
Triangular Consistency as a Universal Constraint
for Learning Optical Flow

Yi Xiao1, Carlos Rodriguez Coronel1, Jing Zhan1, Haniyeh Ehsani Oskouie2,
Alex Wong3, and Dong Lao1

Correspondence to: {yi.xiao,dong.lao}@lsu.edu

1 Louisiana State University, Baton Rouge, LA 70803, USA
2 University of California, Los Angeles, Los Angeles, CA 90025, USA

3 Yale University, New Haven, CT 06520, USA

Abstract. We propose triangular consistency as a first-principled con-
straint for optical flow, which is agnostic to network architecture, super-
vision type, and dataset, and applies to both image-pair and multi-frame
settings. This simple but powerful constraint is to compose two flows to
induce a third flow and enforce consistency among the three. The com-
posed flows may arise from (i) image pairs, yielding cycle consistency; (ii)
multiple video frames, producing longer-range motion through temporal
chaining; or (iii) image pairs combined with controlled synthetic transfor-
mations, which becomes data augmentation. This triangular consistency
introduces negligible computational overhead and requires no additional
annotations. Since it is derived directly from the geometry of optical
flow, it does not rely on model-specific assumptions and serves as a “uni-
versal” plug-and-play component for optical flow training. Experiments
show consistent improvement across supervised, unsupervised, and trans-
fer learning settings. Code: https://github.com/lsuvision/tri-flow.
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1 Introduction

The concept of optical flow was introduced by J. J. Gibson in the 1940s to
describe visual motion projected onto the retina [15], decades before the emer-
gence of computer vision. When the term was later adopted by computer sci-
entists [17]4, our computational system inevitably converted this instantaneous
quantity into a problem of inference from discrete frames, usually frame pairs. At
first glance, this appears to be a straightforward computational discretization.
However, if we consider the underlying physical process, optical flow, at its core,
measures a continuous non-rigid transformation of coordinate systems of the un-
derlying scene. Different temporal samplings of the same process must therefore
obey a fundamental physical rule: they agree under composition [30, 33, 42]. If

4 Lucas-Kanade [38] appeared slightly earlier; however, Horn-Schunck [17] is typically
credited with introducing the term optical flow into the computer vision literature.

https://github.com/lsuvision/tri-flow
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one mapping transports coordinates from an initial configuration to an inter-
mediate one, and another transports them from the intermediate configuration
to a final one, then their composition uniquely determines the transformation
between the initial and final coordinates. Such transformations can be chained
indefinitely, yet consistency always holds. As such, compositional consistency is
first-principled : it is neither a computational assumption nor a regularization
heuristic; it is directly grounded in the physics of the scene.

This knowledge by itself is nothing new. Multi-frame optical flow [13,47,48]
and point tracking [7,27,33] have long used chained optical flow to improve long-
range estimation. However, this compositional nature is not made explicit as a
regularizing constraint. Modern learning-based optical flow methods [11,54,56],
in contrast, are predominantly formulated as predicting displacement between
two frames. While some multi-frame paradigms [10, 21, 22, 34, 49] also exploit
consistency among more than two frames, they mostly build upon linear motion
(constant speed) assumptions. The constraint that optical flows should agree
under composition remains largely overlooked.

In this paper, we take the first step to fill this gap by studying the sim-
plest form of composition: we consider only three frames (i.e., triangular): given
two consecutive optical flows, their composition should match the flow directly
estimated between the first and the last frames. Cycle consistency [45], where
forward and backward flows between image pairs result in the identity mapping,
becomes a special case, while temporal chaining of three consecutive frames
and consistency under asymmetric transformations arise from the same princi-
ple. This first-principled relation provides a universal supervision signal: when
ground truth is unavailable, it acts as a constraint for self-supervision; when
ground truth is available, it enables controlled data augmentation by generating
new pseudo-labels. To our knowledge, triangular consistency has not been sys-
tematically adopted by optical flow literature, and we present the first compre-
hensive evaluation of this principle across supervised, unsupervised, and trans-
fer learning, spanning multiple architectures and datasets. Through the experi-
ments, we examine how far compositional consistency can improve optical flow
accuracy. Specifically, our contributions are:

– A universal geometric constraint. We formalize triangular consistency,
the minimal compositional relation among three flows, and instantiate it as
a training loss agnostic to architectures, supervision types, and datasets.

– Three training regimes, one principle. We show how the same compo-
sitional rule yields (i) temporal compositional supervision on frame triplets,
(ii) cycle consistency between image pairs, and (iii) a data augmentation
scheme generating pseudo-ground-truth optical flow analytically.

