
Chapter 5

Lateral recurrence supports
dynamic object recognition

This chapter is in preparation as: Sörensen, L. K. A., Bohté, S. M., Slagter, H. A.,
& Scholte, H. S. (n.d.). Lateral recurrence supports dynamic object recognition.
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5. Dynamic object recognition in DCNNs

Abstract Object recognition relies on accumulating or integrating
evidence over time. Such temporal integration benefits object recogni-
tion when the visual input is stable and difficult to perceive, but can hurt
performance in conditions in which the input dynamically changes over
time, as is often the case in naturalistic vision. Temporal integration is
commonly linked to both lateral recurrent and top-down recurrent pro-
cessing in the brain. Yet, their precise and differential contributions to
dynamic object recognition are still poorly understood. To better under-
stand the role of lateral recurrence in dynamic object recognition, we here
tested a range of lateral recurrent neural networks on their ability to cap-
ture human performance patterns across three different tasks. Overall, we
found that lateral recurrence is essential for producing similar object de-
tection performance patterns as humans on an RSVP task, on a backward
masking task and on an animacy classification task. Crucially, we found
that this required a high-performing and temporally stable model: the
model that we developed for the purpose of this paper, BLresnet, which
markedly outperformed previousmodels on the Imagenet challengewhile
only using a fraction of the parameters. Our modelling approach also
identified some limits of lateral recurrent processing, thus revealing how
lateral recurrence may and may not contribute to human dynamic object
recognition.
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5.1. Introduction

5.1 Introduction

Our brains continuously receive and process a dynamic stream of vi-
sual input enabling us to see, recognize, and act. While many percep-
tual processes, such as object recognition are very fast (DiCarlo et al.,
2012; Potter, 1976; Thorpe et al., 1996), they nonetheless benefit from
stability in their input. For instance, object detection in images is bet-
ter when these images are shown longer compared to when they are seen
only briefly (Hagmann & Potter, 2016; Keysers et al., 2001; Maguire &
Howe, 2016; Potter et al., 2014), especially if the object is difficult to rec-
ognize (Tang et al., 2018; Wyatte et al., 2012). Conversely, rapid changes
in visual input cause processing of past information to be influenced by
new inputs and vice versa, thereby systematically impeding perception
(Enns & Di Lollo, 2000; Fahrenfort et al., 2007; Lamme et al., 2002;
Lamme & Roelfsema, 2000; Loschky et al., 2010; Maguire & Howe, 2016;
Tang et al., 2018). Thus, while temporal integration can enhance object
recognition, in dynamically changing input conditions, it can hurt object
recognition. Although primate object recognition is remarkably well ac-
counted for by deep learning models developed for solving object recog-
nition (Bashivan et al., 2019; Güçlü & van Gerven, 2015; Khaligh-Razavi
& Kriegeskorte, 2014; Ponce et al., 2019; Yamins et al., 2014; Yamins &
DiCarlo, 2016), these models do not capture these temporal characteris-
tics of object recognition in humans. Here, we aim to extend this mod-
elling approach by developing and testing recurrent convolutional neural
networks as models for dynamic object recognition in humans with the
overall aim of better understanding the role of lateral recurrence in dy-
namic object recognition.

At the neural level, dynamic object recognition is deeply connected
to recurrent cortical processing (Fahrenfort et al., 2007; Kar et al., 2019;
Lamme et al., 1998, 2002; Lamme & Roelfsema, 2000; Tang et al., 2018).
Yet, the precise implementation and functional significance of recurrent
processes for dynamic object recognition remains much less well under-
stood. Thismay in part be due to the diversity of connectivity profiles that
are referred to as recurrent: whereas some studies use this term for inter-
areal top-down recurrent processing during which information from later
areas is passed back to earlier areas (e.g., Kar & DiCarlo, 2020; Kar et al.,
2019; Kietzmann, Spoerer, et al., 2019; Nayebi et al., 2022), in other stud-
ies it is used to describe lateral recurrent processes, duringwhich informa-
tion is continuously processed within the same area (Kubilius et al., 2019;
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5. Dynamic object recognition in DCNNs

Seijdel et al., 2021; Spoerer et al., 2020). While challenging to distinguish
in neural data, these two forms of recurrent processing conceivably afford
dramatically different computational functions (for different hypotheses
see van Bergen&Kriegeskorte, 2020). That is, it may be possible to imple-
ment some visual routines while only relying on lateral recurrent process-
ing (e.g., local contour integration), while others may critically depend on
top-down recurrence and information sharing by other areas (e.g., predic-
tion errors, Rao & Ballard, 1999; Issa et al., 2018; Keller & Mrsic-Flogel,
2018; or object-based attention, Roelfsema et al., 1998). We here focus on
the importance of lateral recurrence in dynamic object recognition asking
how well a lateral recurrent convolutional network optimized for object
recognition can account for human dynamic object recognition, thereby
also shedding light on the computational contributions of lateral recur-
rence to perception.

In recent years, much progress has been made in modelling how dif-
ferent forms of recurrence may bring about recognition of objects in im-
ages presented in isolation. For instance, it has become clear that encod-
ing models that incorporate recurrence processing better explain visual
processing in inferior temporal cortex (Kietzmann, Spoerer, et al., 2019;
Kubilius et al., 2019; Nayebi et al., 2022). Whereas early models only fea-
tured lateral recurrence (Kubilius et al., 2019; Spoerer et al., 2020), more
recent recurrent architectures include increasingly complex recurrent cir-
cuits as well as top-down recurrence (Nayebi et al., 2022). This has led to
impressive strides in capturing the neural dynamics underlying static im-
age object recognition (Kubilius et al., 2019; Nayebi et al., 2022). Nonethe-
less, we do not know yet whether these recurrent networks also generalize
to more dynamic visual inputs. A related, and potentially larger issue is
that solely focussing on single-image inputs for identifying plausible com-
putational models of primate object recognition creates the risk of over-
fitting on too stable and static visual inputs. Although humans and other
primates can reliably detect objects presented in isolation, naturalistic vi-
sion is often challenged by much more dynamic input. This necessitates
that high-performing and plausible architectures can also account for dy-
namic object recognition.

In the present study we aimed to address this gap in knowledge. To
this end, we implemented different lateral recurrent computational mod-
els of object recognition and examined their ability to account for three
main characteristic hallmarks of human dynamic object recognition (Fig
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5.1. Introduction

Figure 5.1 Dynamic object recognition tasks and human performance on these
tasks. The goal of the current study is to understand how well lateral recurrent mod-
els can account for a range of dynamic object recognition behaviours, where human
performance measures (lower panels) across a range of tasks (upper panels) serve as
the explanatory goal. If a model can account for all these measures, i.e., generalizes
across task specifics, we consider it a good model for human dynamic object recog-
nition. Specifically, we compared every candidate model to three tasks: (A) Object
recognition during rapid serial visual presentation (RSVP) with varying image presen-
tation rates (Chapter 4), (B) object classification with and without backward masking
(Seijdel et al., 2021) and (C) animacy classification of object images shown over ex-
tended periods of time (Spoerer et al., 2020). Details on all tasks and behavioural
measures can be found in the corresponding sections in the Results and Methods sec-
tions.
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5. Dynamic object recognition in DCNNs

5.1): (1) improved dynamic object recognition with increasing stimulus
presentation duration, as observed inRSVP tasks; (2) reduced recognition
of objects when presented on complex backgrounds and when masked, as
observed in backward masking tasks; and (3) variance in the speed of an-
imacy classification.

At the behavioural level, the temporal dynamics of object recognition
are evident in tasks in which visual images rapidly follow one another,
such as in rapid serial visual presentation (RSVP, Potter & Levy, 1969)
and perceptual masking (Enns & Di Lollo, 2000; Fahrenfort et al., 2007;
Lamme et al., 2002) tasks. In these tasks, the sequential and rapid presen-
tation of images is manipulated, modulating the ability to recognize ob-
jects (Lamme & Roelfsema, 2000; Loschky et al., 2010; Maguire & Howe,
2016; Potter et al., 2014; Potter & Levy, 1969; Tang et al., 2018). As such,
these tasks provide ideal testing grounds for better understanding howdy-
namic object recognition comes about in the brain. Specifically, they can
reveal when and for which kind of images processing is most effectively
interfered with or spared, describing the boundary conditions or mini-
mal requirements for dynamic object recognition. As a result, by building
computational models that can reproduce these and other characteristic
performance patterns, we can also learn more about the necessary com-
putational mechanisms that underlie dynamic object recognition.

In the previous chapter, we took first steps towards deploying a lateral
recurrent network (Spoerer et al., 2020) to amore dynamic scenario using
a RSVP task inwhichwe varied image presentation durations (Chapter 4).
In this work, we established that lateral recurrence can well account for
the consistent observation of enhanced object recognition performance
in human observers with longer image presentation durations when tak-
ing the sequential nature of the task into account. Yet, we also ran into the
limits of this model. Whilst our model, BLnext, displayed similar perfor-
mance levels as humans at presentation durations of 13-80 ms/image, the
model fell short of performing on par with humans at 160 ms/image. We
proposed that this mismatch could be due to our simplistic extension of
the network over time: we adopted only a single set of batch normaliza-
tion statistics from training. Yet, there could have been a deeper reason,
namely the absence of top-down recurrence in this previous model. Only
the latter would evidence a functional limit of lateral recurrent processing
in contributing to object recognition.

