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Abstract

Progress in Al has largely been driven by methods that assume less. As compute
and data increase, approaches with weaker inductive biases generally outperform
those with stronger assumptions. This is particularly characteristic of the field of Vi-
sual Representation Learning, where approaches have gone from being dominated
by Supervised Learning, to Weakly Supervised Learning, to the now widespread
success of Self-Supervised Learning without human labels. Yet, even modern
Self-Supervised Learning approaches still depend on strong inductive biases such
as augmentations, masking, or cropping. If this trend holds, even these remaining
biases should become bottlenecks at scale—and our experiments confirm this: the
optimal strength of inductive biases decreases as data grows. This motivates the
search for approaches that rely on fewer assumptions. To this end, we introduce
Temporal Difference in Vision (TDV), a new paradigm for self-supervised learn-
ing from video that avoids existing inductive biases, relying instead on a causal
assumption that the past causes the future. TDV functions by jointly training an
image encoder and a motion encoder so that the current frame’s representation plus
the encoded motion equals the next frame’s representation. Despite not leveraging
any strong inductive biases, TDV matches state-of-the-art recipes on dense spatial
tasks, laying the foundation for representation learning without strong assumptions.

1 Introduction

Deep learning has achieved remarkable progress over the last decade and a half, advancing from
simple object classification [1] to high-resolution image generation [2] and sophisticated cross-modal
reasoning [3]. This progress has largely been driven by methods that more effectively leverage
increasing data and computation [4, 5], where approaches with weaker inductive biases' tend to
outperform those with stronger assumptions as scale increases [6—12].

This principle is illustrated by the evolution of visual representation learning, where progress has
largely been driven by approaches using progressively weaker inductive biases. For example, early
supervised learning with convolutional neural networks (CNNs) [ 1, 13] assumed that human-annotated
labels captured the semantic structure of images, while convolutional architectures imposed spatial
locality biases on representations. Moving away from labels, self-supervised contrastive approaches
such as SIimCLR [14] and MoCo [15] instead pulled augmented views of the same image together
and pushed different images apart, but made strong assumptions about the distances between negative
pairs. To address this flaw, self-distillation approaches [16] relaxed these assumptions via a slow-
moving teacher, and the subsequent adoption of Vision Transformers (ViTs) [7, 17] discarded the

*Equal Contribution. Correspondence to Alexi Gladstone: &% alexigladstone @ gmail.com. Work done while supported as
a Flapping Airplanes Fellow.
'We broadly use the term inductive biases and assumptions interchangeably in this work.

Preprint.


https://temporal-difference-vision.github.io
https://github.com/ninaddaithankar/tdv
mailto:alexigladstone@gmail.com

Time-Step Time-Step

(t) (t+1)
Zt @ { Az | @‘ ]’Zt+1}

. ~ -

Frame Motion Frame
Encoder Encoder Encoder

Figure 1: TDV Frame and Motion Encoding Intuition. TDV learns to encode frames such that the
current frame’s representation, when added to a learned motion encoding, predicts the next frame’s
representation. Because video has high temporal consistency, the raw RGB pixel difference between
frames is intrinsically lower rank than the frames themselves, shown here as the edge outlines of a
dog and a frisbee. The motion encoder compresses these high-dimensional RGB differences into
abstract motion-level features.

locality and translation equivariance biases of CNNs in favor of global attention. Now, modern
approaches combining self-distillation with ViTs achieve state-of-the-art performance [8, 9].

Interestingly, this pattern of weaker assumptions leading to better performance mirrors biological
evolution, where innate instincts play a role analogous to hardcoded inductive biases. Across animals,
more capable species tend to hardcode less behavior into their genome—insects rely heavily on innate
behavioral programs, while mammals depend substantially more on learned behavior [ 18, 19]. This
trend is even more distinct in primates, and most pronounced in humans, who rely heavily on learning
from experience rather than hardcoded behavior [20, 21]. In both the case of visual representation
learning as well as hardcoded behavior for biological intelligence, less hardcoded structure enables
greater asymptotic performance given sufficient scale.

To further support this principle, we empirically test how the optimal strength of inductive biases
changes with data scale (Figure 3). We find that as data scale increases, weaker inductive biases outper-
form stronger ones asymptotically—reinforcing that minimizing assumptions becomes increasingly
important as scale increases.

Motivated by this trend, we argue for a new approach to visual representation learning that avoids the
inductive biases relied upon by existing methods (we discuss these biases in Section A). Removing
them naively, however, leaves no learning signal and collapses the representation (Table 1).

Therefore, a natural question emerges— “What assumptions should our model have, if not reliant
on existing inductive biases?” We argue for assuming causality: that causes precede their effects,
and the immediate future is therefore predictable from the past. This principle is foundational across
physics, from classical mechanics to relativistic field theories [22] to modern formulations of quantum
theory [23].” Unlike existing inductive biases for representation learning, we argue causality is weak,
and domain agnostic. Additionally, because causality is inherently temporal, applying it points
towards training over video, rather than images.’

2We do not claim the stronger thesis of determinism—that the past uniquely determines the future—which is incompatible
with quantum mechanics under standard assumptions [24]. We assume only the weaker principle, that the immediate future is
generally predictable from the past, sufficient to provide a learning signal.

3Learning image encoders from video departs from common practice in representation learning, which historically trains
them on image datasets.
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Figure 2: TDV Architecture. TDV predicts the next frame’s representation by adding a learned
motion vector to the current frame’s representation. Left (student): the frame encoder embeds
the current frame, while the motion encoder turns the raw pixel difference between frames into a
latent motion shift, conditioned on the current frame via cross-attention. Their sum is the predicted
representation of the next frame. Right (teacher): an EMA copy of the frame encoder embeds the
true next frame to supply the target. Two losses act on the prediction: a mean-squared error on the
representations enforces the causal next-frame constraint, and a DINO-style [17] cross-entropy on
the projection heads prevents collapse. Stop-gradients block the teacher from receiving gradients.
Figure style inspired by [25, 26].

To achieve this, we jointly train a frame encoder and a motion encoder so that, given two consecutive
frames, the embedding of the current frame plus the embedding of the frame delta matches the
embedding of the next frame (visualized in Figure 1). Because consecutive frames are close in
time, and video has high temporal consistency, the frame delta is intrinsically low-rank, encouraging
the motion encoder to capture compact spatial change rather than full scene appearance. Given its
similarity to Temporal Difference in Reinforcement Learning [27], we call our approach Temporal
Difference in Vision (TDV). TDV naturally enables learning without restrictive inductive biases or
modality-dependent assumptions. Empirical results demonstrate TDV is able to learn dense spatial
features comparable to state-of-the-art visual encoders such as DINO [17] and iBOT [28] without
relying on strong assumptions during pretraining.

Our contributions are as follows:
* We confirm our hypothesis regarding the importance of weaker assumptions as scale in-
creases through controlled experiments, further motivating TDV.

* We present TDV, a new paradigm for learning visual representations that avoids the strong
inductive biases of existing approaches.

* We demonstrate promising empirical performance for TDV, achieving dense spatial features
on par with modern approaches that leverage stronger inductive biases.