– Practical integration. The resulting training losses are lightweight, re-
quire no additional labels, and can be added to existing pipelines without
modifying the estimator.

– Consistent empirical gains. Across transfer, unsupervised, and super-
vised training, triangular consistency improves accuracy and/or cross-dataset
generalization, with strong gains in transfer and out-of-domain evaluation.
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We observe up to 18.1% gain under single-epoch adaptation, 6-8% improve-
ments under unsupervised training, and up to 23.1% cross-dataset gain under
supervised training. In summary, triangular consistency provides a simple yet
principled mechanism to improve optical flow learning. It can be readily in-
tegrated into existing training pipelines without architectural modifications or
additional human supervision, yielding consistent improvements.

2 Related Work

Optical flow literature is extensive, and we only highlight some of the most
relevant advancements, especially those related to consistency.
Optical flow was formulated with explicit data terms and regularization in
earlier model-based and variational literature [1, 3, 5, 6, 17, 46, 52, 66–68]. Deep-
learning-based methods largely inherit this framing but replace hand-crafted
priors with learned matching and refinement by neural networks. Representative
milestones include FlowNet [11], pyramidal warping and cost volumes in PWC-
Net [54], and the strong all-pairs iterative paradigm of RAFT [56], followed
by architectural variants improving either efficiency or robustness [9, 18, 51, 55,
60, 69, 74]. While these works mainly advance architectures and data scale, our
focus is orthogonal: we introduce a first-principled supervision derived from the
compositional nature of displacement fields. Therefore, it can be integrated into
existing training pipelines without modifying the estimator.
Consistency as supervision signal. When ground-truth flow is unavailable,
supervision is commonly derived from photometric consistency: the predicted
flow warps the target image, and the discrepancy between the source image and
the warped target image provides a supervision signal [45,70]. Because photomet-
ric constancy is imperfect and breaks under occlusion, later pipelines typically
incorporate robust penalties, explicit occlusion reasoning, or distillation/pseudo-
labeling to filter unreliable regions [21,26,35,36,40,59]. A complementary family
of supervision signals is motion consistency that enforces agreement among pre-
dictions produced from different directions, frames, or transformations [23, 34,
50]. Specifically, geometric augmentation has also been explored by augmenting
the source and target image with the same (symmetric) transformation (e.g.
rotation), so that the optical flow can be augmented accordingly [34]. These
methods motivate our work, but typically instantiate specific proxy constraints
tied to particular training setups. In contrast, we derive a single compositional
rule as a universal constraint that subsumes cycle consistency while generalizing
to temporal chaining and asymmetric augmentation.
Composition, chaining, and long-range correspondence. Composition of
displacement fields has long been exploited when moving beyond two-frame es-
timation [29,31,58,75]. Layered motion models provide a principled view of why
composition may fail at occlusion boundaries and how multiple motion modes
coexist [30,32,53], and recent benchmarks further emphasize multi-layer and non-
Lambertian challenges [61]. In parallel, recent advances in dense tracking revisit
optical flow as a building block for long-term trajectories through chaining and
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Fig. 1: Triangular consistency as a universal compositional principle. Optical
flow fields compose. Triangular consistency enforces that the flow between two frames
agrees with the composition of intermediate flows. Cycle consistency arises as a special
case when the composition returns to the same frame (left). The same principle natu-
rally generalizes to video through temporal chaining across multiple frames (middle),
and further extends to synthetic transformations, enabling controlled data augmenta-
tion for optical flow without additional annotations (right).

refinement [7, 8, 27, 33, 42, 57]. These works primarily employ flow composition
to initialize correspondence. Our contribution differs in scope and objective. We
formulate composition as an explicit supervision signal through the simplest
non-trivial compositional structure, a triangle (Fig. 1), and evaluate it across
supervised, unsupervised, and adaptation settings. By treating composition as a
universal learning constraint rather than solely as a tracking strategy, triangular
consistency introduces a principled supervision mechanism that has not been
explicitly incorporated into the optical flow training pipeline.