The goal of the current study is to better understand the role of lat-
eral recurrence in dynamic object recognition in humans. By testing a
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range of lateral recurrent models optimized for object recognition and
tested on a variety of (dynamic) visual tasks, we specifically aimed to de-
scribe both the visual functions enabled by lateral recurrence as well as to
better delineate the boundaries of contributions by lateral recurrence to
object recognition. To this end, we compared the performance patterns
of different lateral recurrent networks to those of human observers previ-
ously observed for the same tasks. In particular, we assessed whether any
lateral recurrent model featured comparable performance during RSVP
detection with varying presentation durations, backward masking, and
animacy classification (Fig 5.1). For this endeavour, we developed a new
lateral recurrent model, BLresnet, which also allowed us to address the
outstanding question raised by our previous findings (Chapter 4), namely
whether lateral recurrent processing is sufficient to explain recognition of
objects presented for longer durations, specifically human performance
levels at 160 ms/image on an RSVP task.

To foreshadow our results, we found that across all three behavioural
tasks, lateral recurrent models can capture key aspects of human dy-
namic object recognition. In particular, BLresnet well captured perfor-
mance across a wider range of presentation durations during an RSVP
task, including the slowest presentation duration previously unmatched
by BLnext. This suggests that lateral recurrence is also a plausible mech-
anism underlying slow-paced sequential object recognition, if realized in
the right model. For visual masking, we found that a BLresnet model
with sufficient computational depth reproduced the characteristic per-
formance patterns previously observed in humans. Yet, using the same
masking paradigm, we also identified a shortcoming of lateral recurrence:
While human performance improved even after the offset of the target
stimulus, such improvements were markedly smaller in a model only re-
lying on lateral recurrence. Finally, we observed that most models that
featured a form of stable lateral recurrence were capable of predicting hu-
man reaction times to a comparable degree on an animacy recognition
task, replicating findings from an earlier study. Together, these results
showcase the critical role of lateral recurrence for recognizing objects dur-
ing continuous and dynamically changing visual input.

125



5. Dynamic object recognition in DCNNs

5.2 Results

How well can lateral recurrent models capture different aspects of dy-
namic object recognition observed in humans? To address this ques-
tion, we tested different lateral recurrent deep neural networks, includ-
ing a newly developed architecture, BLresnet, on a range of human psy-
chophysics tasks and compared their performance to those of human ob-
servers.

BLresnet – a higher performing and temporally stable lateral
recurrent neural network class

In the current study, we compared twomodel classes, BLnet (incl. BLnext)
and BLresnets. BLnet (Spoerer et al., 2020) and our conversion of this ar-
chitecture into a sequential model, BLnext (Chapter 4) are deep neural
networks consisting of feedforward and lateral recurrent convolutional
weights optimized for object recognition on large-scale databases (Deng
et al., 2009; Mehrer et al., 2021). We previously showed that BLnext was
able to reach comparable performance levels as human participants on an
RSVP task presented at 13- 80 ms/image. Yet, BLnext failed to perform
on par with participants at 160 ms/image. To better understand the func-
tional significance of this shortcoming and to address it, we developed a
new architecture: BLresnet. In what follows, we show that by introducing
two key changes to BLnet, namely, skip connections and sharing batch
normalization statistics over time, we obtain a lateral recurrent convolu-
tional network with markedly fewer parameters, superior object recogni-
tion performance as well as improved temporal stability.

BLresnet combines the idea of applying a convolution during lateral
recurrence from BLnet with the efficient architecture of a ResNet. ResNets
(He et al., 2016, 2015) introduced skip connections, which allow infor-
mation to bypass computations along a model’s processing hierarchy (see
Fig 5.2A, left panel). Skip connections have been argued to circumvent
the problem of vanishing gradients observed for increasingly deep neu-
ral networks and enabled the development of DCNN of more than 1000
layers (He et al., 2016). Whilemany components of computer visionmod-
els have been transformed over the years, skip connections are still con-
sidered an elementary ingredient for state-of-the-art convolutional neu-
ral networks (e.g., Liu et al., 2022). Based on this success, we wondered
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whether some of the current shortcomings ofBLnet (a high number of pa-
rameters yielding a comparably poor performance on Imagenet) could be
overcome by combining lateral recurrence with a ResNet-style architec-
ture. To this end, we reconfigured the computational building blocks of a
preactivation ResNet (He et al., 2016) into a lateral recurrent network (see
Fig 5.2A, left panel). During initial pilot experiments on CIFAR10 and
100 (Krizhevsky et al., 2009), we indeed observed that it was possible to
wrap one half of the computations of a residual block into a lateral recur-
rent loop (see Fig 5.2A, right panel) resulting in only minor decrements
in performance on the CIFAR benchmarks.

Another aspect that we aimed to improve uponwas temporal stability,
that is, the ability of a recurrent network to generalize to arbitrarily long
sequences. In contrast to biological vision, recurrent convolutional neu-
ral networks are typically optimized on a fixed number of steps (i.e., eight
steps in BLnet). A problem often encountered when optimizing recur-
rent neural networks is that of exploding gradients (Pascanu et al., 2012;
Philipp et al., 2017). This refers to an excessive increase in the norm of
the gradient during training (Bengio et al., 1994). This shift in activation
levels makes it hard for a network to find a single set of weights during
optimization that will generalize across all model steps. Previously, this
problem has been addressed by introducing a separate set of batch nor-
malization statistics for every model step (e.g., Jastrzębski et al., 2017; Ku-
bilius et al., 2019; Spoerer et al., 2020), which allows the model to adjust
to the activation increase over model steps. This design choice has, how-
ever, the disadvantage that these models cannot generalize to sequences
of arbitrary length, since a new set of batch normalization statistics would
have to be learnt for any additional model step. In a previous paper, we
have reported that this limitation can be partially overcome for BLnet by
adopting a single set of batch normalization statistics (one model step of
all optimized model steps). However, this approach also had some clear
disadvantages: first, that it was a by-product of the optimization process.
This means that there is no guarantee that a model will converge to such
a stable state and thus that a stable set of batch normalization statistics
would emerge. Second, the model was not explicitly optimized for tem-
poral stability. This made it relatively likely that a model underperforms
when assuming only a single set of BN statistics, given that it was op-
timized in a different state. Therefore, we here wanted to explicitly de-
sign and optimize BLresnet to be stable over time. One obvious choice
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to implement this is to not allow batch normalization to vary over model
steps. Indeed, during pilot experiments on CIFAR100, we observed that
such temporal stability in performance naturally emerged when a BLres-
net model is set up to share a single set of batch normalization statistics
over model steps.

A critical test for our observations from the earlier pilot experiments
on CIFAR10 and 100 was to establish if BLresnet would also scale to more
challenging scenarios, such as the Imagenet challenge (Deng et al., 2009).
Moreover, to understand whether we improved on our previous sequen-
tial model BLnext, we needed to compare both models more directly with
regard to their temporal generalization. To this end, we optimized two ar-
chitectures, BLresnet18 and BLresnet34, for eight model steps using back-
propagation through time on the Imagenet dataset (see Fig C.1 for the
training progress, and see Methods for more details on the training). In
brief, we find that our observations from the pilot experiments also held
for Imagenet: both BLresnet models reached comparable performance
levels as parameter-matched feedforward networks (see Fig 5.2B). Fur-
thermore, qualitatively, both models ramped up their performance across
model steps as expected from iterative inference associated with lateral
recurrence. Comparing these models to BLnet (yellow bars, Fig 5.2B)
further showed that the addition of skip connections markedly boosted
performance, improving the model’s parameter-efficiency (gain in per-
formance per number of parameters, see Fig 5.2B). For instance, BLres-
net18 outperforms BLnet (68.18% vs. 62.61% at the final timestep) with
only 40% of the parameters (see Table 5.1). Altogether, this confirmed
that the architectural benefits of ResNets can be successfully ported to a
lateral convolutional recurrent model.

Table 5.1 Comparison of model performance on the Imagenet validation set.

Model Parameters Top1 (first step) Top1 (last step)

BLnet 28.9 million 56.96% 62.61%
BLnet_v2 28.9 million 59.94% 69.72%

BLresnet18 11.7 million 2.91% 68.18%
BLresnet34 21.8 million 38.17% 71.67%

Whereaswe trained theBLresnet models from scratch, to compare our
results to those of previous networks, we adopted the pretrained weights
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Figure 5.2 Lateral recurrent networks can be improved and stabilized with skip
connections and shared batch normalization over time. (A) Schematic of model
modules distinguishing ResNet, BLnet and the new architecture BLresnet. BLresnet
combines the lateral recurrence of BLnet with the skip connections and operations of
ResNets. (B) BLresnet reaches competitive Top1 accuracies while having only a frac-
tion of the parameters of BLnet. BLnet_v2 has the same architecture as BLnet but was
trained in the same fashion as BLresnet. Vertical bars represent the evolution of perfor-
mance acrossmodel steps and crosses show the performance of a parameter-matched
feedforward model. All feedforward models are first-generation ResNets, thus slightly
different from the module shown in A. (C) Introducing a shared set of batch normal-
ization statistics over time leads to greater temporal stability in BLresnets compared to
BLnext models. The difference between BLnet (shown in B) and BLnext (shown here)
is that a single set of BN statistics was chosen after training.
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for BLnet shared by Spoerer et al. (2020). As a result, there were a num-
ber of differences in the training and optimization strategy that may have
contributed to the observed differences in performance. Furthermore,
we imported these weights into a new library (from Keras/Tensorflow to
PyTorch) and this led to a decrease in performance (62.61% here com-
pared to 64.37% reported by Spoerer et al. (2020)). To account for these
differences and to give BLnet the best possible conditions to succeed,
we retrained a BLnet model from scratch using the same optimization
strategy we adopted for BLresnet, termed BLnet_v2. Surprisingly, we ob-
served that this resulted in a much higher performing BLnet model (red
bars, Fig 5.2B) than previously reported (here: 69.72% vs. Spoerer et al.,
2020: 64.37%). This thus suggests that the observed performance differ-
ences between BLnet and BLresnet can be partially attributed to differ-
ences in the training and data augmentation scheme used previously. Yet,
even though BLnet_v2 outperformed BLresnet18, it still did not outper-
form BLresnet34, a model with ca. 75% of the numbers of its parameters.
Thus, taken together, BLnet markedly improved with an alternative train-
ing scheme, but BLresnet was better overall, both in terms of parameter-
performance efficiency as well as overall performance.