2 Related Work and Background

2.1 Self-Supervised Representation Learning

Self-supervised representation learning has the goal of learning representations without any labels.
Early work in this domain learned representations primarily via autoencoding [29, 30], where models



were trained to reconstruct inputs directly in pixel space. Over time, the field has shifted primarily
from raw pixel space reconstruction towards Joint Embedding Predictive Architectures (JEPAs) [31],
where prediction is done in a latent space as opposed to in the raw pixel space. Such models
abstract away irrelevant, unpredictable information, such as background pixels in a scene, in favor
of modeling more important information—a form of learning with weaker inductive biases. Recent
empirical [9, 26] and theoretical [32, 33] evidence reinforces the benefits of JEPAs, where raw
pixel space reconstruction is often theoretically predicted and empirically observed to produce less
informative features for perception [32].

The progression within the JEPA family illustrates a recurring pattern: methods with weaker inductive
biases have steadily displaced those with stronger ones. Early JEPA approaches relied on contrastive
objectives [14, 15], which prevent collapse by pushing apart representations of distinct images while
pulling together augmented views of the same image. However, contrastive methods impose a strong
relational prior—that randomly sampled images should be dissimilar in representation space—which
is only approximately correct, since sampled pairs frequently depict semantically related content.
They also depend on large batches of negative samples, limiting scalability [34]. Self-distillation
approaches [ 16, 17] relax this prior entirely by replacing negative pairs with a slow-moving teacher
network: the student is trained to match the teacher’s output on a different view of the same image,
while the teacher is updated as an exponential moving average of the student. This eliminates
the negative relational assumption between images, with centering and stop-gradient mechanisms
preventing trivial collapse. Modern state-of-the-art vision foundation models such as DINOV3 [9]
and V-JEPA2 [26] build on this self-distillation paradigm,* reflecting the broader trajectory of the
field toward progressively weaker inductive biases.

2.2 Temporal Difference for Representation Learning

Despite this trajectory of weakening inductive biases, modern self-distillation approaches still rely on
image-level inductive biases such as cropping, masking, or augmentations. A natural alternative is
to source paired views from time itself, using temporally adjacent frames in a video. Several works
explore this direction [35-39]. Feng et al. [40] train supervised models over temporal difference
features, minimizing mutual information to disentangle task-relevant motion from noise. Wang
et al. [41] model low-level frame deltas for action recognition, but rely on a global channel attention
mechanism to recalibrate features across long-range differences. Maes et al. [42] predict future frames
in latent space, but target world modeling rather than transferable representations. Most closely
related to TDV, Midway Networks [43] learn representations directly from temporal differences
in video, adding an invariance objective over cropped patches to target semantic performance. In
each case, the temporal signal is paired with an additional inductive bias—supervision, attention
recalibration, a world-modeling objective, or augmentation-based invariance. With TDV, we instead
focus on learning from temporal difference alone, without any such biases.

3 TDV Approach

3.1 TDYV Intuition

Learning representations without strong inductive biases is notoriously challenging [14, 44, 45];
removing assumptions such as augmentations or masking often leads to degraded representations or
collapse. We confirm this by removing key inductive biases in the well-known DINO [17] recipe,
observing poor performance and eventual collapse (Table 1). These results, and our deeper motivation
to remove inductive biases, raise a natural question: “What is the weakest assumption that still
provides sufficient signal to avoid collapse?”

Answering this requires understanding why assumptions hurt performance in the first place. We
argue that assumptions encode beliefs that are only approximately correct [46, 47], and at scale these
approximations restrict what can be learned [6, 7, 10]. Instead, an assumption that is exactly, rather
than approximately, correct, would impose no such bottleneck, providing a learning signal without
restricting what can ultimately be learned.’

4Some of these architectures, such as DINOV3, are technically considered Joint-Embedding Architecture (JEA) variants,
due to not conditioning on a latent variable z.

5By “exactly correct” we refer to a property of the learning objective, not a claim about causality itself: next-frame prediction
imposes no invariance constraint, and therefore never requires the encoder to discard a factor of variation. Augmentation- and



We argue such an assumption ex-
ists: causality—the principle that
the past is predictive of the fu-
ture. This principle is founda-
tional across physics [22, 23], with
classical mechanics serving as a
canonical example—an object’s po-
sition, velocity, and acceleration

Table 1: Removing DINO’s Inductive Biases Degrades Per-
formance. Progressively removing DINO’s augmentations for
pre-training on SSV2 degrades KNN performance, and eventu-
ally causes representation collapse. TDV, by contrast, avoids
collapse without these inductive biases. 2G and 8L denote 2
random global and 8 random local crops respectively. Full
augmentations includes random flip, color jitter, Gaussian blur,
and solarization.

are sufficient to predict its trajec-

tory. Unlike assumptions such as  Setup 1Top-1  1Top-5  Avoids Collapse
augmegted views should be invari- =) =7 e e aug 2463 40.19

ant” or “masked and unmasked im-  _ augmentations 16.44 26.82

ages should be similar,” causality is  _gca] crops 13.64 23.07

domain-agnostic and, we argue, ex- - random crop on 1G 8.04 14.91

actly rather than approximately cor- - random crop on both G 0.84 2.37 X

rect. Perhaps this assumption is part Full TDV Recipe (ours) .79 17.05

of the reason autoregressive Large-
Language Models have been so suc-
cessful [3, 48, 49], as they assume causality, which reflects the data-generating procedure of language.

Leveraging causality, however, is non-trivial. Image representations are traditionally learned from
static image datasets [8, 17, 44], which lack the temporal dimension causality requires.6 ‘We therefore
argue for learning image representations from video, where consecutive frames provide the temporal
structure causality demands.

Specifically, we train an image encoder jointly with a motion encoder such that the image encoder’s
representation of a frame, added to the motion encoder’s representation of the change between frames,
yields the image encoder’s representation of the next frame (visualized in Figure 1). Intuitively, this
motion representation generally has low intrinsic rank, since the semantic change between consecutive
frames is typically small. By analogy to Temporal Difference in Reinforcement Learning [27], we
call this approach Temporal Difference in Vision (TDV) (Figure 2).

Beyond its motivation from causality, TDV can also be viewed as a form of self-distillation [8, 16, 51].
However, rather than forcing invariance across hand-crafted augmentations such as cropping, rotating,
or masking, the “augmentation” is induced by time, with temporally consecutive frames serving as
the two views. The changes produced by this temporal augmentation are then modeled explicitly
by the motion encoder, rather than being discarded via an invariance objective. This can be viewed
as a learned, latent-space analog of the motion vectors used in classical video codecs [52], which
similarly represent video as a frame plus the motion to the next. Intuitively, this objective forces
TDV’s representations to be sufficiently informative of the current frame as well as rich enough to
predict the next frame.

3.2 TDV Architecture

Having established causality as our guiding assumption, we now derive the architecture for TDV.
Our goal is to follow a simple principle: the representation of a frame, combined with the change that
occurs between frames, should yield the representation of the next frame.

