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Abstract 
Predictions about future states of the world play 
an important role in guiding human behavior. In 
vision, internal representations are straightened 
relative to input space, supporting linear 
extrapolation and predictability. While DNNs are 
promising models of human visual processing, 
standard image-trained architectures lack this 
property. We assessed straightening, quantified as 
a reduction in curvature in feature vs. pixel space, 
across 19 different video DNNs, including both 
CNNs and Transformers. Straightening occurred in 
late CNN layers, but was absent in Transformers. 
Critically, models with global attention lacked 
temporal coherence in feature space, a 
prerequisite for straightening. These findings 
suggest that temporally localized processing, like 
3D convolutions, enables brain-like invariant 
representations, whereas Transformers, despite 
their strong performance, may rely on 
mechanisms that diverge from biological vision. 
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Introduction 
In human vision, retinal input is transformed along the 
cortical visual hierarchy into increasingly invariant 
representations, enabling manifold untangling for 
classification (DiCarlo & Cox, 2007). This can be  
extended to the temporal domain: visual changes over 
time form temporal trajectories that become untangled, 
or straightened, in human perception (Hénaff et al., 
2019) and macaque V1 (Hénaff et al., 2021) compared 
to pixel space (Fig. 1A). While deep neural networks 
(DNNs) are promising models of human vision 
(Conwell et al., 2024; Schrimpf et al., 2020), standard 
image-trained DNNs do not show straightening 
(Harrington et al., 2022; Hénaff et al., 2019; Toosi & 
Issa, 2023). Straightened representations may be 
beneficial for computer vision by enhancing 
predictability through linear extrapolation, supporting 
future state prediction (Niu et al., 2024; Toosi & Issa, 
2023), robustness (Harrington et al., 2022; Niu et al., 
2024; Toosi & Issa, 2023) and classification 
confidence (Harrington et al., 2022). These prior works 
mainly focused on image-trained DNNs, treating 
frames independently and therefore not accounting for 
the potential of history-dependent mechanisms 
afforded by temporal context unique to video. In 
contrast, video DNNs, either with or without explicit 
temporal modeling (e.g. 3D convolutions or 
spatiotemporal attention), may exploit the regularities 
of natural videos, enabling straightening. Here, we 
demonstrate that straightening naturally emerges in 
late layers of CNN-based video DNNs.  

 
Fig. 1. A. Temporal straightening hypothesis B. Curvature 
calculation as defined by Hénaff et al. (2019) 
 
Furthermore, we find that global attention disrupts 
temporal coherence, which is necessary for 
straightening. This suggests that temporally localized 
processing, e.g. via 3D convolutions, supports 
brain-like invariant representations, whereas 
Transformers may employ mechanisms that differ from 
biological vision. 
 

Methods 
Straightening metric 
Straightening is estimated as the reduction of 
curvature of the temporal trajectory of representations 
(e.g., brain activations or DNN features) compared to 
the input space, in our case video frames (Fig. 1A). 
Local curvature ct (Fig. 1B; I) is defined as the angle 
between two vectors representing the difference 
between the representations r of consecutive points in 
time (Hénaff et al., 2019), averaged over the sequence 
to obtain global curvature (Fig. 1B; II). Lower 
curvature indicates a straighter trajectory. 
'Straightening' refers to negative relative curvature 
(RC), i.e., global curvature in DNN feature space 
compared to pixel space (Fig. 1B; III). 
 
Model choice 
We evaluated 19 video DNNs: 13 CNNs and 6 
Transformers, all trained on Kinetics400 (Kay et al., 
2017) for action classification. We also included one 
image model (ResNet-50 (He et al., 2016)), trained on 
ImageNet (Deng et al., 2009) for object classification. 
Models were retrieved from the PyTorchVideo (Fan et 
al., 2021) and mmaction2 library (MMAction2 
Contributors, 2020).  
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Model feature extraction 
We followed preprocessing guidelines from the 
respective model sources. Each video model uses a 
specific sampling strategy, defined by the number of 
input frames and sampling rate (F x R). The image 
model followed a common strategy of 8x8. Features 
were extracted for early, mid and late activation layers, 
with dimensions of [channels x time x height x width].  
 
