-term sequential dependencies, and in such scenarios, an
ill-advised scientist might end up drawing incorrect conclusions from the application of the
proposed approaches.

In addition to this general limitation, the paper also makes a few additional claims that are
not fully supported by the provided evidence. For example, Figure 4 highlights the
relationship between the optimal epochs and agent noise. Yet, it is nonetheless possible that
the optimal epoch is influenced by model parameters other than inverse temperature (e.g.,
learning rate). This could again lead to invalid conclusions, such as concluding that low-IQ is
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associated with optimal epoch when an alternative account might be that low-IQ is associated
with low learning rate, which in turn is associated with optimal epoch. Yet additional factors
such as the deep double-descent (Nakkiran et al., ICLR 2020) can also influence the optimal
epoch value as computed by the authors.

An additional issue is that Figure 4 reports an association between optimal epoch and noise,
but noise is normalized by the true minimal/maximal inverse-temperature of hybrid agents
(Eq. 23). It is thus possible that the relationship does not hold for more extreme values of
inverse-temperature such as beta=0 (extremely noisy behavior) or beta=inf (deterministic
behavior), two important special cases that should be incorporated in the current study.
Finally, even taking the association in Figure 4 at face value, there are potential issues with
inferring noise from the optimal epoch when their correlation is only r~=0.7. As shown in the
figures, upon finding a very low optimal epoch for a particular subject, one might be
compelled to infer high amounts of noise, even though several agents may exhibit a low
optimal epoch despite having very little noise.

APPRAISAL AND DISCUSSION:

Overall, the authors propose a novel method that aims to solve an important problem, but
whose generality might be limited only to special cases. In the future, it would be beneficial to
test the proposed approach in a broader setting, including simulations of different tasks,
different model classes, different model parameters, and different amounts of behavioral
noise. Nonetheless, even without such additional work, the proposed methods are likely to be
used by cognitive scientists and neuroscientists interested in assessing the quality and limits
of their behavioral models.

¢ https://doi.org/10.7554/eLife.90082.1.sa0
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