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Abstract

Animal models are used to understand principles of human biology. Within cognitive neuro-
science, non-human primates are considered the premier model for studying decision-mak-
ing behaviors in which direct manipulation experiments are still possible. Some prominent
studies have brought to light major discrepancies between monkey and human cognition,
highlighting problems with unverified extrapolation from monkey to human. Here, we use a
parallel model system—artificial neural networks (ANNs)—to investigate a well-established
discrepancy identified between monkeys and humans with a working memory task, in which
monkeys appear to use a recency-based strategy while humans use a target-selective strat-
egy. We find that ANNSs trained on the same task exhibit a progression of behavior from ran-
dom behavior (untrained) to recency-like behavior (partially trained) and finally to selective
behavior (further trained), suggesting monkeys and humans may occupy different points in
the same overall learning progression. Surprisingly, what appears to be recency-like behav-
ior in the ANN, is in fact an emergent non-recency-based property of the organization of the
neural network’s state space during its development through training. We find that explicit
encouragement of recency behavior during training has a dual effect, not only causing an
accentuated recency-like behavior, but also speeding up the learning process altogether,
resulting in an efficient shaping mechanism to achieve the optimal strategy. Our results sug-
gest a new explanation for the discrepency observed between monkeys and humans and
reveal that what can appear to be a recency-based strategy in some cases may not be
recency at all.

Author summary

How we think our brain solves a task and how it actually does often differ in surprising
ways. In this work, we leverage artificial neural network (ANNs) models to study the
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development and evolution of problem-solving strategies on a working memory task. We
show how behaviors arise in the ANNs and progressively evolve, first mimicking mon-
keys’ behaviors early in the learning process and then progressing to human-like behav-
iors. Analysis of the neural processing in ANNs reveals a surprising mechanism
underlying the behaviors, different than the prevailing theory of how monkeys and
humans solve the task and why their performance differs. We discover how repeated expe-
riences mold network activity to generate specific behavioral patterns that account for the
variations seen between humans and monkeys. These findings spur deep questions into
how different species and artificial neural networks learn and store memory from repeated
experience, and how this memory shapes network activity to generate subsequent
behaviors.

Introduction

Animal models are commonly used to help understand human biology [1], especially studies
with non-human primates [2-6]. Non-human primate studies rely on the similarity between
monkeys and humans, yet assumption of such similarities without validation can be problem-
atic [7-11]. Wittig et al. brought to light one such case, revealing in a series of papers [8, 12]
major problems with inferring human behaviors from findings in non-human primates. They
showed that although humans and monkeys both proficiently solved a set of working memory
tasks, closer examination of error patterns revealed significant discrepancies in problem solv-
ing strategies. In particular, for several tasks monkeys used what appeared to be a recency-
based strategy while humans used a target-selective strategy. These results suggested an alter-
native strategy was used by monkeys, originating from differential use of language, under-
standing of the task rules, or working memory capacity and selectivity [8].

Artificial neural networks (ANNSs) are another useful model system with particular advan-
tages for understanding complex neural computations [13-22]. ANNs can learn to perform
tasks and behaviors mirroring animals and humans and suggest fundamental principles of
neural organization and dynamics that underlie these behaviors [13-15, 18, 20]. These insights
are possible due to the ability of ANNs to capture important aspects of neural population
dynamics while providing full access to all components of the network for analysis. Russo et al.
[13] demonstrated an elegant example of this strategy, using ANNS to reveal how neural activ-
ity is precisely structured to avoid “tangling” or ambiguous neural states that would be prob-
lematic for smooth and predictable motor activity. Roach et al. [14] demonstrated the other
major advantage of ANN models: the ability to vary network parameters flexibly and at scale
to understand relationships between these parameters, network dynamics, and output behav-
ior. Roach et al. varied the specificity motifs of inhibitory connections in ANNs and showed
how this parameter affects speed and accuracy of decision making by the network by altering
the underlying network dynamics. Recently, recurrent neural networks (RNNs) and particu-
larly a subset of RNNs that incorporate gating mechanisms called long short-term memory
networks (LSTMs), have been used to understand how networks of neurons can perform tasks
requiring working memory and long-term memory mimicking the behaviors and neural
dynamics of animals and humans [16, 18]. In this work, we utilize LSTMs to investigate how
task learning and neural network capacity affect the ANN’s problem-solving behavior and
uncover the neural activity structure underlying the ANN’s solution, suggesting a plausible
explanation for both humans’ and monkeys’ behaviors.
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ANN s have proven particularly useful in understanding how large populations of neurons
represent information [13, 23-26]. Multiple studies have shown that the geometry of how neu-
ral populations represent information in high dimensional activity space—often referred to as
representational geometry—can have a major impact on both functional outputs and the types
of errors made [27, 28]. ANNs have been successfully employed to elucidate and characterize
neural population representational geometries: Sorscher et al. discussed how transformations
of representational geometry in the visual pathway enables few-shot learning, and proposed a
theory of how geometric relationships of neural population responses support this feature and
predict identification errors [24]; Tsuda et al. demonstrated how different modes of neuromo-
dulation (chemical vs electrical) can transition network activity along different activity mani-
folds resulting in independent effects on network dynamics and output behavior [25]; Gallego
et al. discussed how neural manifolds defined in neural activity space help explain motor plan-
ning activity and behavior, with reference to several examples in which ANN models were
used to elucidate mechanisms underlying recorded neural population activity data [26].
Together, these studies and many others have shown how ANNs can be used to help under-
stand distributed representations coded in large populations of neurons.

Using RNNSs, we show that a plausible explanation for the observed differences in behavior
between monkeys and humans may be based on developmental differences. We show that
RNNs trained on a working memory task can exhibit human-like or monkey-like behaviors,
and in fact progress through these behaviors with increasing experience. Analysis of the mech-
anisms underlying the RNNs’ behavioral progression reveals that what appears to be a
recency-based strategy is not recency-related, but rather stems from the developmental pro-
gression of the geometry of the RNNs’ solution state space, which, depending on the RNN’s
experience, can generate both recency-like or target-selective behavior. Finally, we examine
the role of a true recency-based strategy on task learning and performance.

Results
Wittig et al. 2016 [8] working memory tasks, experiments, and results

To investigate how monkeys and humans solve tasks requiring working memory, Wittig et al.
[8] designed three types of working memory tasks which were called “Same-Different,”
“Match-First,” and “Match-Any.” Each task involved presentation of a sequence of visual cues.
After each sequence the subject (monkey or human) was prompted to respond “yes” or “no” as
to whether the sequence just shown was a “match” type trial or not. The criteria for being a
“match” varied in each of three tasks as described below.

In Same-Different, each trial was a series of 2 cues (Fig 1A left). If these cues were the same,
it was a “match” trial and a “yes” response was correct (indicated by leftmost green arrow of
Same-Different examples in Fig 1A). If the cues were different, it was a “no-match” trial and a
“no” response was correct. Mistakes could be made if the subject responded yes due to presen-
tation of the same cue in a prior trial (red arrows in Same-Different examples in Fig 1A).

In Match-First, each trial was a series of 4 to 8 cues (Fig 1B middle shows example trials). If
the first cue of the sequence was the same as the last cue, it was a “match” trial and a “yes”
response was correct (indicated by green arrow of Match-First examples in Fig 1A). If these
cues were different, it was a “no-match” trial and a “no” response was correct. Mistakes could
be made if the subject responded “yes” due to presentation of the same cue in the middle of the
sequence within a trial (referred to as “distractor cues”) or in a prior trial (red arrows in
Match-First examples in Fig 1A).

In Match-Any, each trial was also a series of 4 to 8 cues (Fig 1A right). In this task, if the last
cue presented in the trial matched any of the previous cues in that trial sequence it was a
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Fig 1. Task performance and target-selectivity increases as a function of both network size and training experience. (A) Working memory tasks from Wittig et al.
2016. In each trial a sequence of cues is presented and the subject must response “yes” or “no” as to whether a “match trial” occurred. For each task green arrows indicate
correct match trials and dotted red lines indicate causes for erroneous “yes” responses in “no-match trials.” Reprinted from [8]. (B) Ashby chart schematic of modeling
approach to characterize contribution of network size and training experience to task performance and strategy. (C) Linear fit residuals of serial position curves across
network sizes and training experience, here shown for Same-Different (set size (i.e., possible cue types) 2). Linear fit residual mirrors performance progression, with larger
networks’ linear fit residuals increasing more rapidly with increasing training experience. Error bars are SEM over 10 independently trained RNNs. (D) Linear fit residual
and performance are tightly correlated across network configurations.

https://doi.org/10.1371/journal.pcbi.1011618.9001

“match” trial and a “yes” response was correct (indicated by leftmost and middle green arrow
of Match-Any examples in Fig 1A). If the no cues in the current sequence matched the last
cue, it was a “no-match” trial and a “no” response was correct. Mistakes could be made if the
subject responded yes due to presentation of the same cue in a prior trial (red arrow in Match-
Any examples in Fig 1A).

