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Abstract

Recent progress in dense optical flow has been driven by
increasingly complex architectures and multi-step refine-
ment for test-time scaling. While these approaches achieve
strong benchmark performance, they also require substan-
tial computation during inference. This raises a fundamen-
tal question: Is scaling test-time computation the only way
to improve dense optical flow accuracy? We argue that it is
not. Instead, powerful visual semantic and geometric pri-
ors encoded in modern foundation models can reduce, if
not overcome, the need for computationally expensive it-
erative refinement at test-time. In this paper, we present
a framework that estimates dense optical flow in a single
forward pass, leveraging pretrained foundation represen-
tations, while avoiding iterative refinement and additional
inference-time computation, thus offering an alternative to
test-time scaling. Our method extracts visual semantic fea-
tures from a frozen DINO-v2 backbone and combines them
with geometric cues from a monocular depth foundation
model. We fuse these complementary priors into a unified
representation and apply a global matching formulation to
estimate dense correspondences without recurrent updates
or test-time optimization. Despite avoiding iterative refine-
ment, our approach achieves strong cross-dataset general-
ization across challenging benchmarks. On Sintel Final, we
obtain 2.81 EPE without refinement, significantly improv-
ing over state-of-the-art (SOTA) SEA-RAFT under compa-
rable training conditions and outperforming RAFT, GM-
Flow (without refinement), and recent FlowSeek in the same
setting. These results suggest that strong foundation priors
can substitute for test-time scaling, offering a computation-
ally efficient alternative to refinement-heavy pipelines.

1. Introduction

Dense optical flow is a fundamental problem in computer
vision, robotic perception, and machine vision. The task
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seeks to estimate a optical flow vector for every pixel be-
tween two consecutive images [33]. Accurate estimation
of optical flow enables a wide range of downstream ap-
plications, including video understanding [5], saliency de-
tection [20], action recognition [29, 36], dense 3D recon-
struction [3, 17, 19, 32], shape deformation modeling [14–
16, 18], and motion modeling [7]. Over the past decade,
deep learning methods have dramatically improved optical
flow accuracy. Architectures such as RAFT [37] and its
variants [39] achieve near-saturating performance on stan-
dard benchmarks. However, these improvements come at an
increasing computational cost. Modern pipelines rely heav-
ily on large annotated datasets, extensive training schedules,
and most critically multi-step test-time refinement, which
requires substantial inference-time compute.

This trend naturally raises a fundamental question: Is al-
locating more computation at time-time the only way for-
ward to improve optical flow performance? Recent de-
velopments in foundation models for visual representation
suggest an alternative viewpoint. Large-scale pretrained
models trained once on internet-scale datasets have demon-
strated strong transferability across diverse visual tasks, in-
cluding object detection [45], segmentation [44], depth es-
timation [42, 43], and geometric reasoning [23, 42]. Rather
than repeatedly training specialized architectures or increas-
ing inference-time computation, these models show that
powerful pretrained representations can generalize across
domains and tasks. This observation raises an intriguing
possibility for dense optical flow, i.e., instead of relying on
increasingly expensive test-time refinement unlike SOTA
[30, 39], we can leverage strong visual semantic and geo-
metric priors from foundation models to perform accurate
motion estimation directly.

Surprisingly, dense optical flow has remained largely
disconnected from such paradigm despite the rapid progress
of foundation models in other vision domains. Current
state-of-the-art approaches [30, 37, 39] continue to empha-
size architectural innovations, dataset scaling, and iterative
update mechanisms, treating optical flow as a task that must
be explicitly learned and repeatedly corrected during in-



ference. While these strategies improve benchmark per-
formance, they also reinforce the assumption that accurate
optical flow estimation requires task-specific feature en-
coders and expensive refinement procedures. Nevertheless,
as we know, dense optical flow is fundamentally a corre-
spondence problem, where the key challenge is to learn rep-
resentations that reliably match pixels across frames while
respecting scene structure and motion boundaries. Mod-
ern vision foundation models already encode many of these
properties, including strong semantic discrimination and
boundary-aware geometric cues. This observation suggests
that dense optical flow may benefit more from reusing pow-
erful pretrained representations than from further increasing
architectural complexity or test-time computation.