3 Method

3.1 Formalization

Let It : Ω → Rk (k = 3 for RGB) denote an image at time t, where Ω ⊂ R2 is
the image domain. Let vt,t+1 : Ω → R2 denote the optical flow from frame t to
t+1, and define the corresponding warp wt,t+1(x) = x+ vt,t+1(x). Similarly, for
any pair (t, s) we write wt,s(x) = x+ vt,s(x).
Compositional Structure. As in Sec. 1, we view displacement fields as non-
rigid coordinate transformations and therefore compose. Given three frames
It, It+1, It+2 from the same scene, the composed warp from t to t+ 2 is

w̃t,t+2(x) = wt+1,t+2

(
wt,t+1(x)

)
. (1)

In displacement form (i.e. optical flow vectors) this becomes

ṽt,t+2(x) = vt,t+1(x) + vt+1,t+2

(
x+ vt,t+1(x)

)
. (2)

Triangular consistency requires that this composed flow agree with the di-
rectly estimated flow: vt,t+2(x) ≈ ṽt,t+2(x), which expresses the simplest non-
trivial compositional relation among three frames. As shown in Fig. 1, cycle
consistency is a special case where the composition returns to the same frame,
while temporal chaining and controlled augmentation arise from the same rule.
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Triangular Consistency Loss. We thus define the triangular residual at pixel
x as rt,t+1,t+2(x) = vt,t+2(x) − ṽt,t+2(x). To mitigate the effect of outliers, we
penalize it with a robust norm ρ(·), yielding triangular consistency loss

Ltri =
∑
x∈Ω

Mt,t+1,t+2(x) ρ(∥rt,t+1,t+2(x)∥2) , (3)

where Mt,t+1,t+2(x) ∈ [0, 1] is a validity mask discussed below.
Occlusion. In 2D images, pixels may become occluded or disoccluded between
frames. In such regions, the mapping wt,t+2 is not the composition of visible cor-
respondences unless a layered motion model is available [20,30,53]. Since typical
optical flow methods do not explicitly maintain a multi-layer representation,
compositional consistency is violated at occlusion boundaries.

To address this, we construct Mt,t+1,t+2(x) using forward-backward con-
sistency checks. Regions that violate such consistency constraints are down-
weighted. This ensures that triangular consistency is enforced primarily on re-
gions where valid motion correspondences can be established across frames.

3.2 Learning Objective

Cycle Consistency. When (i, j, k) = (t, t+1, t), triangular consistency reduces
to forward-backward cycle consistency: vt,t+1(x)+ vt+1,t(x+ vt,t+1(x)) ≈ 0. The
corresponding loss is Lcyc =

∑
x ρ(∥vt,t+1(x) + vt+1,t(x+ vt,t+1(x))∥2) .

Temporal Compositional Consistency. For three distinct frames (i, j, k) =
(t, t+1, t+2), we enforce vt,t+2(x) = vt,t+1(x) + vt+1,t+2(x+ vt,t+1(x)), leading
to Ltemp =

∑
x ρ(∥vt,t+2(x)− ṽt,t+2(x)∥2) .

Augmentation Consistency. Let A be a known affine transformation. Given
I ′1 = A(I1), the induced analytical flow from I1 to I ′1 is v1,1′(x) = A(x) − x.
Triangular consistency enforces v0,1′(x) = v0,1(x) + v1,1′(x + v0,1(x)). The loss
is Laug =

∑
x ρ(∥v0,1′(x)− v0,1(x)− v1,1′(x+ v0,1(x))∥2) .

Complete Objective. Let Lbase denote the baseline loss (supervised loss, pho-
tometric reconstruction, flow smoothness, etc.). The overall objective becomes

Ltotal = Lbase + λcycLcyc + λtempLtemp + λaugLaug. (4)

As such, the training objective Eq. (4) is architecture-agnostic and can be
directly integrated into existing optical flow models without modification, func-
tioning as a plug-and-play supervision component.

3.3 Implementations

Flow Composition. In Eq. (2), the term vt+1,t+2

(
x+ vt,t+1(x)

)
requires eval-

uating vt+1,t+2 at displaced coordinates. This is implemented by bilinear inter-
polation on a coordinate grid. Coordinates that fall outside image bounds are
treated as invalid and excluded from the loss. Importantly, we do not warp im-
ages. Instead, the composition is applied directly to the flow field. As a result,
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the supervision depends purely on the geometric relation between coordinates
and is independent of color, texture, or image-feature consistency.
Controlled Augmentation. For augmentation consistency, we sample a trans-
formation consisting of translation t = (tx, ty)

⊤, rotation θ, and scale s. Given
the image center c = (cx, cy)

⊤, the forward transform from I1 to I ′1 is

A(x) = Rs(x− c) + c+ t, Rs = s

(
cos θ − sin θ
sin θ cos θ

)
. (5)

For resampling, we use the corresponding inverse map A−1(x) = Mx+ b, where

M = R−1
s =

1

s

(
cos θ sin θ
− sin θ cos θ

)
, b = c−M(c+ t). (6)

This gives an exact inverse mapping, and I ′1 can be sampled from I1 accordingly.
Now let v01 be the optical flow from I0 to I1, either from the ground truth or

model prediction. Define base pixel coordinates x and transported coordinates
y = x+ v01(x). The augmented target position is

y′ = A(y). (7)

The induced flow from I0 to the augmented frame I ′1 is then

v′01(x) = y′ − x. (8)

Eq. (8) is entirely analytical and computed in closed form. The augmented
flow v′01 is thus obtained through direct coordinate transformation and does
not require any image resampling or grid-based interpolation. Consequently, the
supervision signal is free from interpolation artifacts regardless of the magnitude
or complexity of the sampled transformation.