For each task, the number of different possible cues used was varied (referred to in Wittig
etal. 2016 as cue set size, e.g. 5 different cues vs 100 different cues; for clarity we also refer to
this as “possible cue types”) and for Match-First and Match-Any the length of the trial could
be varied between a sequence of 4 cues and a sequence of 8 cues (referred to trial size). For all
trial types we refer to the last cue in a sequence as the “test cue” and the first cue in the
sequence as the “lead cue” of the trial. “Target cue” refers to the cue(s) that when matching the
“test cue” (last cue) would result in a match trial.

To examine how monkey and humans were performing the tasks, Wittig et al. not only
measured performance (which was similarly proficient between humans and monkeys for
most of the task variations), but also specifically analyzed the types of errors made. To show
this, they defined a “serial position curve” for each subject’s performance on a task. This curve
was made by sorting trials based on how recently the test cue was last presented and measuring
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the “yes” response rate at each position. An example of a serial position curve for Match-First
is shown in Fig 2B. In this case, when the test cue was previously presented in the immediately
prior position (the -1 position on the x-axis), monkeys mistakenly responded yes at a rate indi-
cated by the black box at the -1 position. Monkeys and humans had the highest yes response
rate at the -3 position in this case, since these were correctly performed trials: responding “yes”
when the test cue matched the first cue of the sequence (indicated by the grey shading in Fig
2B). To describe the trend in “yes” response rate by the position a cue was last presented, a lin-
ear fit was done using >2 points (blue line fit for monkeys and red dotted line fit for humans
in Fig 2B).

As can be seen from the serial position curve shown in Fig 2B, monkeys and humans some-
times had different serial position curves indicating different types of errors made, despite
often similar end performance. In particular, Wittig et al. revealed that monkeys often had an
upward trending slope of their serial position curve proximal to the target cue position. For
example in Fig 2B this can be seen as the negative slope from position -3 to position -1, with
higher “yes” response rates closer to the target position (-3 position in this example). Wittig
et al. observed this could represent a “recency-based strategy,” i.e., the likelihood of a yes-
response was proportional to the proximity of the last match to the target cue position (the
“yes” response rate is higher for position -2 than -1 in Fig 2B). In contrast, humans most often
had a flat serial position curve, indicating the same likelihood of erroneous “yes” response
across all non-correct positions: the near-zero slope of the red-dotted line in Fig 2B. This error
rate profile indicated a “target-selective strategy,” since subjects exhibiting this error profile
only had an increased “yes” response rate at the relevant position, i.e., the target cue position
(e.g. red box in grey shaded position in Fig 2B). In addition to the slope of the serial position
curve, the residual of the curve, calculated as the distance between the extrapolated linear fit
and the observed yes-response rate at the target cue (grey shaded position) can also be used to
indicate the degree of recency vs target-selective strategy being used. An example is shown in
Fig 2A on the left where the serial position curve linear fit is shown with a green line and the
residual is shown with a magenta line. More target-selective strategies (Fig 2A top left graph)
result in large residuals whereas recency-based strategies result in smaller residuals (Fig 2A
middle left graph).

Modeling the contribution of capacity and task understanding

To investigate the contribution of capacity and task understanding on behavior and task per-
formance, we modeled changes in capacity by varying network size and task understanding by
varying training experience. We used the same working memory tasks introduced in Wittig
etal. 2016 [8] (see Methods) to reveal behavioral differences between monkeys and humans
(Fig 1A). ANNSs allow systematic characterization of network behavior as a function of both
network size and amount of experience, i.e. training. We varied RNNs (LSTMs in our imple-
mentation; see Methods for details) across a size spectrum (n € {5, 10, 25, 50, 100, 200, 500}
neural units) and training experience spectrum (nep € {0, 5, 10, 20, 30, 40, 50} x 10 trial epi-
sodes) (Fig 1B), which effectively captured the full range of performance on the task.

We found that for some tasks (e.g. Same-Different) networks across the size spectrum
tested could gain proficiency, though different sized networks required different amounts of
training. Across all tasks, smaller networks generally required more experience to gain compa-
rable proficiency (S1 Fig). Following the metrics used by Wittig et al., we measured serial posi-
tion curves [8] for networks with each size and experience combination. To assess the degree
of target-selectivity of each network configuration, we measured the linear fit residual of each
serial position curve, following the linear fit protocol of Wittig et al. (larger residual indicates
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Fig 2. RNNs progress from random to recency-like to target-selective behavior over training. (A) Serial position
curve exhibits specific characteristics depending on strategy. Left panels shows schematic of yes response rate across
trial positions in a task (here, Match-First) with serial position curve (green line and text indicating magnitude of
slope) and residual (magenta line and text indicating magnitude). Grey shaded position is the correct match position,
i.e., the target cue. Random behavior would be characterized by a near-zero linear fit residual and slope; recency-based
strategy would continue to have a small residual, but a slope of a particular direction—for Match-First, a negative
slope; target-selective strategy would have a large residual and near-zero slope. Right panels, Progression through these
strategies would be characterized by the residual and slope vs performance schematic plots. (B) Serial position curve
with linear fits from Wittig et al. 2016 for Match-First with set size 5 (i.e., possible cue types) and trial size 4 (1 target
cue, 2 distractor cues, 1 test cue). Serial position curve for monkey behavior shown in blue; for human behavior in red.
Grey shaded position same as (A) indicates correct match position (target cue). Yes response rate at the target cue
position is called “hit rate” in Wittig et al. 2016. Humans exhibit a target-selective behavior with large residual and
near-zero slope. Monkeys exhibit a recency-based behavior with small residual and expected negative slope. Reprinted
from [8]. (C) RNNs across the size spectrum (small to large is light to dark blue) exhibited a progression from random
(zero residual, zero slope) to recency-like (small residual, negative slope) to target-selective behavior (high residual,
zero slope). Each point represents average performance of 10 independently trained RNN s with the same parameter
set. Points representing human and monkey residuals and slopes are shown in red and green, respectively.

https://doi.org/10.1371/journal.pcbi.1011618.9002
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higher target-selectivity; see Methods). We found that the linear fit residual increased more
quickly with experience for larger networks, correlating very tightly with performance (Fig 1C
and 1D and S2 Fig), indicating that higher target-selectivity was directly linked to higher
performance.

RNNs progress from random to recency to selective behavior with
experience

Serial position curve linear fit residuals indicate the degree of target selectivity, but they cannot
distinguish between different forms of non-selectivity. To illustrate this point, consider two
scenarios: 1) a network begins untrained with random behavior, gradually increases selectivity
with no other response trends, and finally achieves high target-selectivity (S3A Fig); 2) a net-
work begins untrained, adopts a recency-like response profile, then achieves high target-selec-
tivity (Fig 2A and S3B Fig). In both these cases, the linear fit residual is small while the
network has a random behavior or a recency-based behavior and may follow very similar lin-
ear fit residual progressions. To distinguish between these possibilities, we introduced another
measure of serial position curves: linear fit slope.

Linear fit slope distinguishes between the two scenarios above: in the first (random — low
target-selective — high target-selective), linear fit slope will remain around zero (S3A Fig),
whereas in the second (random — recency-based — high target-selective), linear fit slope will
follow a predictable deflection during recency-based behavior (Fig 2A and S3B Fig). Impor-
tantly, the predicted recency-based behavior provides a strong prior on the direction of the
slope deflection, decreasing the probability of erroneously attributing a spurious slope deflec-
tion to a strategy difference.

Using both measures—linear fit residual and linear fit slope—we assessed the networks
on the working memory tasks. For some tasks, a clear progression emerged, following that
predicted by the random — recency-based — high target-selectivity scenario (Fig 2C), while
other tasks appeared to follow the alternative progression (random — low target-selective —
high target-selective) (S4 Fig). Furthermore, in some cases networks across all sizes tested
exhibited the recency-based progression (Fig 2C), while in others there appeared to be a size
dependency, with smaller networks more likely to progress through recency-based behavior
(5S4 Fig). Three possibilities may underlie these discrepencies. First, different network config-
urations may truly follow different behavioral progressions. Second, there appeared to be a
trend where task scenarios involving larger cue deck sizes (100 cues vs 5 cues) showed less
recency-based progression. A simple reason for this may be related to sample size. Serial
position curves rely on occurrences of “yes” responses at each position for each cue. We
found evidence of such undersampling, revealing similar recency-based progression when
sample size was increased proportional to cue deck size (S5A Fig). Third, in some cases net-
works—particularly larger networks—may progress through different strategies rapidly dur-
ing training, such that if the sampling rate during training is too coarse, deflections of the
residual or slope curves will be missed. We found evidence of this form of undersampling as
well (S5B Fig).