In this work, we revisit the dense optical flow problem
from a foundation model perspective. We argue that strong
semantic and geometric priors contained in modern pre-
trained models can significantly reduce the reliance on test-
time scaling through iterative refinement. Instead of allocat-
ing additional computation during inference, we investigate
whether carefully designed representations can enable accu-
rate motion estimation in a single forward pass. Our central
hypothesis is that dense optical flow can emerge from suffi-
ciently powerful visual semantic and geometric representa-
tions without repeated correction through iterative updates.

Concretely, we introduce a dense optical flow framework
that leverages two complementary foundation priors. First,
we extract semantic visual features from the self-supervised
DINO-v2 model [27], which provides spatially coherent
representations capable of capturing fine-grained visual cor-
respondence. Second, we incorporate geometric structure
using a monocular depth foundation model [43]. Although
depth prediction is learned from data rather than derived
from explicit geometry, modern depth prediction models
produce high-frequency structural cues and sharp bound-
aries that are particularly informative for correspondence
estimation near occlusions and motion discontinuities. By
combining these semantic and geometric signals, we con-
struct a unified representation suitable for dense matching.

The proposed framework fuses DINO-v2 features and
depth foundation representations within a global matching
formulation inspired by GMFlow [41]. Unlike RAFT [37],
SEA-RAFT [39], and very recently proposed FlowSeek
[30], our model performs optical flow estimation in a sin-
gle forward pass and does not require iterative refine-
ment to achieve competitive performance. Empirically, our
approach demonstrates strong cross-dataset generalization
across challenging benchmarks. On the Sintel Final bench-
mark, we achieve 2.81 EPE without refinement, substan-
tially improving over SEA-RAFT (4.32 EPE) under com-
parable training conditions and outperforming RAFT, GM-
Flow (without refinement), and FlowSeek in the same set-
ting. These results suggest that strong foundation priors

can partially substitute for test-time scaling in dense opti-
cal flow estimation. More broadly, our work highlights the
potential of foundation-model-driven inference pipelines to
reduce the reliance on refinement-heavy architectures and
large task-specific training pipelines. Our contributions are
summarized as follows:
• We propose a dense optical flow estimation framework

that operates without test-time refinement and leverages
frozen pretrained foundation models instead of training
task-specific encoders.

• We show that combining DINO-v2 visual semantic fea-
tures [27] with depth foundation representations [43] pro-
vides a powerful prior for dense optical flow correspon-
dence estimation.

• Our work demonstrate that strong pretrained represen-
tations can reduce reliance on iterative inference proce-
dures. Empirically, our framework achieves competitive
and often superior performance compared to refinement-
based SOTA approaches such as RAFT [37], GMFlow
[41], SEA-RAFT [39], and FlowSeek [30], including 2.81
EPE on Sintel Final without refinement.

2. Related Work
(i) Learning-Based Optical Flow. Deep learning has
greatly advanced the accuracy of dense optical flow esti-
mation. Early convolutional architectures such as FlowNet
[4, 9] and PWC-Net [34] positioned optical flow as a super-
vised regression problem over learned cost volumes, while
subsequent approaches introduced multi-scale processing
and feature warping strategies to improve efficiency and ro-
bustness [10, 35]. A major change occurred with RAFT
[37], which reformulated optical flow estimation as iterative
refinement over an all-pairs correlation field. RAFT dramat-
ically improved accuracy yet introduced recurrent update
operators that require multiple refinement steps at test time.
SEA-RAFT [39] further improved this paradigm by simpli-
fying the architecture and proposing probabilistic supervi-
sion and rigid-motion pretraining, showing a strong balance
between efficiency and accuracy. Despite these improve-
ments, current SOTA pipelines still rely heavily on multi-
step test-time iterative refinement to gain performance.

Transformer-based approaches have also been explored
to improve global correspondence reasoning. Methods such
as GMFlow [41] and FlowFormer [8] leverage attention
mechanisms to capture long-range dependencies and han-
dle large displacements. GMFlow reformulates optical flow
estimation as a global matching problem using attention and
softmax normalization, removing recurrent updates but still
learning flow-specific feature representations through su-
pervised training. FlowFormer extends this idea by propos-
ing cost-volume transformers to better model long-range
dependencies. While these models improve global reason-
ing, they depend on task-specific feature learning and often



benefit from additional refinement.