Learning a representation space. Following our principle, we first need a way to map the frames
from RGB space into a meaningful representation space. We therefore learn a frame encoder f, that
maps each frame x; to a sequence of token embeddings:

z = fo(xs) € R™P, (1)

where z; is the representation for frame x;, n is the number of spatial patches plus an additional
[CLS] token, and D is the embedding dimension. Our causal principle then becomes a constraint in
this embedding space: the change between frames, when encoded appropriately, should be sufficient
to predict the next frame’s embedding.

masking-based objectives instead enforce invariance to a chosen transformation, discarding the corresponding information by
construction, which can degrade downstream performance on tasks where that information is needed (Section A).

%0ne could apply causality within a single image by predicting one patch from another [50]; however, this does not reflect
causality as it operates in the world, where causes precede effects in time.



Encoding change in representation space. The raw RGB difference Ax; = x4y — x; captures
what changed in pixel space, but we need to map this into a corresponding shift Az; in the latent
space. Importantly, Az, is intrinsically lower rank than the frames themselves, as the background
scene pixels remain largely unchanged between adjacent frames, and only moving regions contribute
a non-zero signal (as visualized in Figure 1). We therefore learn a motion encoder m 4 that takes
the change in RGB space Az, and predicts the change in representation space Az;. Since the same
pixel-level change can carry different semantic meanings depending on visual context, we condition
the motion encoder on the current frame’s embedding z; via cross-attention, grounding the motion
prediction in the semantic state of the current frame:

Az = my(Axy; 2t) 2)

Additive latent composition. With the frame encoder learning to encode the current frame in
representation space and the motion encoder learning the change in representation space, predicting
the next frame’s representation reduces to a simple additive composition:

3

This decomposition of Z;; into z; and Az; cleanly separates the goal into two objectives: the frame
encoder is responsible for learning the content in a frame, and the motion encoder learns how that
content evolves over time.

Zip1 = 2+ Az

Preventing collapse. Supervising the next
frame’s predicted representation 2, requires
a target: z;y1, the next frame z;4; encoded by
the frame encoder. However, this makes the
TDV recipe prone to collapse, as z;y1 is also
produced by the same frame encoder that is be-
ing trained. Therefore, the encoder can trivially
achieve near-zero loss by collapsing all repre-
sentations to a constant, making the target easy
to predict, but meaningless [51]. To prevent this,
we adopt a teacher-student framework follow-
ing DINO [17]: we maintain two copies of the 0.1 Percent omta of ImaseNet e ceal

frame encoder, a student updated by gradient ereent Data of fmageNet (log scale)

50% Masking (Reference)
—8— 30% Masking
—8— 10% Masking

KNN % Difference vs 50% Masking
|
S

100.0

descent, and a teacher, whose parameters are
a slowly-evolving exponential moving average
(EMA) of the student. The target is then pro-
duced by the teacher, which we denote as 2|2,
Both the student and teacher pass their represen-
tations through respective projection heads, and
we apply a cross-entropy loss between the re-
sulting prototype distributions. This penalizes
collapse directly: if all frames map to the same
representation, the distributions become iden-
tical across frames and the cross-entropy loss
increases, forcing the encoder to maintain dis-
criminative representations. The teacher’s pa-
rameters evolve slowly via EMA, ensuring the
student and teacher remain sufficiently different

Figure 3: Need for Assumptions Decreases
as Data Scale Increases. KNN accuracy on
ImageNet-1k for three masking ratios (our proxy
for assumption strength) across data scales, re-
ported as percentage-point difference vs. 50%
masking. At 0.1% data, 30% masking trails 50%
masking by over 12 percentage points; by 100%
data, it surpasses 50% masking. Lighter masking
(10%) follows the same trend but lags, suggesting
it may eventually surpass other masking ratios with
increased scale. These results demonstrate that the
optimal amount of inductive bias decreases with
scale, motivating TDV.

at any point in training to provide stable, non-trivial, prediction targets that the student cannot trivially
satisfy by collapsing to the same distribution [16, 17]. We illustrate the complete architecture in

Figure 2.

3.3 TDV Training Objective

With the architecture set, we now describe how each component is supervised. TDV is trained with a
weighted combination of two losses, each targeting a distinct objective.

Temporal prediction loss (Lpse).

The first loss directly supervises our causal principle established

in Section 3.2: the motion encoder must produce a Az, that, when added to z;, accurately recovers the



Table 2: Semantic Segmentation Performance With UperNet. We benchmark the Semantic
Segmentation performance of TDV compared to iBOT and DINO on ADE20K and Cityscapes.
TDV achieves competitive performance relative to iBOT and DINO despite learning without strong
inductive biases.

Semantic Segmentation (UperNet)
ADE20K Cityscapes
Method Arch  Pretrain | TmloU fmAcc | TmloU fmAcc

iBOT [28]  ViT-S SSv2 10.60 14.53 39.34 45.36
DINO [17]  ViT-S SSv2 10.71 14.64 39.85 45.68
TDV ViT-S SSv2 10.54 14.48 37.54 43.09

iBOT [28]  ViT-B SSv2 9.94 13.65 38.94 44.31
DINO [17] ViT-B SSv2 10.48 11.14 39.97 43.09
TDV ViT-B SSv2 9.57 10.70 36.21 42.59

next frame’s embedding. This is enforced via a mean-squared error between the predicted next-frame

embedding 2,11 = z; + Az; and the teacher-encoded target zﬁﬁhe‘ :

Lonse = || 21 — sg(z25)||5, )

where sg(-) denotes stop-gradient, ensuring this loss only updates the motion encoder and student
frame encoder, not the teacher.

Self-distillation loss (Lgino). The second loss addresses the collapse problem described in Sec-
tion 3.2: without an additional signal, the frame encoder can trivially satisfy L by collapsing all
representations to the same embedding. We therefore apply a cross-entropy objective inspired by
DINO [17] between student and teacher projection distributions, with one extension: we apply this
loss over both the [CLS] token and the patch tokens, encouraging spatially consistent representations
at the patch level beyond what the original DINO formulation provides. Let ps and p; denote the
student and teacher projection distributions, normalized with temperatures 75 and 7; respectively (in
practice, we set 7 = 7, = 0.1). The loss is then:

Lano = — Y pi" log p®, ()
k

where k indexes over the K prototype dimensions of the projection head. The teacher distribution
is additionally centered with a running mean to prevent dimensional collapse in the absence of
temperature asymmetry [17].

Putting these together, we get the complete training objective for TDV:
L= )\mse Emse + )\dino Ldino; (6)

where A\pse and Agipo are tunable hyperparameters.

4 Experimentation

4.1 Motivating Weaker Assumptions

To provide empirical weight to our philosophical argument—that weaker assumptions yield superior
asymptotic performance as data scales—we evaluate various models across different subsets of
ImageNet-1k [53]. By identifying the top-performing inductive biases at each data scale, we can
observe how the optimal “strength” of assumptions shifts. Specifically, we conduct these evaluations
using data subsets of 0.1%, 1%, 10%, and 100%. To measure the strength of these assumptions,
we utilize masking with values of 10%, 30%, and 50% as a continuous proxy (note that these are
values not for TDV, but for testing our argument regarding weaker assumptions; more details are in
Section D). We use masking for two primary reasons: it allows for a granular axis, unlike discrete
changes such as switching from contrastive learning to self-distillation, and it represents a clear
spectrum of assumptions. For instance, requiring models to treat images with 50% masking as
“similar” to their original imposes a strong assumption that only the high-level semantics remaining



Table 3: Optical Flow and Stereo Depth Evaluation. TDV outperforms iBOT and DINO on most
optical flow and stereo depth comparisons, with a small trade-off on stereo depth average error.