In our next analysis, we wanted to know how these new models com-
pare to BLnext in terms of temporal generalization, that is, the ability to
generalize to model steps beyond the trained model steps. As observed
during our pilot experiments on CIFAR100, we also saw for this analy-
sis that BLresnet models showed robust temporal generalization (see blue
lines in Fig 5.2C). In contrast, BLnext now tested on a more challenging
dataset than previously (Chapter 4), not only showed lower performance
levels overall, but also a faster decrement in performance over time com-
pared to both BLresnet models. Note that the difference in performance
for BLnet models shown in Fig 5.2B and 5.2C is related to the cost of con-
verting from a model with eight unique BN statistics to a model with sin-
gle set of BN statistics. The switch-related drop in performance confirms
our earlier expectation that simply replacing the BN statistics results in
suboptimal performance. This was also seen for our retrained BLnet_v2,
which displayed even poorer performance and was even less stable than
BLnet.

To summarize, we have shown that a ResNet architecture can be con-
verted into a lateral recurrent one without adding any additional parame-
ters. We named this new architecture BLresnet. Further, we demonstrated
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that sharing BN statistics over time is a way tomake suchmodel represen-
tationally stable beyond its trained steps. Comparing this class of mod-
els to their parameter-matched feedforward counterparts suggested that
BLresnet models wrap the computation of a feedforward architecture into
a recurrent iterative one at little to no cost to performance. Finally, we es-
tablished that BLresnet34 outperforms both versions of BLnet while hav-
ing only a fraction of the parameters, diagnostic of its higher parameter
efficiency.

BLresnet accounts for RSVP object detection performance
across a wide range of timescales

Object detection in the context of rapidly presented image sequences is
a challenging perceptual task that is remarkably well solved by primate
vision. Even when images are shown for as briefly as 13 ms per pic-
ture, human observers are able to detect the presence of an image match-
ing a semantic target category above chance (Hagmann & Potter, 2016,
Chapter 4; Maguire & Howe, 2016; Potter et al., 2014). Detection per-
formance further improves with longer presentation durations (see Fig
5.1A, lower panel). In a prior study, we observed that lateral recurrence
is key to replicating human RSVP performance across variable presen-
tation durations in a computational model (Chapter 4). Specifically, we
reported that a sequential lateral recurrent model, BLnext, can recover
performance levels for presentation durations between 13-80 ms/image,
yet not for the longest presentation durations of 160 ms/image. Below, we
show that BLresnet models with improved temporal stability and higher
object recognition performance can close this gap, while also still partly
replicating the earlier results for 13-80 ms/image, thereby providing a
more parsimonious account of RSVP recognition in human observers.

To understand how BLresnet compares to previous sequential models,
we here implemented the exact same analysis as in the previous chapter
and compared it to the same behavioural dataset of 36 participants de-
scribed there (Chapter 4). In brief, during the RSVP task, participants
were asked to report the presence of a pre-specified target category im-
age (‘Flowers’) that could appear in a stream of rapidly presented real-
world scenes (see Fig 5.3A for a task schematic). To determine how well
a sequential model could solve the same task, we presented the differ-
ent sequential models with the same trial sequences used in the RSVP

131



5. Dynamic object recognition in DCNNs

experiment. Importantly, we varied how many model steps each image
could be processed for as a proxy for presentation duration in humans.
We reasoned that amodel processing an image for fewmodel steps should
produce performance comparable to participants seeing the same trial se-
quences for brief image durations (e.g., 13 ms/image) and vice versa. As
a result, for every trial, we obtained prediction sequences with a varied
number of model steps per image (x-axis in Fig 5.3B).

In contrast to human observers, models can only report on categories
they have been trained for. Yet during this task, participants received
a new target category on every trial (e.g., ‘flowers’ or ‘smiling couple’)
and thus we had to translate the model’s predictions to these novel cate-
gories. To this end, we interpreted themodels’ prediction time courses us-
ing category prototypes (derived from independent images, see Methods
for details). Using these prototypes, we determined the representational
strength across a given prediction sequence by computing the Pearson
correlation product between a model’s prediction and a category proto-
type for every model step. We then summarized a given trial by finding
the peak in representational strength for the target category prototype of
this trial, the peak prototype correlation (PPC). In a final step, we used
these PPCs to estimate a model’s perceptual sensitivity at a given model
presentation duration (model steps/image, Fig 5.3B) by comparing PPCs
on trials with a target present to those without a target. This is a common
approach based on signal detection theory to quantify perceptual sensi-
tivity (Green & Swets, 1966).

The performance of all models compared to the performance of hu-
man observers can be seen in Fig 5.3B. In our previous analysis, we
showed that BLnext trained on Ecoset (Mehrer et al., 2021) reached per-
formance levels comparable to human participants between 13-80 ms per
picture (yellow line). Comparing this to BLresnet, we observed that both
BLresnet models showed a markedly higher sensitivity than the previous
BLnext model (dark and light blue vs. yellow lines, Fig 5.3B). Further,
we also observed an increase in performance with increasing model steps
per image, thereby replicating our previous finding that lateral recurrence
likely contributes to the increase in perceptual performance observed in
humans with longer presentation durations. Importantly, in addition to
this, BLresnet34 reached performance levels displayed by participants at
160 ms/image, which BLnext previously could not reach. However, while
BLresnet34 matched performance levels for the slowest durations, it out-
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Figure 5.3 BLresnet covers a wider range of presentation durations during rapid
serial visual presentation. (A) During an RSVP task, participants were asked to detect
whether an image belonging to an indicated target category (‘Flowers’) was present in
an image sequence. Every trial consisted of a unique target category cue and a new
set of images. Across participants, presentation duration was counterbalanced such
that data was collected for multiple image presentation durations (13, 40, 80 and 160
ms per image) for the same trial. Experimental stimuli are here illustrated with com-
parable license-free images. (B) Comparing task performance of humans to different
sequential models shows that only BLresnet models reach or approach performance
levels shown by humans at presentations durations of 160 ms per image. Human per-
formance is depicted in grey 95% confidence interval bands for 36 participants. At all
presentation durations, participants performed above chance (all p′s < .0001). Unless
specified otherwise, all models were optimized on the Imagenet challenge.

performed humans on the fastest duration (13 ms/image) trials. BLres-
net18, on the other hand, produced all previously attained performance
levels (13-80 ms/image), but just fell short of reaching performance levels
at 160 ms/image. These findings show that while BLresnets could capture
performance across a wider range of time-scales, they were also still lim-
ited in their range. Together, this means that BLresnets with their higher
performance on Imagenet than BLnext were linked to an overall higher
perceptual sensitivity during an RSVP task. This indicates that the rep-
resentations for successful object recognition also provide an advantage
in a dynamic recognition task. Further, we established that the lateral
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recurrence in combination with the temporal stability in BLresnets also
gave rise to a continuous improvement in perceptual sensitivity with in-
creasing presentation durations and lastly, we showed that it is possible
to account for performance at the slowest image presentation durations
with a BLresnet model.

To better understand the differences between BLresnet and our previ-
ous model BLnext, we further explored some of the differences that go
beyond architectural changes, namely the dataset used during training
(ecoset vs. Imagenet) and the training procedures (training by Spoerer
et al., 2020 vs. our training). As to the influence of the training dataset,
we see that reaching competitive perceptual sensitivities was exclusively
linked to a training on ecoset forBLnext (Fig 5.3B, yellow vs. orange lines).
That is, a BLnext trained in the same fashion but on Imagenet exhib-
ited lower sensitivities overall and could not predict the target class above
chance based on a single model step per image. This suggests that the
lower-dimensional output space of ecoset compared to that of Imagenet
(656 vs. 1000 categories), provided the model with a large advantage for
our prototype-based correlation analysis. Inspecting the results for a dif-
ferent training procedure (also using Imagenet) reveals the same failure
to capture human performance at the fasted presentation rates, but fur-
ther also shows that temporal stability is key to producing a continuous
increase in perceptual performance with increasing model steps per im-
age (Fig 5.3B, dark orange line): BLnext_v2 did not improve its sensitiv-
ity beyond 6 model steps per image. This fits with our earlier observa-
tions that BLnext_v2 was less temporally stable than other BLnext models
(cf. Fig 5.2C). To recap, comparing different versions of BLnext indicates
that first, an ecoset-trained model exhibits higher sensitivities during an
RSVP task, including the ability to solve this task based on feedforward
processing only. Second, we show that the training procedure and the re-
sulting degree of temporal stability matter for performing on slow-paced
RSVP trials

Overall, we find that BLresnets are a better explanatory model for ob-
ject detection performance during an RSVP paradigm with varying pre-
sentation rates, showing an improved ability to replicate the wide range
of performance levels showcased by human observers across the different
presentation rates. This indicates that models with high performance and
a high degree of temporal stability are better at capturing the various time
scales of dynamic object recognition. Moreover, by comparing different
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versions ofBLnext, we could establish that a less powerful architecture can
benefit substantially from being optimized on a more ecologically valid
dataset such as ecoset and that the training procedures can affect the de-
gree of temporal stability, which in turn then affects the ability to perform
on slow presentation rates on an RSVP task.

