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Abstract 

A major goal of neuroscience is to identify general principles that can explain the 

diverse structures and functions of the brain. The principle of temporal prediction 

provides one approach, arguing that the sensory brain is optimized to represent 

stimulus features that efficiently predict the immediate future input. Previous work has 

demonstrated that feedforward hierarchical temporal prediction models can capture 

the tuning properties of neurons along the visual pathway, and that recurrent tempo-

ral prediction models can explain local functional connectivity within primary visual 

cortex. However, the visual system is also characterized by extensive inter- 

areal feedback recurrency, which existing models lack. We aimed to better account 

for the dynamic features of neurons in the visual cortex by incorporating both local 

recurrency and inter-areal feedback connectivity into a hierarchical temporal predic-

tion model. The resulting model captured tuning properties along the dorsal visual 

pathway, including pattern motion selectivity and surround suppression, and the 

contribution of inter-areal connectivity to these properties. Moreover, compared with 

several alternative normative models, the hierarchical recurrent temporal prediction 

model provided the closest fit to these tuning properties and was best able to explain 

neuronal responses to natural stimuli. Accordingly, temporal prediction accounts well 

for information processing along the visual pathway.

Author summary

A goal of neuroscience is to identify general principles that explain how neural 
circuits represent information. Feedforward and locally recurrent models have 
shown that temporal prediction, the idea that sensory systems are optimized to 
predict immediate future input, can account for many aspects of the response 
properties and connectivity of sensory neurons. However, sensory pathways are 
also shaped by extensive feedback connections between brain regions, whose 
computational role remains poorly understood. Here, we address this gap by 
introducing a hierarchical recurrent temporal prediction model that explicitly 
incorporates inter-areal feedback, reflecting the bidirectional organization of  

http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pcbi.1013138&domain=pdf&date_stamp=2026-06-10
https://doi.org/10.1371/journal.pcbi.1013138
https://doi.org/10.1371/journal.pcbi.1013138
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://orcid.org/0000-0001-5180-7179
mailto:nicol.harper@dpag.ox.ac.uk
mailto:andrew.king@dpag.ox.ac.uk


PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1013138  May 28, 2026 2 / 29

mammalian cortex. Trained on natural movies, the model reproduces stimulus 
feature selectivity and local connectivity patterns observed in the dorsal visual 
cortical pathway. Critically, it also explains neural phenomena that depend on 
feedback, including enhanced memory, surround suppression, and the emer-
gence of pattern-motion selectivity across the cortical processing hierarchy. Re-
moving the feedback selectively disrupts these properties, matching results from 
inactivation studies in animals. Compared with feedforward temporal prediction 
models and other unsupervised approaches, the feedback-enabled model better 
matches neuronal tuning and population-level stimulus representations across 
multiple visual cortical areas. These findings therefore suggest that inter-areal 
feedback may be organized to support temporal prediction in the brain.

Introduction

Classical theories of vision posit a series of hierarchically organized processing 
stages that gradually extract higher-level visual features [1,2]. In this way, the brain is 
thought to decompose the patterns of light that impinge on the retina into meaningful 
representations to be further processed in downstream areas, and ultimately, to guide 
behavior. A key question, then, is how to understand these computations and whether 
an underlying principle of organization can explain how the resulting representations 
change across the visual pathway [3,4].

One promising principle is that of temporal prediction, which argues that the 
sensory brain is optimized to represent stimulus features that are predictive of the 
immediate future [4–8]. This is likely to be useful for extracting underlying variables 
in the input, eliminating unnecessary information based on the behavioral relevance 
of stimuli, and creating a representation that is useful for guiding future action given 
sensory and motor delays [4–6,8]. Temporal prediction can be applied in a hierar-
chical manner to capture spatiotemporal receptive field properties across multiple 
stages of the visual pathway [4]. Importantly, as an unsupervised principle, temporal 
prediction does not rely on hand-labeled examples, as in many deep learning mod-
els of the visual system [9,10]. Together, these features make temporal prediction a 
promising candidate for modeling neural processing in sensory systems.

In addition to demonstrating that the tuning properties of neurons along the visual 
pathway can be reproduced by applying temporal prediction in a hierarchical manner 
[4,5], we have recently shown that the functional specificity of connections within the 
primary visual cortex (V1) can be captured by applying temporal prediction to a  
locally-recurrent network [6]. However, these models have so far neglected the 
substantial role of long-range feedback connectivity from higher-order visual areas, 
which has been implicated in a range of visual processing functions [11]. Feedback 
connectivity in the visual system appears to impart both modulatory and driver roles 
on downstream neural activity [11,12]. Among other roles, feedback from higher 
visual areas is believed to mediate extra-classical receptive field effects, such as 
surround suppression [13–16], maintain and gate working memory representations 
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[17–19], and, within the predictive coding framework, convey predictions that may drive learning via bottom-up prediction 
errors [20,21]. Accordingly, incorporating these elements into normative models, including temporal prediction, is likely to 
be an important step in explaining the structural and functional properties of the visual pathway.

Here, we demonstrate that a hierarchical recurrent temporal prediction model trained on movies of dynamic natural 
scenes better captures the tuning properties of visual neurons along the mammalian visual pathway than implementing 
hierarchy or local recurrency alone. The architectural addition of inter-areal recurrency and the network’s optimization for 
temporal prediction jointly improved the model’s similarity to the tuning properties of visual cortical neurons measured in 
different studies. Moreover, feedback connectivity significantly improved the network’s memory capacity and frame predic-
tion performance, and recapitulated the dependence on feedback of surround suppression and pattern motion selectivity 
in the responses of V1 neurons [13–16,22]. Finally, compared with alternative normative models, the hierarchical recurrent 
temporal prediction model was more closely aligned with the stimulus representations that have been described in differ-
ent areas of the visual cortex. Together, these results provide evidence that inter-areal feedback across the visual hierar-
chy may also be optimized for temporal prediction.

Results

The hierarchical recurrent model improves temporal prediction performance

The hierarchical recurrent model consisted of a recurrent neural network instantiating a hierarchical model of temporal 
prediction, where each group of units was trained to predict its lower-order inputs. Thus, the first group (G

1
) was trained 

for next-frame prediction of video clips of dynamic natural scenes, while the second and third groups (G
2
 and G

3
) were 

trained to predict the future activity of groups G
1
 and G

2
, respectively (Fig 1A). Within the recurrent layer of the network, 

internal connectivity ensured that each group received ‘feedforward’ input from the previous group, ‘feedback’ input from 
the subsequent group and local recurrent input from itself. We conceptualized each group as modeling increasingly deep 
regions of the dorsal visual pathway, with groups G

1
, G

2
, and G

3
 in particular corresponding to primary visual cortex (V1), 

secondary visual cortex (V2) and middle temporal area (MT), respectively (Fig 1B). However, the model structure and 
training data are not per se tailored to any specific mammalian species. Hence, while we primarily compare our model to 
macaque data, where such data are not available, we compare the model to mouse data.

More explicitly, the network is essentially a single-hidden-layer recurrent neural network (RNN), with various constraints 
applied to provide hierarchical structure. All the units of the model are rate-based. At time t, the hidden unit activity vector 
h[t] of the network is given by:

	 h[t] = f
(
Rh[t – 1] +Wu[t] + b

)
	 (1)

where R is the recurrent weight matrix, W is the input weight matrix, b is the input bias vector, u[t] is the input vector, 
and f(•) is a rectified linear unit (ReLU) nonlinearity. The input vector consists of a frame at time t from a movie of nat-
ural scenes of 40 timesteps in duration, with the 20x40 pixel frame flattened into a length 800 vector. This equation, 
with constraints that are outlined below, comprises our model of the dorsal pathway, which is compared with neural 
data.

The output vector y[t] of the network, which is a prediction of future input and activity, is given by:

	 y[t] = Mh[t] + c	 (2)

where M is the output weight matrix and c is the output bias vector.
Hierarchy is imposed on the network in three ways. First, the hidden unit vector is divided into three equally sized 

groups of 800 units each, h[t] = (h1[t], h2[t], h3[t]), where the superscript denotes group number. Hierarchy is encouraged 
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Fig 1.  The hierarchical recurrent temporal prediction model shows improved frame prediction performance. (A) Schematic of the hierarchical 
recurrent temporal prediction model. (B) A subset of the dorsal visual pathway, with regions V1, V2 and MT highlighted in a posterolateral view of the 
macaque monkey brain, putatively corresponding to groups G

1
, G

2
 and G

3
. (C) The next frame prediction procedure where the preceding frame and 

hidden state are inputted into the model at each timestep. (D) The multi-frame prediction procedure, where the model was run autoregressively such that 
the model predicted multiple frames, relying on its own predictions and hidden state alone. (E-G) Prediction performance across comparison models for 
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by having no connections between group 1 and group 3 - that is by fixing the corresponding regions of the R matrix 
to zero. The output vector y[t] is also divided into three groups, y[t] = (y1[t], y2[t], y3[t]), of corresponding lengths 
K1 = K2 = K3 = 800 and the M matrix is fixed to zero except for the weights from h1[t] to y1[t], h2[t] to y2[t] and h3[t] to y3[t]. 
Second, the input matrix W only connects to group 1, that is all weights are fixed at zero except those going into group 
1. Finally, the most important source of hierarchy comes from the loss function used to train the network. The loss L was 
given by:

	

L = λZ+〈
1–β
K1

∥∥y1[t] – u[t + 1]∥∥2
2
+ β

K2

∥∥y2[t] – h1[t + 1]∥∥2
2
+ β

K2

∥∥y3[t] – h2[t + 1]∥∥2
2

〉
n,t 	 (3)

Here, group 1 output predicts the input, group 2 output predicts group 1 hidden unit activity, and group 3 output predicts 
group 2 hidden unit activity. The L

2
 norm is given by ∥·∥2  and the expectation over all clips and time given by ⟨·⟩n,t . The 

clip subscript n is left off the vectors for simplicity. The regularizer Z is the sum of the absolute values of all the weights 
in the network (W, R and M), and can be seen as a constraint on connectivity, and is scaled by λ. Crucially, the hyperpa-
rameter β governs the relative importance in the loss function of predicting the input versus higher groups predicting lower 
groups. Unless otherwise noted, λ was set to 10-6 and β to 0.1 (see Methods).