Although we had hypothesized that network size (capacity) and experience (learning) may
contribute to strategy adoption and progression, it was nevertheless surprising that networks
appeared to progress through a recency-based behavior given no recency-based reward
scheme was used in the reinforcement learning structure of the tasks (see Methods). To inves-
tigate why the networks appeared to transition through a recency-based intermediate behav-
ior, we performed in-depth analysis of the network behavioral progression from random to
recency-based to high target-selectivity, focusing on the 25 neural unit RNN trained on the
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Match-First task with small cue deck size (5 cues) and 4-step trial size (2 distractors) (Fig 2B
and 2C). In this task, trials take on the form A-B-C-D where a Match occurs when D and A are
the same cue and no-match occurs otherwise (Fig 3A). Recency-based behavior was character-
ized by a higher X-A-X-A error “yes” response rate than X-X-A-A (where A is a given cue and
X is any cue other than A; this relative difference causes the negative slope deflection in Fig
20).

Recency or something else?

At intermediate training experience, RNNS’ serial position curves exhibited the same residual
and slope profiles characteristic of monkeys in Wittig et al. 2016. Our RNN models allowed
systematic interrogation of the network behaviors, specifically the hypothesis that this behavior
is reflective of a recency-based strategy, a hypothesis that has concrete predictions which can
be validated or refuted in our model. Like monkeys, RNNs emergently exhibit this behavior,
without an explicit recency-based reward scheme. A straightforward measure of whether a
true recency-based strategy is being used is comparison of different cues sequences in which
the lead cue is varied. A recency-based strategy not only predicts more X-A-X-A match errors
than X-X-A-A in Match-First, but also predicts that all X-A-X-A errors are equally likely,
regardless of the other cues’ (X) identities; 2-1-3-1 and 5-1-3-1 match responses should equally
contribute to recency-based errors, where 1-X-X-1 is the correct match, and numbers indicate
specific cues (i.e., “1” refers to cue 1).

To assess this, we measured the cue-specific match error responses of RNNs exhibiting
“recency-strategy” behavior. A recency-based strategy would predict a flat rate of match error
responses across all lead cue identities. For example, 2-1-X-1, 3-1-X-1, 4-1-X-1, and 5-1-X-1
would each make up 25% of X-1-X-1 match errors. Interestingly, this was not the case. Lead
cue-specific responses varied strongly, ranging from 89% to 0%. This refutes a simple recency-
based strategy. Furthermore, match error rates exhibited a ramping progression around the
corresponding mistaken match cue (Fig 3), suggesting an underlying lead cue-specific struc-
ture to the match error rates. This was true in both the higher (X-A-X-A) and the lower
(X-X-A-A) match error categories (Fig 3 dark and light blue bars, respectively). Although
course-grain analysis suggested a recency-based strategy, the strong variation in response rate
by lead cue identity reflects an underlying non-recency behavior derived from the formation
and refinement of the RNN§’ solution state spaces.

Formation of the RNN solution state space with experience

To understand the RNN’s solution state space, we first considered the population activity of
the network over the course of individual trials. While clear differences could be seen in net-
work activity trajectories over trials as training increased (compare 0k training episodes to 20k
to 50k in S6 Fig), discerning relationships between RNN state space representations and
behavior required analysis of RNN’s state space at each stage within a trial.

To better understand the structure of the RNN’s solution state space, we considered the
final activity state of the RNN after being presented with all four cues (first cue, 2 distractors,
test cue). Using principal component (PC) analysis to analyze how network activity varied
most (top 3 PCs accounted for >87% variance), we found a precise structure that emerges
through training. Untrained RNNs adopt random behavior, for example always responding
“match” leading to final state activity reflective only of stimulus-dependent effects (i.e., similar-
ity-based influence on network state, Fig 4A and 4B, 0k). After some training when the
recency-like behavior emerges (20k training episodes), activity states begin to show clustering
reflective of “match” and “no match” regions (Fig 4A, 20k) suggesting some organization by
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Fig 3. Stimulus-specific breakdown of match errors suggests not mere recency. (A) In a Match-First trial, a sequence of cues is presented and the
agent must respond “yes” or “no” match by comparing the lead (cue A) and target (cue D) cues in the sequence. For a set size (i.e., possible cue types) of
5, there are 5 unique cues which we refer to as cuel through cue5 (1-5, for short). We focus our analysis on the 25 neuron RNN which exhibited
behavioral variation mimicking monkeys and humans over training on Match-First. (B) In the cue sequence labels, the number/letter represents the
cue identity, A represents the cue of interest, and X represents any cue other than A. E.g. in the top row A = 1; dark blue bars indicate X-1-X-1 cue
sequences (2-1-X-1, 3-1-X-1, 4-1-X-1, 5-1-X-1 from left to right) and light blue bars indicate X-X-1-1 cue sequences (2-X-1-1, 3-X-1-1, etc). A
identities for each row is given on the right. For RNN trained on 20k trials and exhibiting recency behavior, both dark and light bars show uneven
distribution of match errors across different lead cues. This refutes a simple recency-based strategy which would predict parity across all lead cues, i.e.,

25% (horizontal dotted line in each graph) for all dark blue bars and 25% for all light blue bars. Error bars are SEM over 10 independently trained
RNNS.

https://doi.org/10.1371/journal.pchi.1011618.g003

target cue and first cue (Fig 4B, 20k). Finally, when target-selectivity is achieved (50k training
episodes), easily distinguishable point clusters emerge representing a solution state space map
underlying network behavior, with tightly defined activity spaces demarcating particular
match and no match combinations (1-X-X-1 vs 2-X-X-1 vs 2-X-X-2, etc.) that follows a clear
organization based on first and target cues (colored and shaded point clouds in Fig 4A and 4B,
50k). We found this topological map of RNNs’ activity state space was preserved across RNNs
independently trained on the task (S7 Fig).

Further dissection of the RNN activity state space revealed that the arrangement of these
network activity point clouds depends on cue-encoding, i.e., the final network state for 1-X-X-
1 is closer to 2-1-X-1 than to 5-1-X-1 (blue, light red, and dark red points in Fig 4C, respec-
tively), something that would not be predicted by a recency-based strategy. This also occurred
for X-X-1-1 activity states (light vs dark green points in Fig 4C), as well as for the other target
cues (Fig 4D shows for target cue 3). Less separated activity states after 20k training episodes
resulted in more errors than after 50k training episodes, though the same structure remained
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Fig 4. RNN state space geometry explains uneven match error profiles. (A) PCA of network activity after presentation of all cues in a trial for trials answered
correctly, colored by match (blue) or no match (red) identity. The untrained RNN (0k) outputs random behavior (e.g. always “match”; so correct trials are the
match trials). At 20k training episodes, distinct match and no match clusters begin to form. At 50k, clearly demarcated clusters in activity space are apparent,
defining a “match” band (blue region) within a surrounding “no match” zone (red region). (B) Same plots as (A) but colored by last cue (target cue) and
shaded by first cue in sequence. Color and shading shows clear organization at 50k; each cluster corresponds to a unique lead and last cue combination.
Emergence of this conformation can begin to be seen at 20k. (C) PCA of state space for match error trials with target cue 1 shows arrangement that leads to
mostly likely error overlaps with cue sequences with lower lead cues (lighter shaded red and green). (D) Neighboring match error trials for target cue 3
sequences shows similar result, with most likely overlap for cues starting with cue 2 or 4. For comparisons in (A),(B) PCA was performed on all correct trials
(51% for 0k, 83% for 20k, 97% for 50k). For (C),(D) PCA was performed on all relevant trials (e.g. for (C), all 1-X-X-1, X-1-X-1, X-X-1-1 trials). Top 3 PCs
explained >87% of activity variance for all analyses. In (D), PCs 1 and 3 explained 75% and 83% of variance for 20k and 50k trained RNNs, respectively.

https://doi.org/10.1371/journal.pchi.1011618.g004
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(Fig 4D, 20k vs 50k). This closer activity state proximity (resulting in higher activity region
overlap and consequent erroneous network readout) of particular cue sequences explains why
the proportion of X-1-X-1 match errors was much higher for 2-1-X-1 (68%) than for 5-1-X-1
(0.3%) (Fig 3, dark blue bars, first row), and were not close to the 25% parity predicted by a
recency-based strategy.

Alignment of activity space sorting directions underlies recency-like
phenotype

Although this insight into state space structure explained the lead cue-mediated inequality of
match-error response profile, it did not help explain why networks consistently exhibited a
recency-like response behavior. Given that final network state was organized by cues that were
presented, we investigated how sequential cue presentation in a trial was encoded by the net-
work. To do this, we considered the state of each network after being presented with the first 3
cues (lead cue and 2 distractor cues) and assessed whether network activity could be separated
by cue history.

We found that indeed network state was neatly organized by cue history, with each succes-
sive cue causing a directional separation in activity space. We characterized this “sorting direc-
tion” for each cue (see Methods) and found that in the space spanned by the first three PCs
(accounting for >88% of variance in activity), the angles of the sorting directions approached
orthogonality (for an example network: 8;, = 81° between sorting directions 1 and 2; 6,5 = 62°
between directions 2 and 3, and 0,5 = 112° between directions 1 and 3; Fig 5A).