BLresnet34 mimics the perceptual difficulty of human observers
during backward masking

A dynamic task similar to an RSVP task is perceptual masking (for re-
views see, Di Lollo et al., 2000; Lamme & Roelfsema, 2000; Wyatte et al.,
2014). In this task, two stimuli are shown in close temporal succession: a
target followed by a mask. A common observation is decreased recogni-
tion of the target stimulus when the mask precedes or follows it closely in
time, supposedly interfering with the target’s processing. The strength of
this masking effect on perception has been shown to both depend on the
relative timing of the stimuli (Macknik & Livingstone, 1998) as well as on
the visual features of the target and mask stimulus (Loschky et al., 2010;
Maguire & Howe, 2016; Tang et al., 2018; Wyatte et al., 2012). Relatedly,
masking has been shown to predominantly affect recurrent neural pro-
cessing and leave feedforward processing mostly intact (Fahrenfort et al.,
2007; Lamme et al., 2002). As such, masking can be leveraged to examine
the role of recurrent processing in perception. Several recent studies sug-
gests the processing of visually complex stimuli relies on recurrent pro-
cessing (Graumann et al., 2022; Groen et al., 2018; Kar et al., 2019; Kar &
DiCarlo, 2020) and can be selectively impaired using perceptual masking
(Kar et al., 2019; Rajaei et al., 2019; Seijdel et al., 2021; Tang et al., 2018;
Wyatte et al., 2012). A good model of primate object recognition should
thus be able to capture these effects of masking and stimulus complexity.

In the next analysis, we determined if our different lateral recurrent
models could predict the effect of backward masking on performance of
human observers as a function of the features of a target image. Fur-
thermore, leveraging the sequential processing capacities of these mod-
els, we also aimed to establish whether processing in these types of net-
works could also be ‘masked’ directly akin to visual processing in the hu-
man brain. In brief, we find that only BLresnet34 replicates the mask-
ing effect shown with complex stimuli in humans. Moreover, whilst dis-
playing a masking effect, lateral recurrent models do not reach the high-
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performance levels displayed by humans for brief presentation durations
on unmasked trials.

For this analysis, we adopted the paradigm and behavioural dataset
from a study by Seijdel et al. (2021). Combining human psychophysics,
EEG and computational modelling, these authors showed that the disrup-
tive impact of a perceptual mask on performance depended on the need
for recurrent processing mediated via visual complexity. Visual complex-
ity was manipulated by varying the complexity of the target background
(see lower panel in Fig 5.4A for examples). In the absence of a mask,
participants classified the same target objects equally well across back-
ground complexities. Yet, when target images were masked, performance
decreased with increasing background complexity (see Fig 5.4B, human
observers). Combining this behavioural paradigm with EEG recordings
further established that this masking-related decrease in performance for
more complex images was due to a selective disruption of neural recurrent
processing of target objects on complex backgrounds. Intriguingly, differ-
ent deep neural networks were also shown to be susceptible to thismanip-
ulation of background complexity: deeper or recurrent networks showed
no modulation of background complexity in their classification perfor-
mance, whereas their shallower or feedforward counterparts performed
more poorly on the target objects on complex backgrounds, mirroring the
complexity-dependent masking effect shown for human observers. Thus,
across models, it was shown that recurrent or deeper processing benefits
the processing of visually complex inputs. Yet, a limitation of this ap-
proach is that it involves multiple models (i.e., ResNets of varying depths)
to explain a single system (i.e., the visual system) and that therefore, any
difference between models could cause the observed differences in per-
formance as a function of background complexity (e.g., training history
etc.). Therefore, to more conclusively establish the role of recurrent pro-
cessing in visual perception, its functional importance should be demon-
strated within a single recurrent model. Crucially, all the recurrent net-
works tested in this paper could, in principle, display the observed inter-
action between recurrent processing and background complexity in their
performance over model steps.

In our first analysis, we adopted the same approach used by Seijdel et
al. (2021) and finetuned ten randomly initialized output layers to dis-
tinguish between five target classes (see Fig 5.4A) for each of the pre-
trained recurrent models respectively (see Methods for more details). All
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networks were finetuned using photographs from the COCO database
(Lin et al., 2014) and only exposed to the artificial experimental stim-
uli during testing. As a sanity check of our approach, we first replicated
the previous findings by Seijdel et al. (2021) using ResNets of varying
depths as analogues for more or less recurrent processing (Liao & Pog-
gio, 2016). Indeed, we also found that a shallowermodel such asResNet10
wasmore susceptible to background complexity than a deepermodel such
as Resnet34 shown in Fig 5.4B (feedforward models). Next, we turned
to our central question, namely whether the recurrent models show a
similar sensitivity towards background complexity across model steps,
therebymirroring the humanperformancewith andwithoutmasking (Fig
5.4B, human observers). First, we observed that all recurrent models im-
prove their performance across model steps (Fig 5.4C). Yet, while BLres-
nets show comparable levels for all background complexities towards the
final model step, suggesting successful target segmentation, BLnets ap-
pears to still suffer from the more complex backgrounds even for the last
model steps. Curiously, BLnet_v2 shows its best performance with the
most complex backgrounds. Also, BLresnet18 shows slight modulations
even at the final time step. This makes that only BLresnet34 was able to
become invariant to the added complexity by the background through
its recurrent computations, as suspected in humans. Second, inspecting
the development of performance across model steps and thus the increas-
ing influence of recurrent computations, we see that only BLresnet34 fea-
tures the characteristic interaction between background complexity and
recurrent processing. That is, while all other models show an unselective
improvement in performance across background complexities andmodel
steps, only BLresnet34 shows a pronounced relative improvement for tar-
get objects on more complex backgrounds (i.e., model step 1, mint green
line). This speaks to the computational effectiveness of the feedforward-
dominated computations implemented by BLresnet34 and may suggest
that this computational stage was simply not performing well enough in
both BLresnet18, despite its skip connections, as well as BLnets, despite
their large number of parameters. Taken together, these results highlight
that including lateral recurrent computations does not automatically re-
sult in an interaction between background complexity and recurrent pro-
cessing. Rather, that the interaction previously observed in humans only
emerges in a recurrent architecture with high performance, enabling it to
effectively solve object recognition under simple visual scenarios based
on a few model steps.
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Figure 5.4 BLresnet34 captures backward masking effects on perceptual per-
formance in human observers. (A) Upper panel: Participants were briefly presented
with images showing one of five possible target categories (bird, cat, fire hydrant, fris-
bee or suitcase) and instructed to report the target category they saw. In some trials,
the target image was immediately followed by a mask, impairing performance. Lower
panel: A prior study by Seijdel et al. (2021) showed that the effect of masking on per-
ceptual performance depended on the background complexity of the target image and
that this is likely due to a greater reliance on recurrent processing.
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Figure 5.4 (B) Performance of humans and different feedforward computational
models are shown. Humans (N = 60) performed significantly worse for all background
complexities when target images were masked compared to unmasked. Feedforward
models of different computational depths (ResNet10, 18, 34) have been previously
used as an proxy of varying degrees of recurrent processing (Liao & Poggio, 2016;
Seijdel et al., 2021; Seijdel, Tsakmakidis, et al., 2020) and are shown here as a ref-
erence. Indeed, performance of Resnet10, with little computational depth (recurrent
processing), follows the effect of masking seen in humans as a function of background
complexity. (C) Performance of different recurrent models for isolated (non-masked)
image presentations for various model steps (coloured lines). Only BLresnet34 shows
the characteristic interaction between background complexity and recurrent process-
ing observed in human participants. All error bars depict the 95% confidence interval
across participants or models (10 random seeds for every model). (D) While BLres-
net34 can be masked effectively, it cannot match human performance for brief pre-
sentation durations during unmasked trials. Target class prediction time courses are
shown for two image presentation durations (2 and 8 image samples, turquoise and
black lines, respectively), separately for masked und unmasked trials (solid and dashed
lines). Whereas the mask works effectively and suppresses ongoing recurrent pro-
cessing, the unmasked predictions for brief presentation durations decay too rapidly to
mimic the performance levels of human observers. The shaded areas show the model
steps during which the target image was shown. Error bars depict the 95% confidence
interval across all trials (N = 120 images).

The previous analysis showed that BLresnet34 engages in recurrent
processing based on the same visual features as human observers, yet so
far, we have not shown that such a model can also be masked directly and
produce performance differences between unmasked and masked trial as
is typically assessed in humans when target stimulus and masked are pre-
sented sequentially on a trial-by-trial basis. To this end, in the next anal-
ysis, we presented BLresnet34 with experimental trials in which an image
was either followed by a perceptual mask or not. In humans, masking de-
pends on the relative timing as well as on the visual features of the target
and the mask. To assess whether that is also the case we compared mask-
ing effects on trials when the target was presented briefly (2 samples) to
those when the target was shown over a long period of time (8 samples)
across the four different background complexities.

The results in Fig 5.4D show that BLresnet34 can be masked effec-
tively and that the impact of this on target prediction is larger for brief
presentation durations than for long presentation durations (turquoise
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vs. black lines, Fig 5.2D). That is, while unmasked trials for brief presen-
tation durations continue to improve after image offset, the presentation
of the perceptual mask disrupts this improvement and instead target pre-
dictions only decrease. For long presentation durations, there is no such
difference and both target prediction time courses drop after image offset,
irrespective of whether there was amask or not. Still, also for the long pre-
sentation duration, themasked predictions droppedmore rapidly, indica-
tive of the masking effect. Another visible pattern in these results is that
the efficacy of the first few model steps depended on background com-
plexity, with segmented objects showing a faster increase in target predic-
tions compared to objects on complex backgrounds. This is in line with
effects of masking that depend on the stimulus features. Together, both
observations replicate the known dependencies of perceptual masking on
stimulus-mask timing and the perceptual features on mask efficacy.