Optical Flow Stereo Depth
MPI-Sintel SceneFlow (final)
Method Arch  Pretrain | JEPE (clean) |EPE (final) | JAvg Err.  [bad@0.5px  |bad@1px
iBOT [28]  ViT-S SSv2 11.31 11.27 3.50 65.51 4491
DINO [17]  VIiT-S SSv2 13.03 12.92 3.64 63.25 45.30
TDV ViT-S SSv2 9.84 10.75 4.25 56.89 39.70
iBOT [28]  ViT-B SSv2 11.66 11.82 3.75 62.49 44.18
DINO [17] ViT-B SSv2 11.63 11.28 391 62.97 44.64
TDV ViT-B SSv2 10.97 11.85 3.98 54.62 37.33

are sufficient for representation. Alternatively, requiring image similarity at 10% masking is a
relatively weak assumption, as most of the image details remain intact.

The results for these experiments are shown in Figure 3, where the results demonstrate a strong
trend between which approaches perform best and the amount of data being leveraged. With just
0.1% of ImageNet, the best performing masking ratio is 50%, with 30% and 10% masking falling
behind by a significant margin. However, as the amount of data increases, 30% masking eventually
outperforms 50% masking, with 10% masking approaching the performance of 50% masking. These
results demonstrate that as data increases, the optimal amount of assumptions made, represented here
as masking ratio, decreases. This further reinforces our motivation for TDV—to learn representations
without any strong inductive biases.

4.2 Downstream Evaluations

Following [54], we argue that semantic benchmarks such as linear probing, £-NN retrieval, and action
recognition probe ventral stream [55, 56] skills (what), and generally do not accurately measure
spatial or temporal representation quality. However, understanding structure and motion, which is
performed in the human brain by the dorsal stream, is fundamental to real-world vision applications
such as robotics, autonomous driving, and 3D scene understanding. These tasks are often bottlenecked
less by semantic representations and more by low-level spatial-temporal information. We therefore
focus our evaluations on such properties, specifically segmentation, optical flow and stereo depth, as
they demand representations to retain spatial structure and temporal correspondence, precisely the
properties suppressed by strong semantic priors but preserved by TDV.

For our experimental setup, we pretrain all models on the SomethingSomethingV2 (SSV2) [57]
dataset, as it has well-defined motion data and is a standard video benchmark [58]. We then evaluate
all models on the downstream tasks using the pretrained backbones, with individual setup details
provided in Appendix D.3.

On semantic segmentation, TDV achieves results comparable to DINO and iBOT, trailing behind by
a small margin on both mIoU (mean intersection over union) and mAcc (mean per-class accuracy)
as shown in Table 2. The competitiveness, visualized in Figure 4, suggests that TDV is capable of
learning spatially coherent features that a segmentation head can leverage even without an explicit
semantic objective. This competitiveness holds despite TDV producing less object-focused [CLS]-
token attention than DINO and iBOT (Figure A.1), likely because segmentation relies on patch-level
rather than [CLS]-token features. We believe the remaining performance gap likely reflects the
absence of augmentations like local cropping, which may provide better semantic context.

We evaluate TDV on temporal tasks against DINO and iBOT in Table 3. On optical flow, TDV
consistently outperforms both DINO and iBOT on EPE (endpoint error, the average pixel-level
distance between predicted and ground truth flow vectors). We believe this can be attributed to TDV
explicitly learning to predict how representations evolve between frames, which naturally preserves
the local motion structure that methods trained on images with invariance augmentation tend to
discard (optical flow predictions are visualized in Figure 5). On stereo depth, TDV achieves lower
“bad” pixel rates at both the 0.5px and 1px thresholds across both architectures, indicating that TDV
makes significantly fewer large correspondence errors than DINO and iBOT. The slightly higher
average disparity error suggests that while TDV makes fewer large mistakes, it can still struggle to
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Figure 4: Semantic Segmentation on ADE-20K (UperNet). TDV performs competitively to DINO
and iBOT, with broader region extents but slightly worse boundary separation.
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Figure 5: Optical Flow on MPI-Sintel. TDV produces locally consistent flow compared to DINO
and iBOT, though artifacts remain in occluded regions across all methods.

recover precise depth in ambiguous regions where semantic context would otherwise help. These
performance gains carry over to the features themselves: Figure B.1 shows PCA visualizations of
patch-level features, where TDV produces spatially coherent feature maps.

4.3 TDV Ablation Studies

We ablate the key design choices of TDV to identify the components critical to performance and
stability. We pretrain TDV on SSv2 and use online ImageNet KNN Top-5 accuracy [8] as a proxy
for general performance, as it is cheap to compute during training, and gives a meaningful signal for
representation quality. We show ablation results in Table 4.

The two ablations that cause training to collapse the most are removing the motion encoder and
removing the MSE loss, highlighting them as two critical components of TDV. The motion encoder
provides the temporal signal necessary for learning, while the MSE loss directly supervises it to
predict meaningful changes in representation space. Notably, removing the motion encoder entirely
and relying solely on the DINO loss across consecutive frames—effectively reducing TDV to a
simple temporal invariance objective—is also not sufficient to learn representations, suggesting that
explicitly modeling temporal differences between frames is a necessary choice.

Among the remaining design choices, including the [CLS] token in cross-attention and applying the
DINO loss on the [CLS] token both contribute meaningfully to performance. These suggest that
grounding motion predictions in a global scene representation helps the motion encoder focus on
semantically meaningful changes. For the teacher’s output distribution, removing centering causes a
much larger performance drop than removing temperature sharpening, which we attribute to centering
preventing the distribution from becoming too peaked on a single mode, a subtler form of collapse.
Finally, we find that standard absolute positional encodings consistently outperform RoPE [59] across
our experiments. While this ablation study addresses the components that work, we document all the
other design choices and training strategies we tried that did not work in Appendix B.1.



Table 4: Performance Impact of Key TDV Ablations. We ablate key components of the full TDV
recipe pretrained on SSv2 and report KNN (Top-5) accuracy on ImageNet-1k alongside training
stability. We find that removing the motion encoder or MSE loss causes training collapse, identifying
them as critical components. Similarly, centering, DINO loss on the [CLS] token, and cross-attention
with the [CLS] token contribute meaningfully to performance without affecting stability.