Importantly, although the augmented image may contain invalid regions due
to pixels mapping outside the image domain, the induced optical flow field re-
mains well-defined for every pixel in the source frame. The benefit of this prop-
erty is non-trivial for supervising optical flow: the augmented ground-truth flow
preserves all the spatial regularities and smoothness of the original displacement
field without invalid pixels at image boundaries or artifacts caused by resampling.
As a result, triangular augmentation remains free from artifacts even under ag-
gressive transformations.
Occlusion Filtering. Occlusion violates cycle consistency and temporal com-
positional consistency. We therefore need to explicitly exclude occluded regions
in the training loss. Specifically, we compose forward and backward flows, and a
pixel is considered valid if it lands close to its original position after forward and
then backward mapping. Pixels that violate this consistency are down-weighted
through an occlusion mask derived from the residual. Importantly, this procedure
evaluates the consistency of coordinate mappings rather than color similarity via
reprojection [45]. In practice, we compute this compositional residual directly
from the predicted flows, and weight the loss using a robust norm (Eq. (3)), so
that unreliable regions are softly suppressed.
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Speed. The proposed constraint introduces negligible computational overhead.
At 386×496, the interpolation required for flow composition takes approximately
0.00030 seconds, while affine augmentation for both the image and optical flow
requires 0.00073 seconds on an NVIDIA RTX Pro 6000 Blackwell GPU, which
is negligible in practice. For example, in the setting of Sec. 4.1, when training
a RAFT-Large [56] model, the compositional operations and loss evaluation in
total account for 0.12% of the total training wall-clock time, indicating that
triangular consistency can be incorporated into existing training pipelines with
essentially no measurable slowdown.

4 Experiments

To isolate the effect of the proposed compositional constraint, we select two
widely used yet relatively minimal optical flow frameworks as baselines. For un-
supervised learning, we adopt ARFlow [34]. For self-supervised adaptation and
supervised learning, we use RAFT [56]. These choices allow us to attribute
performance changes directly to triangular consistency without auxiliary engi-
neering components. Many subsequent methods, including SMURF [50], largely
combine ARFlow-style self-supervised objectives with RAFT-style architectures.
Crucially, our method introduces only additional supervision and does not alter
the estimator or the original training loss. Thus, it is compatible with existing
and future optical flow methods, and improvements observed in our experiments
are expected to transfer to subsequent methods.

We test across synthetic and real-world datasets: FlyingChairs [11] and
FlyingThings3D [39] provide large synthetic motion with diverse displace-
ments and occlusions; MPI-Sintel [4] offers complex non-rigid motion, and
its Final setting introduces effects such as motion blur and atmospheric distor-
tions; KITTI [14] is a real driving benchmark with ground truth derived from Li-
DAR/3D reconstruction. We also report zero-shot transfer results on HD1K [28]
(high-resolution driving sequences) and Middlebury [2] (real scenes with small-
to-medium motions). We report standard endpoint error (EPE). For KITTI, we
report Fl-all, the percentage of optical flow outliers over all ground-truth pixels.
A pixel is counted as an outlier when its endpoint error is at least 3 pixels and
at least 5% of the ground-truth flow magnitude [41].

4.1 Self-Supervised Adaptation

We first test how triangular consistency alone can improve an optical flow model.
Our goal is to push the limit of using only consistency as supervision, without
any auxiliary signals (e.g., photometric reconstruction or smoothness), even if
they do not require labels and may result in additional improvement. To this
end, we adapt pre-trained optical flow models to new domains without using
labeled data in a few-shot setting: a single epoch of self-supervised adaptation,
after which the adapted model is evaluated on frames that were not used during
the adaptation stage, resembling a practical test-time adaptation scenario.
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Fig. 2: Self-supervised adaptation with triangular consistency. Given input
frames (I0, I1, I2), the teacher network predicts flows ṽ01 and ṽ12, which are composed
to produce the reference flow ṽ02. The student network predicts v02 and is trained
by enforcing consistency with this composed reference. In parallel, a random affine
transformation generates an augmented frame Ĩ1, inducing the analytically defined
flow ṽ′01. The student prediction v′01 is required to match this reference. The teacher
parameters are updated using an exponential moving average (EMA) of the student.