While these results are encouraging and support the view that mask-
ing primarily disrupts recurrent processing (Fahrenfort et al., 2007;
Lamme & Roelfsema, 2000), these simulations also reveal that there re-
mains a gap between human and model predictions: For instance, com-
paring the performance achieved by a model after brief target presenta-
tions without a mask to that of humans shows that the current model im-
provement after image offset is limited to a single model step. In contrast,
humans perform at the level of a model that has processed an image for
more than five model steps. This means that BLresnet34 was not able to
improve its target predictions in the absence of the target stimulus and
suggests that additional mechanisms may be needed to fully replicate this
pattern of results using a sequential model.

In summary, we have shown that BLresnet34 replicates the selective
masking effect for complex stimuli oftentimes reported in human ob-
serves. Further, the same model is also able to replicate two hallmark
features of backward masking when masked directly: that is that mask-
ing depends on the relative timing and the features of the target stimulus.
Finally, the same analysis also highlights a current short-coming of the
models investigated here: In contrast to humans, the current models are
not able to improve on their predictions in the absence of visual stimula-
tion.
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Most lateral recurrent models are correlated with human
reaction times

While humans recognize most objects almost perfectly, they display ro-
bust differences in their reaction times (Groen et al., 2018; Seijdel, Jahfari,
et al., 2020; Thorpe et al., 1996). This variability is thought to partially
reflect the latencies associated with recurrent processing (e.g., Lamme &
Roelfsema, 2000). As a final test of our models, we hence asked whether
the here evaluated lateral recurrent models may differ in their ability to
predict human reaction times. Indeed, different versions of BLnet have
previously been shown to better account for human reaction times on an
animacy classification task than feedforwardmodels (Spoerer et al., 2020).
In our next analysis, we aimed to test how BLresnet compares to BLnet in
predicting the same human reaction time data.

To assess this, we used the same behavioural data as Spoerer et al.
(2020). This data stems from an experiment during which humans (N =
20) were tasked to categorise 96 objects as animate or inanimate (Fig 5.5A
for an example). Participants’ reaction times varied widely across object
images and classes (Fig 5.5B). To directly connect to the previous results
by Spoerer et al. (2020), we adopted the same fitting procedure (with only
a minor modification, see Methods for more details). In brief, this pro-
cedure involved that all models were fitted and tested on human reaction
times in two steps. First, we optimized a readout layer for an animacy
discrimination task based on a separate, but comparable set of stimuli.
Secondly, we took the predictions of the optimized readout for the exper-
imental stimuli and fit an entropy threshold. The entropy of an output
defines how random the class activations are distributed. Conceptually,
an output’s layer entropy is unrelated to its accuracy. Thereby, an en-
tropy threshold can be used to obtain a model reaction time based on the
model’s predictions over model steps. In particular, these entropy thresh-
olds were fitted to the human reaction times using a double leave-one-out
cross-validation, providing an independent predicted reaction time for
every subject and image. Correlating these predicted model RTs to the
actually observed human RTs was a way to quantify in how far any model
was predictive of a subject’s reaction times. In a final step, we summa-
rized across subject by computing the mean correlation across subjects.
Fig 5.5C shows the results of this analysis for all recurrent models and
confirms that our implementation of this analysis replicates the previous
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levels of correlation for both BLnet trained on either Imagenet or ecoset
(r > 0.2, yellow and orange dots, Fig 5.2C). To our surprise, using this ap-
proach our retrained BLnet_v2 architecture was not correlated at all with
human reaction times (red dot, Fig 5.2C). This was curious since already
a randomly initialized network has previously been shown to be moder-
ately correlated with human RTs using the same procedure (Spoerer et al.,
2020). Moreover, also both BLresnet models showed weaker correlations
with human RTs than BLnet.

Inspecting the ability of all these recurrent models to solve the ani-
macy discrimination task (Fig 5.5D) led us to wonder whether the current
analysis may be confounded with a ceiling effect in discrimination perfor-
mance. Our hypothesis was that if a high-performingmodel were to solve
the task already in the first two model steps without any further improve-
ments later on, such a model would have a relatively small (temporal) dy-
namic range for fitting human RTs. In contrast, amore poorly performing
model would be both more likely to improve over time as well as to not
reach ceiling performance across model steps. Indeed, Fig 5.5D shows
that the weakly correlated models featured close to perfect performance
on their best performingmodel step and comparingmean discrimination
accuracy to the resulting correlation suggested a negative linear relation-
ship between those measures (Fig 5.5E).

Based on these observations, we reasoned that if our analysis was
correct, correlations between models and participants should increase if
model features are performing more poorly on the animacy discrimina-
tion task. To this end, we predicted human RTs using earlier network lay-
ers, which we expected to be less suitable for animacy discrimination and
thus lower performing. Fig 5.5F show the results for three earlier com-
putational stages for each of the recurrent models. As expected, we see
that in particular for the previously too high performingmodels there was
an increase in correlation for lower computational levels (BLnet_v2, both
BLresnets), whereas lower performing models either decreased (BLnet-
ecoset) or stagnated (BLnet-Imagenet) in their correlation with human
RTs. Including now more layers, we again observe a linear link between
discrimination performance and correlation, supportive of the idea of a
confounding ceiling effect (Fig 5.5G). Finally, when taking these earlier
model layers into account, we saw that BLresnets yielded comparable cor-
relation levels to those of BLnets in the output layer. This means that any
of the here examined lateral recurrent models, except for BLnet_v2, could

142



5.2. Results

Figure 5.5 Correlations between model and human reaction times are con-
founded by model performance.
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Figure 5.5 (A) The animacy classification task consisted of 96 object displays,
pasted on grey backgrounds. Participants had to classify the objects as fast and accu-
rately as possible as either animate or inanimate. Every object was shown six times.
(B) Participants showed reliable differences in RT for different object images. Images
included faces and bodies of humans and animals, foods, scenes, as well as human-
made objects, such as the umbrella shown in (A). Bar height indicates the average
RT for a given image across participants (N = 20) and error bars display the 95%
confidence interval of the mean. The RTs are organized in the same order as shown
by Spoerer et al. (2020) in Fig 5.4. More examples of these stimuli can be found
there. (C) BLnets showed the highest correlation with human reaction times. Translu-
cent dots show the correlation with each of the participants, coloured dots show the
mean across participants. As a reference, the grey shaded area displays the upper
and lower bound of the noise ceiling estimated across participants. (D) Animacy dis-
crimination performance differed across models and across model steps. Translucent
dots show the mean discrimination performance across models for the ten different
random seeds. The coloured dots display the mean across seeds. Coloured squares
show the lowest performance across model steps averaged across seeds, whereas
coloured triangles show the highest performance. (E) Animacy discrimination perfor-
mance plotted against correlation with human RTs. The highest performing models
tended to result in the lowest correlations with human RTs and vice versa. (F) Same
as in (C), but now for lower computational stages (i.e., earlier model modules) in each
of the recurrent networks. (G) Same as (E), but now for all evaluated computational
stages shown in (F). The corresponding accuracy data can be found in Fig C.2.

explain human RTs to a similar extent using this approach. Together,
these results identify a confound in the way a fit with human reaction
times is assessed, which puts high-performing models at a systematic dis-
advantage in finding a relationship with human RTs. Yet, after partly cor-
recting for it by lowering a model’s performance, we find that most lateral
recurrentmodels with stable predictions can similarly well predict human
RTs.

In conclusion, we assessed different lateral recurrent models with re-
gard to their ability to capture aspects of human dynamic object recogni-
tion. Expanding to new tasks, we observed that a lateral recurrent archi-
tecture can cover many of the hallmark features of human dynamic object
recognition shown with these tasks. Moreover, we also noted some fail-
ures, providing a productive space for developing better recurrent mod-
els. BLresnet which provided amore competitive, temporally stable lateral
recurrent architecture, can serve as a promising starting point for future
improvements.
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5.3 Discussion

In this modelling study, we investigated the functional role of lateral re-
currence in dynamic object recognition. Testing various deep neural net-
work models on different hallmarks of human dynamic object recogni-
tion, we find that lateral recurrence can, in principle, mimic the costs
and benefits of temporal integration displayed by humans. However, sim-
ply including lateral recurrent connectivity in a deep neural network did
not immediately result in human-like dynamic object recognition. In-
stead, the functional role of lateral recurrence very much depended on
the model’s object recognition ability and its temporal stability. This was
best achieved by our here developed architecture BLresnet, which brings
together lateral recurrence, residual connections, and a temporally shared
batch normalization scheme. In both the RSVP and the masking task,
BLresnet34, in particular, best reproduced human performance patterns.
In contrast, for capturing human animacy reaction times on static im-
ages, we observed that these factors (high performance, temporal stabil-
ity) were less important: there was a comparable correlation with hu-
man reaction times for most lateral recurrent models when controlling
for differences in model performance. Moreover, for all tested models
an explanatory gap with human observers persisted, pointing to a func-
tional limitation of lateral recurrence more generally. Our lateral recur-
rent models also could not well capture human perceptual performance
for brief and unmasked stimuli during the masking task. Together these
results advocate for a vital role of lateral recurrence in situations with con-
tinuous and rapidly changing visual inputs, a common scenario in natu-
ralistic vision. By identifying aspects of human performance less well ex-
plained by lateral recurrence alone, our results also pave the way for disso-
ciating the functional roles of lateral and top-down recurrent processing
in human (dynamic) object recognition as we discuss below.