KNN (Top-5) T  Avoids Collapse

Full TDV recipe 17.05
No Temperature 15.85
No Centering 11.15
No [CLS] in Cross Attention 10.78
No Centering or Sharpening 10.68
No DINO Loss on [CLS] 10.66
ROoPE instead of Positional Enc. 10.25
No Motion Encoder 1.87 X
No MSE Loss 1.58 X

S Future Works and Broader Impact

TDV’s weak inductive biases and joint frame-motion encoder design open up several new directions
for future work. First, deep learning approaches with weaker assumptions tend to scale more favorably
with compute and data [6, 7, 10, 11]. Since TDV avoids augmentations, masking, contrastive
objectives, and other strong inductive biases, it is positioned for stronger asymptotic performance
than existing recipes. Second, unlike existing visual representation learning approaches, TDV relies
on no vision-specific techniques, such as masking or augmentation. Therefore, we believe TDV
could be applied to any modality with high temporal consistency, including audio, proprioception,
and touch. Third, TDV could enable efficient video encoding. Modern approaches for representing
video typically pass every frame through a full image encoder. In contrast, using TDV, only the
initial frame needs the frame encoder, with subsequent frames represented by composing the previous
frame’s representation with a lightweight motion encoder. This is similar to classical video codecs
such as MPEG, which exploit temporal redundancy by storing keyframes and inter-frame deltas.

6 Limitations and Conclusion

Limitations. While we achieved promising results with TDV in this work, there remain several
limitations for further adoption. First, while TDV matches existing approaches on dense spatial
tasks, it does not achieve state-of-the-art results across the board. We view this as expected for a first
attempt at representation learning without strong inductive biases, and anticipate that future work can
build on the recipe to close the remaining gap. Second, TDV did not achieve strong performance
when measured on semantic benchmarks. We believe this is largely caused by a lack of inductive
biases for learning invariances, such as local/global crops, which most existing visual representation
learning approaches rely on [51]. Third, we found that scaling video data to larger video datasets
than SomethingSomethingV2 [57] did not improve performance. We believe that this was caused by
a lack of high-quality large scale open-source video data as well as our tuning of hyperparameters for
performance on SomethingSomethingV2. We believe that with access to larger, higher-quality video
datasets and better hyperparameters, TDV should scale further. Future work can search for more
optimal hyperparameters that scale better to larger video datasets and model sizes.

Conclusion. In this work we proposed Temporal Difference in Vision (TDV), the first approach
for learning representations from videos without any supervision, raw pixel space reconstruction, or
strong inductive biases. TDV achieves comparable or sometimes improved dense/spatial task perfor-
mance to state-of-the-art visual representation learning recipes such as DINO [17] and iBOT [28],
while not relying on strong inductive biases. As deep learning approaches leveraging weaker assump-
tions generally scale better, TDV lays the groundwork for potentially more scalable representation
learning.
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A Additional Intuition

To our knowledge, TDV is the first purely unsupervised visual representation learning approach
that avoids all of the following inductive biases simultaneously: raw data reconstruction [60],
aligned data with other modalities [34], hand-crafted pretext tasks [61-63], contrastive learning [14],
clustering objectives [64, 65], augmentations [14, 17], explicit invariances [44], redundancy reduction
(i.e., Variance or Covariance regularization [44]), and cropping or masking [8, 66]. While each
of these techniques has driven significant progress in representation learning, each also introduces
assumptions that can become limiting as data and compute scale. We discuss the limitations of each
below; prior work has raised similar concerns regarding how invariances and pretext biases can affect
performance [46, 47].

Image Augmentations. Augmentation-based approaches [8, 14, 17] often pull together differently
augmented views of the same image, implicitly treating whatever the augmentation changed as
irrelevant to semantics. However, which factors are irrelevant depends on the downstream task. Color
jitter encourages invariance to color, which can help coarse classification but is unhelpful for tasks
where color is informative, such as bird species, ripeness, or material recognition. Similarly, spatial
augmentations encourage invariance to location, which is precisely the information that detection
must preserve. Any forced invariance therefore tends to help some tasks while hurting others, and we
expect this trade-off to become more pronounced at the limit of learning [46, 47].

Masking. Masking-based approaches [8, 28, 66] face a closely related issue: they encourage an
image and a heavily masked version of it to map to nearly the same representation, even though much
of the visual content has been removed. This can collapse semantically distinct inputs together and
reduce spatial awareness. Detection illustrates the concern: two images of the same object at different
positions should ideally produce different representations so that location can be recovered, whereas
masking pushes them toward a shared representation. Section 4.1 provides an empirical version of
this argument, showing that the optimal masking ratio decreases as data scale grows.

Contrastive Learning. Contrastive approaches [14, 15] push randomly sampled images apart
in representation space. This is only approximately valid, as two random images from a natural
distribution often share content (e.g., two outdoor scenes, two dogs, or two faces), and separating
them can discard useful structure. Contrastive learning also relies on large numbers of negative
samples, which makes scaling costly in both batch size and memory.

Raw Pixel Reconstruction. Raw reconstruction-based approaches [29, 30, 60] require the represen-
tation to retain enough information to rebuild every pixel, including texture, lighting, and background
detail that may be unrelated to the scene content. Both theory [32] and experiments [33] indicate
that pixel-space targets yield features that are less useful for perception than latent-space targets.
Requiring the representation to encode all such detail can also limit how abstract it becomes, since
fine-grained appearance must be retained somewhere.

Cross-Modal Alignment. Approaches such as CLIP [34] learn vision representations by aligning
them with text. This works well when paired data is plentiful, but it ties the visual representation to
whatever the accompanying text describes. Captions tend to emphasize objects and actions while
omitting texture, geometry, lighting, and spatial layout, so the resulting features can be biased toward
nameable content and weaker on dense spatial properties that text rarely describes. The approach
also requires paired modalities, which is itself a strong data assumption.

Hand-Crafted Pretext Tasks. Pretext objectives such as jigsaw puzzles [61], rotation predic-
tion [62], and colorization [63] solve a synthetic problem in the hope that the features learned along
the way transfer. A limitation is that the model only needs to learn whatever is sufficient for that
specific task: rotation prediction, for instance, can rely on a few orientation cues such as sky position
or text, leaving the rest of the representation underdeveloped. More broadly, the designer must
anticipate what makes a useful pretext, and each choice reflects a particular view of which visual
structure matters.

Clustering Objectives. Clustering-based approaches [64, 65] assign images to discrete prototypes
and train the encoder to be consistent with those assignments. This assumes that the data falls into
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a fixed number of well-separated clusters, which is only approximately true for natural images:
semantic categories overlap, vary continuously, and exist at multiple granularities simultaneously.
The number of clusters becomes a hyperparameter that bounds the granularity the representation can
reach, and clustering pipelines often require additional machinery (e.g., Sinkhorn balancing or queue
tricks) to avoid degenerate solutions.

Explicit Invariances and Redundancy Reduction. Methods such as VICReg [44] avoid con-
trastive negatives by directly regularizing feature statistics across a batch: an invariance term between
augmented views, together with variance and covariance terms computed over batch dimensions
to prevent collapse. The invariance term shares the limitation of augmentation-based methods, as
features are encouraged to ignore whatever the augmentation changed. The variance and covariance
terms introduce a separate consideration: they assume that a batch of independently sampled images
should produce features that are well-spread and decorrelated, which holds only when batches are
large and diverse enough to approximate the data distribution. Small batches, batches with correlated
content (e.g., consecutive video frames or images from the same scene), or any setting where the i.i.d.
batch assumption does not hold can push these regularizers toward the wrong target. This couples the
learning signal to batch composition in a way that the underlying representation problem need not
depend on.