Method. We start from RAFT models pre-trained on FlyingChairs or Fly-
ingThings3D and adapt them to Sintel using neither labels nor photometric or
smoothness losses: the only training signal is triangular consistency. Note that
we perform adaptation on Sintel’s unlabeled test split and evaluate on its labeled
training split.5 This yields a lightweight, test-time-style calibration setting: with
batch size 12, one epoch corresponds to 45 iterations and takes 84 seconds on an
NVIDIA RTX Pro 6000 Blackwell GPU. Notably, to isolate the effect of the pro-
posed constraint, we freeze normalization statistics during adaptation, so that
the model performs no running-stat updates during training (verified by a san-
ity check). This practice prevents misattributing spurious gains from trivially
recalibrating batch statistics to the target data domain.

To stabilize the adaptation process, we adopt a teacher-student self-distillation
scheme [16]. The loss is back-propagated only through the student model, while
the teacher model is updated using an exponential moving average (EMA) of
the student parameters. This scheme is summarized in Fig. 2. The teacher pre-
dicts the shorter-range flows ṽ01 and ṽ12, while the student predicts the longer-
range flow v02. We then penalize the discrepancy between the student’s direct
prediction v02 and the composed teacher prediction ṽ02. This effectively chains
two smaller-displacement, typically more accurate, flows to supervise a larger-
displacement flow. In parallel, we enforce augmentation consistency similarly. A
random affine transformation is sampled and applied to frame I1 to produce the
augmented frame Ĩ1, which also induces flow ṽ′01. The loss is computed between
the student prediction v′01 and the reference flow ṽ′01.

5 Sintel’s official evaluation server does not permit repeated evaluation on the test split.
We therefore use the available labels from the training split only for evaluation. This
experiment is intended as a controlled test of triangular consistency; in practice, the
same adaptation can be combined with other forms of self-supervision.
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Table 1: Self-supervised adaptation by
triangular consistency. Under extremely
constrained settings: one epoch (45 iterations)
using unlabeled data and only triangular con-
sistency, accuracy improves significantly.

Pre-training Method Clean Final

FlyingChairs
Pre-trained 2.54 4.67

+ consistency 2.08 3.95
Improvement 18.1% 15.4%

FlyingThings3D
Pre-trained 2.01 3.41

+ consistency 1.73 3.13
Improvement 13.9% 8.2%

Results. Tab. 1 demonstrates
that consistency alone already
leads to substantial improvements
in optical flow. Even with an
extremely small adaptation bud-
get, the pre-trained models consis-
tently improve across Sintel bench-
marks by up to 18.1%. These gains
are particularly notable given the
constrained setting: adaptation is
performed using only unlabeled
data and relies solely on the pro-
posed consistency objectives, with-
out photometric losses, smooth-
ness losses, or ground-truth labels.
Among the proposed components,
temporal consistency provides the dominant adaptation signal, improving the
error from 2.01 to 1.77 and from 2.54 to 2.18. The augmentation objective fur-
ther improves these results from 1.77 to 1.73 and from 2.18 to 2.08. In contrast,
augmentation-only and cycle-only variants are ineffective, likely because tem-
poral consistency supervises longer-range flow using two shorter, typically more
reliable flows, whereas the other terms do not provide a comparable adaptation
signal. The fact that such a minimal signal can reliably improve pre-trained
models suggests that triangular consistency provides a strong source of supervi-
sion for domain adaptation. This is particularly valuable for active learning [71],
where high-quality labeled data are scarce and costly to obtain.

4.2 Unsupervised Training

Encouraged by the improvements in the self-supervised adaptation, we now in-
tegrate all three forms of triangular consistency into a complete unsupervised
optical flow training pipeline.
Method. We build upon ARFlow [34], a widely used unsupervised optical flow
framework. ARFlow natively supports loading three consecutive frames during
training, allowing triangular consistency to be incorporated without modifying
the data loading pipeline. ARFlow primarily relies on photometric reconstruction
together with occlusion-aware bidirectional consistency and symmetric augmen-
tation consistency between transformed image pairs as supervision signals. Note
that our augmentation consistency differs from ARFlow, since it only augments
the target image and is therefore asymmetric. Unlike the self-supervised adapta-
tion experiment, which adapts pre-trained models using unlabeled data, here we
train models from scratch using the unlabeled Sintel and KITTI training sets.
All training settings and hyperparameters, other than our proposed training loss,
follow the publicly available code of ARFlow.
Results. Fig. 3 presents qualitative comparisons on several challenging Sintel
sequences. Because triangular consistency constrains the geometry of motion
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Fig. 3: Qualitative comparison on MPI-Sintel. Regions highlighted by dashed cir-
cles illustrate typical improvements introduced by triangular consistency. Our method
produces motion fields that better align with the object boundaries and motion conti-
nuity of the scene, reflecting the geometric consistency enforced during training.