(ii) Geometric Priors in Optical Flow. Incorporating ge-
ometric cues into optical flow has long been explored as
a way to improve correspondence estimation [33]. Ear-
lier work often relied on piecewise rigid motion assump-
tions or geometric regularization [38]. More recently,
learning-based approaches have begun integrating depth
priors [21, 22] into optical flow pipelines. FlowSeek [30]
represents a very recent example of this direction. It in-
jects monocular depth predictions from foundation models
[43] into a RAFT-style architecture and introduces motion
bases to improve cross-dataset generalization. However,
FlowSeek still trains a flow-specific backbone and relies
heavily on iterative refinement to realize its performance
gains. In contrast, our work treats depth predictions as rep-
resentation priors rather than refinement guidance. Instead
of embedding depth within a recurrent refinement pipeline,
we directly fuse depth-aware features with semantic repre-
sentations to enable single-pass correspondence estimation.

(iii) Foundation Models as Visual Representation. Vision
foundation models have recently demonstrated remarkable
transferability across tasks. Self-supervised models such as
DINO [2] and DINO-v2 [27] learn semantically meaningful
feature representations that generalize well across domains
without task-specific supervision. In parallel, depth foun-
dation models such as Depth Anything [42, 43] have shown
strong cross-dataset generalization while producing high-
frequency geometric cues and sharp boundary predictions.
Despite the success of foundation models across many vi-
sual tasks, their role in dense optical flow remains largely
unexplored. Existing optical flow pipelines typically retain
task-specific encoders even when incorporating geometric
priors. In this work, we instead treat foundation models as
frozen representation priors and focus on designing an in-
ference pipeline that exploits their semantic and geometric
cues. By combining DINO-v2 features with depth founda-
tion representations and performing global correspondence
estimation without iterative refinement, our approach aligns
dense optical flow with the broader paradigm of foundation-
driven inference, reducing reliance on task-specific training
and test-time scaling.

Overall, our work differs from existing dense optical
flow models in three key aspects. First, unlike refinement-
based methods such as RAFT [37] and its extension SEA-
RAFT [39], which rely on recurrent update operators and
multi-step test-time refinement, our framework estimates
optical flow in a single forward pass without allocating ad-
ditional inference-time computation. Second, although our
matching formulation follows the global correspondence
strategy introduced in GMFlow [41], we depart from GM-
Flow by removing flow-specific feature learning and instead
relying on frozen foundation representations to drive cor-
respondence estimation. Third, while FlowSeek [30] inte-

grates depth foundation models into a refinement-based ar-
chitecture, it still trains a dedicated flow backbone and de-
pends on iterative updates to achieve its performance gains.
In contrast, we utilize both vision and geometric founda-
tion models as fixed representation priors and focus on de-
signing a lightweight inference pipeline that leverages them
for dense optical flow correspondence estimation. Taken
together, our approach shifts the emphasis from increas-
ing architectural complexity or test-time scaling toward
representation-driven optical flow, where strong pretrained
semantic and geometric features enable accurate motion es-
timation without iterative refinement.

3. Method
Given two consecutive RGB frames I1 ∈ RH×W×3, I2 ∈
RH×W×3, our goal is to estimate dense optical flow V ∈
RH×W×2, where H,W denote the height and width of the
image, respectively. We first extract dense visual features
using a vision foundation model (Sec. 3.1), and then incor-
porate monocular depth priors to encode geometric struc-
ture (Sec. 3.2). These complementary cues are integrated
through a joint cross-modal feature fusion strategy (Sec.
3.3), producing a unified representation for dense corre-
spondence estimation. Finally, we apply a transformer-
based global matching and flow propagation pipeline (Sec.
3.4) to infer optical flow in a single-pass, without itera-
tive refinement or test-time optimization. In contrast to
refinement-based optical flow pipelines, our framework es-
timates dense correspondences in a single forward pass by
leveraging pretrained semantic and geometric priors. The
overall loss function is provided in Sec. 3.5.

3.1. Foundation Visual Feature Extraction
Rather than learning a task-specific feature encoder as in
prior optical flow methods [30, 39], we reuse pretrained se-
mantic representations from vision foundation models. We
begin by extracting dense semantic visual representations
from each input frame using a frozen vision foundation
model [27]. Specifically, given I1, I2, we compute fea-
ture embeddings via a pretrained DINOv2-S (small) [27]
encoder:

FD
i = ΦDINO(Ii), i ∈ {1, 2}, (1)

where, ΦDINO denotes the DINOv2 backbone trained with
large-scale self-supervised learning. The resulting feature
maps are extracted at a spatial resolution of 1

8 relative to the
input image:

FD
i ∈ R

H
8 ×W

8 ×CD , (2)

where CD denotes the channel dimensionality of the DI-
NOv2 [27] features. DINOv2 representations provide
dense, spatially coherent embeddings that encode both se-
mantic consistency and fine-grained structural information.