Cropping. Random cropping [8, 17] is often treated as a default, but it constitutes a strong inductive
bias. It assumes that two crops of the same image should produce similar representations, which
in turn assumes both crops contain the same semantic content. On object-centric datasets such as
ImageNet this generally holds; on cluttered or scene-level images, however, two crops may capture
entirely different objects, and the model is then trained to treat them as equivalent. This can bias
representations toward whatever survives random cropping—typically the dominant object—and
away from full-scene or denser understanding.

A.1 Broader Philosophical Intuitions

We argue that the ideal inductive bias is the weakest one that still enables learning within a single
lifetime of experience—strong enough to bootstrap learning from finite data, but weak enough to not
bottleneck what can ultimately be learned. This mirrors biological evolution, where more capable
species hardcode less behavior into their genome and instead learn from experience [18, 20, 21]:
evolution has converged on the weakest priors that still permit survival-level learning within a lifetime.

Under this minimal-prior view, TDV can be understood as simply performing compression—the
motion encoder captures only the change between frames, and the frame encoder captures only
what is needed to predict the next frame given that change. No assumptions about augmentation
invariances, negative pairs, or pixel-level fidelity are imposed. The model is simply compressing
temporal experience into representations sufficient to predict the future. We view this as the minimal
assumption necessary for representation learning.

Another perspective on TDV is that it is learning a (small) latent action world model [67, 68], where
the motion encoder captures temporal differences (latent actions), that cause the future frame to be
predictable.

A.2 Neuroscientific Intuitions

It happens that TDV maps reasonably well onto several established theories of biological vision.
The MSE objective—predicting the next-frame embedding from the current one—can be viewed as
an instance of predictive coding, where the cortex learns by minimizing errors between predicted
and observed sensory input [69—71]. The factorization into a frame encoder and a motion encoder
operating on Az also loosely mirrors the dorsal/ventral dissociation in primate visual cortex [56, 72],
where the dorsal stream is fed by the magnocellular pathway, itself selective for motion and temporal
change. Most directly, our additive composition Z;,1 = z: + Az; echoes the temporal straightening
hypothesis [73, 74], which posits that the visual system maps video onto straighter latent trajectories
so that future states can be predicted by near-linear extrapolation—precisely the structure TDV
imposes. While these connections did not directly motivate TDV, we find it encouraging that its
design choices align with mechanisms already studied in biological vision.
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iBOT

Figure A.1: Attention Maps Reflect Pre-Training Objectives. We visualize self-attention maps
for the [CLS] token of ViT-B models pre-trained on SSv2 for three ImageNet images (left). Warmer
colors indicate higher attention. TDV does not use a dominant [CLS]-token objective during pre-
training, hence its [CLS] attention is less object-focused than that of DINO and iBOT.

Table B.1: TDV Lags Behind DINO and iBOT on Semantic Evaluations. We evaluate ImageNet-1k
KNN Top-1 accuracy and SSV2 action-recognition Top-1 accuracy for DINO and iBOT with all
augmentations enabled compared to TDV (all trained on the Something-Something V2 video dataset).

TDV, being trained without any strong inductive biases, does not achieve the same semantic perfor-
mance as iBOT or DINO.

ImageNet Classification SSv2 Action Recognition
Method  Architecture KNN (Top-5) 1+ Linear (Top-5) 1 Linear (Top-5) 1
iBOT ViT-S 33.46 41.29 20.30
DINO  ViT-S 34.81 44.19 19.50
TDV ViT-S 14.74 17.52 10.10
iBOT ViT-B 38.75 46.10 21.60
DINO  ViT-B 40.89 49.38 20.50
TDV ViT-B 17.05 16.14 10.10

B Additional Experiments

We report results for semantic benchmarking in Table B.1, demonstrating how TDV currently lags
behind SOTA recipes at semantic representation. This is likely due to a lack of strong inductive
biases.



Image DINO iBOT

Figure B.1: PCA Visualization Shows Patch Features Capture Coherent Object Structure.
We show RGB visualizations of the top-3 PCA components of patch-level features from ViT-B
models pre-trained on SSv2, for three ImageNet images (left). Each color corresponds to a principal
direction of the patch-feature space, so similar colors mark patches with similar representations. TDV
produces clean, spatially coherent feature maps that align with object boundaries, often better than
DINO and iBOT. This shows that TDV learns strong patch-level representations, consistent with its
dense-prediction performance (Tab. 3).

B.1 Experiments We Tried that Didn’t Work

Inspired by [75], we document design choices and training strategies that we explored but found to
be ineffective. It’s worth noting that because TDV doesn’t leverage any strong inductive biases, in
general, training it with current tools is not easy.

Scaling to larger video datasets. We explored pretraining on Ego4D [76] and FineVideo [77]
as alternatives to SSv2, to test if more data would improve representation quality. Ego4D is an
egocentric dataset with significant variance in motion where some clips are nearly static while others
have fast, erratic camera motion, which we found made the RGB difference signal noisy and difficult
for the motion encoder to learn from consistently. FineVideo contains many abrupt scene cuts where
the difference between consecutive frames reflects an editing transition rather than natural motion.
We preprocessed it into smaller chunks to avoid exposing the model to cross-scene differences,
but this substantially reduced the usable data volume. Despite our preprocessed FineVideo having
approximately 2x more video data than SSv2, pretraining on it for the same 200k steps yielded a
lower ImageNet KNN Top-5 accuracy (10.75% vs. 17.05% with SSv2). A good finding was that
if you kept training TDV on FineVideo for longer, the representation quality keeps consistently
improving, reaching equal KNN performance (16.04%) to SSv2 at around 600,000 steps. This
suggests that the data quality and motion coherence also matter for the current TDV architecture.
Future work can address making TDV more robust to noisy data.
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Combining multiple datasets. We experimented with mixing SSv2, Kinetics-400 [78], and Ego4D
in various combinations to increase training data diversity. In all cases, representation quality as
measured by ImageNet KNN degraded relative to training on individual datasets alone. We attribute
this to the heterogeneous motion statistics across datasets: Kinetics clips tend to be short and action-
centric, while Ego4D has highly variable motion rates, and mixing these with SSv2 appears to make
the motion prediction task less coherent rather than more informative. Future work can search for
hyperparameters that generalize better to multiple datasets.

Alternative conditioning mechanisms for the motion encoder. The motion encoder in TDV is
conditioned on the frame encoder’s [CLS] + patch tokens via standard cross-attention. We explored
replacing this with feature-wise linear modulation (FiLM) [79], AdaLN, AdaLN-Zero [80], and
Gated AdaLN as conditioning mechanisms. All four alternatives showed promising KNN accuracy
during the first few training epochs—in all cases doing 2x better than standard cross attention—but
then plateaued or collapsed after a few epochs of training. The best observed KNN Top-5 values were
FiLM: 7.92%, AdalLN: 8.97%, AdalLN-Zero: 10.21%, and Gated AdaLLN: 9.91% vs Cross Attention:
5.4% (at that epoch). We hypothesize that while these modulation-based approaches provide stronger
conditioning signal, they make it easier for the model to find degenerate solutions, directly affecting
the training stability. Future work can leverage newer anti-collapse solutions, e.g. SIGReg [66].