An additional constraint is that 20% of the hidden units in each group were constrained to be inhibitory; that is, the 
weights from them in the recurrent connectivity matrix (R) were constrained to be negative, and they only make intra-
group connections. All other hidden units were constrained to be excitatory; that is, the weights from them in the R matrix 
were constrained to be positive. For a visual depiction of the constraints on the network see S1 Fig.

We trained the network by minimizing the loss function with respect to the weights (W, R, M) and biases (b, c) using 
the ADAM backpropagation algorithm, for a large dataset of movies of natural scenes. We used backpropagation as our 
focus was on whether the functional organization of the dorsal pathway is consistent with being optimized for hierarchi-
cal recurrent temporal prediction, and not the exact learning mechanism by which this is achieved. The number of active 
hidden units in the trained network, as measured by the response to a visual noise stimulus, was 800 units in G

1
, 97 units 

in G
2
, and 42 units in G

3
. Note that this is consistent with primary visual cortex being typically larger and having greater 

neuronal density than higher visual areas [23]. We take the active hidden units of the trained network to correspond to 
neurons in the dorsal pathway.

We first analyzed the temporal prediction performance of the hierarchical recurrent model and compared this to several 
baseline models. Specifically, we compared the hierarchical recurrent temporal prediction model to a single-layer recur-
rent temporal prediction model without the addition of hierarchical groups (a vanilla RNN), a purely feedforward model 
that omitted both local and feedback recurrency, and a baseline comparison where we compared the predictions to simply 
copying the input frame. The copy frame comparison ensured that each model was learning to predict the next frame, 
rather than merely reproducing its inputs as a trivial solution. For next frame prediction (Fig 1C), we calculated the mean 
squared error between the true and predicted next frame of the stimulus. Conversely, for 10-frame prediction (Fig 1D), we 

(E) in-distribution, (F) out-of-distribution and (G) multi-frame prediction of a moving bar. In all cases, the hierarchical recurrent model (labeled ‘hierarchi-
cal’) performed best, exceeding the performance of the comparison models. (H) Multi-frame prediction performance for a moving bar across differing 
beta values. The lowest mean squared error was found for a beta value of 0.1, implying that a hierarchically-predictive instantiation of the network can 
improve prediction performance. (I) Schematic of the n-back procedure. MNIST digits are used as input to the model followed by n frames of Gaussian 
noise. The hidden state is then linearly mapped to predict the digit identity to calculate an accuracy score, repeating the same procedure for all n 0-10. 
(J) MNIST accuracy declines more quickly when feedback is ablated, suggesting that model feedback increases the memory capacity of the network. 
(K) MNIST accuracy declines as the percentage of shuffled feedback (FB) weights increases, implying that the increase in memory capacity is not purely 
a feature of the model’s architecture, but depends on the trained weights of the feedback connectivity. Note that every time the feedback weights were 
shuffled, we retrained the mapping weights.

https://doi.org/10.1371/journal.pcbi.1013138.g001
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measured the mean squared error across 10 frames generated in an autoregressive manner. This involved repeatedly 
predicting the next frame using the model’s own preceding predictions as input, rather than the true frame inputs. For next 
frame prediction, we assessed the model’s performance both in-distribution (the held-out test set from the stimuli used for 
training; Fig 1E) and out-of-distribution (a novel dataset to that used during training; Fig 1F) to assess the generality of 
these findings. In the multi-frame case, the input consisted of oriented moving bar stimuli where there was an unambigu-
ous ‘true future’ given the preceding input (Fig 1G, 1H).

Across all conditions, we found that the hierarchical recurrent model performed best, with the overall lowest mean 
squared error for temporal prediction (paired t-test, all p < 0.0001) (Fig 1E-1G). Thus, the addition of hierarchy in the form 
of additional groups improved prediction performance compared with both the vanilla RNN and the feedforward model 
trained for temporal prediction. Finally, all three models exceeded the baseline performance for copying the preceding 
frame (paired t-test, all p < 0.0001).

We also varied the beta parameter, which controls the influence of higher groups on the hierarchical recurrent model’s 
loss function during training, to assess its impact on temporal prediction performance (Fig 1H). A higher beta value indi-
cates a greater weighting applied to higher groups, with β = 0.5 indicating an equal weighting. Although higher beta values 
impaired next-frame prediction performance across the in- and out-of-distribution cases (S2 Fig), we found that a small 
beta improved multi-frame prediction on the moving bar stimuli set (β = 0 vs β = 0.1: paired t-test, t(71)=3.20, p = 0.0021). 
Thus, the addition of hierarchy to the loss function could improve the model’s capacity to generalize for multi-frame predic-
tion across novel stimuli.

Given the importance of hierarchy in the model for temporal prediction, we next asked whether this might in part be 
supported by increasing the memory capacity of the model, mediated by the network’s feedback connectivity. In the visual 
cortex, feedback from higher visual areas to V1 is selectively recruited during working memory tasks [18] while disruption 
of corticocortical feedback to higher visual areas has been shown to impair performance in working memory-dependent 
behavior [19]. Thus, we reasoned that feedback in the hierarchical recurrent temporal prediction model might similarly 
support the network’s memory capacity.

To test this hypothesis, we trained a linear decoder to predict the identity of hand-written MNIST digits from the net-
work’s hidden state. To probe how well the model’s hidden state could maintain the digit representations, the decoder was 
trained based on the hidden state after n frames of Gaussian noise input (Fig 1I). For each n-back decoder, we then cal-
culated the decoder’s accuracy on the MNIST test set for the model with and without feedback. We retrained the decoder 
for each n-back condition since a fixed decoder is insufficient (S3 Fig). Ablating feedback significantly reduced the 
decoder accuracy from 3-back onwards (z-test, z = 6.54, p < 0.0001), implying that feedback improved the model’s capacity 
to maintain representations over longer timescales (Fig 1J). To test whether this improvement was related to the model’s 
training or whether any form of feedback could account for the difference, we assessed the 5-back accuracy when shuf-
fling an increasing proportion of the model’s feedback weights (Fig 1K). As the proportion of shuffled weights increased, 
the accuracy decreased until it was non-significantly different from the model where feedback was ablated entirely (z-test, 
z = 0.494, p = 0.621). Thus, randomized feedback was ineffective, and feedback weights required the structure imposed by 
training to maintain network representations.

Hierarchical recurrent temporal prediction captures tuning properties across the visual hierarchy

We next investigated how model hidden unit response properties varied across the hierarchical recurrent model’s groups 
relative to different stages of the visual system. To make these comparisons, we estimated the model units’ receptive 
fields using the response-weighted average of each unit to Gaussian random noise. Units in the first group generally had 
a clear Gabor-like structure with alternating excitatory and inhibitory regions akin to the receptive fields of V1 simple cells 
(Fig 2Ai). In contrast, units in higher-order groups generally displayed little spatial structure (Fig 2Aii, iii), consistent with a 
more complex-cell-like response that is not well estimated by the response-weighted averaging procedure [28].
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Fig 2.  Hierarchical recurrent temporal prediction captures tuning properties across the visual hierarchy. (A) Exemplar model unit receptive fields 
from group G

1
 (i), G

2
 (ii) and G

3
 (iii). (B) Normalized response to the preferred grating stimulus for the same model units as in (A). (C) Distribution of 
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To further characterize the receptive field properties of model units, we recorded their responses to full-field sinusoidal 
gratings of varying temporal frequency, spatial frequency, and orientation. The preferred stimulus was defined as the drift-
ing grating that maximally stimulated each unit, which we used to classify model units as simple-cell- or complex-cell-like 
in their responses [28,29]. In visual cortex, the activity of simple cells is heavily modulated by a drifting grating, whereas 
complex-cell responses are phase invariant and only minimally modulated by the moving stimulus. We found model units 
that exhibited both simple-cell- (Fig 2Bi) and complex-cell-like (Fig 2Bii, 2Biii) responses.

We quantified these responses using the modulation ratio – the ratio of the response modulation amplitude to the 
average response – with a larger modulation ratio indicating a more simple-cell-like response (Fig 2C). G

1
 units (mean 

modulation ratio = 0.53) had a bimodal-like distribution similar to that of macaque V1 [30] (mean = 0.79), indicating two 
subpopulations of units (Fig 2Ci). Higher groups (G

2
 mean = 0.48, G

3
 mean = 0.45) had a more unimodal-like distribution, 

which tended to monotonically decline with increasing modulation ratio, similarly to the true distribution found in V2 [24] 
(mean = 0.63) (Fig 2Cii, 2Ciii). This was reflected in the average modulation ratio across groups (Fig 2Ciii inset), which 
declined for higher model groups, indicating a larger proportion of complex-cell-like responses. Finally, we calculated 
the joint distributions of the modulation ratio with the model unit’s orientation selectivity (S4A Fig), as well as how well 
each unit was modelled as a Gabor (S4B Fig). As expected, and in tandem with the biology, simple-cell-like model units 
were more orientation selective (mean orientation selectivity index, OSI = 0.84) and had a higher r2 for their Gabor fits 
(mean = 0.60) than complex-cell-like units (mean OSI = 0.77; t-test, t(181)=-3.84, p = 0.0002; mean Gabor fit = 0.54 t-test, 
t(251)=-4.23, p < 0.0001). Furthermore, consistent with our qualitative assessment in Fig 2A, the Gabor fit r2 tended 
to decrease the higher the group and, for the units that could be well fit, the size of the fitted receptive field tended to 
increase (S5 Fig).