The same network with less experience had sorting angles less close to orthogonality (for
the same network after 20k training: 8,, = 61°, 6,3 = 76°, and 6,5 = 130°; Fig 5B). In particular,
we observed that the first sorting angle, 0,5, consistently increased from an acute angle toward
orthogonality during training progression from the recency-like behavior to the target-selec-
tive behavior (Fig 5C). This progression of 0;, explains the recency-like response behavior of
the networks.

To illustrate this, first consider the extreme case where sorting directions 1 and 2 are the
same, i.e., 0, = 0°. In this case, as illustrated in Fig 6A, any overlap between points from the
cloud defined by first cue 2 with the cloud defined by first cue 1 (large red and blue blobs in
Fig 6A, respectively) would more likely be 2-1-X-X than 2-Z-X-X (where Z is any cue other
than cue 1 or 2; in this case cue 3, 4, or 5). Thus, between these two points clouds, 2-1-X-1 is
more likely to be mistaken for 1-X-X-1 than 2-X-1-1, which is exactly the recency-like
phenotype.

This explanation makes a strong prediction based on the organization of the remaining
point clouds (with first cue 3, 4, 5), namely that a similar recency-like phenotype will occur
between 4-5-X-5, 4-X-5-5, and 5-X-X-5, but not so for the other cue combinations (e.g.
2-3-X-3,2-X-3-3, and 3-X-X-3) (see Fig 6A). We found that this prediction was highly accu-
rate. While altogether, a recency-like phenotype was apparent (Fig 5D; p = 8.3828e—5, one-
sample Student’s ¢-test), when stratified by target cue (which measures errors made in confu-
sion with 1-X-X-1, 2-X-X-2, 3-X-X-3, etc.) a strong recency-like phenotype was seen with tar-
get cues 1 and 5 (p = 0.0020 and p = 0.0046, respectively; Student’s t-test), but not with target
cues 2, 3,4 (p =0.7929 and p = 0.2833 p = 0.3312, respectively; Student’s t-test; Fig 5E), exactly
as predicted by a small 6;, ~ 0°.

Further training led to increased cluster separation and also increased 6;, >> 0° toward
orthogonality, which decreases likelihood of the recency-like phenotype (Fig 6B).
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Fig 5. Cue-dependent sorting directions of activity state space underlie recency-like phenotype. (A) Activity states of an RNN trained on 50k episodes after first
three cues. Coloring by first cue (leftmost of colored PC plots), second cue (middle), and third cue (right) reveal distinct sorting directions that organize points within
clusters. Sorting angles approach orthogonality in PC3 space. (B) Same as (A) for the network after 20k episodes. Activity space clusters are less distinct, and sorting
angles less close to orthogonality. In particular, 6;, is more acute at 20k than 50k. (C) Independently trained networks consistently showed an increase of the angle
between the first and second sorting directions, 8, ,, from acute toward orthogonal with increased training from 20k to 50k episodes (after 20k training, 6, =

38.5 + 4.9°; after 50k training, 0,, = 61.5 + 5.9°, average over 10 independently trained RNNs; *: p = 0.001, one-sided paired samples t-test. (D) Aggregated slope vs
performance curve shows recency-like phenotype at 20k training episodes. (E) Same plots as in (D) but stratified by target cue identity. E.g. cue 1 plot measures serial
position curve only when cue 1 is the target cue, i.e., 1-X-X-1, X-1-X-1, X-X-1-1. Curves stratified by cue 1 and 5 show strong recency-like phenotypes, whereas those
for cues 2, 3,4 do not. **: p < 0.01; ***: p < 0.001, one-sample t-test. Curves for (D),(E) are averages over 10 independently trained RNNs. For (A) and (B) PCA was
performed on all correct trials (97% and 83% of all trials, respectively) and top 3 PCs explain 94% and 88% of activity state variance, respectively.

https://doi.org/10.1371/journal.pcbi.1011618.g005

Using recency to learn

Given our finding that RNNs exhibit the recency-like phenotype but not due to a recency-
based strategy, we investigated how explicit encouragement of a recency-based strategy would
alter RNN behavior, specifically if it would alter the RNNS’ solution mechanism. To do this,
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Fig 6. Predictions based on angle between first two cue-based sorting angles in RNN state space. 0;, is defined as the
angle between the first and second sorting directions (see Methods). (A) When 6, is small, the sorting direction of the
second cue is aligned with that of the first, which manifests as cue-ordering based on second cue (smaller blobs) within
clusters ordered by first cue (larger blobs) occurring in the same progression (increasing left to right). This conformation
leads to particular spatial relationships, putting some clusters in closer proximity (and consequently at higher risk of
overlap and erroneous readout) than others. The cluster defined by first cue 1 (big blue blob) contains the correct 1-X-X-1
match trials. Closest to this cluster is that with first cue 2 (big magenta blob). Within this cluster, the subcluster with second
cue 1 is more proximal to the first cue 1 cluster than the subclusters with second cue 3, 4, or 5. This results in 2-1-X-X being
more likely to overlap (and cause an erroneous match error) than 2-[3/4/5]-X-X, the former of which contains 2-1-X-1
sequences and the latter of which contains 2-X-1-1. This exactly predicts a recency-like relationship, i.e., match errors for
2-1-X-1 > 2-X-1-1. A similar pattern occurs with first cue 4 cluster’s (black large blob) subclusters’ likelihood of overlap
with first cue 5 cluster (large yellow blob). In contrast, overlaps between middle first cue clusters (2 (big magenta blob), 3
(big green blob), 4(big black blob)) do not have this spatial property, and would not be predicted to exhibit a recency-like
relationship. For example, 2-3-X-X is less likely to overlap with the first cue-3-cluster (large green blob) than 2-4-X-X or
2-5-X-X, but more likely than 2-1-X-X. Given the uneven match error profiles (see Fig 3B), this makes 2-3-X-3 > 2-X-3-3
match errors (i.e., the recency phenotype) very unlikely. (B) When 8, >> 0 and closer to orthogonality, the proximity
effect is removed so that match errors for X-A-X-A and X-X-A-A are equally likely across all clusters.

https://doi.org/10.1371/journal.pcbi.1011618.g006

we altered the reward scheme of the task to explicitly promote a recency-based strategy:
“match” responses to X-A-X-A and X-X-A-A trials were now rewarded, with X-A-X-A result-
ing in a larger reward than X-X-A-A (A-X-X-A still had the highest reward; all other rewards
were unchanged; see Methods for details).

As expected, under the new reward scheme, RNNs progressed through a larger serial posi-
tion curve linear fit slope deflection, reflecting an exaggerated X-A-X-A/X-X-A-A ratio (S8A
Fig) indicative of recency-like behavior. Interestingly, they also progressed in performance
more rapidly than with the original reward scheme.

We checked the match error profile by lead cue, with the expectation that, unlike with the
original reward scheme, RNNs with the recency-based reward scheme would have response
distributions insensitive to lead cue during the period of recency-like phenotype. To our sur-
prise we found this was not the case. Though less accentuated for the corresponding perfor-
mance level in the original reward scheme (compare Figs 7A and 3 where performances are
similar at 72.4% and 77.6%, respectively), error profiles were still starkly uneven (ranging from
76% to 0%), in a directionally identical manner (Fig 7A).
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Fig 7. Recency-based reward scheme accelerates formation of the same solution state space organization. (A) Serial position curve error
profiles reveal similar uneven and directional trends as with the original reward scheme. Error rates across different lead cues ranged from 76% to
0%, far from the even 25% predicted by a pure recency-based strategy. Shown for RNN with similar performance and behavior phenotype as that in
Fig 3B (72.4% correct, 12k training trials). (B) Top, The recency-based reward scheme (magenta) leads to increases in performance earlier in
training than the original reward scheme (blue). Bottom, The recency-based reward scheme causes an earlier and larger slope deflection in the

expected direction during training than the original scheme. Bar and line plots represent mean of 10 independently trained RNNs. All error bars are
SEM.

https://doi.org/10.1371/journal.pchi.1011618.9007

This suggests that since the end solution of both reward schemes is the same—reward is
maximized by adopting a high target-selective strategy—recency simply speeds up the learning
progression. More specifically, the recency-based reward scheme facilitates learning of the

task, accelerating the solution state space transformation, albeit in the exactly the same manner
(Fig 7B and S8B Fig).