Unlike task-specific optical flow encoders, these features
are learned from large-scale image collections without mo-
tion supervision, and therefore capture visual regularities
that generalize robustly across domains, appearance varia-
tions, and scene types. This property is particularly valu-
able in the zero-shot optical flow setting, where no dataset-
specific adaptation is permitted.

Importantly, we keep the DINOv2 [27] backbone frozen
at train and test time. This design choice serves two pur-
poses. First, it preserves the rich visual priors acquired dur-
ing large-scale pre-training thereby preventing overfitting to
motion-specific biases. Second, freezing the backbone sta-
bilizes optimization and ensures that optical flow estima-
tion is performed purely via inference over fixed foundation
representations, rather than through task-driven representa-
tion learning. As a result, our method decouples dense cor-
respondence estimation from optical-flow-specific feature
training, thus forming a key component of our approach.

3.2. Depth Prior Feature Encoding
To incorporate geometric context into dense optical flow
correspondence estimation, we extract depth-aware repre-
sentations from each input frame using a pretrained monoc-
ular depth foundation model. These geometric cues are par-
ticularly informative because motion discontinuities often
align with depth boundaries. Concretely, given input im-
ages I1, I2, we compute depth features as

FZ
i = ΦDepth(Ii), i ∈ {1, 2}, (3)

where ΦDepth denotes the frozen Depth Anything V2-B
(base) encoder [43]. Rather than relying on scalar depth
predictions alone, we utilize intermediate feature represen-
tations produced by the depth decoder. These features en-
code rich geometric structure, including depth discontinu-
ities, object boundaries, and spatial layout cues, while im-
plicitly capturing uncertainty in regions such as occlusions
and reflective surfaces [11] [12]. Prior works [31, 40] has
shown that such intermediate representations often provide
more informative and transferable geometric signals than fi-
nal depth, particularly in downstream tasks requiring dense
spatial reasoning. Since the native resolution and dimen-
sionality of the depth features differ from those of the DI-
NOv2 visual embeddings, we align them through a learn-
able projection module, i.e.,

F̃Z
i = Ψproj(F

Z
i ), (4)

where, Ψproj is a lightweight convolutional downsampling
network that maps the depth features to the same spatial res-
olution and channel dimensionality as FD

i . This projection
enables easy integration of geometric and semantic infor-
mation in subsequent processing stages, while remaining
agnostic to camera intrinsics or explicit 3D reconstruction
assumptions.

We emphasize that the depth encoder is kept frozen at
train and test time. In doing so, we treat monocular depth
estimation as a source of reusable geometric prior rather
than a task to be optimized jointly with optical flow. This
design ensures that our method preserves the strong gener-
alization properties of depth foundation models and adheres
to a strictly zero-shot setting, where dense optical flow is in-
ferred entirely from fixed, pretrained representations.

3.3. Cross-Modal Feature Fusion
As alluded to above, the semantic representations extracted
by DINOv2 and the geometric representations derived from
the depth foundation model encode complementary, yet in-
herently different information. While DINOv2 features em-
phasize semantic consistency and visual appearance, depth
features encode scene structure, boundaries, and geometric
discontinuities. To effectively leverage both modalities, we
construct a unified joint representation that integrates se-
mantic and geometric cues at the feature level. Specifically,
for each input frame, we first concatenate the DINOv2 fea-
tures and the projected depth-aware features along the chan-
nel dimension:

FC
i = Concat

(
FD

i , F̃Z
i

)
, (5)

where, FD
i denotes the semantic visual features extracted

by the DINOv2 backbone, and F̃Z
i denotes the depth-aware

features aligned in resolution and dimensionality as de-
scribed in Sec. 3.2. Rather than relying on direct concate-
nation alone, we pass the combined representation through
a learnable cross-modal fusion network Ψfusion. Mathemat-
ically,

F̂i = Ψfusion
(
FC

i

)
, (6)

where, Ψfusion consists of lightweight convolutional layers
with residual connections. This fusion network is designed
to explicitly model interactions between semantic appear-
ance cues and geometric structure. This enables the network
to reweight, suppress, or reinforce features across modali-
ties in a data-driven manner.