The distribution of spatial and temporal frequency tuning properties also varied systematically across the model. For 
each unit, we measured the tuning curve for that unit’s response as a function of temporal and spatial frequency, with the 
preferred frequency taken as the tuning curve’s peak. Units were generally well tuned, with tuning curves spanning a wide 
range of temporal and spatial frequencies (Fig 2D, 2E). The second group G

2
 had a lower average preferred spatial fre-

quency than the first group G
1
 (t-test, t(79.4)=3.91, p = .0002; Fig 2F). The same trend has been found in macaque visual 

cortex where the average preferred spatial frequency for units recorded in V1 [25] was greater than in higher-order areas 
V2 [26] and MT [27] (Fig 2F). However, whereas the preferred spatial frequency monotonically declined for the macaque 
visual system, there was a U-shaped profile for the model, with the average preferred spatial frequency increasing from G

2
 

to G
3
. In contrast, the mean preferred temporal frequency increased across the model’s groups similarly to the macaque 

visual system, with higher model groups and higher-order visual areas both showing greater selectivity to higher temporal 
frequency stimuli than the first model group (G

1
 vs. G

2
, t-test, t(87.7)=-6.07, p < 0.0001; G

1
 vs. G

3
, t-test, t(31.7)=-7.32, 

p < 0.0001) and macaque V1 [27], respectively (Fig 2G, 2H).
Finally, we analyzed the local connectivity of G

1
 units and found that the network replicated the results previously 

described for the single-layer recurrent temporal prediction model (S6 Fig) [6]. Specifically, we found that short-range 
connections were more common for pairs of orientation-selective G

1
 units that shared a similar orientation preference 

(S6A Fig) and for pairs of direction-selective G
1
 units when they shared similar or opposite preferred directions of motion 

(S6B Fig), as is found in mouse V1 [31]. For connections between units whose receptive fields were displaced over a 
larger region of visual space (‘long-range’ connections), we found that the connection probability was greatest between 

modulation ratio values across model groups G
1
 (i), G

2
 (ii) and G

3
 (iii) (blue bars). Comparison data for G

1
 from macaque V1 and for G

2
 from macaque 

V2 [24] (black bars) are also shown. Inset shows the average modulation value for each model group. (D) Exemplar spatial and temporal frequency tun-
ing curves for three units from G

1
 (i), G

2
 (ii) and G

3
 (iii). (E) Distribution of preferred spatial frequencies (SF) for model units across each group. (F) Mean 

preferred spatial frequency for each group compared with macaque V1 [25], V2 [26], and MT [27]. (G) Distribution of preferred temporal frequencies (TF) 
for model units across each group. (H) Mean preferred temporal frequency for each group compared with macaque V1 [27], V2 [26], and MT [27].

https://doi.org/10.1371/journal.pcbi.1013138.g002
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units with a similar orientation preference whose receptive fields were aligned co-axially in visual space, again as is found 
in mouse V1 [32] (S6C-S6E Fig).

Thus, overall, the model qualitatively matched the receptive field structure, distribution of modulation ratios and the 
change in preferred spatial and temporal frequencies across the macaque visual hierarchy as well as the local functional 
connectivity rules that have been found in V1.

Model units mirror the visual system’s hierarchy of 2D motion sensitivity

Although direction selectivity is present in V1, neurons in this area are generally unable to represent the complex motion 
of two-dimensional moving surfaces or patterns [33]. This sensitivity to two-dimensional motion can be probed using plaid 
stimuli, which consist of two overlaid full-field gratings moving in different directions (Fig 3Ai). Perceptually, the direction 

Fig 3.  Model units mirror the visual system’s hierarchy of 2D motion sensitivity. (A) Construction of plaid stimuli through the additive combina-
tion of two grating stimuli (i). The plaid pattern index is computed by measuring the Fisher z-transformed difference in the correlation between the true 
response of the model unit or visual neuron and an idealized component or plaid response (ii). (B) Example direction tuning curves to plaid stimuli with 
different plaid angles (the angular separation between the two gratings) for component- (i) and pattern-selective (ii) units. (C) Example contour plots for 
component (i) and pattern-selective (ii) units where the angle of each component is independently varied. (D) Plaid pattern index across the 3 model 
groups, G

1
, G

2
 and G

3
, and in macaque V1 [34], V2 [26], and MT [35]. A larger plaid pattern index indicates greater response correlation to the theoretical 

plaid response. (E) The mean plaid pattern index for G
1
 units is reduced when feedback in the model is abolished. (F) Example direction tuning curves 

for plaid stimuli across different plaid angles for the same model unit with (i) and without (ii) feedback, demonstrating a change from a pattern-like to a 
component-like response when feedback is abolished.

https://doi.org/10.1371/journal.pcbi.1013138.g003
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of motion corresponds to the average of the direction of the two components. Accordingly, representing this plaid pattern 
motion requires integrating the motion signals from the individual grating components such that neurons across the visual 
system are differentially sensitive to the two-dimensional motion of the plaid versus its individual component gratings (Fig 
3Aii). In macaque V1, neurons generally respond to the motion of individual components making up the plaid pattern, 
whereas a proportion of MT neurons signal the overall motion of the plaid pattern [34].

Individual model units included examples of both kinds of response to plaid stimuli. For component-selective units, the 
tuning curve displays two peaks corresponding to the direction of motion of the components of a plaid (Fig 3Bi), resulting 
in a cross-like contour plot when the direction of motion of each component is varied independently (Fig 3Ci). In contrast, 
pattern-selective units respond with a single peak corresponding to the overall direction of motion of the plaid stimulus 
(Fig 3Bii), resulting in a single response region in the contour plot (Fig 3Cii).

The plaid pattern index quantifies this preference [34,35], based on the difference in correlation between the unit’s true 
response and an ideal component response versus an ideal plaid pattern response (Fig 3Aii). Thus, a higher plaid pattern 
index indicates greater plaid selectivity. The distribution of plaid pattern index values across model groups recapitulated 
the hierarchy found in the macaque visual system (V1 [34], V2 [26], and MT [34]), with the plaid selectivity monotoni-
cally increasing from lower to higher groups (G

1
 mean = -3.60, G

2
 mean = -1.56, G

3
 mean = -1.12; one-way ANOVA, F(2, 

931)=61.6, p < 0.0001) (Fig 3D). Indeed, no significant difference was found between the means of each group and the 
corresponding region of the macaque visual cortex (t-test, all p > 0.153), indicating that progressively greater selectivity 
for the plaid stimulus compared with the individual grating components was present across both the hierarchical recurrent 
temporal prediction model and the macaque visual system.

To test whether model units were specifically selective to the direction of plaid motion – as opposed to the plaid’s orien-
tation, for example – we measured the plaid pattern direction selectivity of each pattern-selective model unit (plaid pattern 
index > 0). As expected, the majority (73.2%) of pattern-selective units were also pattern-direction-selective, defined as 
having a direction selectivity index (DSI) greater than 0.3 [6] (mean DSI = 0.65). Thus, these units were specifically tuned 
to the direction of pattern motion.

Finally, we investigated the role of feedback in supporting pattern-like responses in model units. Although pattern direc-
tion selectivity is more weakly represented in V1, pattern-like motion responses are not entirely absent, which may result 
in part from feedback to V1 from higher cortical areas. Indeed, suppressing feedback from the middle suprasylvian gyrus 
has been shown to reduce pattern-like responses in early visual cortex of the cat [22]. In line with these experimental 
data, abolishing feedback in the model resulted in a significantly lower mean plaid pattern index in G

1
 (t-test, t(1519)=5.33, 

p < 0.0001; Fig 3E). At the level of individual model units, this often resulted in a change from a plaid-like response (Fig 
3Fi) to one that more closely resembled a component-like response (Fig 3Fii, S7i-ii Fig) though other units had more 
varied responses and appeared to show more generally degraded motion tuning following the abolition of feedback (S7iii 
Fig). Furthermore, we find that G

1
 units show a mean magnitude change in direction tuning to simple moving gratings 

of only 6.6° after we ablated feedback (t(579)= -4.4, p < 0.001), indicating that tuning to the underlying grating stimuli 
remained relatively consistent. This is consistent with the impact of the feedback ablation on the plaid pattern index not 
simply being a consequence of a general disruption of direction tuning.

Model units recapitulate feedback-dependent surround suppression

We next investigated the functional role of the model’s feedback connectivity with respect to surround suppression. 
Surround suppression is a hallmark nonlinearity in the responses of V1 neurons and occurs when the neural response 
is inhibited by stimuli extending beyond the neuron’s classical receptive field [14,15]. In the context of predictive coding, 
surround suppression has been interpreted as a consequence of the statistics of the animal’s natural environment [21]. As 
contours are generally continuous in the environment, they can be consistent with the visual system’s higher-order predic-
tions. By contrast, short discontinuous contours violate this internal model and produce a larger response, leading to the 
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surround suppression effect. In support of this interpretation, reducing or ablating feedback from higher visual areas to V1 
reduces the magnitude of surround suppression [14,15]. Although the temporal prediction model is not trained with explicit 
error propagation between groups, as in predictive coding models, we asked whether ablating feedback would similarly 
reduce the surround suppression effect.