Invariance of recency-like behavior across cue encodings

One explanation for our findings thus far may be related to the method of cue input encoding.
As can be observed from our prior analyses, independently trained networks exhibited a con-
sistent state space solution after training, resulting in the easily identifiable sorting directions
described above. In our simulations thus far, cues were encoded by a scalar, simulating a simi-
larity-based coding system. For example, the five cues in the Match-First task were encoded as
scalars [1-5], analogous to monkeys encoding cues in a hierarchy according to a metric of sim-
ilarity perception.
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To test whether our findings were a result of the method of cue encodings, we modified the
cue encodings such that they did not exhibit a similarity-based encoding, but rather were each
identical in magnitude. Cues in this non-similarity-based encoding were presented as 1-hot
vectors, e.g. cue 1 was represented as [1, 0, 0, 0, 0], cue 2 as [0, 1, 0, 0, 0], etc. for all five cues
(Fig 8A). Interestingly, RNNs trained with this new cue encoding also exhibited the recency-
like behavior, measured as a negative slope of the serial position curve (compare Figs 8B to
5D).

To investigate whether this recency-like behavior was in fact recency, we again measured
the error rates of mismatches separated by different lead cues as we did in Fig 3B. At first
glance, the networks seemed to exhibit error profiles indicative of recency behavior, i.e., a par-
ity of error rates (25%) indiscriminate of lead cue. Yet further investigation revealed individual
networks had starkly varying error rates across lead cues (Fig 9B and 9C), similar to our previ-
ous finding which refuted a recency-based strategy. In this case, aggregate statistics of error
rate profiles across independent networks simply averaged widely varying idiosyncratic behav-
iors such that averages appeared to show evenly distributed behaviors mirroring true recency
behavior. To confirm that individual networks were exhibiting strongly variant mismatch
error profiles, akin to that seen in the previous analysis with the similarity-based cue encoding,
we investigated the error profiles of two example networks (called Network 1 and Network 2
for these analyses).

If the variation in the mismatch error profile were a product of state space clustering geom-
etry as was the case for the similarity-based cue encoding networks, higher error rates should
indicate overlapping clusters of state space representations of particular cue sequences which
can be readily predicted. For Network 1, the error rate profile shown in Fig 9B suggests the net-
work state space representations for sequences beginning with cue 1 are closest to the state
space representations of sequences beginning with cue 4 (indicated by the large % match error
per type when cue 1 is the target cue (top row) and cue 4 is the lead cue), i.e., 4-1-X-1 is more
likely to cause an error (mistaken for 1-X-X-1 which would be correct) than 3-1-X-1, 2-1-X-1,
or 5-1-X-1. Similarly we predicted that the state representations of sequences beginning with
cue 2 would be closest to those of cue 5 (see bottom row of Fig 9B where target cue is cue 5 and
largest error rate occurs when cue 2 is the lead cue).

Due to the non-similarity based encoding of cues, independently trained networks could
result in completely different network solution state space geometries, as seen in comparing

non-similarity coded 1 50k
cues:

cue 1: [1,0,0,0,0]
cue 2: [0,1,0,0,0]
cue 3: [0,0,1,0,0]
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Fig 8. RNNs trained with non-similarity-based cue encoding also exhibit recency-like behavior. (A) An example of
five cues encoded using a non-similarity based method, each equal magnitude and unrelated to the others. (B) RNNs
(25 neural units, cue set size 5 cues (i.e., possible cue types), 4-step trial size) trained on Match-First with the new
encoding also exhibited a recency-like behavior, seen as the negative slope of the serial position curve of intermediately
trained (20k training episodes) RNNs. Further training resulted in a zero slope serial position curve (at 50k training
episodes) indicative of a target-selective strategy. Error bars are SEM for 10 independently trained RNNs.

https://doi.org/10.1371/journal.pcbi.1011618.9008
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Fig 9. Independently trained RNNs with non-similarity-based cue encoding exhibit idiosyncratic match error profiles. (A) Match errors plot similar to Fig 3B: A in
sequences shown at the top represents the cue of interest, and X represents any cue other than A, e.g. in the top row A = 1; dark blue bars indicate X-1-X-1 cue sequences
and light blue bars indicate X-X-1-1 cue sequences. A identities for each row is given on the right. For RNN trained on 20k trials and exhibiting recency behavior, both
dark and light bars show an even distribution of match errors across different lead cues. This parity across lead cues (all 25% of total errors (horizontal dotted line in each
graph) could be suggestive of a true recency-based strategy. Error bars are 95% CI calculated from 10 independently trained RNNs. (B) and (C): Match error plots for two
independently trained networks (referred to as Network 1 and Network 2) after 20k training trials. Individual RNNs have widely varying match error profiles, indicating
idiosyncratic underlying network state representations. (B) Same as (A) but match errors for an individual network, Network 1. (C) Same as (B) but for Network 2.

https://doi.org/10.1371/journal.pcbi.1011618.9g009

the solution state spaces of Network 2 to Network 1 (Fig 10A and 10D). For Network 2, using
the same logic as described above for Network 1, we predicted the network state representa-
tions for sequences beginning with cue 1 would be closest to those of sequences beginning
with cue 2, and the state representations of sequences beginning with cue 4 would be closest to
those of cue 5.

Next, we checked whether the state representations of the individual networks matched our
predictions of state space representation geometry. As can be seen in Fig 10A and 10D, inde-
pendently trained networks formed idiosyncratic state representations. During training, clus-
ters of state representations separable by target cue identity began to form and then became
well-separated (Fig 10A and 10D), much as previously seen for the similarity-based cue encod-
ing trained networks. To test our predictions of state space representation geometry, we calcu-
lated the centroid of each state representation cluster identified by the lead cue (exactly the
same as done in Fig 5A and 5B). We then measured the inter-cluster distances by calculating
the distance between cluster centroids. We found that our predictions were correct: for Net-
work 1, the cluster of state space representation for sequences with lead cue 1 was closest to
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Fig 10. Independently trained RNNs with non-similarity-based cue encodings have unique state representation geometries with intercluster distances
predicted by mismatch error rates. (A) PCA of network activity after presentation of all cues in a trial for trials answered correctly, colored by last cue (target cue)
and shaded by first cue in sequence. The untrained RNN (0k) outputs random behavior, at 20k training episodes, distinct match and no match clusters begin to form
with overlapping borders, and at 50k, clearly demarcated clusters in activity space are apparent. For Network 1, the clusters (by target cue) formed a circular geometry.
(B) PCA of activity states of an RNN trained on 20k episodes after first three cues, colored by first cue. Centroids of each cluster were calculated. (C) Intercluster
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distances measured from centroids of each cluster. Colored dots on axes represents cluster identity from legend shown in (B), with distances measured in arbitrary
units (au). Intercluster distances were predicted by mismatch error rates for Network 1 from Fig 9B. (D) Same as (A) but for a different network, Network 2. The
clusters (by target cue) formed a non-circular geometry, different from Network 1’s geometry. (E) Same as (B) but for Network 2. Orientation of clusters is different
from Network 1. (F) Same as (C) but for Network 2 with cluster identity key shown in (E). Intercluster distances are different than for Network 1 and were predicted
by mismatch error rates for Network 2 from Fig 9C. Top 3 PCs explained >72% of activity variance for all analyses.

https://doi.org/10.1371/journal.pchi.1011618.g010

that of lead cue 4 (see leftmost barplot of Fig 10C), and the cluster for lead cue 2 was closest to
that of lead cue 5 (see rightmost barplot of Fig 10C). Our predictions for Network 2 were also
correct: the cluster for lead cue 1 was closest to that of lead cue 2 (see leftmost barplot of Fig
10F), and the cluster for lead cue 4 was closest to that of lead cue 5 (see rightmost barplot of
Fig 10F). To verify this relationship held true consistently, we calculated the correlation
between pairwise intercluster distances as described above (e.g. between the cluster for
1-X-X-X and the cluster for 2-X-X-X), and corresponding pairwise match error rates (e.g.
error yes response rate of 2-1-X-1 and 1-2-X-2 type trials). We did this for each independently
trained RNN (n=10). We found that all RNNs exhibited a moderate to strong inverse correla-
tion, with Pearson correlation coefficients ranging from r = -0.54 to r = -0.80, and all correla-
tions were statistically significant at an o = 0.05 ranging from p <le-4 to p = 0.0137. In
aggregate over all RNNs, the mean correlation coefficient was r = -0.68 and mean significance
was p = 0.003, showing that smaller intercluster distances consistently predict higher match
error rates.

These results show that the recency-like behavior observed of RNNs trained on the Match-
First task was invariant across different methods of cue-encoding. Furthermore regardless of
cue encoding method, the recency-like behavior was a result of overlapping state space repre-
sentations resulting in very specific types of mismatch errors rather than a simple recency mis-
match behavior. Thus, while it is unknown how monkeys encode the cues of the task,—
whether using a similarity-based encoding or a non-similarity-based encoding—in either case
the recency-like phenotype may be due to overlapping neural network state space representa-
tions of sequences as is the case for our RNN models, rather than a true recency-based
strategy.

Discussion

In following up Wittig et al.’s study [8], we uncovered two major unexpected findings: 1) what
appears to be recency behavior may not in fact be true recency; and 2) in spite of this, a
recency-based strategy may facilitate learning of the non-recency strategy progression. Focus-
ing on state space solutions elucidated how these surprising results fit together in a coherent
model of learning; one that may explain what appears to be different strategies used by mon-
keys and humans.