Our framework differs from FlowSeek [30], where depth
features are injected into a recurrent refinement rather than
shaping the correspondence representation itself. Crucially,
this fusion is performed before any correspondence match-
ing or motion estimation. By integrating semantic and ge-
ometric information early, the resulting representation en-
codes both appearance similarity and structural consistency,
which is essential for resolving ambiguities in challeng-
ing regions such as low-texture surfaces, repetitive pat-
terns, motion boundaries, and illumination changes. Un-
like approaches that inject geometric priors at later stages
or through iterative refinement, our fusion strategy produces
a single, coherent representation that the subsequent global
matching and propagation pipeline can directly consume.



Figure 1. Overview. The conventional CNN-based feature encoder is replaced with DINOv2 [27] to provide semantically rich, large-
scale self-supervised visual features, while original transformer-based feature interaction, global matching, and flow propagation modules
remain unchanged. In addition, monocular depth estimates from Depth Anything V2 [43] are introduced as a geometric prior to improve
feature conditioning and correspondence estimation.

Finally, we emphasize that the fusion network operates
entirely on frozen foundation features and introduces only
a modest number of learnable parameters. This design pre-
serves the strong cross-dataset generalization of pretrained
foundation representations while allowing sufficient flexi-
bility to reconcile modality-specific biases, ensuring that
dense optical flow estimation remains an inference prob-
lem over fixed, pretrained representations rather than a task
requiring domain-specific feature learning.

3.4. Global Matching and Propagation
The fused feature representations F̂1, F̂2 are first processed
through a transformer encoder to produce F1 and F2 ∈
RH

8 ×W
8 ×D for the two input frames, we then estimate dense

optical flow via a transformer-inspired global matching and
propagation pipeline. This design follows the global match-
ing formulation introduced in prior work [41], but is em-
ployed here strictly as a single-pass inference mechanism
operating on fixed foundation representations, without iter-
ative refinement or test-time optimization.
Global Matching. We first compute an all-pairs correlation
volume that measures the similarity between every spatial
location in the 1st frame and every location in the second
frame:

Cflow =
F1F

⊤
2√

D
∈ R

H
8 ×W

8 ×H
8 ×W

8 , (7)

where, D denotes the feature dimensionality. We convert
the correlation scores into a probabilistic matching distribu-
tion via a softmax over all candidate correspondences:

Mflow = softmax (Cflow) ∈ R
H
8 ×W

8 ×H
8 ×W

8 . (8)

Let G2D ∈ RH
8 ×W

8 ×2 denote the 2D coordinate grid of
the second frame. The expected correspondence for each
pixel in the first frame is then obtained as the expectation
under the matching distribution

Ĝ2D = Mflow G2D ∈ R
H
8 ×W

8 ×2. (9)

The initial dense optical flow field is computed as the dis-
placement between corresponding coordinates

V̂flow = Ĝ2D −G2D ∈ R
H
8 ×W

8 ×2. (10)

This formulation yields sub-pixel accurate correspondences
and enables global reasoning over large displacements with-
out relying on local search windows or recurrent updates.
We intentionally keep the matching operator unchanged to
isolate the effect of foundation-driven representations.
Flow Propagation. This step effectively spreads reliable
optical flow estimates across semantically and geometri-
cally consistent regions. The softmax-based matching for-
mulation assumes that reliable correspondences exist for all
pixels, which may not hold in occluded, textureless, or out-
of-boundary regions. To address this, we propagate flow
estimates using feature self-similarity within the first frame.
Specifically, we compute an attention matrix based on intra-
frame feature affinity as

A = softmax
(
F1F

⊤
1√

D

)
∈ R

H
8 ×W

8 ×H
8 ×W

8 , (11)

which captures structural similarity between pixels in the
reference frame. The final optical flow is obtained by prop-
agating reliable flow estimates across similar features:

V = AV̂flow ∈ R
H
8 ×W

8 ×2. (12)



Method #refine
Things (val, clean) Sintel (train, clean) Sintel (train, final)

EPE EPE s0−10 s10−40 s40+ EPE s0−10 s10−40 s40+
RAFT [37] 32 4.25 1.43 0.33 1.54 9.04 2.71 0.51 2.98 17.62
GMFlow [41] 0 3.48 1.50 0.46 1.77 8.26 2.96 0.72 3.45 17.70
GMFlow [41] 1 2.80 1.08 0.30 1.25 6.26 2.48 0.51 2.81 15.76
SEA-RAFT (S) [39] 4 - 1.27 - - - 4.32 - - -
FlowSeek (T) [30] 4 3.94 1.16 0.25 1.31 7.26 2.48 0.43 2.63 16.60
Ours 0 3.02 1.46 0.39 2.05 7.74 2.81 0.64 3.36 16.99
Table 1. Cross-dataset generalization after training on Chairs and Things. No target-domain fine-tuning is applied. Lower is better.