We examined surround suppression by playing to each unit its preferred drifting grating limited by a window of increas-
ing diameter centered on the unit’s receptive field. The mean response of the G

1
 units increased with the window diam-

eter and then decreased, indicating surround suppression (Fig 4Ai). Also, in line with the experimental data, surround 

Fig 4.  The role of feedback connectivity in surround suppression. (A) Mean response across model G
1
 units (i), mouse V1 neurons [15] (ii) and 

macaque V1 neurons [14] (iii) as a function of stimulus size with and without feedback for model units or with and without inactivation of higher visual 
areas (mouse) or V2 (macaque). (B) Distribution of suppression index values for model G

1
 units (i), mouse V1 neurons [15] (ii) and macaque V1 neurons 

[14] (iii) as a function of stimulus size with and without feedback for model units or with and without inactivation of higher visual areas (mouse) or V2 
(macaque). A higher index indicates greater surround suppression. (C) Receptive field size is larger when higher-order feedback is suppressed for both 
model G

1
 units (left) and marmoset V1 [13] (right). (D) Model responses in the classical receptive field are suppressed when higher-order feedback is 

suppressed for both model G
1
 units (left) and marmoset V1 [13] (right).

https://doi.org/10.1371/journal.pcbi.1013138.g004
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suppression was significantly reduced when model feedback was abolished (Fig 4Ai-iii). The average G
1
 unit activity for 

the largest stimulus size was 24.8% smaller for the full model compared with the model where feedback was abolished 
(Fig 4Ai; t-test, t(1432)=-4.48, p < 0.0001), which is comparable to mouse V1 data [15] (Fig 4Aii, 33.6% smaller response) 
though less than that for macaque V1 data [14] (Fig 4Aiii, 52% smaller response). This effect was confirmed by consider-
ing the suppression index, which describes the extent to which each unit or neuron is suppressed with increasing stimulus 
size. The average suppression index was significantly lower for the full model (median = 51.6) compared with the model 
without feedback (median = 19.8; Mann-Whitney U test, U = 519075, p < 0.0001), indicating greater surround suppression 
with the full model (Fig 4Bi). This effect was comparable for both mouse V1 (Fig 4Bii) and macaque V1 (Fig 4Biii), though 
the reduction in surround suppression was more modest in the biology.

We further analyzed surround suppression in the model with respect to the receptive field properties with and without 
feedback. Specifically, we analyzed the model’s G

1
 unit responses to the above stimuli within each unit’s classical recep-

tive field (defined as the maximally exciting stimulus size), as well as to such stimuli extending into the proximal receptive 
field (defined as the ring of visual space area beyond the unit’s classical receptive field). In line with data from marmoset 
V1 [13], the average G

1
 model unit’s classical receptive field size was significantly larger when feedback was abolished 

(paired t-test, t(790)=-29.9, p < 0.0001; Fig 4C). We next analyzed the average response of G
1
 model units for stimuli 

located in each unit’s classical receptive field, as well as for stimuli that spanned both the classical and proximal recep-
tive fields. As for marmoset V1, the normalized response was significantly smaller for stimuli within each unit’s classical 
receptive field when feedback was abolished (one-way t-test, t(790)=-48.3, p < 0.0001; Fig 4D). However, unlike in marmo-
set V1, we found that model G

1
 units’ average response was suppressed for stimuli spanning the classical and proximal 

receptive field when feedback was abolished, whereas it increased slightly in marmoset V1 (S8 Fig).

The hierarchical recurrent temporal prediction model matches cortical stimulus representations better than other 
models

We next compared how well different normative models could recapitulate the response properties across the visual 
pathway in terms of the modulation ratio, plaid motion selectivity and the presence of surround suppression. To probe the 
impact of recurrency while maintaining a hierarchical representation, we compared the model to a purely feedforward hier-
archical temporal prediction network. Similarly, to assess the role of the training objective, we compared the hierarchical 
recurrent temporal prediction model with a hierarchical recurrent autoencoder. For each model, we quantified the differ-
ence between the experimental and model distributions of each measure using the Kolmogorov-Smirnov distance, where 
a lower value indicates that the two distributions are more similar.

The distribution of modulation ratio values across the model groups was closer to those measured for macaque V1 
and V2 neurons in the hierarchical recurrent temporal prediction than in the comparison models (Fig 5Ai, ii). The autoen-
coder exhibited weak bimodality among the first group of units but, unlike macaque V2 responses, was skewed towards 
a modulation ratio greater than one in the second group. In contrast, the feedforward temporal prediction model produced 
only simple-cell-like units in the first group, with complex-cell-like responses emerging only in the second group. Thus, the 
recurrency in the full model was required for the emergence of simple- and complex-cell-like units within the first group.

A monotonic increase in the mean plaid pattern index was found across the groups in both the feedforward and hierar-
chical recurrent temporal prediction models, which is consistent with a hierarchical organization of global motion sensitivity 
(Fig 5Bi, 5Bii). However, the population mean across groups was significantly lower for the feedforward model (t-test, 
t(1790)=28.1, p < 0.0001), which produced very few plaid-like responses. In contrast, there was relatively little variation 
in pattern selectivity over component selectivity as a function of model group in the autoencoder model, and the mean 
pattern index was overall greater than that found in macaque V1 or V2 (t-test, p < 0.022; Fig 5Biii). Thus, the emergence of 
pattern-selectivity across the visual pathway was best captured by the hierarchical recurrent temporal prediction model.



PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1013138  May 28, 2026 13 / 29

Fig 5.  Comparison of tuning properties across the models. (A) Distribution of modulation ratio values across different models for group G
1
 and 

macaque V1 (i), group G
2
 and macaque V2 (ii), and group G

3
 (iii), plus the Kolmogorov-Smirnov (KS) distance between each of these models and the 

experimental data (iv). (B) Distribution of plaid pattern index values in macaque V1, V2 and MT and across groups for the hierarchical recurrent temporal 
prediction model (full model) (i), feedforward temporal prediction model (ii), and the autoencoder model (iii), plus the KS distance between these models 
and macaque data (iv). (C) Surround suppression among G

1
 units for the hierarchical recurrent temporal prediction and autoencoder models with and 

without feedback ablated (i), for each group of the feedforward temporal prediction model (ii), the distribution of surround suppression index values for 
each model and mouse V1 (iii), and the KS distance between each model and mouse V1 (iv). Experimental data in A-C as in Fig 2–4. (D-E) Repre-
sentational similarity of the recurrent temporal prediction model relative to comparison normative models with mouse V1, rostrolateral visual cortex and 
lateromedial visual cortex.

https://doi.org/10.1371/journal.pcbi.1013138.g005
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For surround suppression, we first compared the mean responses in G
1
 as a function of stimulus size with and without 

feedback for the hierarchical recurrent temporal prediction and autoencoder models (Fig 5Ci). For the full models with 
feedback, surround suppression was greater for the autoencoder model than for the temporal prediction model, although 
the response for the autoencoder was very weak once feedback was abolished. Indeed, when feedback is abolished in 
the autoencoder model, the units’ responses became much weaker but tended to remain above zero (mean unit response 
of 0.11). Thus, in this context, feedback in the autoencoder model appears to have a disinhibiting effect on the network 
compared with the more suppressive effect in the hierarchical temporal prediction model. In contrast, for the feedforward 
temporal prediction model, the mean tuning curve showed no evidence of surround suppression for any group, though the 
mean response increased with model depth (Fig 5Cii). These results were confirmed by comparing the distribution over 
units of surround suppression across all models (Fig 5Ciii). Although the bimodal distribution of the hierarchical recurrent 
temporal prediction model was qualitatively distinct from the distribution of these values in mouse V1, the mean suppres-
sion index (mean = 55.1) was closer to the V1 data (mean = 37.2) and the Kolmogorov-Smirnov distance was much smaller 
than for the other models (Fig 5Civ). The mean suppression index was larger for the autoencoder model (mean = 84.8), 
where fully suppressed units were overrepresented, whereas only a few units showed any degree of surround suppres-
sion in the feedforward model (mean = 7.3).

We also performed a comparison of spatial and temporal frequency tuning across model types. The relative spatial 
frequency tuning across model groups was relatively consistent across the different models (S9Ai-Ci Fig), showing a 
U-shaped profile with spatial frequency tuning lowest in G

2
. In contrast, temporal frequency tuning was more similar to 

the experimental data for the hierarchical temporal prediction model (S9Aii Fig) than for either the feedforward model (Fig 
S9Bii) or the autoencoder model (S9Cii Fig).

To further relate the networks’ learned representations to the visual system, we quantified the similarity of the 
responses of each model to the responses recorded in different regions of the mouse visual cortex to dynamic natural 
scenes. For each model, we computed the representational similarity by first calculating the response similarity matrices 
– the correlation of model or neural activity across pairs of stimuli – before measuring the distance between these similar-
ity matrices (S10 Fig). In this way, representational similarity gives a population-level measure of model-brain alignment. 
For all representational similarity analyses, the reported values are for the highest performing group or layer across each 
network (these results did not qualitatively change when all units were combined across groups either for the hierarchical 
recurrent temporal prediction model or its variants) (Fig 5D, 5E).

In terms of brain regions, we considered mouse V1 as well as two early regions of the dorsal (rostrolateral visual cor-
tex) and ventral (lateromedial visual cortex) visual streams. In the primate visual system, the dorsal- and ventral-streams 
are characterized by their relative selectivity to motion and form, respectively [36]. The mouse visual system similarly 
may feature dorsal- and ventral-like streams, which have been suggested to respectively contain the rostolateral and 
lateromedial cortical regions [37–39]. However, the distinction between these streams is less well characterized than in 
macaque monkeys and perhaps less distinct. For example, one study found that while the rostrolateral region showed 
strong sensitivity to motion in natural scenes, it was only moderately sensitive to motion in random dot kinematograms 
[40]. Conversely, a study in anesthetized rats (also in the family Muridae) showed more pattern-motion-selective cells in 
lateromedial than rostrolateral cortex [41], the opposite of findings in mice where rostrolateral cortex was found to have 
more [42]. Nonetheless, the majority of studies in mice suggest rostrolateral visual cortex is more sensitive to motion than 
lateromedial visual cortex, broadly consistent with the functional distinction between cortical areas in the primate visual 
system [40]. Accordingly, mice provide an opportunity to investigate how the motion tuning of the temporal prediction 
model relates to the model-brain alignment in the stimulus representations across these three visual areas.