Our results support the hypothesis put forward by Wittig et al. [8] that a major component
driving the differences observed of humans and monkeys on the working memory tasks may
be task understanding (accrued from number of experiences of the task), which we show can
further be influenced by the capacity of the network dedicated to learning the task. Our finding
suggests humans and monkeys may lie on two different points of the same learning progres-
sion. Thus, the apparent differences in strategies can be considered a consequence of develop-
ment. The hypothesis of “differential use of language” mentioned by Wittig et al. [8] was not
tested in our work. Our network models show that even without the contribution of language,
the behaviors of monkeys and humans can be reproduced. Language likely acts to rapidly
accelerate task understanding, expediting acquisition of strategies observed of highly experi-
enced networks.
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RNNs trained to high task proficiency had activity trajectories suggestive of learned ignor-
ing of distractor cues, yet deeper analysis revealed high-fidelity encoding of distractor cues as
well as relevant cues. This finding follows the observations of Marshall et al. and others that
task irrelevant features are often encoded even when subjects explicitly understand their irrele-
vance [29]. In our analysis, activity space organization is shaped by task irrelevant cues (dis-
tractor cues) (our observations of sorting directions and intercluster distances) which causes
the observed recency-like behavior. Our results suggest that task irrelevant feature encoding
rather than simple repetition may drive this observed behavior.

The finding that a recency-reward scheme facilitated attainment of the optimal target-selec-
tive strategy, raises an interesting possibility that some strategies might be useful simply to
accelerate learning. Such strategies may themselves not be optimal, but act as a “catalytic strat-
egy,” helping shape the structure of the state space in a way that expedites achievement of the
optimal solution. This concept is similar to “shaping,” in which intermediate training goals are
used to piece together a larger, often multi-step behavior. Catalytic strategies could then func-
tion as a type of internal shaping; for example, a monkey that derives some positive feeling
from incorrect recency trials (perhaps the familiarity of seeing a number repeat) would get to
optimal performance faster than a monkey zealously following the external reward program.
Identifying catalytic strategies—perhaps within the vast repertoire of heuristics humans use—
promises to uncover new insights into the mechanisms underlying cognitive processing.

Our modeling work makes a number of predictions that can be tested:

1) In monkeys, is the match error profile across specific lead/distractor cues uniform as pre-
dicted by a pure recency-based strategy, or is it sharply varying as predicted by our RNN
model? If the distribution is uniform, this suggests a true recency-based strategy, perhaps
relating to prior experience or shaping behaviors not captured in our models, which lack
the rich experiential history of organisms like humans and monkeys. If the distribution is
sharply varying, this might indicate that monkeys follow the developmental trajectory taken
by our network model, showing a recency-like phenotype that in fact is not pure recency-
based.

2) Our model predicts that using a recency-based reward scheme will speed up learning of the
task. Adding this explicit recency-rewarding protocol during training of monkeys and com-
paring them to monkeys trained with the normal reward scheme can test this prediction.

3) Our RNN models predict a particular solution state space organization for the working
memory tasks. This solution state space result was robust, occurring repeatedly for indepen-
dently trained networks, suggesting a solution for the task that is potentially optimal for sys-
tems based on networks. Collection of large-scale neural recordings from monkeys (e.g.
regions of prefrontal cortex thought to be critical to solving these working memory tasks)
during and after training on the tasks (e.g. Match-First, set size 5) will allow assessment of
how well the RNN model’s solution state space matches that of monkeys neural circuits.
Furthermore, collection of such data would allow differentiation between similarity-based
and non-similarity-based cue encoding by showing either consistency of state space repre-
sentation geometry across different animals (as in similarity-based encoding) or idiosyn-
cratic activity state clustering (as in non-similarity based encoding).

Our findings confirm the central message of Wittig et al. 2016: that extrapolation from one
model system to another should be done with caution rather that assuming similarity based on
coarse-grain measures. Wittig et al. showed monkey and human behaviors have different char-
acteristic features even though performance may be comparable; here we show that the
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explanation for that difference may not be the most obvious, and that although they are differ-
ent, monkeys and humans may lie on different points of the same learning continuum.

Finally, we note the inherent and unavoidable challenges of comparing model systems—
humans with monkeys, and RNNs with both—and emphasize the importance of validation
studies to assess findings and predictions from one model system to another. Just as animal
models are useful to study how humans brains operate, RNNs are a powerful model system for
studying neural computations of biological neural networks most notably in enabling full
access for analysis of all individual and populations of neural units that make up the network
as well as the ability to readily and at scale vary key network parameters and study the effects
of such variation [13-22]. Yet monkeys have very different life histories than the humans they
are compared to, and likewise, RNNs have, even more starkly, no life histories prior to task
introduction. Each system has architectural differences, and our RNN models adopt a com-
mon basic model to gain insight into both monkey and humans, ignoring these architectural
differences aside from variation in number of neural units. In the lab, monkeys must go
through rigorous shaping protocols over the course of several months to successfully train
them on experimental tasks. These include components as simple as sitting still or fixating at a
point on a screen consistently. Humans in contrast can be told the task and tested within a sin-
gle day of training, inferring many of the implicit protocols of the experimental assessment
(e.g. chair in the room likely means sit; screen likely is the place to look; language guidance
explains the task). RNNs have an inductive bias regarding the task even before training begins,
as do humans and monkeys. The extent to which the inductive bias of RNNs is similar to those
of brains makes them useful in understanding the others, but their fundamental differences
must be acknowledged in the analyses that extrapolate from one to the others.

Methods
Working memory tasks from Wittig et al. 2016 [8]

Our analyses were done with the working memory tasks used by Wittig et al. (described in the
first Results section; see [8, 12] for the all details). In brief, there were three tasks: Same-Differ-
ent (SD), in which a response indicates if the second cue matches the first cue; Match-First
(MF), in which a response indicates if the last cue matches the first cue in a cue sequence; and
Match-Any (MA), in which a response indicates if the last cue matches any of the previous
cues in the current trial. Each task had variations depending on the set size (number of differ-
ent cues that could be selected: 2 or 100 for SD, 5 or 100 for MF and MA) and trial size (num-
ber of steps in a single trial: always 2 for SD; 4 or 8 for MF and MA), leading to a total of 8 task
variations tested (SD 2 or 100 cue; MF set size 5, trial size 4; MF set size 100, trial size 4; MF set
size 100, trial size 8; MA set size 5, trial size 4; MA set size 100, trial size 4; MA set size 100, trial
size 8). We computationally implemented each of these task variations and trained and tested
all network configurations on each task.

Cues were encoded as a single value ranging from [1,maximum cue] (e.g. for Match-First,
set size 5, this was [1..5]; in the last section of Results this is referred to as the similarity-based
coding system). For timesteps during which no cue was presented, [0] was presented in place
of any cue. Trials were separated by a timestep with no cue presented. For example, two trials
of Match-First, with trial size 4, and set size 5, would be presented as:

0-3-1-5-2-0-2-4-3-2-0

Rewards were given after the RNN’s decision of “match” or “no match” following presenta-
tion of the final cue in a trial (e.g. after the first 2 and after the last 2 in the sequence shown
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above—correct answers would be “no match” and “match,” respectively). Correct trials were
rewarded with +5 and incorrect trials with -5. At all other timepoints reward feedback was 0.

In the recency-based reward scheme for Match-First, two modifications were made to
encourage recency-based behavior. X-A-X-A trials in which the RNN responded “match”
were rewarded +3 and X-X-A-A trials in which the RNN responded “match” were rewarded
+1 (in original reward scheme reward for both these would be -5). All other rewards remained
unchanged.