Table 2: Unsupervised learning with triangular consistency. When training on
Sintel, triangular consistency improves both training/test accuracy and cross-dataset
performance. When training on KITTI, the training/test error remains nearly un-
changed, but zero-shot transfer improves noticeably.

Sintel (train/test) KITTI (train/test) HD1K Middlebury
Source Method Clean EPE Final EPE Fl-all (%) EPE EPE

Sintel
ARFlow 2.79 / 4.78 3.73 / 5.89 - 1.40 0.35
+ ours 2.58 / 4.48 3.49 / 5.86 - 1.24 0.33
Improvement 7.5% / 6.3% 6.4% / 0.5% - 11.4% 5.7%

KITTI
ARFlow - - 9.87 / 11.80 2.32 0.55
+ ours - - 9.94 / 11.44 1.99 0.54
Improvement - - -0.7% / 3.1% 14.2% 1.8%

correspondences, its effect is visible in the structural coherence of the predicted
flow fields. In particular, motion boundaries and large coherent regions exhibit
improved alignment with the ground truth. The highlighted regions illustrate
typical cases where enforcing consistency across composed flows leads to more
stable motion estimates, especially for articulated objects and regions undergo-
ing complex motion. Tab. 2 shows that adding triangular consistency improves
unsupervised learning in both in-domain accuracy and cross-dataset transfer.
When training on Sintel, we reduce EPE on both Clean/Final and also improve
zero-shot evaluation on HD1K and Middlebury, indicating that compositional
and analytic-augmentation constraints provide supervision complementary to
photometric reconstruction and bidirectional consistency.

When training on KITTI, metrics on the training set saturate: there is little
improvement on KITTI training itself, yet test accuracy still improves by 3.1%.
This already suggests that the added constraint primarily improves generaliza-
tion, especially when the training set data distribution is narrow. The benefit
becomes more evident when evaluating zero-shot transfer. Models trained with
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Table 3: Ablation of triangular consistency losses and loss weights. We report
Sintel Clean and Final EPE under unsupervised ARFlow training; lower is better.

Configuration Clean Final

Baseline (ARFlow) 2.79 3.73

+ Aug (λaug = 0.003) 2.72 3.70
+ Aug (λaug = 0.01) 2.60 3.56

+ Temp (λtemp = 0.003) 2.65 3.68
+ Temp (λtemp = 0.01) 2.67 3.69

+ Cyc (λcyc = 0.003) 2.76 3.77
+ Cyc (λcyc = 0.005) 2.69 3.70
+ Cyc (λcyc = 0.01) 2.68 3.69

+ Temp + Cyc (λtemp = 0.003, λcyc = 0.005) 2.67 3.68
+ Aug + Temp (λaug = 0.01, λtemp = 0.003) 2.63 3.59
+ Aug + Cyc (λaug = 0.01, λcyc = 0.005) 2.61 3.57

+ Aug + Temp + Cyc (λaug = 0.02, λtemp = 0.003, λcyc = 0.005) 2.68 3.53
+ Aug + Temp + Cyc (λaug = 0.01, λtemp = 0.003, λcyc = 0.005) 2.58 3.49

triangular consistency achieve substantially better performance on HD1K, re-
ducing EPE by 14.2%. Notably, the same trend is observed in the supervised
setting, where triangular consistency introduces motion variations that improve
test accuracy and cross-dataset generalization even when the training-set accu-
racy itself is slightly reduced, reflecting less overfitting.
Ablations. Tab. 3 evaluates the contribution of the three types of triangular
consistency. Augmentation consistency gives the largest improvement, reducing
the ARFlow baseline from 2.79/3.73 to 2.60/3.56 when λaug = 0.01. Tempo-
ral compositional consistency also improves over the baseline, but its gains are
smaller and remain similar across the tested weights. Cycle consistency is less
stable in isolation: moderate weights improve Clean performance, while Final
remains close to the baseline. The combined variants follow the same pattern.
Configurations containing augmentation generally outperform temporal and cy-
cle consistency combinations, and the full combination of the three training
objectives gives the best overall results, achieving the lowest Clean EPE with
(λaug, λtemp, λcyc) = (0.01, 0.003, 0.005). This suggests that augmentation consis-
tency is the dominant signal, unlike in self-supervised adaptation where temporal
consistency is more effective. A possible reason is that training from scratch and
adapting a pre-trained model have different optimization dynamics.