Towards an account of dynamic object recognition

In this study, we leveraged the systematic successes and failures in perfor-
mance displayed by human observers during dynamic object recognition
as criteria for evaluating lateral recurrent models of primate object recog-
nition. In line with our previous findings (Chapter 4), we confirmed the
critical role of lateral recurrence in processing sequential inputs, such as
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image sequences in an RSVP task or images followed by a mask. We also
extend these previous findings by showing that a high-performing and
temporally stable model, such as BLresnet, can capture object recognition
at slower RSVP rates. Further, by extending our findings to two addi-
tional paradigms (masked object recognition and animacy classification)
and two different performance measures (accuracy and reaction times),
we demonstrated the more generic, task-independent role of lateral re-
current processing in dynamic object recognition. This also allowed us to
observe that human performance in response to static images presented
in isolation is less well explained by lateral recurrence alone. Thereby, our
results also define important avenues for follow-up modelling studies.

Dissociating the functional role of lateral and top-down
recurrence

Our results show that a lateral recurrent model can be effectively masked
by introducing a mismatch between feedforward and recurrent process-
ing, just as masking is thought to affect neural recurrent processing
(Fahrenfort et al., 2007; Lamme & Roelfsema, 2000; Rajaei et al., 2019;
Wyatte et al., 2014). Additionally, here we show that masking can also
result from an interaction with local recurrent processing alone, without
assuming any contribution of top-down recurrence. This complements
findings of a prior modelling study investigating the role of top-down re-
currence (Wyatte et al., 2012), and fits with a general proposal by (Wyatte
et al., 2014) in which rapid, local recurrent processes within the ventral
stream are thought to be crucial for object recognition under challenging
conditions (e.g., Rajaei et al., 2019) and dissociable from later top-down
recurrent processes linked to attention (e.g., Roelfsema et al., 1998). This
view also provides an explanation for our unexpected observation that our
sequential model did not perform as humans for static unmasked images
shown only briefly (Fig 5.4D), namely that it lacked top-down recurrence
required to create stronger and more stable representations, akin to the
effect of attention. Indeed, top-down recurrent processing has been ob-
served in neural data in response to static images, even for long presen-
tation durations such as 500 ms (e.g., Kietzmann, Spoerer, et al., 2019),
and may always unfold in the absence of rapid changes in the visual input
(Wyatte et al., 2014). Based on this, we would also expect that a model
with top-down recurrence should be better able to account for the human
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animacy RTs we have modelled here: since participants in that study also
saw these images for 500 ms in isolation and without a mask, a model
with top-down recurrence may be necessary to fully account for this data.
Taken together, our results support a division of labour between lateral
and top-down recurrent processing whereby lateral recurrent processing
dominates early stimulus processing, in particular for rapidly changing
inputs, whereas top-down recurrent processing shapes later stimulus pro-
cessing in the absence of sensory competition. Future studies using both
static and dynamic tasks are necessary to further understanding of the
prerequisites for lateral and top-down recurrence and their benefits for
dynamic object recognition.

BLresnet – a stable and expressive lateral recurrent neural
network for dynamic object recognition

We here introduce a new model, BLresnet, that combines the effective ar-
chitecture of ResNets with lateral recurrent processing and temporal sta-
bility. This model takes inspiration from work (Jastrzębski et al., 2017;
Liao & Poggio, 2016) demonstrating the computational parallels between
weight-sharing residual neural networks and recurrent processing. Sev-
eral convolutional neural networks were since developed in the same
spirit. For instance, CORnet (Kubilius et al., 2019) is a lateral recurrent
convolutional neural network aiming to parallel the processing hierarchy
of the visual ventral stream, and is equivalent to a temporally unrolled
residual network with weight-sharing across model steps. In a similar
vein, Rajaei et al. (2019) folded a very deep ResNet model with 152 lay-
ers into a 5-stage lateral recurrent convolutional neural network. BLresnet
distinguishes itself from these previousmodels in three important aspects.
First, we used shared batch normalization statistics over model steps en-
abling temporal stability. This contrasts with previous models (Jastrzęb-
ski et al., 2017; Kubilius et al., 2019; Liao & Poggio, 2016; Spoerer et al.,
2020) that used a unique set of batch normalization parameters for ev-
ery model step. Hence, BLresnet can easily perform beyond its trained
model steps, whereas previous models were bound to their trained steps.
Second, the lateral recurrent loop is inside the residual connection (see
5.2A, right panel). Thus, while having the same number of parameters,
BLresnet is not computationally equivalent to an unfolded ResNet (see

147



5. Dynamic object recognition in DCNNs

5.2A, left panel). This means that our model features both local recur-
rent connections and skip connections, enabling the adaptive computa-
tional depth that residual networks are known for, while still unfolding
its computations over time. Third and finally, BLresnet processes and in-
tegrates across sequential inputs, while previous models process a single
image sample in a recurrent fashion. This provides researchers with a
novel method to model sequential visual processing effects, which was
not possible with previous models. Taken together, we believe that these
factors make BLresnet an attractive new network class to further develop
an account of dynamic object recognition in biological systems.

During the development ofBLresnet, we discovered that sharing batch
normalization parameters stabilizes the model’s predictions beyond its
trained model steps, a particularly attractive feature for inference over
longer sequences. However, during model training, we observed that
this feature may have interacted with a model’s computational depth.
Comparing the two BLresnet models, we found that whereas BLresnet34
showed high performance across all model steps, BLresnet18’s perfor-
mance for its first model steps was relatively poor, but fully recovered dur-
ing later model steps (Fig 5.2B). A similar pattern can be seen when com-
paring the training statistics of both models (Fig C.1). Whereas BLres-
net34 steadily reduced the mean loss over the course of the training, the
mean loss for BLresnet18 increased towards the end of training (Fig C.1,
lower panels). Nonetheless, the accuracy of both models still improved
for the final model steps, also towards the end of the training (Fig C.1,
upper panels). Together, these observations suggest a trade-off between
stability and expressivity that becomes more apparent in shallower mod-
els. In previous research, this trade-off has been addressed by including an
additional loss during training (Linsley et al., 2020). Our results suggest
that a shared batch normalization regime may be an alternative approach
to induce representational stability in a recurrent neural network while
still maintaining its expressivity.

The new network class developed here, BLresnet, may even better ac-
count for dynamic object recognition in future extensions. Two promis-
ing avenues for future studies concern the training regime and the in-
clusion of a biophysical conduction delay. Human observers likely learn
about objects based on dynamic inputs and as mentioned above, BLresnet
effortlessly deals with sequential inputs. Yet, the current models were op-
timized using static inputs (the same image presented for the entirety of
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model steps). This was necessary to be able to compare them to previous
models such as BLnet. A natural next step would be to optimize BLresnet
on dynamic sequences, for instance, by augmenting current object recog-
nition datasets or adopting video benchmarks. Such a dynamic training
can be expected to further enhance the match to human dynamic recog-
nition behaviour. A second worthwhile extension would be to make the
temporal dynamics of BLresnet more biologically realistic by including a
biophysical conduction delay. As pointed out by Nayebi et al. (2022),
updating a model’s computations only after a full feedforward sweep, as
we did here, will both limit a model’s recurrent dynamics and its outputs.
Studies using feedforward spiking neural networks already show that in-
cluding biophysical conduction delays result in non-linear temporal dy-
namics (e.g., Chapter 3), without assuming any recurrent interactions.
Thereby, extending BLresnet with such conduction delays may not only
provide an important null model for examining information propagation
in neural systems, but also increase the temporal granularity of the net-
work’s predictions and its ability to explain human neural and behavioural
data.

Linking model and human behaviour

Progress in building plausible models of primate object recognition is
often tracked by their ability to predict neural activity and behavioural
performance (e.g., Schrimpf et al., 2020; Khaligh-Razavi & Kriegeskorte,
2014; Kietzmann, McClure, et al., 2019; Rajalingham et al., 2018; Scholte,
2018; but see, Bowers et al., 2022). Yet, the very process of translating a
model’s prediction into a similar measure as, for instance, human accu-
racy, is less standardized. In all our analyses, we aimed to directly repli-
cate previous approaches. To this end, we adopted three different ways of
translating a model’s prediction into experimental behaviour: computing
the Pearson correlationwith a prototype representation (RSVP task), fine-
tuning of a readout layer on a new task (masking task& animacy classifica-
tion) and fitting an entropy threshold to human reaction times (animacy
classification). These translations share the conceptual goal of quantify-
ing a perceptual decision based on a model’s visual features, but may not
always lead to the same conclusion. For example, in the animacy classifi-
cation task, we encountered a clear dissociation between amodel’s perfor-
mance and its reaction time predictivity (Fig 5.5E,G) when estimating a
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model’s reaction times using an entropy threshold. That is, while humans
excel at this task exhibiting near ceiling performance, the reaction times
of models with similarly high performance were only weakly correlated to
human reaction times. This suggests a difference in speed-accuracy trade-
off between lateral recurrent models and humans and contrasts with pre-
vious conclusions (Spoerer et al., 2020). Accordingly, we also found that
if we probed less well performingmodel features (before the output layer),
the link with human reaction times improved and was comparable to pre-
vious reports. At this point, it is unclear if these conflicting observations
in accuracy and reaction times can be attributed to the translationmethod
used or whether there is a deeper issue at play. One possibility is that indi-
vidual variability in speed-accuracy trade-off in this paradigm may have
prevented our models to well capture human performance. One way to
address this in future work is to evaluate models on tasks in which par-
ticipants are cued to report their decision after specific temporally cued
intervals (McElree & Carrasco, 1999; Subramanian et al., 2022). Such
tasks minimize variability in the speed-accuracy trade-off, but still permit
assessing the participant’s perceptual performance. Together, the results
presented in this paper showcase that deep neural networks are an appro-
priate testing ground for gleaning insights into how neural circuits im-
plement computations, but they also highlight the need to cross-validate
and test the link between model and human behaviour using a variety of
measures.