This proposed propagation allows information from confi-
dently matched regions to inform ambiguous or occluded
areas, leveraging the structural coherence encoded in the
fused foundation features.

Importantly, overall matching and propagation pipeline
is executed in a single forward pass, without recurrence,
iterative refinement, or test-time optimization. Combined
with the frozen foundation representations described in the
previous sections, this design ensures that dense optical
flow estimation is performed purely as inference over pre-
trained semantic and geometric priors, aligning with the
zero-shot formulation of our approach. Figure 1 provides
the overall pipeline of the proposed framework.

3.5. Training Loss

We supervise flow predictions using an ℓ1 regression loss
between the predicted flow and the ground-truth flow field.
The ℓ1 loss provides robustness to outliers and aligns with
the endpoint error metric used during evaluation. The loss
L is applied to both intermediate and final flow predictions,
with higher weight assigned to the final prediction.

L =

N∑
i=1

γN−i
∥∥∥v(i) − vgt

∥∥∥
1
, (13)

where, N denotes the total number of flow predictions, v(i)

denotes the predicted flow at stage i, and γ controls the rel-
ative weighting between intermediate and final predictions.

4. Experiments

Implementation details. We implement our approach in
PyTorch [28]. Training is conducted on two NVIDIA RTX
6000 GPUs using the AdamW optimizer [24]. Unless other-
wise stated, we keep all hyperparameters fixed across exper-
iments. We freeze DINOv2 visual backbone and the Depth
Anything V2 depth backbone throughout training and infer-
ence. Only the lightweight projection, fusion, and matching
modules are optimized. This design keeps the number of
trainable parameters small while isolating the contributions
of the pretrained semantic and geometric priors.

Datasets and evaluation setup. We follow the standard
optical flow training and evaluation protocol established in
[37, 39]. We train on synthetic datasets and evaluate gener-
alization on real-world benchmarks without target-domain
fine-tuning. Specifically, we train on FlyingChairs [4] and
FlyingThings3D [25], and then evaluate cross-dataset gen-
eralization on the Sintel [1] and KITTI [26] training splits.
For completeness and comparison with prior SOTA meth-
ods, we further report results after domain-specific fine-
tuning on Sintel and KITTI 2015. These fine-tuned results
are presented separately and do not support our main claims
about generalization without target-domain adaptation.

Metrics. We evaluate optical flow accuracy using the stan-
dard endpoint error (EPE), defined as the average ℓ2 dis-
tance between predicted and ground-truth flow vectors over
all pixels. To provide a more fine-grained analysis across
motion regimes, we report EPE stratified by ground-truth
flow magnitude: s0–10, s10–40, and s40+, corresponding to
pixel displacements of 0–10, 10–40, and greater than 40
pixels, respectively. For Sintel, we report both overall EPE
and these motion-stratified metrics. For KITTI 2015, we
also report F1-all, which measures the percentage of outlier
pixels under the official KITTI evaluation protocol.

Training protocol. Training proceeds in stages. We first
train on FlyingChairs for 200k iterations using a batch size
of 16, a learning rate of 4× 10−4, and random crops of size
384 × 512. We then continue training on FlyingThings3D
for 800k iterations with a reduced learning rate of 2× 10−4

and crop size 384 × 768. For fine-tuning experiments, we
adopt a mixed training set consisting of KITTI [6], HD1K
[13], FlyingThings3D, and Sintel (denoted as TSKH), and
train for an additional 200k iterations using crops of size
320× 896. Finally, for the KITTI 2015 evaluation, we fine-
tune the model for 90k iterations with a batch size of 8, a
learning rate of 2× 10−4, and a crop size of 320× 1152.

4.1. Cross-Dataset Generalization
Table 1 summarizes cross-dataset generalization results af-
ter training exclusively on FlyingChairs and FlyingTh-
ings3D, with no target-domain fine-tuning at test time. This
setting is deliberately challenging, as it probes whether a



model trained on synthetic data can transfer to domains
with substantially different appearance, motion statistics,
and rendering characteristics. Overall, our method gener-
alizes strongly across synthetic and real benchmarks. On
the FlyingThings3D validation set, our approach achieves
an EPE of 3.02, outperforming RAFT and GMFlow with-
out refinement, while competitive with methods that rely
on iterative updates. Notably, this performance is obtained
without recurrent refinement or test-time optimization.