In the last section of the Results we also trained networks using a non-similarity-based cue
encoding. Cues were coded as 1-hot vectors (e.g. for Match-First, set size 5, cue 1 was pre-
sented as 1, 0, 0, 0, 0], cue 2 as [0, 1, 0, 0, 0], cue 3 as [0, 0, 1, 0, 0], cue 4 as [0, 0, 0, 1, 0], and
cue5as [0, 0,0, 0, 1]. For timesteps without a cue (i.e., between trials), a zero vector was pre-
sented ([0, 0, 0, 0, 0]). The RNNs were adjusted to accommodate cue input of this form. Other-
wise all simulations were run in an identical manner to those described previously. Below is an
example of how two trials of Match-First with trial size 4 and set size 5 would be presented:

[0, 0, 0, 0, 0]—blank screen
[0,0,1,0,0]—cue 3
[1,0,0,0,0]—cue 1
[0,0,0,0, 1]—cue 5
[0,1,0,0,0]—cue 2
[0, 0, 0, 0, 0]—blank screen
[0,1,0,0,0]—cue?2
[0,0,0,1,0]—cue 4
[0,0,1,0,0]—cue3
[0,1,0,0,0]—cue 2
[0, 0, 0, 0, 0]—blank screen

Recurrent neural networks models

Our RNN models consisted of LSTMs of different sizes (n € {5, 10, 25, 50, 100, 200, 500} neural
units). Unlike “vanilla” RNNs, LSTMs incorporate multiple intrinsic gates that influence the
RNN’s state dynamics with respect to retaining information, incorporating new information,
and outputting information [30]. This gating structure enables robust learning and behaviors
mimicking animal and human models on multiple tasks [16, 18]. The LSTM states and gates
are described by the following equations:

fi =a(Wyx, + Wyh,_, + b))

i, =a(Wx,+W,h_, +b,)

o, =0(Wx,+W,h_ +b,)

¢, =foc_,+iotanh(W x,+W,h,_, +b,)
h, =o,o tanh(c,)

where f;, i, and o, are the forget, input, and output gates at time ¢ respectively, o is the sigmoid
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activation function, Wj; denotes the weights from component i to component j, x, is the exter-
nal input at time ¢, h, is the ouput of the LSTM at time ¢, ¢, is the state of the LSTM cell at time
t, bf, b;, and b, are the biases of the forget, input and output gates respectively, b, is the bias of
the cell states, and o denotes the Hadamard product.

Intuitively, LSTMs are RNNs with weights that modulate how much of prior network activ-
ity is persevered, how much new input activity is incorporated, and how much network activ-
ity is output. The RNN has specific weights that modulate input, including both new external
stimuli (e.g. a new cue presentation) and input of the network’s prior state (i.e., a neuron’s
recurrent input into another neuron in the RNN) (input gate); weights that modulate for-
getting of previous neuron activity (which can be thought of as degradation or preservation of
aneuron’s activity over time); and weights that modulate outputs (output gate) (Fig 11). This
form of gated RNN permits flexible learning over relatively long time-scales more robustly
than an ungated “vanilla” RNN [30].

Reinforcement learning

We trained our RNNs by reinforcement learning [31], similar to how humans and animals
learn many tasks such as the working memory tasks from Wittig et al. 2016. Similar to [18], we

A B

ht—1= output and
{nB(h,,) é to other neurons
,31 5 ’NA(h ) nA(h)

Q- —

\ =nA tanh(nA
' nZ(ht.1)} ) .nA(c) n (ot) olan (n (C&))
' t
' =nA(f) o A(C,,)
neuron A ("nA”) X, + nA(i) o tanh(w, h, +w, x)

Fig 11. Schematic of LSTM. (A) An LSTM is a type of RNN (greyed neural network; dots represent neurons, arrows
represent connections) with intrinsic gating to support robust memory [30]. To illustrate how the LSTM operates, a
single example neuron, “neuron A,” is highlighted and its governing equations are shown in (B) (black neuron and
input and output connections). (B) Neuron A, abbreviated nA here, takes input from the prior output of the network
(hs-1) (hence the ANN’s recurrent nature) and external input (x;, e.g. a visual cue). h,_ is a vector made of up input for
each individual neuron in the network into neuron A, including itself (#A(h;_,)), input from neuron B (nB(h;_,)),
input from neuron Z (nZ(h,_,), etc. The current state of neuron A (nA(c,)) is calculated by the sum of the product of
the forget gate (nA(f,)) and the previous state (nA(c-;)) and product of the input gate (nA(i;)) and the weighted inputs
to the network (see equations, where light blue indicates a gate function, e.g. nA(f;)) and ° denotes the Hadamard
product. Output nA(h,) is calculated from the output gate nA(o,) applied to the current state, which is then input at the
next time step for downstream neurons. Bias terms are omitted in the schematic. (C) A schematic of a whole LSTM
network, with dots representing individual neurons’ activity states and light blue boxes representing intrinsic gates.
Inputs to the network (b, and x,) modulate the forget, input, and output gates (f;, i, 0, respectively) through weights
(forget gate weights: w,y. ;.5 input gate weights: w,; ;, output gate weights: w.,, .. Weighted sums of inputs (input
weights: w., ) are input gated and added to the forget gated state of the network from the prior timestep (c,;) to
determine the new state of the network (c;). Output gating (o) of the current network state generates network output
(h,). Sigmoid and hyperbolic tangent operations are ommited from schematic.

https://doi.org/10.1371/journal.pcbi.1011618.9011
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used an Advantage Actor-Critic algorithm (see Mnih et al. [32] for a full description of the
algorithm). In brief, the objective function consists of the gradient of a policy term, an advan-
tage value term, and an entropy regularization term:

VL =VL, +VL,+VL,

— 8log7'c(a[|s[; 9) S (e S (¢ - ov aH(T[(a"Sf; 0))
= Tbt(sm 0) + ﬁvbt(st5 0) % + :BHT

where 7 is the policy output by the RNN (passed through a softmax function), g, is the action
taken at time t, s, is the state at time ¢, 6 is the network parameters, 3,, S are hyperparameters
for scaling the contribution of the value and entropy terms respectively (we set 3, = Sz = 0.05
for all our simulations), V is the value output of the network, and H is the entropy regulariza-
tion term of the policy. The softmax function for the policy term is given by:

eh(s,.utﬁ
n(als;0) = <o)

Zbeh(s,.btﬂ)
0, is the advantage estimate, which represents the temporal difference error:

5t(st; 0) =R, — V(S 0)

1
where R; is the discounted reward:

k—1

R, = Zyirtﬂ + Vkv(5t+k; 0)

i=0

where k is the number of steps until the next end state. Wheny =0, R, =r,.

The advantage equation in this case is equivalent to a temporal-difference error signal
enabling temporal difference reinforcement learning.

The parameters of the model were updated during training by gradient descent and back
propagation through time using AdamOptimizer with learning rate 1e — 03. Training occurred
after every 3 trials. For all tasks, we set y = 0 since actions at time points prior to the decision
timepoint had no bearing on outcome.

Similar to the implementation of others [16, 18], input to networks at each time point was
given as vector with the current cue, the action taken at the previous time point, a,_;, and the
reward received at the previous timepoint, 7,_;.

RNNs were trained for 50,000 trials (.,) and tested throughout after n,, € {0, 5, 10, 20, 30,
40, 50} x 10 trials. To compare 25 unit RNNs on Match-First, set size 5 with the original and
recency-based reward schemes, we trained RNNs with either reward scheme and tested every
5x 10 trials. To compare RNN activity state spaces across reward schemes we selected training
points with similar performance (and close to that of monkeys on the task) which was 20k for
the original (77.6% correct) and 12k for the recency-based reward scheme (72.4% correct).

Serial position curves

Following Wittig et al. 2016 we measured serial position curves for RNN. Serial position
curves give the fraction of yes (i.e., “match”) responses when a cue at a given position matches
the target cue (last cue in a trial). For example, for Match-First, trial size 4, if the target cue was
cue 1, the serial position curve would give the fraction of yes/no responses when cue 1 was in
the first position (-3 test recency position in Fig 3 of Wittig et al. 2016; yes response in this case
was a correct match), fraction of yes/no responses when cue 1 was in the second position (-2
test recency position), and same for third position (-1 test recency position). These fractions
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(e.g. -2 and -3 test recency positions for Match-First, trial size 4) then can be fit with a least-
squares linear fit as was done in Fig 3 of Wittig et al. 2016 [8]. The linear fit can be used to cal-
culate a residual that describes the deviation of the observed “hit rate” (yes/no fraction at -3
test rececny position) from the linear fit; this is what we refer to as the linear fit residual. The
slope of the linear fit indicates the presence or absence of a recency-like behavior; this is what
we refer to as the linear fit slope.

It should be noted that the least-squares linear fit of the serial position curves is an approxi-
mation of the trend in response frequency across positions. Several variations of this approxi-
mation can be used, for example including more or fewer positions for the linear fit (in our
analyses we used the two adjacent positions as was done in Wittig et al. 2016 [8] unless other-
wise noted), or using different fit functions like a sigmoid. Whichever method of approxima-
tion is used, some edge cases result in less useful metrics. Two examples of this include if the
positions used for the fit result in an incredibly positive or negative slope, in which case the lin-
ear-fit residual may be nonsensically large compared to measurements in other situations;
another example is if there is no clear trend across positions, but making a linear fit across
some subset of positions gives a random trend. These misleading cases due to intrinsic noise
in the data is are controlled through high numbers of replicates of independently trained net-
works (equivalent to multiple subjects in experiments) and through high numbers of sample
replicates from any given network/subject, both as indicated in the text and Methods above.