Concluding remarks

In this study, we examined the role of lateral recurrence in dynamic ob-
ject recognition using a variety of object recognition models and testing
them against key hallmarks of human dynamic object recognition. We
found that lateral recurrence can give rise to the perceptual benefits and
costs associated with temporal integration displayed by humans, and that
this was best achieved with amodel that combined lateral recurrence with
high performance and temporal stability. These results demonstrate the
importance of lateral recurrence for object recognition in conditions with
continuous and dynamically changing visual inputs.

150



5.4. Methods

5.4 Methods

To understand how well different recurrent convolutional neural net-
works may account for hallmark characteristics of human dynamic ob-
ject recognition, we compared two types of architectures (Lateral recur-
rent convolutional neural networks) on three different behavioural tasks
in relation to human performance data on these same tasks (Behavioural
data & modelling).

Lateral recurrent convolutional neural networks

BLnet models

BLnet (Spoerer et al., 2020) consists of a series of repeating lateral re-
current convolutional modules (see 5.2A, middle panel). A module con-
sists of two 2D convolutional layers, a batch normalization layer for ev-
ery model step, a ReLU activation function and a MaxPooling layer. The
model is trained and evaluated over eight model steps, a proxy for biolog-
ical time. During the first model step, images are processed only through
one of the convolutions, dedicated to feedforward processing. For later
model steps, the outcome of this feedforward convolution from the previ-
ous model step is passed as an input to the second convolutional layer
(lateral recurrent processing). The outcomes of both convolutions are
summed and then passed through the remaining layers.

BLnet has been developed and trained using Keras (Chollet & others,
2015) and Tensorflow (Abadi et al., 2016) and its pretrained weights are
formatted accordingly. For the purposes of this paper, we translated the
implementation and pretrained weights into PyTorch (Paszke et al., 2019)
using custom code. There are several fundamental differences between
PyTorch andKeras/Tensorflow such as the computational precision, mak-
ing the exact translation a challenging task. While we succeeded at re-
coveringmost of the previously reported top1-validation performance for
the pretrained weights transferred to PyTorch (62.61% here compared to
64.37% reported by Spoerer et al., 2020), a gap in performance remained
that we failed to close.

This was our motivation for retraining BLnet from scratch using the
exact same optimization strategy as used for the other models we exam-
ined here (see Imagenet training below). Doing this offered two advan-
tages: First, we controlled for the differences in training with regard to
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other models, and second, we ensured that any failure was not due to the
framework conversion from Keras/Tensorflow to PyTorch. The training
history of BLnet_v2 can be compared to that of the BLresnet models in Fig
C.1.

For converting BLnet models into a sequential model, BLnext, we fol-
lowed the same procedure as previously described (Chapter 4). Specifi-
cally, we replaced the batch normalization statistics unique to every op-
timized model step with a single set of batch normalization statistics ob-
served to be the most stable over time. For the pretrained BLnet models
that was the batch normalization statistics from model step four, for the
newly trained model, BLnet_v2, this was the fifth model step.

BLresnet models

We here introduce BLresnet, a new class of lateral recurrent convolutional
neural networks. The distinguishing feature of a BLresnet model is that
it combines a ResNet architecture, including skip connections, with the
lateral convolutional recurrence (such as in BLnet). Starting from a pre-
activation ResNet (He et al., 2016) with modules consisting of a skip and
residual connection (see Fig 5.1A for a schematic), we constructed BLres-
net bymoving half of the computations of the residual branch into a lateral
recurrent loop. Thereby, BLresnet had the same number of parameters as
a ResNet model. Reconfiguring the residual connection in this fashion
ensures that during the first model step (feedforward only), information
is only passed through half of the computational features compared to a
standard ResNet. For later model steps, however, the outcome of previous
steps is passed into the recurrent loop. The outputs of the lateral recur-
rent connection, in turn, are added back to the feedforward computations.
Both the feedforward and lateral parts of the residual branch consisted of
a Batch normalization layer, a ReLU activation function and a 2D convo-
lution layer (see rightmost panel in Fig 5.2A for a schematic). BLresnets
share a single set of batch normalization statistics across model steps.

Training for object recognition on Imagenet

We optimized all models using a standard optimization strategy for Ima-
genet implemented in PyTorch1. This involved the standard ResNet data

1https://github.com/pytorch/examples/blob/main/imagenet/main.py
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augmentation scheme (training dataset: random crop of 224 pixels; vali-
dation dataset: rescaling the shorter side to 256 pixels, followed by a 224
pixels centre crop; all RGB channels were normalized with respect to the
Imagenet training set). Further, we used a stochastic gradient descent op-
timizer with momentum of 0.9 and an initial learning rate of 0.1. Every
model was trained for 90 epochs in total and the learning rate was divided
by 10 every 30 epochs.

During training, we ran every model for eight model steps. We used a
cross-entropy loss function, whichwas computed for everymodel step. To
optimize a model over all model steps, we used backpropagation through
time. In particular, we optimized for the mean loss across all model steps.
An illustration of how the loss developed throughout training for different
architecture is shown in Fig C.1.

Behavioural data & modelling

To assess how versatile different lateral recurrent convolutional neural
networks are, we tested them on three behavioural tasks and compared
their performance to those of human observers: an RSVP task, a back-
ward masking task and an animacy discrimination task.

Rapid serial visual presentation task

The human behavioural data modelled for the RSVP task stemmed from
a replication study based on an earlier study by Potter et al. (2014). This
replication study used the same images and trial sequences as the original
study. Data collection of this replication study has been described in depth
in the previous chapter (Chapter 4) and in the following, only the key
details of this study will be described.

During the experiment, 36 observers were asked to detect images
matching a prespecified target category cue in a sequence of rapidly pre-
sented images. After seeing the image sequence, participants responded
to a screen, which again reminded them of the target category, by press-
ing a button for either yes or no. On every trial, participants received a
new target category and a new set of images. On 75% of all trials, one of
the RSVP images matched the indicated target category. Across a total of
eight blocks, 22 trials each, image presentation duration was varied and
was either 13, 40, 80 or 160 ms/image. This factor was counterbalanced
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across participants such that data for every trial was collected for all pre-
sentation durations, without repeating trials for any participant. Partic-
ipants received immediate feedback on their response. If there was no
target, they saw a screen stating: “No target”, whereas if there was a target,
they were prompted to pick the image they saw from a set of two concep-
tually similar images.

The behavioural data was analysed for perceptual sensitivity (d′) for
each of the presentation durations and participants by comparing true
and false positive rates. In particular, we followed the log-linear method
(Hautus, 1995) by adding 0.5 to every trial type correcting for extreme
values, such that d′

human is defined as:

d′
human = z

(
TPRloglinear

)
− z

(
FPRloglinear

)
with z as the z-score, that is, the inverse of the normal cumulative distri-
bution function.

To understand how well the lateral recurrent models could perform
on this task, we performed an analysis developed in the previous chapter
(Chapter 4) for the same dataset. This analysis aimed at estimating per-
ceptual sensitivity in lateral recurrent neural networks to enable a com-
parison to the perceptual performance of human observers. Specifically,
for this analysis, all models were presented with the same trials as used in
the human behavioural experiment. Importantly, we varied the number
of samples an image was shown for to manipulate presentation duration,
as was done for the human observers. Translating the models’ predic-
tions into a sensitivity measure involved three steps: (1) interpreting the
prediction time course using prototypes, (2) finding the peak prototype
correlation (PPC) for every trial as a measure for sensory evidence, and
(3) computing perceptual sensitivity based on the sensory evidence across
trials.

As mentioned above, human observers had to detect a new target cat-
egory on every trial. This made it unattractive to simply retrain a network
for every single trial and instead, we turned to a more flexible method,
namely constructing categorical prototypes that allowed us to interpret
the networks’ predictions. In trained networks, it has been observed that
images belonging to related, but untrained, categories are likely to clus-
ter in the output layer (Sorscher et al., 2022). This makes it possible to
find a readout for untrained concepts by estimating the geometric cen-
tre of activations evoked by different exemplars. Here, we refer to this
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geometric centre as the prototype. To create prototypes for each of our
trial categories, we assembled exemplars using the google image search
function. While this gave us access to a large collection of images for ev-
ery target category, some categories were rather ambiguous (e.g., ‘ranger’)
and thus resulted in a diverse set of images. To remedy this, we estimated
the semantic relevance of each of the downloaded images by computing
their distance to the mean between the target and foil image used in the
behavioural study. Prototypes were then constructed based on the ten
most related images found online. To interpret a network’s prediction
time course for a given trial and presentation duration, we determined
the representational strength p at time t for a given prototype φ andmodel
output y by computing the Pearson correlation coefficient r:

pt = r (φ, yt)

This gave us an estimate of how closely the current model’s predic-
tions yt are related to the prototype φ. Using this as a proxy for sensory
evidence, in a next step, we summarized a given trial by finding the peak
response in p, termed peak prototype correlation (PPC):

PPC = max(p)

This provided us with a PPC for every trial and presentation duration
(model steps/image). Using the PPCs across all trials for a given presenta-
tion duration, it is then possible to estimate the area under curve (AUC)
for the receiver operating characteristic (ROC):

AUC =
∫ 1

c=0
TPR

(
FPR−1 (c)

)
dc ,

where TPR and FPR are being computed for a range of possible criterion
values c. Integrating this curve sampled across these different criterion
values then defines the AUC for a specific model and presentation dura-
tion. In a final step, we can translate the AUC value into d′ by

d′
model =

√
2z (AUC)
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Object classification task with backward masking

To assess whether any of the recurrent networks are able to capture human
performance on a backward masking task, we adopted the stimuli and
behavioural data from a study by Seijdel et al. (2021). This study found
that backward masking impaired perception of target objects particularly
for targets presented against a visually complex background. Below, we
summarize the key methodological aspects of this study.