For each of these cortical regions, the representational similarity of the hierarchical recurrent temporal prediction model 
exceeded that of both the feedforward model (paired t-test, all p < 0.023) and the autoencoder model (paired t-test, all 
p < 0.011) (Fig 5D). We also compared the full model against an untrained variant and again found that the hierarchical 
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recurrent temporal prediction model had higher similarity scores in all cortical areas, with significant differences between 
the models in V1 (paired t-test, t(13)=4.01, p = 0.001) and rostrolateral visual cortex (paired t-test, t(12)=7.31, p < 0.0001), 
but not in lateromedial visual cortex (paired t-test, t(9)=2.26, p = 0.050) (Fig 5D). Given the greater motion sensitivity of 
the dorsal stream, we hypothesized that the hierarchical recurrent temporal prediction model would perform better as a 
model of a dorsal region (rostrolateral visual cortex) versus a ventral region (lateromedial visual cortex) relative to a model 
optimized on static images (Fig 5E). Accordingly, we compared the hierarchical recurrent temporal prediction model to a 
model trained for object recognition – namely, VGG-19 [43]. In support of this hypothesis, we found no difference in the 
representational similarity score between the temporal prediction model and VGG-19 across V1 (paired t-test, t(13)=2-
0.70, p = 0.499) and lateromedial visual cortex (paired t-test, t(12)=2.60, p = 0.023), whereas the temporal prediction model 
was significantly better for the more dorsal rostrolateral visual cortex (paired t-test, t(9)=-0.41, p = 0.694).

Overall, these results show that the distribution of the tuning parameters examined and model-brain alignment were 
best captured by the hierarchical recurrent temporal prediction model.

Variations on the model

We explored the effects of varying various features of the hierarchical recurrent temporal prediction model – notably, the 
number of hidden units, the temporal statistics of the training set, the temporal offset of prediction, and the presence or 
absence of Dale’s law. The number of hidden units per group, within a range of 200–1600 hidden units, affected each 
network’s similarity to the visual cortex. For each network, we computed the mean KS distance between the distributions 
for the network and the brain across modulation ratio, plaid pattern index and surround suppression index (see Fig 5). 
The minimum KS distance was found for the model with 800 units per group, indicating that this network had the closest 
correspondence with the empirical distributions found in the biology (S11A Fig). Similarly, we found that the next frame 
prediction error reached a minimum at around 800 hidden units per group, while the same-frame prediction error reached 
a maximum at this same sized network (S11B Fig), indicating that greater similarity to the biology tended to be accompa-
nied by improved temporal prediction performance.

We would expect that the statistics of the training dataset will have an impact on the representations learned by the 
network. Indeed, at an extreme, we found that training the network on the same dataset but removing temporal contigu-
ities by shuffling the order of frames within a clip, prevents the network from learning useful representations. For example, 
compare the receptive fields learned by the network where the frames are shuffled (S12Ai Fig) with those learned by the 
standard temporally contiguous dataset, which show a clear Gabor-like structure (S12Aii Fig). Nevertheless, the network 
was trained on a large diverse dataset of naturalistic stimuli (S12B Fig; example frames) and we believe that any suffi-
ciently rich, naturalistic dataset like the one used in this study would result in broadly similar network properties.

To better understand the specific role of temporal prediction in the network model, we interpolated between an autoen-
coder and temporal prediction model by shifting the temporal offset of the frame target from 0 to 42 ms into the future (see 
Methods). For each temporal offset, we computed an aggregate score as the mean Kolmogorov-Smirnov (KS) distance 
for each of the measures described in Fig 5 – namely, the modulation ratio, plaid pattern index and surround suppression 
index (S13A Fig). Overall, we found that the 0 ms temporal offset (autoencoder) model had the highest score – and was 
therefore most different from the comparison neural data – whereas the model trained to predict a target 42 ms into the 
future was most similar to the neural data.

We next fitted each G
1
 unit with either a Gabor or Difference of Gaussians (DoG) function (S13B Fig). As the temporal 

offset increased, G
1
 units became more Gabor-like, and less DoG-like. Finally, we investigated the representational sim-

ilarity of each network to the mouse visual cortex as we increased the temporal offset (S13C Fig). Overall, we found that 
models with a temporal offset greater than 8 ms best captured the representational geometry of the mouse visual cortex 
across all three areas surveyed. Interestingly, we found that for both V1 and lateromedial visual cortex (part of the mouse 
ventral visual cortex), further increases in representational similarity saturated at 17 ms into the future. Conversely, we 
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found that for rostrolateral visual cortex (part of the mouse dorsal visual stream), there was a distinct benefit to predicting 
at 25 ms into the future, implying that this region of the dorsal stream may be optimized for a precise temporal horizon of 
prediction.

To probe the role of Dale’s law in the network’s learned properties, we compared two networks trained for hierarchical 
temporal prediction, differing only in the inclusion of Dale’s law. Overall, including or excluding Dale’s Law had almost no 
impact on next-frame prediction performance (S14A Fig), and, visually, the two networks’ next frame predictions were very 
similar (S14B Fig). Nevertheless, in terms of the networks’ learned properties, we found that the model with Dale’s law 
was more like the neural data, implying that this added biological detail produced a more brain-like network. In particular, 
we found that the distributions of modulation ratios (S14C Fig), plaid pattern indices (S14D Fig) and surround suppression 
indices (S14E Fig) were more like those reported in the visual cortex for the model that included Dale’s law.

Discussion

The principle of temporal prediction argues that the sensory brain is optimized to predict immediate future input based 
on the recent past. In line with this principle, we hypothesized that a hierarchical recurrent model optimized for temporal 
prediction should recapitulate the functional organization of visual cortex. With little fine tuning to the model, the network 
exhibited tuning properties akin to those found across several visual cortical areas, including not only the distribution of 
simple- and complex-like responses found in macaque V1 and V2, but also feedback-dependent surround suppression 
and the emergence of global motion sensitivity across those visual regions leading to area MT. Compared with alternative 
normative models, the response properties of visual cortical neurons were best captured by the hierarchical recurrent tem-
poral prediction model, which similarly exhibited the closest alignment with the stimulus representations found in mouse 
visual cortex. Together, these results provide evidence for temporal prediction as an organizational principle across the 
visual cortex.

Relation to biology

As a normative model, the hierarchical recurrent temporal prediction model represents a fairly abstract representation 
of the visual brain [3,44], rather than focusing on low-level mechanistic details. It is important to find a careful balance 
between incorporating sufficient details to make meaningful comparisons with the biology possible, while avoiding poten-
tially redundant features that could obscure the role of the more general normative principle of interest. In the case of 
the current temporal prediction model, the network’s units obey Dale’s law – projecting exclusively excitatory or inhibitory 
connections – and incorporate both local recurrent and feedback connectivity. These fundamental properties of neural cir-
cuits are generally omitted from normative models of sensory processing, particularly those implemented as deep object 
recognition networks [10,45].

However, as point-like neurons, the model’s units are fairly abstract representations of true biological neurons. That is, 
they lack different neuronal compartments and their activity is rate based and omits spiking. Nevertheless, these neuronal 
properties are fully compatible with temporal prediction as a principle and implementing them in other studies has enabled 
the action potential firing patterns and membrane time constants of neurons to be reproduced [46,47]. Furthermore, the 
model is trained via backpropagation, which is generally considered to be biologically implausible [48]. However, the 
model itself is agnostic about the learning rule – certain elements of temporal prediction could be genetically hard-wired or 
arise via competitive activity-dependent mechanisms during development – and novel more biologically-plausible algo-
rithms are being developed, which could, in principle, be applied to the current network [49,50].

As well as adding more biological elements to the temporal prediction model, we could compare the trained model to 
more diverse features of the biology, for example, frequency domain aspects. When a nonlinearly-integrated Gabor- 
filter bank model (inspired by earlier theoretical work, [51]) is fitted to MT neurons’ responses to naturalistic stimuli, the 
excitatory spectral receptive fields of the fit tend to fall on a plane within the three-dimensional spatiotemporal frequency 
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domain, but the suppressive spectral receptive fields are found off this plane [52]. This ensures that MT neurons are 
velocity tuned but are insensitive to ambiguous direction-aligned static textures. There is also evidence of somewhat sim-
ilar properties in a small fraction of V1 neurons [53]. An interesting future extension of our work would be to fit this model 
to the temporal prediction model so that these frequency domain properties could be examined, particularly for the higher 
groups in our model.

Comparison with alternative models

In the current study, we compared the hierarchical recurrent temporal prediction model to several alternative models to 
better understand how each model’s features related to their capacity to capture different elements of the visual system.

The feedforward temporal prediction model incorporated both a hierarchical organization and the temporal prediction 
objective – that is, each higher group predicted the future activity of its lower order inputs, but in contrast to the full tempo-
ral prediction model, did not include local recurrency or feedback connectivity. As shown in previous work, the distribution 
of model response properties in the feedforward model mirrored some aspects of the dorsal visual pathway [4]. However, 
plaid motion selectivity and surround suppression were considerably weaker than in the recurrent model, and the feedfor-
ward model performed worse in terms of its representational similarity to the visual cortex. Accordingly, the architectural 
addition of local and long-range recurrency had a large impact in improving the model’s fit to the visual system. Similarly, 
in terms of the model objective, the hierarchical recurrent autoencoder model performed worse on the response similarity 
measure and did not match the visual system’s response properties as well as the temporal prediction model. Thus, both 
the temporal prediction objective, as well as the model’s architecture, were important in producing a brain-like model.