4.3 Supervised Training

Finally, we evaluate triangular consistency under a supervised setting. In this
setting, we strictly follow the original RAFT training pipeline [56] and introduce
triangular consistency only as a controlled data augmentation mechanism.
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Table 4: Triangular consistency as data augmentation for supervised train-
ing. We follow the RAFT training pipeline and introduce triangular consistency only
through controlled data augmentation. This slightly improves test accuracy and further
improves zero-shot transfer across datasets.

Sintel (train/test) KITTI (train/test) HD1K Middlebury
Source Method Clean EPE Final EPE Fl-all (%) EPE EPE

Sintel
RAFT 0.76 / 2.08 1.22 / 3.41 - 0.67 0.29
+ ours 0.71 / 2.02 1.16 / 3.44 - 0.66 0.27
Improvement 6.6% / 2.9% 4.9% / -0.9% - 1.5% 6.9%

KITTI
RAFT - - 1.53 / 5.27 1.08 0.69
+ ours - - 1.56 / 5.02 0.83 0.56
Improvement - - -2.0% / 4.7% 23.1% 18.8%

Method. We apply random affine transformations to the target image. Using
the analytic formulation described in Sec. 3.3, the corresponding pseudo-ground-
truth flow is computed accordingly. The model is then trained on the augmented
image pair and pseudo-ground-truth. This augmentation effectively preserves ex-
act supervision since the pseudo-ground-truth is computed analytically. Impor-
tantly, this is the only modification to the RAFT training pipeline and introduces
negligible computational overhead. All other training settings, including model
and hyperparameters, remain unchanged.
Results. Tab. 4 shows that triangular consistency consistently improves opti-
cal flow under supervised training. We note that Sintel contains large synthetic
motions, e.g., action and combat sequences. This induces a bias when trans-
ferring to datasets such as Middlebury, which capture motions from natural
interactions. By using controlled affine transformations to introduce additional
camera-like motion patterns, triangular consistency serves as a regularizer that
enables RAFT trained on Sintel to generalize to Middlebury. Hence, despite Sin-
tel having high-fidelity supervision, the proposed triangular consistency still im-
proves cross-dataset generalization by 6.9%. Interestingly, our method does not
improve accuracy on the Sintel Final pass, which mainly introduces photometric
variations rather than geometric ones. This lack of improvement is consistent
with the source of our gains: triangular consistency improves geometric motion
generalization, but is not designed to address appearance changes.

The training-set bias is even more pronounced when training on KITTI and
testing on HD1K and Middlebury. Since KITTI is an outdoor driving dataset,
the motion patterns are largely constrained: forward ego-motion dominates, and
viewpoints, motion directions, and displacement magnitudes follow a relatively
predictable pattern determined by vehicle dynamics and frame rate. In contrast,
Middlebury contains significant motions of people interacting with objects, while
the camera motion remains conservative. Training with triangular consistency
naturally introduces a much larger set of motion patterns to KITTI. This is re-
flected in reduced overfitting to the training set and moderate (4.7%) improve-
ment on the KITTI test set, but more substantial improvement when transferring
across datasets: 23.1% on HD1K and 18.8% on Middlebury.
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This experiment highlights the effectiveness of such a data augmentation
mechanism for supervised optical flow. To the best of our knowledge, existing
augmentation strategies preserve correspondence by applying identical transfor-
mations to both images in a pair [34,50,56]. In contrast, we transform only the
target image and analytically update the ground-truth. This enables the model
to observe a broader set of motion patterns while maintaining exact supervision.
Note that, in supervised training, if synthetic data could be generated indef-
initely with user-specified motion patterns, such augmentation would be less
necessary. In practice, however, synthetic datasets are often released without
the simulator, while real-world datasets cannot be resynthesized at scale. In this
sense, our method acts as a simulator. The results demonstrate the benefit of
such augmentation, particularly under zero-shot transfer when motion statistics
are highly constrained in the source dataset.

5 Discussion and Conclusion

5.1 Why was such a simple constraint overlooked?

At first glance, triangular consistency may appear almost self-evident. The com-
positional nature of displacement fields has been recognized and exploited in
tasks involving long-range correspondence [7,30,33]. We were therefore somewhat
surprised that such a straightforward geometric relation has not been systemat-
ically used for training optical flow. One likely reason is historical: optical flow
estimation has primarily been viewed as a pairwise problem [17, 38]. Although
multi-frame formulations were explored in classical optimization-based methods,
they typically required solving large coupled systems over many frames [13,19],
making them computationally demanding. Modern learning-based optical flow
models [11, 54, 56] inherit this pairwise design, and most supervision signals are
likewise defined only for pairs of frames.