RGB difference thresholding. We experimented with skipping the motion encoder pass for frames
where the magnitude of the RGB difference fell below a threshold, with the intention of filtering out
near-static frames where the motion signal is near-zero. In practice this did not improve results. We
suspect that static frames still contribute useful learning signal by requiring the motion encoder to
produce a near-zero delta, which may provide a natural calibration for the prediction objective.

Motion embedding divergence loss. We explored adding an auxiliary loss to push consecutive
frame encoder embeddings further apart, with the intuition that a larger gap in representation space
would give the motion encoder more room to learn a meaningful delta. In practice, this caused the
variance of frame representations to explode and destabilized training without improving KNN or
downstream performance.

iBOT-style grid masking. We attempted to combine TDV with iBOT-style [28] patch-level masked
prediction, to see if adding more augmentations improves spatial performance. The main challenge is
in handling masking consistently between the current frame and the RGB difference input: simply
masking the same patch positions from both inputs causes collapse for masking rates above 10%.
Below that threshold, performance was not meaningfully improved over the unmasked baseline,
suggesting the interaction between masking and the motion objective requires more careful design
than a simple direct combination.

DINO-style augmentations. We experimented with applying standard DINO augmentations (ran-
dom resized cropping, color jitter, Gaussian blur, solarization) to both the current and next frame
before feeding them to the encoders. This consistently led to collapse. Our interpretation is that
applying strong augmentations to consecutive frames changes the relationship between them in ways
that are inconsistent with the causal motion objective: if two frames are independently cropped to
different spatial regions, the RGB difference no longer reflects actual scene motion, removing the
core learning signal. More careful augmentation strategies that preserve the temporal relationship
between frames may be possible with additional tuning.

Asymmetric teacher sharpening. DINO uses a significantly lower softmax temperature for the
teacher than the student, effectively sharpening the teacher’s output distribution relative to the
student’s. We explored applying the same asymmetry to TDV’s EMA teacher. This consistently
performed worse than using the same temperature for both; the best results were obtained when
teacher and student were sharpened identically. We do not have a strong explanation for this difference,
but note that TDV’s teacher plays a different role than DINO’s—it supervises next-frame predictions
rather than augmented-view agreement—which may be the reason for the change in dynamics of
temperature asymmetry.

Per-epoch teacher reinitialization. We experimented with reinitializing the teacher frame encoder
from the student’s latest checkpoint at the start of each epoch, rather than maintaining a continuous
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Table C.1: TDV Requires No Hand-Crafted Augmentations. DINO and iBOT both rely on heavy
augmentations. TDV, by contrast, uses none of these inductive biases, while still avoiding collapse.
Rather, TDV learns from the natural change between frames in a video.

Inductive Bias / Augmentation DINO iBOT TDV

Multi-crop (global + local) X
Random resized crop

Random horizontal flip

Color jitter

Gaussian blur

Solarization

Masked image modeling X

X X X X X X

Temporal frame sampling X X

EMA. This was motivated by a concern that a slowly-drifting EMA teacher might provide stale targets
as training progresses. In practice, this performed worse than a fixed high EMA momentum, likely
because abrupt teacher resets remove the smoothing that EMA provides and introduce instability in
the supervision signal.

Using full frames instead of RGB differences. We tested feeding the full current frame (rather
than the RGB frame difference) to the motion encoder, so that both encoders receive complete image
inputs. In this setting, the motion encoder has no strong inductive bias toward encoding temporal
change, and in practice the model collapsed—the motion encoder tended to replicate the frame
encoder’s representations rather than learn complementary motion information.

Smaller motion encoders. We ablated the size of the motion encoder across a range of parameter
counts. Smaller motion encoders consistently yielded lower ImageNet KNN accuracy, with a roughly
monotonic relationship between encoder capacity and representation quality. This suggests the
motion encoder needs sufficient capacity to model the full range of temporal changes present in video,
and undersizing it creates a bottleneck in the learning signal reaching the frame encoder.

Continued pretraining of existing vision encoders. We explored using TDV to improve existing
pretrained vision encoders (MAE [60] and DINOv2 [8]) by initializing the frame encoder from their
weights and continuing pretraining with small learning rates while jointly training a motion encoder.
With the frame encoder unfrozen, this consistently degraded the pretrained representations rather than
improving them. However, keeping the pretrained frame encoder frozen and training only the motion
encoder does work: the motion encoder successfully learns to predict frame embedding differences,
recovering approximately 90% of the embedding delta for MAE and 60% for DINOvV2. This suggests
TDV’s motion objective is compatible with existing pretrained features as a fixed representation
backbone. This could be useful for efficient video encoding.

C TDV Details

C.1 Training Recipe

Algorithm 1 summarizes the TDV training procedure for a single step. The student frame encoder
and motion encoder are updated by gradient descent; the teacher frame encoder is updated only via
EMA and receives no gradients. We also summarize the differences between TDV and DINO/iBOT
in Table C.1.

C.2 Pretraining Setup

All models—TDV, DINO [17], and iBOT [28]—are pretrained on the Something-Something V2
(SSv2) [57] dataset. SSv2 consists of approximately 220,000 short egocentric video clips depicting
hand-object interactions, making it a practical choice for initial experimentation due to its man-
ageable size and consistent quality of motion. All models are trained using ViT-S and ViT-B [7]
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Algorithm 1 TDV Training Step

Require: Student frame encoder fg, motion encoder m, teacher frame encoder f (EMA of fy)
1: Sample consecutive frames x;, ;1 from a video

2: 2zt + fo(xy) > encode current frame
3 Axy — Ty — T > RGB difference
40 Az < my(Axy | 21) > encode motion, conditioned on z;
50 Zey1 — 2+ Az > predict next frame representation
6: Zey1 < flxee) > teacher target (no gradient)
~ _ 2 ~ _

70 L+ )\mse ||Zt+1 — Zt+1 H2 + >\din0 DINOLOSS(Zt+1, Zt+1)

—_——

MSE over all tokens cross-entropy on all tokens
8: Update 6, ¢ via backpropagation
9: 010+ (1—7)0 > EMA update teacher

Table C.2: Pretraining Hyperparameters. Hyperparameters used for TDV, DINO, and iBOT
pretraining on SSv2.

Hyperparameter TDV DINO iBOT
Architecture ViT-S/B  ViT-S/B  ViT-S/B
Patch size 14 16 16
Epochs 20 20 20
Batch size (Images) 256 256 256
Optimizer AdamW AdamW  AdamW
Learning rate le-4 Se-4 Se-4
LR schedule cosine cosine cosine
Warmup epochs 0.5 10 10
Weight decay 0.01 0.04 0.04
EMA momentum (7) 0.99 0.996 0.996
Student temperature (7s) 0.1 0.04 0.04
Teacher temperature (7¢) 0.1 0.1 0.1
Projection head dim 32768 1024 8192
Amse 1.5 — —
)\dino 1.5 J— -

architectures. Each model is trained for around 200,000 steps (20 epochs), and we report results from
the final checkpoint. DINO and iBOT are pretrained on SSv2 using their respective objectives and
augmentations tuned, which enables their maximum performance on SSv2.