The autoencoder used exactly the same architecture as the temporal prediction networks but was substantially worse 
at explaining the neural responses. This suggests that it is the temporal prediction objective that is particularly critical for 
reproducing the biological data. However, it is still the case that appropriate architecture, constraints and training data 
can help produce brain-like properties. This includes hierarchy and recurrency (Fig 5), Dale’s law S14 Fig, appropriate 
prediction offset (S13 Fig), and temporally-structured training stimuli (S12 Fig). Similarly, we have shown in earlier work 
that such factors are important for simple feedforward [5,54], hierarchical feedforward [4], and non-hierarchical recurrent 
temporal prediction networks [6]. Our previous studies also explored the importance of other constraints, such as connec-
tivity strength (L

1
 regularization strength) and noise levels. Thus, these further constraints will also likely be relevant to the 

hierarchical recurrent temporal prediction model.
For temporal prediction models, these constraints are often tuned to optimize prediction, rather than simply to make the 

model look like the brain. Hence, temporal prediction has an independent criterion for tuning hyperparameters, something the 
autoencoder lacks. In contrast, an autoencoder with exactly these same constraints can only poorly replicate brain-like proper-
ties, even when these constraints, such as the L

1
 regularization, are tuned to make the network more like the brain rather than 

an independent criterion. Furthermore, our earlier work [4–6] has also shown that temporal prediction can account for various 
neuronal properties better than sparse coding, predictive coding, slowness, inpainting or denoising models. Together, this sug-
gests that temporal prediction represents a good normative principle for sensory processing in the brain.

Several other studies have also modeled the visual system by applying unsupervised learning principles to dynamic 
spatiotemporal inputs. In particular, a number of studies have investigated how well dual-stream networks can model both 
the dorsal and ventral streams when trained on dynamic moving visual inputs. Bakhtiari et al. [55] demonstrated that a 
dual-stream network trained for contrastive temporal prediction can develop dorsal stream-like representations that reca-
pitulate some elements of motion processing, such as random dot kinematogram selectivity. Although more abstract in its 
form than the hierarchical recurrent temporal prediction model, their contrastive model underscores the value of temporal 
prediction as an unsupervised principle for modeling sensory areas. However, unlike in this study, their contrastive objective 
was trained to predict the latent state of the future frame rather than the pixel-wise future frame itself. Considering the suc-
cesses of contrastive methods elsewhere [56], it will be instructive to explore this form of temporal prediction in future work.
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Similarly, other studies employing a dual-stream network, such as Cadieu and Olshausen [57], have described how 
optimizing a dual-pathway network – in their case to decompose inputs into amplitude and phase information – can pro-
duce ventral- and dorsal-like representations. After training, the optimized network produces simple- and complex-cell-like 
responses, as well as units with various kinds of form and motion invariance. Although their model was assessed against 
fewer physiological properties than in the current study, it illustrates the utility of such dual-stream models, which could be 
integrated into the temporal prediction framework in future.

Two further studies examined whether properties of the dorsal pathway could be explained by networks optimized to 
estimate certain gross velocity measures from visual input. These measures were either the overall direction and speed of 
the whole moving scene [58] or head and body motion of agents in simulated environments [59]. The first study showed 
that their network could explain neural and perceptual biases for particular motion directions, the interrelation between 
speed and direction preferences in MT neurons, and certain motion illusions. The second study showed that their network 
to a degree captured in a hierarchical manner the responses of neurons along the visual pathway to naturalistic stimuli. 
An interesting extension of this would be to develop a multisensory hierarchical recurrent temporal prediction model that 
combines temporal prediction of these gross velocity measures, as might be provided by vestibular inputs, with the predic-
tion of spatially detailed future visual input that we use here. We suspect that both objectives are important, with different 
properties of the dorsal pathway being more relevant to one or the other objective.

Another related body of work is the temporal straightening hypothesis. Human psychophysics [60], V1 neural record-
ings from macaques [61] and some feedforward mechanistic models of the visual system [60] suggest that the visual 
system transforms natural visual inputs to follow straighter temporal trajectories. Such a transformation has been argued 
to support temporal prediction in natural environments [60,61]. A feedforward visual processing model optimized for 
temporal straightening was found to increase recognition robustness more than a similar invariance-optimized model [62]. 
Conversely, visual processing models adversarially optimized for robustness were found to increase temporal straighten-
ing, something not necessarily found in other visual processing models [63]. It would be interesting to examine in future 
work the effect of the hierarchical temporal prediction objective on both recognition robustness and temporal straightening 
in our recurrent networks.

Finally, predictive coding represents another hierarchical normative framework, which has been very influential when 
applied to sensory processing. Predictive coding argues that the brain is optimized to reduce statistical redundancies by 
passing forward only the residual prediction errors that cannot be “explained away” by the brain’s internal model [20]. 
Predictive coding is inherently hierarchical in that it is organized around a series of stacked prediction modules, which 
– like temporal prediction – is consistent with a hierarchical view of cortical organization. The original model by Rao and 
Ballard [21] was able to account for non-linear effects in V1, such as surround suppression, though it was only trained on 
static images. In contrast, a more recent variant on predictive coding – PredNet [64] – has also been trained on dynamic 
natural movies. While PredNet could account for some properties such as surround suppression [65], it does not generally 
recapitulate low-level features of the visual cortex, such as the Gabor-like receptive fields of V1 [6], nor has it been shown 
to capture the hierarchical organization of the visual system.

In conclusion, we have shown that a hierarchical recurrent network optimized for temporal prediction replicates many 
aspects of the neuronal response properties and functional organization of different areas within the mammalian visual 
cortex. These findings add to the growing evidence that temporal prediction can account for information processing across 
the sensory hierarchy.

Materials and methods

Model dataset

The model was trained using a novel dataset drawn from around 2.5 hours of wildlife videos (obtained from public sources, 
which are available via the Open Science Framework wrapper https://osf.io/hf2pj/) down sampled to 25–30 frames per 

https://osf.io/hf2pj/
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second. Videos were pre-processed by converting them to grayscale, resizing each clip to a width and height of 600 pixels 
using bilinear interpolation and applying a bandpass filter. Each video was then cropped into 1200 spatially overlapping 
clips of 20x40 pixels at 40 contiguous frames each. Finally, each video clip was normalized by subtracting its mean and 
dividing by its standard deviation. This produced a training, test and validation dataset of 1000k, 200k and 200k clips, 
respectively.

The hierarchical recurrent temporal prediction model

The model is implemented as a recurrent network consisting of a series of hierarchically organized groups of units (Fig 
1A). During training, each group in the model is optimized to predict the future value of its inputs – specifically, the future 
video frame for group one (G

1
) units or the future internal state of the lower-order group for group two (G

2
) and above. 

Internally, the model is implemented as a single recurrent layer, with the hierarchy defined by 1) the hierarchy of prediction 
whereby higher-order areas are trained to predict the future value of their lower-order inputs, 2) the restricted internal con-
nectivity, such that each group receives inputs from and projects to its immediate higher- and lower-order groups only, and 
3) only G

1
 receiving direct video input. This internal hidden state is then mapped to the predicted future state by a linear 

output layer, with the prediction error between the true and expected future state minimized during training via backpropa-
gation. Finally, an L

1
 regularization penalty in the cost function ensures that only weights that contribute to network perfor-

mance are retained. Below we will describe the hierarchical recurrent temporal model in detail and more formally, largely 
using scalar notation rather than the vector notation used in the Results.

The model receives as input a tensor U of shape T× I  where t = 1 to 40 timesteps and i = 1 to 800 pixels as a flat-
tened 20 × 40 pixel image. The network itself consists of 3 groups, g = 1 to 3, where each group g comprised j = 1 to 800 
units. At time t, the activity of each hidden unit hgj [t] is defined as:

	

agj [t] = b
g
j +

Jg∑
j′=1

rg,gj,j′ h
g
j′ [t – 1] +





I∑
i=1

wj,iui[t] +
J2∑
j′=1

r1,2j,j′ h
2
j′ [t – 1] g = 1

Jg–1∑
j′=1

rg,g–1j,j′ hg–1j′ [t – 1] +
Jg+1∑
j′=1

rg,g+1j,j′ hg+1j′ [t – 1] g > 1

Jg–1∑
j′=1

rg,g–1j,j′ hg–1j′ [t – 1] g = G

	

	
hgj [t] = f

(
agj [t]

)
	

where bgj  is the bias of group g unit j, wj,i  is the input weight between pixel i and group one unit j, ui[t] is the activity of 
pixel i at timestep t, rg,g

′

j,j′  is the recurrent weight from presynaptic unit j′  in group g′  to postsynaptic unit j  in group g, and 
hg

′

j′ [t – 1] is the activity at the previous timestep of presynaptic unit j′  in group g′ . The presynaptic group g′  is either the 
postsynaptic group g for local recurency, or the lower group g – 1 or the upper group g + 1. The function f(•) is a ReLU.

In addition, to enforce Dale’s Law whereby units have exclusively excitatory or inhibitory connections, each recurrent 
weight rg,g

′

j,j′  was clamped after each forward pass as:

	

rg,g
′

j,j′ →



+
∣∣∣rg,g′j,j′

∣∣∣ if excitatory

–
∣∣∣rg,g′j,j′

∣∣∣ if inhibitory
	



PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1013138  May 28, 2026 20 / 29

where 20% of units in each group were set as inhibitory (based on the approximate percentage of cortical inhibitory inter-
neurons found in the cortex [66,67]), with the additional constraint that inhibitory units could only project locally.

Finally, the network’s internal hidden state was mapped to the output predictions as ygk [t] for group g, unit k at time t, 
which was defined as:

	

ygk [t] = c
g
k +

Jg∑
j=1

mg,g
k,j h

g
j [t]

	

where cgk  is the bias for unit k of group g and mg,g
k,j  is the weight between hidden unit hgj [t] and output unit ygk [t].