On Sintel, our method shows a clear advantage on more
challenging Final pass. In particular, we achieve an EPE
of 2.81 on Sintel Final, substantially improving over SEA-
RAFT (4.32 EPE) despite SEA-RAFT employing multiple
refinement steps. Compared to GMFlow without refine-
ment, our method also achieves lower overall error on Sin-
tel Final while operating in a strictly single-pass inference
regime. When compared to FlowSeek [30], our approach
attains comparable performance on both Sintel passes, de-
spite FlowSeek benefiting from additional pretraining on
TartanAir. Taken together, these results support our central
hypothesis: stronger semantic and geometric priors can par-
tially substitute for increased inference-time computation in
dense optical flow estimation.

4.2. Results on Sintel and KITTI

Results on Sintel. Table 2 reports performance on Sintel
train set after training on Chairs, Things, and the mixed
TSKH dataset. Overall, our method achieves competitive
performance on both Clean and Final passes, despite op-
erating in a single-pass setting without iterative refinement
or additional large-scale pretraining. On the more chal-
lenging Sintel Final split, our approach outperforms RAFT,
GMFlow without refinement, and FlowSeek, while remain-
ing close to refinement-based GMFlow. This trend is no-
table because refinement-based methods explicitly revisit
and correct flow estimates via multiple update iterations,
whereas our model relies on a single forward pass over
frozen foundation representations. These results shows that
the use of visual semantic and geometric representation pri-
ors captures sufficient global context to handle the appear-
ance changes and motion patterns present in Sintel Final.

SEA-RAFT [39] achieves the strongest performance on
both Sintel splits. As shown in Table 2, this gap likely re-
flects differences in both training scale and auxiliary pre-
training. In particular, SEA-RAFT is trained using sub-
stantially larger compute resources, e.g., 8× NVIDIA L40
GPUs compared to 2× RTX 6000 GPUs in our setup, cor-
responding to approximately 4× higher effective training
compute. This difference is also reflected in larger effective
batch sizes and higher-resolution training crops (batch size
32 with 432 × 960 crops for SEA-RAFT versus batch size
8 with 320 × 896 crops in our training). Moreover, both
SEA-RAFT and FlowSeek benefit from additional pretrain-

Method Extra Data #refine Sintel Clean (EPE) Sintel Final (EPE)
RAFT [37] – 32 0.768 1.217
GMFlow [41] – 0 0.947 1.276
GMFlow [41] – 1 0.762 1.110
SEA-RAFT (S) [39] TartanAir 4 0.546 0.782
FlowSeek (T) [30] TartanAir 4 0.71 1.28
Ours – 0 0.847 1.140

Table 2. Performance on the Sintel train set after training on
Chairs, Things, and mixed datasets (TSKH). Our method outper-
forms RAFT, GMFlow (wo refinement), and FlowSeek on Sintel
Final. SEA-RAFT performs best on both splits, likely due to dif-
ferences in training scale and extra pretraining, including substan-
tially larger effective batch sizes (32 with crop size 432×960 for
SEA-RAFT versus 8 with crop size 320× 896 in our training).

ing on TartanAir, which introduces greater scene diversity
and motion variability beyond the TSKH mixture. Despite
these advantages, our approach remains competitive, high-
lighting the effectiveness of foundation-model-driven rep-
resentations for dense optical flow estimation.

Results on KITTI. Table 3 presents results on the KITTI
train set after fine-tuning on KITTI following training on
Chairs, Things, and TSKH. Our framework achieves perfor-
mance comparable to GMFlow without refinement, while
using frozen foundation priors rather than learned flow-
specific encoders. Although refinement-based methods
such as SEA-RAFT and FlowSeek obtain lower EPE and
F1-all scores, they benefit from both recurrent update mech-
anisms and pretraining on TartanAir, which provides optical
flow priors and scene structures closely aligned with KITTI.

KITTI poses additional challenges due to frequent occlu-
sions, thin structures, and sharp motion boundaries. Itera-
tive refinement is particularly effective in such scenarios as
it allows a model to correct local errors and enforce spatial
consistency. In contrast, our framework deliberately avoids
refinement to maintain a simple, scalable inference pipeline
based on frozen foundation model priors. The observed per-
formance gap, therefore, reflects a trade-off between archi-
tectural simplicity and fine-grained local accuracy.