To vary stimulus complexity, the authors developed an artificial stim-
ulus set consisting of a target object pasted on an artificial background.
The target objects belonged to five target categories (birds, cats, fire hy-
drants, frisbees and suitcases) and were curated to be clearly visible and
not occluded in their original image context. Additionally, candidate
images were evaluated for their scene complexity (contrast energy and
spatial coherence, Scholte et al., 2009; Ghebreab et al., 2009; Groen et
al., 2012) and a set of eight target images each was chosen to be either
low, medium or high in scene complexity (as defined in prior research,
Groen et al., 2018), resulting in 24 target objects per category. To create
backgrounds of varying complexity, these resulting images were phase-
scrambled, thereby maintaining their complexity but making the images’
features unrecognizable. Target objects were obtained by segmenting the
objects from their respective backgrounds. To create the final stimulus set,
the same target objects were pasted on four different kinds of backgrounds
(grey backgrounds or low, medium or high complexity phase-scrambled
images, see lower panel in Fig 5.4A). This way, object and background
complexity information were independent of each other.

During the experiment, participant performed a five-way classifica-
tion task on these stimuli by pressing one of five buttons assigned to each
category. All stimuli were presented in a random sequence for 34 ms and
were either directly followed by a series of backward masks (5 x 100ms)
or a blank screen (500ms, see Fig 5.3A for a schematic). In total, partici-
pants performed 960 trials (480 masked and 480 unmasked trials), which
were divided into 8 blocks. A response was recorded as correct when the
reported target category matched the shown image, resulting in a chance
performance of 20%.

To model this task, we followed the approach taken by Seijdel et al.
(2021) and finetuned all models on a dataset containing the five exper-
imental target categories for 10 random seeds. The training and valida-
tion sets consisted of photographs from the respective categories in the
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MS COCO database (Lin et al., 2014). To finetune the networks, we re-
placed the output layer with a randomly initialized dense layer with five
units. We used the same optimization strategy described for our Imagenet
training above with the exceptions that we trained the models only for 28
epochs with an initial learning rate of 0.001, which was divided by 10 ev-
ery 7 epochs. After training, all models were tested on the experimental
stimuli using the standard data augmentation as in the validation set. We
repeated this with 10 different seeds for initializing the new dense layer,
resulting in 10 different models.

To validate our training implementation, we also replicated the pre-
vious results by Seijdel et al. (2021) using feedforward networks. The
pretrained models for ResNet18 and 34 were downloaded from PyTorch
(Paszke et al., 2019), whereas the ResNet10 was shared by the authors of
another paper (Loke et al., 2022).

Animacy discrimination task

Next to examining how our models performed on an RSVP task and a
backward masking task, in a final analysis, we compared human reac-
tion time data collected during an animacy discrimination task to reac-
tion times estimated from lateral recurrent neural networks. We used the
data publicly shared and described by Spoerer et al. (2020). As with the
previous datasets, the following will only summarize the key aspects of
this experiment and dataset.

During the animacy discrimination task, participants were asked to
judge the animacy of 96 different objects as fast and accurately as they
could. Each image was shown for 0.5 second, followed by a 1.5 second in-
terval during which the participant could give a response. The images dis-
played a variety of objects (12 human bodies, 12 animal bodies, 12 human
faces, 12 animal faces, 48 man-made objects, 24 natural objects) amount-
ing to 48 animate and 48 inanimate objects. 92 of these stimuli were pre-
viously used (Kriegeskorte, Mur, Ruff, et al., 2008) and are freely available
here2. Every image was shown six times to every participant and images
were presented in a pseudorandom order. Reaction times and accuracy
were recorded during all trials and the mean reaction times across trials
and participants is shown in Fig 5.5B.

2http://www.cns.nyu.edu/kianilab/datasets/Kriegeskorte2008/hmIT_stimuli&
RDMs.zip
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We implemented the same analysis as described by Spoerer et al.
(2020). We first optimized an animacy discrimination readout to obtain
predictions of the experimental stimuli. To translate these predictions
into amodel reaction time, we fitted an entropy threshold that maximised
the correlation with human RTs using cross-validation. Finally, we cor-
related these cross-validated model RT predictions with those of human
observers.

To optimized an animacy readout, we used a dataset by Kiani et al.
(2007) retrieved online3. We only selected images from this dataset that
showed full-colour objects, which we then divided into an animate and
inanimate group (406 vs. 493 images, respectively). We randomly as-
signed ten percent of this dataset to serve as our validation set during the
optimization of the animacy readout (stratified for target category).

For every network, we thereby obtained feature activations for both
the training and validation set as well as for the stimuli used in the ex-
periment. All features were transformed during a single principal com-
ponent analysis (PCA, including training, validation and test features for
all recurrent model steps), resulting in features with 512 dimensions for
every image and model step in each of the datasets. In a next step, we
optimized an animacy readout that takes these features as an input. The
animacy readout consisted of a fully connected layer preceded by a layer
normalization step:

yt = w ∗ LN (pt) + b,

where yt is the prediction at every model step t, pt are the PCA trans-
formed features at model step t, LN refers to the layer normalization
shared acrossmodel steps (Ba et al., 2016), andw and b are theweights and
biases of the fully connected layer. All predictions were passed through
a softmax activation function for every model step. Note that our im-
plementation of the animacy readout differs from that used previously
(Spoerer et al., 2020). We observed that this former implementation did
not perform very well. For instance, we found that the previously used
recurrence across time step was not necessary since the model already
integrates information across model steps during its processing provid-
ing the model therefore with an artificial constraint. Moreover, Spoerer
et al. (2020) fit a single term α to counteract the increase in activation

3http://www.cns.nyu.edu/kianilab/datasets/Kiani2007/Kiani_ImageSet.tar.gz
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across model steps. We found that this was much better achieved us-
ing layer normalization, a common normalization technique in recurrent
architectures. Finally, we realized that in the method described previ-
ously, softmaxed outputs were fed back into the dense layer and would be
passed through another softmax with every further time step. Intuitively,
this leads to a model that has a more and more extreme distribution over
model steps. We therefore only applied a softmax transformation outside
of the animacy readout.

We optimized the animacy readout using a categorical cross-entropy
loss and stochastic gradient descent with a momentum of 0.9 and a con-
stant learning rate of 0.001 for 1000 epochs. We repeated these steps for
ten random seeds (also including the PCA fit). Overall, we found our
method to yield very high performing animacy readouts (see Fig 5.5D and
C.2) on the held-out experimental stimuli. We were only able to use 92
of the total 96 used experimental stimuli as four images were not publicly
available.

In a next step, we transformed the predictions of the experimental im-
ages into an entropy value for every image and model step and fitted an
entropy threshold to identify the model step at which a model is certain
enough, that is, has a low enough entropy, to report a response. For in-
stance, if a model has a very high entropy threshold it will easily drop be-
low this threshold based on very few evidence (expressed in a rather flat
distribution across categories). In contrast, if the model has a very low
entropy threshold, it might take a lot of steps until the model is certain
enough to pass this threshold and thus react. Ultimately, such a threshold
can be chosen arbitrarily, thereby resulting in different speed-accuracy
trade-offs. Importantly, in the current analysis, we wanted to understand
whether the speed-accuracy trade-off in human observers can be mim-
icked with the lateral recurrent neural network predictions. To this end,
we fitted the entropy threshold to result in model RTs that are as similar
as possible to human RTs, using a double leave-one-out cross validation
(LOO-CV) approach across trials and participants, also used by Spoerer
et al. (2020). This approach provided us with a model RT for every par-
ticipant and every trial. In the first-level LOO-CV, we iterated over par-
ticipants, and in another nested LOO-CV over trials, thereby keeping one
trial of one participant as a test set on every iteration and using the re-
maining data as a training set. Within an iteration, we computed themean
RTs across all participants in the training set as well as the mean predic-
tions acrossmodel seeds for all images in the training set. Using these two
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sets of datapoints, we then repeatedly computed the correlation for dif-
ferent possible entropy thresholds. That is, for a given entropy threshold,
we obtained model RTs based on the model predictions transformed en-
tropies by simply recording the model step at which the entropy dropped
below that threshold. Using thesemodel RTs, it was then possible to check
whether these were correlated with human RTs. We picked the entropy
threshold that gave rise to the highest correlation in the training data set
and used this threshold to predict the RT of the new participant and image
in the test set. Iterating over participants and images in this fashion, we
obtained a model RT for every subject and image. In a final step, we then
simply correlated those predicted model RTs with the participant RTs, re-
sulting in one correlation value per participant and summarized across
participants using the mean (see Fig 5.5C).

In addition to estimating how well any recurrent model can be cor-
related with human RTs, we also needed to estimate how high this corre-
lation could possibly be. To this end, we calculated the upper and lower
noise ceiling across participants. For the lower noise ceiling, we corre-
lated every participant’s RT with the mean RT of all other participants,
whereas for the upper noise ceiling, every participant’s RT was correlated
with the grand average RT. For both measures, the correlations were aver-
aged across participants to obtain the final noise ceiling (as shown in Fig
5.5C).
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