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1 Introduction

Extracting optical flow from videos remains a core computer vision problem. While specialized
models exist [[14} 12} [11], they are often trained on synthetic data due to the high cost of labeling, or
self-supervised to satisfy training heuristics such as feature/photometric similarity. As a result, both
approaches struggle on real-world scenes containing complex dynamics due to an inherent domain
gap or mismatch of inductive biases.

A recent paradigm in both language and vision is to extract intermediates from large-scale pretrained
models that can implicitly learn features from their extensive training data which are useful for
various downstream tasks. Specifically in computer vision, prior work has shown that visual structure
such as depth [[10] and illumination [4] can be successfully extracted from large-scale video models.
These results suggest that generative video models have a strong understanding of scenes, and offer
a promising direction of using such models for optical flow. However, unlike in language where a
natural inference-time extraction procedure exists in the form of textual prompts, extracting different
visual properties from a video model often requires additional task-specific fine-tuning. For the
purpose of optical flow, this brings us back to the challenge of data sparsity: obtaining dense flow
labels from real-world videos is prohibitively expensive.

Therefore, we are interested in finding a zero-shot procedure for extracting optical flow from genera-
tive video models that does not require any additional fine-tuning. Such a procedure would allow
us to fully take advantage of the strong scene understanding capabilities of video models, while
bypassing any fine-tuning or learned readouts that would likely require training on synthetic data.

We draw inspiration from the Counterfactual World Modeling (CWM) paradigm [[1], which proposes
a zero-shot, visual prompting procedure for extracting optical flow from a next frame predictor by
placing a perturbation on the input image and tracking how that signal propagates to the next frame. In
particular, we identify the Local Random Access Sequence (LRAS) [7] model as a large-scale video
model with key properties: (1) locality of patch encodings and (2) the ability to decode the next frame
in any order, that make it particularly amenable to this CWM-like procedure. Finally, we propose
an enhanced KL-divergence-based procedure that directly utilizes the fact that LRAS is capable
of predicting entire distributions of plausible next-frame patches. Combined, these improvements
lead to a generalized, zero-shot flow extraction method that is robust against challening, in-the-wild
scenes, achieving state-of-the-art results compared to specialized baseline models on both TAP-Vid
DAVIS, consisting of real-world videos, and TAP-Vid Kubric, which is synthetic.



2 Related Work

2.1 Specialized Models for Optical Flow and Point Tracking

Optical flow quantifies the per-pixel 2D motion between a pair of frames. Most existing models,
trained specifically for this task, are supervised on synthetic video datasets with ground-truth dense
flow labels, e.g., Sintel [3]], FlyingChairs [5], and FlyingThings [8]. However, such a training scheme
is vulnerable to a domain gap that prevents generalization to real-world videos. The wide variety of
challenging motion and scene appearances that can appear in real-world videos are not fully simulated
in synthetic datasets. An alternative approach has been to develop self-supervised flow models [[11} 6]
that can train on real-world videos. However, such models often rely on task-specific architectures
and heuristics such as photometric consistency or smoothness. These hard-coded assumptions about
motion can breakdown in more complex (and thereby more realistic) scenes, e.g., in the presence of
sudden changes in light intensity or large motion.

2.2 Generative Video Models

On the other hand, large-scale video models are trained on diverse real-world data, without strong
assumptions of the underlying scene dynamics. State-of-the-art models such as Cosmos [9]] or Stable
Video Diffusion [2] are able to produce photorealistic next frame predictions, suggesting a deep
understanding of motion and scene transformations that emerges during pretraining. However, it
is non-trivial to utilize this property to extract useful visual structure for downstream tasks. In this
paper, we identify a zero-shot flow extraction procedure that can be applied to a class of generative
video models known as Local Random Access Sequence (LRAS) models [7]] to harness the power of
large-scale training for state-of-the-art optical flow.

3 Methods

3.1 Test-time inference procedure for extracting optical flow from video world models

Our base procedure of extracting optical flow from a next frame predictor has already been proposed
in the Counterfactual World Model (CWM) paper [1].

1. Step 1. Inject a small perturbation. Given duplicate initial frames F; and Fl, we perturb
F, with a small, “white” Gaussian centered at the query location z, (i.e., amplitude 255 on
each RGB channel, and a small fixed standard deviation o).

2. Step 2. Clean and Perturbed Predictions. We pass the clean initial frame F; and the
perturbed initial frame F} through the model, each with a sparse mask of the second frame
(Frasked) From this, we get two reconstructions of the second frame: (F}, Frasked _y )

and (1:"1, Fhasked _, Fg). In the ideal case, the model will push the perturbation forward

into the next frame in Fg, while no perturbation trace will exist in the clean prediction Fg.

3. Estimate optical flow. Finally, we can compute arg max || Fy — F5|| in the RGB space
to find the location x; to which the perturbation was carried, as that should be the only
difference between the conditioning of the two predictions.

This process can be generalized for any frame predictor that exposes some kind of interface for sparse
next-frame conditioning, e.g. certain classes of generative video models. Note that sparse conditioning
is necessary — unconditional generation of next frames would yield inconsistent predictions between

the two forward passes (F, and F5), and the delta will not be constrained to the injected perturbation.
Further, if the conditioning is not sparse, i.e. the next frame is entirely revealed, then the model
cannot carry over the perturbation, as the ground-truth (in which the perturbation does not exist) is
already leaked to the model.