Evaluation 
We evaluated video model straightening using 1102 
three-second videos from the  Bold Moments Dataset 
(Lahner et al., 2024). Curvature was computed for 
each video across time in both (model-specific) pixel 
space and in feature space, for all layers and models 
of interest. We conducted two statistical tests. First, to 
establish evidence of temporal straightening, a 
one-sided one-sample t-test comparing RC to zero (p 
< 0.05, FDR-corrected). Second, to investigate 
potential underlying causes of (the absence) of 
straightening, we tested for temporal coherence, a 
prerequisite for straightening, by shuffling features 
along the time axis (1000 iterations). If model features 
are temporally coherent, curvature for unshuffled 
features should be lower than that of shuffled features, 
as shuffling disrupts temporal continuity and leads to 
irregular trajectories in feature space. Temporal 
coherence was inferred if original curvature was 
significantly lower than the permuted distribution 
(one-sided test, p < 0.05, FDR-corrected). 
 

Results 
Straightening occurs in late layers of CNNs 
In early layers, only one model (SlowFast; 
Feichtenhofer et al., 2019) showed significant 
straightening; no models showed straightening in 
middle layers (Fig. 2A). Several CNNs exhibited 
straightening in late layers (Slow (only) (Feichtenhofer 
et al., 2019), X3D S/M/L (Feichtenhofer, 2020), TANet 
(Liu et al., 2021), I3D (Carreira & Zisserman, 2017), 
R2+1D (Tran et al., 2018), Omnisource (Duan et al., 
2020), while no Transformers did. CNNs typically 
exhibited a positive RC from early to middle layers, 
followed by a decrease, resulting in negative RC (i.e. 
straightening), in late layers. This suggests an initial 
increased responsiveness to fine-grained temporal 
shifts before information is consolidated into 
temporally invariant representations in later layers. In 
contrast, most Transformers maintained a positive RC 
across layers (Fig. 2B). Notably, video CNNs that 
perform only temporal feature aggregation without 
genuine temporal modeling, i.e. ‘image-based’ video 
models (coined by Sartzetaki et al. (2024)), such as 
C2D (X. Wang et al., 2018) and TSN (L. Wang et al., 
2016), did not exhibit straightening.  
 
Global attention disrupts temporal coherence 
Temporal coherence was consistently observed across 
all layers of CNNs, but not across all layers in 
Transformers (Fig. 2A). Coherence was preserved in 
local-attention models (MViT; Fan et al., 2021), Swin  

 
Fig. 2. A. RC in different layers for varying video DNNs. * = 
one-sided t-test against 0, + = temporal coherence test. B. Mean RC  
over layers in CNN-based vs transformer based video DNNs. 
 
(Liu et al., 2022), and early/mid layers of UniFormer (Li 
et al., 2022), but absent in global-attention models  
(TimeSformer; Bertasius et al., 2021) and late layers 
of UniFormer (Li et al., 2022). This suggests that 
global attention interferes with the temporal alignment 
of the representational and input space by enabling 
non-localized spatiotemporal relationships across 
varying timescales, which may explain why global 
attention Transformers fail to exhibit straightening.  
 

Conclusion 
First, we found that temporal straightening only occurs 
in late layers of CNNs. Second, we demonstrated that 
global attention disrupts temporal coherence.  Taken 
together, these findings suggest that temporal 
coherence is a necessary, but not sufficient, condition 
for representational straightening in video DNNs. 
Specifically, our results highlight a critical role of 
locality of temporal integration to enable straightening: 
local operations, such as 3D convolutions, support the 
emergence of invariant representations over time, 
potentially enhancing robustness (Harrington et al., 
2022; Niu et al., 2024; Toosi & Issa, 2023) and 
classification confidence (Harrington et al., 2022). 
While Transformers outperform CNNs in accuracy and 
align more closely with human error patterns (Tuli et 
al., 2021), our findings suggest that their success may 
rely on mechanisms that diverge from principles of 
biological vision. 
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