The trainable parameters in the network, bgj , wj,i , r
g,g′

j,j′ , cgk  and mg,g
k,j , were optimized by minimizing the loss function:

	

L = λZ + (1 – β)E1 +
G∑
g=2

βEg

	

where Z is the sum of the absolute values of all weights in the network (the sum of elementwise L
1
-norms of each weight 

matrix). The parameter λ is a weighting parameter that describes the degree of regularization, and β  is a weighting 
parameter that determines the relative contribution of the prediction error between the first and higher-order groups. 
Finally, Eg  is the mean squared error between the true and predicted future value of the lower-order group g – 1:

	
Eg =

1
N(T – 4)Kg

N∑
n=1

T–1∑
t=4

Kg∑
k=1

{
(y1k,n[t] – uk,n[t + 1])

2
g = 1

(ygk,n[t] – h
g–1
k,n [t + 1])

2
g > 1 	

where, for group one, y1k,n[t] – uk,n[t + 1] is the difference between the predicted and true future pixel value, and, for higher 
order groups, ygk,n[t] – h

g–1
k,n [t + 1] is the difference between the predicted and true future value of the lower order group. 

Finally, Eg  is averaged across all clips N, time steps T and pixels I. Subscript n indicating clip number was left off from all 
previous equations for brevity.

Comparison models

Three comparison models were developed in addition to the hierarchical temporal prediction model as described above.

1.	Feedforward temporal prediction model – this model was trained to maximize the same loss function as the hierarchi-
cal temporal prediction model but using a strictly feedforward architecture. The training and architectural details were 
adapted from previous work [4], though we only trained three stacks (groups), and adapted the kernel sizes as detailed 
in Table 1 to equate the receptive field sizes in the hierarchical recurrent models:

2.	Hierarchical recurrent autoencoder – the same architecture as the hierarchical recurrent temporal prediction network 
but with the loss function altered to predict the activity of the current rather than future lower-order group, with an 

Table 1.  Details of the feedforward temporal prediction model.

Stack Input size Hidden layer size Kernel size

0 800x40x1 800x36x1 5x800

1 800x36x1 800x32x1 5x1

2 800x32x1 800x28x1 5x1

https://doi.org/10.1371/journal.pcbi.1013138.t001
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additional regularization term based on the summed activity in the network to ensure the sparsity of the network’s inter-
nal representations (λα  was set to 1 × 10-10).

	

Loss = λZ + λα
1

N(T – 4)

G∑
g=1

N∑
n=1

T–1∑
t=4

Jg∑
j=1

hgj,n[t] + (1 – β)E1 +
G∑
g=2

βEg

	

	
Eg =

1
N(T – 4)Kg

N∑
n=1

T–1∑
t=4

Kg∑
k=1

{
(y1k,n[t] – uk,n[t])

2
g = 1

(ygk,n[t] – h
g–1
k,n [t])

2
g > 1 	

3.	Untrained hierarchical recurrent temporal prediction model – the same architecture as described above, but with no 
training and hence randomly initialized weights.

One other pre-trained model developed by another group was also included to compare its capacity to capture the neu-
ral representation of naturalistic visual stimuli:

1.	VGG-19 [43] – a deep convolutional network trained on the ImageNet database to classify images into one of 1000 
categories. This network is purely feedforward and does not incorporate any form of recurrency.

Finally, for S9 Fig, we trained a series of hierarchical recurrent temporal prediction networks by varying the temporal 
horizon of the network – that is, how far into the future the network was trained to predict the next frame. For these net-
works, although the network architecture was identical to the hierarchical recurrent temporal prediction model, we used a 
high-frame-rate (120 Hz) naturalistic dataset which allowed us to vary the target from 0 to 42 ms into the future. Note that 
due to the smaller size of this dataset (40k clips total), we used a smaller 20x20 pixel clip size for model training. For more 
details about the dataset implementation, see [6].

Implementation

The temporal prediction model and its variants were all implemented in PyTorch, with gradient descent performed using 
the ADAM optimizer set at a learning rate of α = 10-4. The hyperparameter β was set at 0.1, as this value gave cortex-like 
properties for the different model types and good out-of-distribution prediction for moving bars. More systematic explora-
tion of hyperparameter λ was performed, which was then set as 10-6, close to the global minimum that minimized the mean 
squared error for next frame prediction on the validation dataset while producing the most biologically realistic receptive 
fields. For the temporal prediction model, we found that the optimal λ value produced receptive fields that were similar 
to but not as spatially distinct as those found in the cortex, so we chose a nearby higher value that gave more spatially 
defined receptive fields while remaining close to the normative-driven optimum (i.e., the prediction error remained small). 
For the autoencoder model, where there is a less well-defined objective value for the hyperparameters (the reconstruction 
error almost always improves for a less ‘constrained’ network), we chose a value for λ that gave the most spatially well- 
defined receptive fields and which best represented what is found in the visual cortex. Note that for Fig 1E-1K, where a 
large number of model variants were investigated, for computational efficiency, these models were trained on a smaller 
20x20 pixel dataset [6], rather than the 20x40 pixel dataset used throughout the rest of the study. All networks were 
trained for a maximum of 4000 epochs or until the loss function converged on a steady state.

The recurrent autoencoder and recurrent temporal prediction networks had exactly the same parameter counts (13.4 
million trainable parameters) versus a slightly lower number for the feedforward temporal prediction network (11.5 million 
trainable parameters). This represents a small (14%) reduction in parameters, largely due to the absence of feedback. 
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While we could have produced a feedforward model that equalized the number of parameters, this would have come 
at the expense of increasing the number of hidden units in the feedforward model. Thus, there is an inevitable trade-off 
between equalizing the number of total parameters versus the total number of hidden units across networks.

In terms of the experiments where we ablated feedback from a model that initially included feedback connections, this 
necessarily reduced the total parameter count. However, feedback was removed via ablation, analogous to the experi-
mental data, where reducing feedback in the actual brain involves reducing the number of connections. Thus, we believe 
this ablation approach is the most appropriate for the questions we were trying to answer about the biology.

All code supporting this study is publicly available at https://github.com/sebbkw/hierarchical_temporal_prediction.

Data analysis

Receptive field estimation. Receptive fields were estimated by the response-weighted average [6], using the response of 
each unit in the network to 200,000 frames of random Gaussian noise.

Unit tuning characteristics. To assess each unit’s tuning properties, we measured its response to sinusoidal gratings 
varying in temporal frequency, spatial frequency and orientation for 50 frames. Each unit’s preferred temporal frequency, 
spatial frequency and orientation was taken as the parameter or parameter combination that maximized the unit’s mean 
response across frames.

Because the input visual stimuli used to train and analyze the network have no fixed reference point, we do not think 
there is a reliable way of converting between pixel space and degrees in visual space. Thus, we take the comparison 
between experimental measurements in cycles/degree and model results in cycles/pixel as best understood on a relative, 
rather than absolute, basis.

Receptive field parameterization. For S9B Fig, we fitted a Difference-of-Gaussians (DoG) or Gabor function (equated 
to the same number of free parameters) to each receptive field estimate. We then defined each unit as DoG- or Gabor-
like if the receptive field estimate had a higher pixel-wise Pearson correlation coefficient with the DoG or Gabor function, 
respectively, and if the correlation coefficient was at least 0.8.

Modulation ratio. The modulation ratio was computed as F = F
1
/F

0
 where F

0
 is the mean response of the neuron to its 

preferred stimulus and F
1
 is the amplitude of the fitted sinusoid to the neuron’s response to its preferred stimulus.

Orientation and direction selectivity. Orientation selectivity was quantified via the orientation selectivity index (OSI):

	
OSI =

ROr
pref – R

Or
orth

ROr
pref + R

Or
orth 	

where ROr
pref  and ROr

orth  are respectively the unit responses at the preferred and orthogonal orientations for that unit. Simi-
larly, direction selectivity was quantified via the direction selectivity index (DSI):

	
DSI =

RDir
pref – R

Dir
opp

RDir
pref + R

Dir
opp 	

where RDir
pref  and RDir

opp  are respectively the unit responses at the preferred and opposite directions for that unit.
Plaid responses: Plaid stimuli were produced by summing two drifting gratings, each at half amplitude (0.5). The grat-

ings differed by a ‘plaid angle’ – the angular separation of each plaid component (
∣∣α – β

∣∣) around the overall direction of the 
plaid stimulus ( α+β2 ). To identify the degree to which units responded to the direction of the individual plaid components 
versus the overall direction of the plaid stimulus, we computed the partial correlation of the unit’s response to the plaid 
stimulus with an idealized response assuming the unit to be entirely component or plaid selective [35]. Thus, the plaid cor-
relation rp was defined as the correlation between the true plaid response and the predicted plaid response, controlling for 

https://github.com/sebbkw/hierarchical_temporal_prediction
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the predicted component response. Similarly, the component correlation rc was taken as the correlation between the true 
component response and the predicted component response, controlling for the predicted plaid response. To compare 
across units, we computed the Fisher’s z-transformations Zp and Zc of rp and rc, respectively. This process was repeated 
across component separation angles of 60, 90, 120 and 150 degrees. The plaid pattern index was then taken as the 
difference between the average Zp and Zc values across all component separation angles. A value greater than 0 indicates 
greater selectivity for the plaid stimulus over its individual components, whereas a value less than 0 indicates greater 
selectivity to the individual components over the composite plaid stimulus.

Surround suppression. For each G
1
 model unit, we first fitted a Gabor function to each unit’s response-weighted aver-

age to extract the receptive field center. We then presented a drifting grating stimulus determined by the unit’s preferred 
orientation, spatial and temporal frequency, with a mask applied to localize the grating stimulus to the unit’s receptive field 
center. We recorded the response of that unit as the diameter of the mask was increased from 2 to 40 pixels. We calculate 
the surround suppression index based on this surround suppression tuning curve as:

	
surround suppression = 100

rmax – rlarge
rmax 	

where rmax is the unit’s maximum response across all grating diameters and rlarge is the unit’s response to the large diame-
ter stimulus.