There are also practical reasons. Existing optical flow training pipelines ap-
ply identical geometric transformations to both images to preserve correspon-
dences [34, 50, 56]. In contrast, we augment only the target image and update
the ground-truth flow analytically, producing a broader family of motion pat-
terns. Moreover, naively composing flows or applying geometric augmentation
often introduces interpolation artifacts or invalid correspondences, particularly
near occlusion boundaries and image borders. Our affine formulation alleviates
this issue since induced flow can be computed in closed form, even when the
transformed image extends beyond the image domain. This avoids interpolation
artifacts and allows triangular consistency to be implemented as a stable training
signal. Conceptually, this strategy is similar to AugUndo [65], which introduces
controlled geometric perturbations to generate additional supervision for depth
prediction. As such, we foresee this work extending to other data modalities,
e.g., medical images [72,73], and geometric tasks, e.g., monocular depth estima-
tion [12, 63] and completion [37, 43, 62, 64]. In retrospect, the idea may appear
simple, but our experiments show that incorporating this geometric constraint
leads to consistent improvements across multiple training regimes.
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5.2 Constraints for Optical Flow

Most geometric constraints in optical flow are relatively local. A common ex-
ample is spatial smoothness, which assumes neighboring pixels move coher-
ently [1, 5, 17, 24, 46]. Some attempts also employ 3D priors as auxiliary super-
vision signals [9,25,44,76]. Another widely used constraint is forward-backward
symmetry [21, 34, 49], written as v10 ≈ −v12, which differs from the forward-
backward compositional consistency we study, written as w10(w01) ≈ Id. While
effective, it stems from a linear approximation of the trajectory under a temporal-
smoothness assumption. Compared to these priors, triangular consistency arises
from a more fundamental property: optical flow represents a mapping between
coordinate systems, and such mappings compose by construction. Importantly,
this relation holds regardless of the specific trajectory taken by the point.

Our compositional constraints do not depend on image appearance and are
therefore robust to illumination changes, shadows, reflections, or imaging noise.
In this sense, triangular consistency additionally encourages coherent motion es-
timates across frames, which is evident in Fig. 3. Unlike spatial and temporal
smoothness priors, which require users to specify a desired level of smoothness,
our proposed constraint does not introduce a smoothness prior. Further, in this
work, we focus only on the simplest non-trivial instance of such a compositional
structure: a triangle. In principle, these transformations can be chained indefi-
nitely over longer temporal sequences, potentially enabling stronger supervision
signals. In future work, this may lead to a curriculum-learning pipeline, where
the model is trained with progressively increasing correspondence ranges.

5.3 Limitations

Despite its generality, the effectiveness of triangular consistency depends on the
motion statistics of the data. For example, we observe less improvement on the
KITTI benchmark, which contains highly restrained motion patterns dominated
by forward ego-motion in driving scenes. Consequently, viewpoints, motion di-
rections, and displacement magnitudes follow relatively predictable patterns.
In such environments, compositional constraints provide extra supervision, but
the benefit is less visible when evaluation follows the original in-domain mo-
tion statistics. Importantly, triangular consistency does not hurt performance
on KITTI, while models trained on KITTI still demonstrate improvement when
tested on HD1K and Middlebury. This observation suggests that geometric con-
sistency constraints are most beneficial when the data contains complex and
varied motion that cannot be captured by simple priors.

Another limitation arises from occlusion and multi-layer motion. The compo-
sitional relation assumes that a single-layer correspondence exists across frames.
In real scenes, occlusions and independently moving objects may violate this
assumption. While our implementation mitigates this issue through occlusion
masking, incorporating explicit layered motion models or more advanced visibil-
ity reasoning may further improve robustness in such scenarios.
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5.4 Conclusion

In this work, we revisit a simple yet fundamental property of motion: displace-
ment fields agree under composition. From this intuition, we propose triangular
consistency, a minimal compositional constraint that links optical flow estimation
across three frames. It depends only on the geometry of motion and therefore
remains agnostic to image appearance, network architecture, and supervision
type. The resulting method can be integrated into existing optical flow learn-
ing pipelines with negligible computational overhead. Despite its simplicity, the
proposed mechanism consistently improves optical flow accuracy across unsuper-
vised learning, self-supervised adaptation, and supervised training. In summary,
it is fast to compute and functions as a plug-and-play supervision component
compatible with existing methods. More broadly, this compositional view is not
specific to optical flow: any correspondence problem arising from a temporally
discretized continuous process can, in principle, be formulated through consis-
tency under composition.
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