For completeness, we note that FlowSeek [30] does not
release a checkpoint trained exclusively on KITTI; conse-
quently, we evaluate it using the publicly available model
trained under a mixed-dataset setting. Overall, these re-
sults indicate that while refinement and additional pre-
training remain beneficial for achieving peak performance
on KITTI, foundation-model-driven representations already
provide a strong baseline. Incorporating lightweight re-
finement mechanisms or larger-scale pretraining remains
a promising direction for improving performance further
without abandoning the foundation-based paradigm.

5. Ablation

1. Performance analysis of the proposed fusion mod-
ule. We analyzed the impact of the proposed fusion mod-



RAFT [37] GMFlow [41] SEA-RAFT [39] FlowSeek [30] Ours
Figure 2. Qualitative comparison on Sintel (Final). This benchmark contains severe motion blur, illumination variation, and large
displacements. Despite operating without iterative refinement, our method preserves sharp motion boundaries and produces accurate flow
estimates, performing comparably to—and in some cases better than—refinement-based approaches.

Method Extra Data #refine KITTI EPE KITTI F1-all
RAFT [37] – 32 0.63 1.47
GMFlow [41] – 0 2.06 7.57
GMFlow [41] – 1 1.36 5.17
SEA-RAFT (S) [39] TartanAir 4 0.93 2.65
FlowSeek (T) [30] TartanAir 4 1.26 3.90
Ours – 0 1.99 7.40

Table 3. Performance on the KITTI train set after fine-tuning
on KITTI, following training on Chairs, Things, and the mixed
TSKH dataset.

ule, which integrates visual semantic features from DINOv2
with geometric cues from the depth foundation model.
As shown in Table 4, enabling the fusion module consis-
tently improves cross-dataset generalization across popular
benchmarks. On FlyingThings3D, fusion reduces the EPE
from 3.52 to 3.02, indicating that combining visual and ge-
ometric priors improves correspondence estimation even on
synthetic validation data. The improvement is more pro-
nounced on the Sintel benchmark. On the Clean split, fusion
reduces EPE from 1.575 to 1.46, while on the more chal-
lenging Final split, the error decreases from 3.12 to 2.81,
corresponding to approximately a 10% relative improve-
ment. A motion-stratified study further highlights the ben-
efits of fusion across displacement regimes. In particular,
the largest gain appears in the large-motion regime (s40+)
on Sintel Final, where EPE decreases from 19.37 to 16.99.

Method Things (val, clean) Sintel (train, clean) Sintel (train, final)
EPE EPE s0−10 s10−40 s40+ EPE s0−10 s10−40 s40+

(w/o) Fusion 3.52 1.575 0.45 2.01 8.53 3.12 0.685 3.57 19.37
(w/) Fusion 3.02 1.46 0.39 2.05 7.74 2.81 0.64 3.36 16.99

Table 4. Ablation study evaluating the contribution of the pro-
posed fusion module.

2. Usefulness of depth features. To analyse the usefulness
of depth feature, we train the depth model for 100k itera-

tions on the FlyingChairs dataset with and without depth
features. For evaluating the variant without depth, we also
exclude the cross-modal fusion module used for feature in-
tegration. We observed that incorporating depth features
leads to a significant improvement in dense optical flow es-
timation, reducing the EPE from 1.77 to 0.87.

6. Conclusion and Limitations

In this paper, we present a dense optical flow estimation
framework that utilizes pretrained complementary visual
priors from foundation models. By using frozen representa-
tions from DINOv2 [27] and a monocular depth from [43]
foundation model and integrating them via a lightweight
fusion and global matching pipeline, our approach esti-
mates optical flow in a single forward pass without task-
specific backbone training, iterative refinement, or test-time
optimization. Experimental evaluations show strong cross-
dataset generalization. Moreover, our ablation show that
strong foundation model representations have the potential
to substitute for test-time scaling in dense optical flow.

Despite encouraging results, our work has a few limita-
tions. First, our proposed approach may yield lower accu-
racy in challenging scenarios involving heavy occlusions,
thin structures, or fine motion boundaries. Next, our ap-
proach depends on the availability and quality of large pre-
trained foundation models, whose training costs lie outside
the scope of this work and whose representations may carry
biases inherited from large-scale datasets. Addressing these
limitations opens promising research directions.
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