Model-brain alignment

Neural data were taken from the Allen Brain Institute’s Neuropixels Visual Coding dataset of in vivo electrophysiological 
recordings of the mouse brain [68]. All recordings were pre-processed and spike-sorted by the Allen Institute. For these 
analyses, only data from the natural movie presentations were included (“Natural Movie One” and “Natural Movies Three”, 
150 seconds total). All recordings were from wildtype mice and data from V1 (n = 15 mice), rostrolateral visual cortex 
(n = 14 mice) and lateromedial visual cortex (n = 11 mice) were considered. In addition, only those units whose noise power 
to signal power ratio did not exceed 60 were included [69].

To calculate the representational similarity between each model and the neural data, we first computed the repre-
sentational similarity matrix (RSM) [55,70]. For this, we binned the responses of the model or real neurons into 5-frame 
chunks and took the mean of each bin such that each model’s output was represented as an M × N matrix with M rows of 
stimuli and N columns of units. The RSM was calculated as the correlation between each pair of columns in the matrix 
(the response to a given stimulus m), resulting in an M × M RSM. The representational similarity was then calculated by 
taking the distance between the flattened lower triangle of the RSMs of each model and the neural data using Spearman’s 
correlation coefficient [71].

To compare across mice, this similarity measure was normalized by dividing by the noise ceiling for that recording, 
where a value ≥ 1 indicates that model similarity is as high as could be achieved once accounting for random noise [55]. 
The noise ceiling describes the theoretical maximum similarity that could be achieved by even a perfect model given the 
inherent noise present in the neural system. It was computed by randomly dividing the neural data into two halves of units 
and by taking the similarity of the RSMs for each half of units. This shuffling process was then repeated for 100 iterations, 
with the noise ceiling taken as the mean similarity value across these 100 shuffle iterations.

Supporting information

S1 Fig. Visual illustrations of the groupings and constraints applied to the weight matrices and activity vec-
tors of a single hidden-layer recurrent neural network to produce the model. The squares and broad vertical 
rectangles illustrate the weight matrices. The shade (dark/mid/light) indicates what group (G

1
/G

2
/G

3
) the weights in 

http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1013138.s001
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that region of the matrix project from. The color (white/red/blue/gray) indicates whether those weights are constrained 
to be zero (white), positive (red), negative (blue) or unconstrained (gray). The narrow vertical rectangles illustrate the 
vectors, with shade indicating group and color indicating whether they are excitatory units (red), inhibitory units (blue) 
or unconstrained output units (gray). Vectors have been widened slightly for visualization purposes only. Bias vectors 
have been left off for simplicity. (A) Illustration of the equation for the hidden unit activity (Equation 1). This shows the 
input vector, u[t], the input weight matrix, W, the hidden unit vector, h[t], and the recurrent weight matrix, R. Note the 
inhibitory (blue) and excitatory (red) units of the hidden unit vector and their corresponding constrained weights in  
the recurrent matrix. (B) Illustration of the equation for the network output (Equation 2). This shows the output vector, 
y[t], and output weight matrix, M, along with the hidden unit vector to which the output weights are applied. (C) Illus-
tration of the loss function (Equation 3), using the input vector and groups (h1[t], h2[t], y1[t], y2[t], y3[t]) from the hidden 
and output vectors.
(TIFF)

S2 Fig. Next-frame prediction performance as a function of the beta hyperparameter. Next-frame prediction error 
increased as a function of beta for both the in-distribution (A) and out-of-distribution datasets (B).
(TIFF)

S3 Fig. MNIST decoder accuracy across n-back frames when training on a 0-back decoder for all n-back con-
ditions. Here we trained a 0-back decoder and tested this fixed decoder for each n-back condition. We found that the 
decoder – in both the full and no feedback conditions, as well the shuffled feedback condition – was unable to generalize 
from the 0-back condition and performed at chance. Given the performance of the model in Fig 1J-1K when trained and 
tested on the same n-back condition (with separate train and test splits), it is unlikely that these fixed 0-back decoder 
results reflect an absence of information in the network over time. Rather, this suggests that using a fixed decoder is not 
sufficient and that it needs to be re-trained for each n-back condition to extract the information, as we do in Fig 1J-1K. (A) 
MNIST accuracy declines to chance at decoding from the n-back condition if a fixed 0-back decoder is used, for both the 
full and no feedback models. (B) MNIST accuracy at 5-back performs at chance as the percentage of feedback is shuffled 
for a fixed 0-back decoder. In both cases, chance performance indicates that the decoder is unable to generalize from the 
0-back condition.
(TIFF)

S4 Fig. Joint distribution of modulation ratios with the orientation selectivity index (OSI) and Gabor fit r2 for the 
first model group (G1). The simple-cell-like units (modulation ratio > 1) had higher mean orientation selectivity (A) and 
were better fit by the Gabor function (B) than the complex-cell-like units.
(TIFF)

S5 Fig. Gabor-like receptive field properties across the model’s hierarchy. (A) Only units in the model’s first group 
could be modeled as Gabors, with higher groups showing a poorer fit (Gabor r for G

1
 vs G

2
: t(16.6)=7.43, p < 0.0001). (B) 

For the subset of units that could be modeled as a Gabor (r > 0.3), the receptive field size – indexed by the product of the 
x and y Gabor standard deviation parameters – increased from group 1 to group 2 (Gabor size for G

1
 vs G

2
: t(7.04)=-4.22, 

p = 0.004).
(TIFF)

S6 Fig. Functional connectivity of group one (G1) model units. (A-B) Short-range connections between model units 
(black bars) are more prevalent for excitatory units that have similar orientation tuning (A) and direction-tuned units that 
have similar or opposite preferred directions of motion (B), as is also the case in V1 neurons (gray bars) [31]. (C-E) In 
both the model and V1 [32], long-range connection probability is higher for units with similar orientation preferences when 
their receptive fields are located in co-axial (C) than in co-orthogonal (D) locations. Heatmap (E) shows the normalized 

http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1013138.s002
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1013138.s003
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1013138.s004
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1013138.s005
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1013138.s006
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connection probability over visual space (relative to postsynaptic neuron position) across differences in orientation tuning 
for model units. For detailed methods, see Klavinskis-Whiting et al. [6].
(TIFF)

S7 Fig. Example model units (i-iii) showing changes in plaid tuning after the removal of feedback connections. 
Direction tuning curves for plaid stimuli across different plaid angles are shown for three example model units with (left) 
and without (right) feedback.
(TIF)

S8 Fig. Model and V1 responses to stimuli in the classical and proximal receptive field. (A) Diagram of the classi-
cal and proximal receptive field for an exemplar neuron. (B) The full model’s average response rate is higher for stimuli 
spanning the classical and proximal receptive field than when feedback is suppressed. This contrasts with the data from 
marmoset V1, where the opposite trend is observed, such that the average neural response for stimuli spanning the clas-
sical and proximal receptive field is greater when feedback is suppressed [13].
(TIFF)

S9 Fig. Spatial and temporal frequency tuning across model types. Spatial frequency tuning (i) and temporal fre-
quency tuning (ii) across the (A) hierarchical recurrent temporal prediction model (blue), (B) feedforward temporal predic-
tion model (green) and (C) autoencoder (red) models compared with data from the macaque visual cortex (gray).  
Experimental data as in Fig 2F,H.
(TIFF)

S10 Fig. Schematic of the representational similarity analysis procedure. 
(TIFF)

S11 Fig. Impact of varying the number of hidden units per group in the model. (A) Mean KS distance between model 
and neural distributions was lowest at 800 units per group. (B) As the number of hidden units increased, the model shifted 
from representing the current frame (same frame MSE, which increased as the number of hidden units increased) to pre-
dicting the upcoming frame (next-frame MSE, which decreased as the number of hidden units increased). Thus, a larger 
number of hidden units improved the network’s capacity for temporal prediction.
(TIFF)

S12 Fig. Impact of network training dataset and exemplar frames. (A) A network trained on the same dataset but 
with temporal contiguities removed by shuffling the frame order fails to produce coherent receptive fields (i). Conversely, 
the standard temporally-contiguous dataset produces receptive fields with a clear Gabor-like structure (ii). (B) Example 
frames from the dataset used for model training.
(TIFF)

S13 Fig. Role of the temporal prediction offset in network properties. (A) The mean KS distance between the model 
and brain distributions of modulation ratios, plaid pattern indices and surround suppression indices. A lower score indi-
cates a more brain-like distribution in the model, with the autoencoder (0 ms temporal offset/future prediction) having the 
least brain-like distribution. (B) The distribution of Gabor-like versus difference-of-Gaussian-like units in model group 1 
(G

1
) across temporal offsets, with the highest proportion of Gabor-like units found when predicting the next frame 42 ms 

into the future. (C) Representational similarity between the model and different regions of mouse visual cortex across 
temporal offsets.
(TIFF)

S14 Fig. Comparison of network properties when including or excluding Dale’s Law. (A) Next-frame mean squared 
error for hierarchical temporal prediction networks that either included (TP

Dale
) or excluded (TP

No Dale
) Dale’s Law. (B) 

http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1013138.s007
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Example next-frame predictions for each network. (C-E) Distribution of model and visual cortical response properties for 
(C) modulation ratio, (D) plaid pattern indices and (E) surround suppression indices. These response properties more 
closely resembled those found in visual cortex (gray) when Dale’s Law was included in the model, as shown by the lower 
mean Kolmogorov-Smirnov (KS) distance for each of these measures.
(TIFF)
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