Sorting directions

Sorting directions in Fig 5 were computed by calculating the centroid of each point cloud in
the space of the first three principal components (which accounted for 94% and 88% variance
explained for RNNs trained for 50k and 20k trials for similarity-based cue encoding simula-
tions, respectively) identified by the cue presented at a given timestep in the trial. A least-
squares error line was fit to these centroids to give the sorting direction. This was calculated
for network states after being presented with the first 3 cues in the sequence for Match-First
on all correct trials from 5000 test trials at each level of training (50k training episodes for Fig
5A, and 20k for Fig 5B). The first sorting direction was calculated with respect to the first cue
presented (different colors in Fig 5A and 5B leftmost colored PC plots). The second and third
sorting directions were calculated using the point cloud in which the first cue was cue 1 (i.e.,
within the blue point cloud in the leftmost colored PC plots in Fig 5).

Intercluster distances

Intercluster distances in Fig 10 were computed by calculating the centroid of each point cloud
in the space of the first three principal components (which accounted for >72% of variance
explained across all analyses shown with non-similarity-based cue encoding simulations) iden-
tified by the lead cue presented (Fig 10B and 10E). Pairwise distances between centroids was
calculated. This was calculated for network states after being presented with the first 3 cues in
the sequence for Match-First on all correct trials from 5000 test trials after 20k training
episodes.

Supporting information

S1 Fig. Performance over training episodes for RNNs across a size spectrum. Performance
over eight variations of three working memory tasks from Wittig et al. 2016. Across all tasks,
smaller networks (lighter blue colors) required more training episodes to achieve similar per-
formance to larger networks (darker blue colors). For some tasks, networks across the whole
size spectrum could gain proficiency (Same-Different, set size 2), for others only some
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networks reached maximum proficiency by the maximum training duration (e.g. Match-First,
set size 5), and for others no network reached near perfect performance (e.g. Match-Any, set
size 5). Similarly to humans and monkeys, RNNs performed the worst on Match-Any. All per-
formance curves are the average performance of 10 independently trained networks of the
given size, tested with 5000 test episodes at each training point. Error bars represent standard
error over 10 independent networks tested.

(EPS)

S2 Fig. Serial position curve linear fit residuals on all task variations from Wittig et al.
2016. Residuals of serial position curve linear fits (linear fit residual) as described in Wittig

et al. 2016 closely mimic performance of RNNs on each task. A linear fit residual of 1 repre-
sents a pure target-selective behavior whereas a value of zero represents a pure non-selective
strategy. For each task variation, the correlation coefficient between linear fit residual and per-
formance at each network configuration (size x training) is given; all are upwards of 0.9 except
Match-Any, set size 100 (R = 0.4) which the RNNs had trouble learning in the training dura-
tion. All linear fit residual curves are the average of 10 independently trained networks of the
given size, tested with 5000 test episodes at each training point. Error bars represent standard
error over 10 independent networks tested.

(EPS)

S3 Fig. Two possible modes of strategy evolution. Schematics of two hypothetical strategy
evolution scenarios shown for the Match-First task. For each part, left shows the progression
of the serial position curve, right top shows the performance vs linear fit residual, and bottom
right shows performance vs linear fit slope. (A) Strategy progression from random to increas-
ingly target selective. Behavior begins as random with uniform yes rate across serial positions,
then yes rate progressively increases at target location (“hit rate”) and yes rate at all other posi-
tions (“false alarm rate”) decreases uniformly. Residual of linear fit will increase with increas-
ing performance and slope will trace random walk around 0. (B) Strategy progression from
random to recency-like to target-selective. From initial random behavior, yes rate at positions
close to target location increase (or decrease more slowly) relative to yes rate at further posi-
tions, exhibiting recency-like behavior. Then hit rate continues to increase, while false alarm
rate becomes uniform and low in a target-selective strategy. Linear fit residual initially remains
near 0 with initial increase in performance during recency-like behavior, then increases with
further performance improvement. Slope beings at 0, deflects in an expected direction (nega-
tive for Match-First) then returns to zero when target-selective strategy is achieved.

(EPS)

S4 Fig. Serial position curve linear fit slope and residual for all task variations from Wittig
et al. 2016. Slope and residual plots reveal clear instances where RNNs progress from random
(low performance, small slope, small residual) to recency-like (higher performance, slope
deflected in predicted (green) direction, low residual) to target-selective behavior (higher per-
formance, small slope, high residual), for example Match-First, set size 5. Other RNNs did not
have apparent recency-like behavior, though caveats on sampling depth and frequency require
further investigation (e.g. Match-First, set size 100, distractors 2; Same-Different, set size 2; S5
Fig). In each slope plot, shaded green region indicates prediction prior on direction of slope
deflection if recency-like behavior occurs. Dotted line in slope plots indicates 0 slope. Dotted
line in residual plots connects from random (0 performance, 0 slope) to point achieved by
human subjects in Wittig et al. 2016 (red dot). Human and monkey behavior is shown in all
plots as red and green dots, respectively.

(EPS)
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S5 Fig. Undersampling depth and frequency masks occurrences of recency-like behavior
by RNNs. (A) Example of undersampling depth. Serial position curve is constructed based on
occurrence of error trials with particular cue arrangements. Task variations with large cue set
size (100 vs 5 cues; 20x difference) require more sampling. Increased test sampling depth
(5000 — 30000 — 100000 test samples) of same network reveals recency-like behavior when
none was apparent at lower test sampling depth (5000 test samples). (B) Recency-like behavior
could also be masked by sampling frequency for networks/tasks that rapidly progressed from
random to target-selective strategy. Increased sampling frequency (training points €{0, 11, 20,
40, 50} — {0, 5, 11, 15, 20, 30, 40, 50} — {0, 5,7, 9, 11, 13, 15, 20, 30, 40, 50}x10°) reveals
recency-like behavior when none was apparent at lower frequency sampling.

(EPS)

S6 Fig. RNN population activity trajectories on Match-First trials. Network activity trajec-
tories on test trials for three levels of training (trained on 0k, 20k, 50k trials). Colored points
indicate network state after presentation of indicated cue in the trial sequence. Untrained net-
works (0k) do not exhibit any apparent ordering, with network states at different timepoints in
different trials mixed up. Highly trained networks (50k) show precise trajectory shape and net-
work state organization, with relevant cues (1st and 4th) moving network state in a direction
apparently different than distractor cues (2nd and 3rd). Intermediately trained networks (20k)
exhibit sequential ordering of network states without showing clear directional difference by
specific cue position. For visualization and comparison purposes, all plots show random 100
trajectories aligned at the trial start for correct trials that occurred following a correct trial
(“correct-after-correct”); previous trial outcome had a large binary influence on activity vari-
ability. For 50k trained RNNs, these made up 97% of correct trials, which in turn made up
97% of all trials. For 20Kk, this was 83% and 83%; and for Ok this was 51% and 51%. Top 3 PCs
on all “correct-after-correct” trials explained >85% of variance in activity at each of the three
training points assessed.

(EPS)

S7 Fig. Consistent topology of network solution state space across indpendently trained
RNNs . (A) and (B): PCA of network activity after presentation of all cues in a trial for RNNs
trained on 50k training episodes on the Match-First task. Each row represents a different,
independently trained RNN. Examples of 5 independently trained RNNs are shown here (5
rows). (A) PCA of network activity after presentation of all cues in a trial for correct trials, col-
ored by match (blue) or no match (red) identity. Clearly demarcated clusters in activity space
are apparent, defining a “match” band (blue region) within a surrounding “no match” zone
(red region) in very similar fashion across networks (rows). (B) Same plots as (A) but colored
by last cue (target cue) and shaded by first cue in sequence. Topological arrangement is pre-
served across networks, specifically the proximity of particular activity clusters to others. For
example, for each RNN, the dark yellow cluster (5-X-X-5) is always adjacent to the second
darkest black cluster (4-X-X-4) and far from the lightest blue cluster (1-X-X-1). Each cluster
(identified by color and shade) corresponds to a unique lead and last cue combination. Top 3
PCs explained >92% of activity variance across all plots shown.

(EPS)

S8 Fig. Recency reward scheme trained RNNs progress from recency to target-selective
behavior and learn faster. (A) Slope vs performance plot for RNNs trained with a reward
scheme that explicitly rewards recency behavior compared to original reward scheme. RNNs
trained with recency scheme show the same slope vs performance progression, but appear to
have an accentuated recency behavior at intermediate training (more negative slope) and
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move through the learning progression faster (compare recency reward scheme trained RNNs
slope at 10k training trials to original at 15k). Labels in graph indicate trials trained on (e.g.
15k indicates RNN has been trained on 15e3 trials). Data shown is for 10 independently
trained networks in each reward scheme. Error bars are SEM. (B). Example RNN’s solution
space during learning under recency reward scheme. The solution space of RNNs trained with
the recency reward scheme follows a similar progression as those trained with the original
scheme (Fig 4A and 4B), with a very similarly arranged solution space map after extensive
training and attainment of a target-selective strategy (50k training trials). The progression
occurs faster with recency reward scheme training, with performance and solution space after
12k training trials very similar to those of RNNs under the original scheme at 20k training tri-
als. Top 3 PCs explained >88% of activity variance for all conditions.

(EPS)
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