C.3 Hyperparameters

Model and optimization. Table C.2 lists the hyperparameters used to train all three models. Shared
settings—batch size, optimizer, learning rate schedule, and EMA momentum—are kept identical
across methods wherever possible to ensure a fair comparison. Other hyperparameters related to
customized augmentations and temperature sharpening were kept at their default values to get the
best performance from all recipes.

Data and temporal sampling. Table C.3 lists the data and temporal sampling hyperparameters
specific to TDV. The key input is the RGB difference Az; = x¢41 — ¢, computed between two
temporally adjacent frames sampled at a fixed stride. The stride controls how much motion is visible
in the differences between images: too small a stride produces near-zero differences for slow-moving
scenes, while too large a stride introduces large, incoherent pixel jumps where object positions change
so drastically that the difference no longer captures meaningful motion structure.

23



Table C.3: Data Hyperparameters. Hyperparameters for Data and Temporal Sampling for TDV
pretraining

Hyperparameter Value
Dataset SSv2
Input resolution 224 x 224
Frames sampled per clip 16

Time Between Frames 0.25

RGB difference clipping no
Spatial cropping center crop only
Horizontal flip no

Color jitter / augmentations none
Masking none

D Experimental Details

D.1 Philosophical Backing Experiments

To empirically support our argument that weaker assumptions perform better as data scales, we
train a series of models on subsets of ImageNet-1k [53] and measure how performance varies with
both data scale and augmentation strength. We use the DINO [17] codebase and augment it with
iBOT-style [28] patch-level masked prediction, varying the masking ratio as a continuous proxy for
assumption strength. To prevent collapse under low-augmentation regimes, we retain random resized
cropping with two global crops (consistent with DINO’s default setup); all other augmentations are
disabled. We vary the grid masking ratio across {10%, 30%, 50%} and train each of these masking
configurations on data subsets of {0.1%, 1%, 10%, 100%} of ImageNet-1k. We evaluate each model
using ImageNet KNN Top-1 accuracy and report the results in Figure 3.

D.2 Semantic Evaluations

In addition to the more semantic/temporally focused representation benchmarking conducted in
Section 4, we conduct experiments aimed at measuring the semantic representations. Because the
default TDV training recipe does not leverage augmentations, explicit invariances, or any strong
inductive biases, it is expected for learned representations to not be very semantic [81-84]. Hence,
the expected performance on semantic tasks without these inductive biases is not great. We confirm
this in Table B.1, where the semantic performance of the default TDV recipe lags behind existing
models.

Action recognition. We evaluate action recognition on Something-Something V2 [57] following
the frozen evaluation protocol of V-JEPA [25]: we freeze the pretrained encoder and train a task-
specific linear probe on top of the [CLS] token representations extracted from 8 uniformly sampled
frames per video. Frame features are concatenated along the temporal dimension before being passed
to the probe head. We report the Top-5 accuracy for action recognition on the validation set for SSv2.

KNN on ImageNet. To monitor representation quality and detect collapse during pretraining
without incurring the cost of full downstream evaluation, we compute an online ImageNet KNN
Top-5 accuracy [8] after each training epoch. At each evaluation step, we extract [CLS] token features
for all of ImageNet training subset images using the current student encoder and teacher encoders,
and perform k-nearest-neighbor classification (k = 20) in feature space. This provides a lightweight
signal that correlates well with final representation quality and allows us to detect collapse early, as
collapsed representations yield worse than near-chance KNN accuracy. We report accuracy for ViT
small and base variants of iBOT, DINO and TDV in Table B.1

D.3 Downstream Spatial Evaluations
Semantic segmentation. We evaluate semantic segmentation using UperNet [85] via the MMSeg-

mentation [86] toolbox on ADE20K [87] and Cityscapes [88] under a frozen backbone evaluation
protocol: the pretrained encoder weights are frozen and only the UperNet segmentation head is
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trained. We use the standard UperNet configuration for ViT backbones and train the segmentation
head for 320,000 steps for all models. We report mIoU and mAcc on the respective validation sets
using the checkpoint from the final training step. All baselines use the same configuration.

Optical flow. We follow the evaluation protocol of CroCo [89] and perform full end-to-end fine-
tuning on FlyingChairs [90], FlyingThings3D [91] and MPI-Sintel [92] training sets, then evaluate
on MPI-Sintel [92] clean and final validation sets using endpoint error (EPE, lower is better). For the
decoder, we use the two-frame feature fusion module from Midway Networks [43], which processes
features from two consecutive frames before passing them to a DPT prediction head (standard CroCo
setup). This decoder architecture is identical for all three methods (TDV, DINO, iBOT) to ensure fair
comparison. We fine-tune all models for 240 epochs using the default CroCo hyperparameters and
report results from the final checkpoint.

Because the TDV architecture naturally contains a motion encoder with features that may contain
richer temporal correspondences than frame encoder features alone, we additionally experiment with
supplying intermediate representations from TDV’s motion encoder as an additional input to the
DPT head. Removing the Midway Networks[43] decoder and passing embeddings from intermediate
layers of the motion encoder directly to the DPT head result in EPE (clean) 14.53 and EPE (final)
14.52 for the TDV base variant and EPE (clean) 14.79 and EPE (final) 14.39 for the TDV small variant.
While these results are currently worse than using the Midway Networks decoder, careful selection of
intermediate layers from frame and motion encoder as input to the DPT and more hyperparameter
tuning can improve performance directly. We leave this analysis for future work.

Stereo depth. We follow the same CroCo [89] evaluation protocol for stereo depth: full end-to-end
fine-tuning on the SceneFlow (final) [91] training set, evaluated on the SceneFlow final validation
set. We use the same Midway Networks [43] two-frame decoder and DPT head as in the optical flow
evaluation. We fine-tune all models for 32 epochs using default CroCo hyperparameters and report
average disparity error and bad pixel rates at 0.5px and 1px thresholds from the final checkpoint.

As with optical flow, we experiment with using intermediate representations from TDV’s motion
encoder as additional input to the DPT head. This variant results in average disparity error 6.93 for
the TDV base variant and 7.23 for the TDV small variant.

D.4 Compute Resources

Pretraining. All TDV, DINO, and iBOT pretraining runs were conducted on 2 NVIDIA H100
GPUs (80 GB GPU memory each). Each pretraining run trains for 20 epochs on SSv2 and takes
approximately 48 hours.

Semantic segmentation fine-tuning. UperNet fine-tuning on ADE20K and Cityscapes was run
on a single NVIDIA H100 GPU (80 GB GPU memory) for 320,000 steps, taking approximately 20
hours per run.

Optical flow fine-tuning. Optical flow fine-tuning on FlyingChairs, FlyingThings3D, and MPI-
Sintel was run on 2 NVIDIA H100 GPUs (80 GB GPU memory each) with BF16 precision enabled

in the CroCo codebase, taking approximately 48 hours per run.

Stereo depth fine-tuning. Stereo depth fine-tuning on SceneFlow was run on the same 2 NVIDIA
H100 GPUs (80 GB GPU memory each) for 32 epochs, taking approximately 16 hours per run.
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