3.2 Applying this procedure to LRAS

The process described above, while in theory applicable to different classes of generative video
models, is particularly suited for the recently proposed LRAS architecture [[7]. Not only does LRAS



directly expose the sparse-conditioning API, its differentiating properties also contain key desiderata
for controllable extraction: (1) Locality. It uses a local tokenizer that encodes each spatio-temporal
patch indepedent of global context. This is advantageous because a small perturbation added to
xp does not propagate globally, with its effects showing up in the reconstructed next frame in
unpredictable ways. In contrast, many video models [9] utilize global tokenizers. This may hurt
consistency between predictions, which is essential for the CWM-like procedure described above. (2)
Random Access. By incorporating pointer tokens, LRAS can perform random-order decoding of
the next frame. This provides a stronger conditioning, as the input sequence can consist of random
patches in the next frame instead of following some arbitrary structure, e.g. raster order. This can
expose more information of the next frame, leading again to more consistent generation and more
informative motion conditioning. (3) Predicting entire distributions. Finally, the LRAS model has
the capability to produce entire patch-wise distributions (which are subsequently sampled to produce
next-frame reconstructions). This distribution can be understood as capturing the entire world of
plausible outcomes, instead of regressing to a single state. As described in the next section, we make
use of this property to improve upon the CWM-like extraction procedure.

3.3 KL-tracing: Improving the zero-shot extraction procedure

Unlike deterministic regression models such as CWM [[1]], LRAS has the unique advantage of being
able to produce entire distributions of next frame patches. This property allows for an improved
version of the flow extraction procedure that detects the perturbation signal not in the RGB-space, but
rather in the distribution space. Intuitively, the model’s distribution will shift to account for the added
perturbation. However, this effect may be washed out during sampling if the distribution change is
subtle, and the delta may contain sampling noise that is irrelevant to the effects of the perturbation. To
mitigate this, we can compute the difference directly in the distribution space using KL-divergence.

1. Step 1. Inject a small perturbation. This part is equivalent to the CWM method; we inject
a white, Gaussian perturbation to the query location z,, producing clean and perturbed

frame 1, F} and F}.
2. Step 2. Clean and Perturbed Predictions. Similarly, we perform two forward passes.

However, instead of inspecting the reconstructed RGBs F, and F5, we directly inspect the
logits for the two predictions, yielding two sets of patch-wise logits: {z;;} and {Z;;}.

3. Step 3. Compute KL-divergence map. For every patch (i, ), we compute the KL-
divergence between the clean and perturbed logits: Dy (4,5) = KL[z;;]|Z;;]. Finally,
similar to the procedure applied to the RGB difference map, we apply an argmax to the
KL-divergence map to find the target location x;.

In Figure[T} we demonstrate the effect of using a KL-based procedure compared to an RGB-based
approach. Intuitively, for non-deterministic video models such as LRAS, there exists samples such
that the perturbation is not properly carried or spurious hallucinations are added to the predictions in
regions that are not conditioned. RGB difference requires committing to a single sample, which may
contain such noise; by computing divergence in the distribution space, we are performing a more
holistic analysis that encompasses all plausible samples.

Perturbed prediction KL difference RGB difference
Figure 1: Using KL divergence of prediction logits is better than using RGB differences. Using

KL-divergence and capturing difference in the distribution space often leads to stronger, and less
noisier perturbation signals. This in turn leads to better flow extraction.




4 Results and Discussions
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TAP-Vid First

S RAFT [12] 41.77 2533 54.37 66.40  71.93 5.60 82.15 88.54
SEA-RAFT [14] 43.41 20.18 58.69 66.34  75.06 6.54 84.63 89.50

U™ Doduo [6] 23.34  13.41 48.50 4791  54.98 31 72.20 73.56
U SMURF [11] 30.64 27.28 44.18 59.15  65.81 6.81 80.57 87.91
CWM [1.113] 15.00 23.53 26.30 76.63 2877 11.64 41.63 84.93

KL-LRAS (ours) 44.16 11.18 65.20 74.58  65.49 5.06 81.66 87.63

Table 1: TAP-Vid First: quantitative results on DAVIS and Kubric. Tracking starts when a
point first appears and continues to the video end, so large inter-frame gaps must be bridged. KL-
LRAS consistently outperforms both supervised and unsupervised two-frame baselines. For optical
flow baselines, occlusion is determined by a cycle consistency threshold. “S” = supervised, “U” =
unsupervised; Note that Doduo [6] is weakly supervised.

The results in Table[I]demonstrate the strength of our approach. The zero-shot inference-time flow
extraction on LRAS outperforms even specialized flow models that are trained on supervised, albeit
synthetic, labels. These results hold across different domains; TAP-Vid DAVIS consists of challening
real-world videos with large frame gaps and motion, while TAP-Vid Kubric is a synthetic dataset
more in-distribution to the training data of baseline flow models.

While not the main focus of this paper, our approach can naturally extend to compute occlusion.
Namely, given the KL-divergence map, we can apply a simple threshold to obtain a binary occlusion
signal (e.g. the magnitude of the largest KL divergence value will be different in the case that the
perturbation is not properly reconstructed due to it being occluded). For baseline flow models that
do not expose an occlusion API, we use cycle-consistency. In particular, occlusion is defined as the
event of mismatch between forward and backward flow prediction greater than 6 pixels.

5 Conclusion and Future Work

5.1 Taming LRAS for zero-shot optical flow

We propose a zero-shot procedure to extract optical flow from generative video models. We identify
the useful properties of LRAS that make it particularly suitable for this task, and develop a KL-
divergence based procedure to apply a CWM-style flow extraction in a more robust fashion. We find
that through this procedure, we can effectively harness the deep motion understanding of generative
video models that emerge from large-scale pretraining, bridging the domain gap that is present on
most specialized flow models trained on synthetic data.

5.2 Future work: Dense Flow via distillation

This paper offers a promising direction for using generative video models for optical flow. The natural
next step is to use this method as a labeler to obtain pseudo-labels on real-world videos, and distill
into a more efficient architecture for real-time dense flow prediction.
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