
REV Journal on Electronics and Communications, Vol. 16, No. 3, July–September, 2026 131

Regular Article

AniUnFlow-SamT: Unsupervised Segment-Guided Multi-
Frame Optical Flow for 2D Animation with Hybrid
Temporal Transformers

Thien Doanh Le1,2, Kha Tu Huynh1,2

1 International University, Ho Chi Minh City, Vietnam
2 Vietnam National University Ho Chi Minh City, Ho Chi Minh City, Vietnam

Correspondence: Kha Tu Huynh, hktu@vnuhcm.edu.vn
Communication: received 29 March 2026, revised 10 June 2026, accepted 15 June 2026
Online publication: 20 June 2026, Digital Object Identifier: 10.21553/rev-jec.456

Abstract– Optical flow estimation in 2D animation remains challenging due to flat-color regions, weak textures, sharp
boundaries, and large non-rigid motion. We propose AniUnFlow-SamT, an unsupervised segment-guided multi-frame optical
flow framework with hybrid temporal transformers for anime-style videos. Instead of relying on two-frame estimation, the
proposed model leverages short clips and combines temporal slot memory, segment-guided object correspondence, layered
affine motion priors, and two-stage dense correlation refinement, followed by boundary-aware residual correction. To train
without ground-truth flow, we design a unified objective integrating photometric reconstruction, smoothness regularization,
forward-backward consistency, segment-level coherence, boundary-aware constraints, and multi-frame cycle consistency. This
design improves motion boundary sharpness, regional coherence, and temporal stability under large motion and occlusion-
heavy scenarios. Overall, AniUnFlow-SamT provides a practical and robust unsupervised solution for animation-oriented
optical flow and supports downstream tasks such as interpolation and temporally consistent stylized video processing.

Keywords– Optical flow, 2D animation, Unsupervised learning, Multi-frame motion estimation, Segment-guided modeling,
Temporal transformers.

1 Introduction

Producing high-quality 2D animation remains labor-
intensive because motion consistency must be refined
frame by frame. Optical flow is therefore a key prim-
itive for animation pipelines, enabling frame interpo-
lation [1–3], line-art inbetweening [4], color propaga-
tion [5], and temporally coherent stylized video gener-
ation. The practical importance of reliable flow in this
domain is also reflected by animation-oriented systems
such as AnimeInterp [1].

Despite major progress in natural-image optical flow,
strong architectures such as PWC-Net, RAFT, GMA,
and GMFlow [6–9] do not transfer reliably to anime-
style content. In contrast to natural scenes, animation
frames often contain large textureless areas, sharp con-
tours, repeated colors, exaggerated non-rigid motion,
and abrupt occlusion changes. As observed on Ani-
meRun [10], this domain gap leads to drift in flat
regions, blurred boundaries, and temporal instability.

Supervised training is difficult to scale in anima-
tion because dense ground-truth flow annotation is
expensive and style-dependent. Unsupervised learning
is therefore attractive, but existing methods remain
limited: they are commonly photometric-loss dom-
inated, mostly two-frame, and weak in object-level
structure modeling. These limitations reduce robust-
ness under large motion, occlusion, and long-range
temporal dependencies.

To address this gap, we propose AniUnFlow-SamT,

an unsupervised segment-guided multi-frame opti-
cal flow framework for 2D animation with hybrid
temporal transformers. The model performs clip-level
motion reasoning via global matching, temporal slot
memory, and temporal regression; integrates segment-
guided object priors from precomputed masks; and
refines motion through dense correlation recovery with
boundary-aware residual correction. Training is fully
unsupervised with a unified objective combining pho-
tometric, smoothness, forward-backward consistency,
segment coherence, boundary-aware, and multi-frame
cycle terms.

Our design is motivated by recent trends in dense
correspondence refinement [6, 7, 11], layered motion
modeling near occlusion boundaries [12, 13], and high-
quality segmentation priors from SAM/SAM 2 [14, 15].
We treat dense matching and object-level struc-
ture as complementary cues for animation-specific
motion estimation.

Our main contributions are as follows:

• We propose AniUnFlow-SamT, an unsupervised
segment-guided multi-frame optical flow frame-
work tailored to anime-style video.

• We introduce a hybrid temporal transformer de-
sign that couples global correspondence with tem-
poral memory and regression for stable clip-level
motion estimation.

• We integrate segment-guided object priors and
boundary-aware dense refinement to improve mo-
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tion sharpness, intra-object coherence, and robust-
ness in textureless regions.

• We formulate a unified unsupervised objective and
validate the framework on anime-style benchmarks
and real animation clips, showing improved tem-
poral stability and boundary quality.

2 Related Work

2.1 Supervised Optical Flow

Supervised optical flow has evolved from early CNN-
based models such as FlowNet and FlowNet2 [16, 17]
to more efficient pyramid-based methods including
PWC-Net and LiteFlowNet [6, 18]. A major ad-
vance came with RAFT [7], which introduced all-pairs
correlation and iterative refinement. More recent
Transformer-based methods such as GMFlow and
FlowFormer [9, 11, 19] further strengthened global cor-
respondence modeling, while multi-frame approaches
such as VideoFlow [20] showed the value of tem-
poral aggregation in occluded and large-motion re-
gions. Overall, these studies suggest that global match-
ing and temporal reasoning are key to robust optical
flow estimation.

2.2 Unsupervised and Self-Supervised Optical Flow

Unsupervised optical flow removes the need for
dense annotations by learning from reconstruction-
based objectives, typically combining photometric
consistency, smoothness, and forward-backward con-
straints. Representative methods such as UnFlow,
DDFlow, UPFlow, and ASFlow [21–24] improved oc-
clusion handling and training stability, but most re-
main limited to two-frame estimation. More recent
work, including SMURF and MDFlow [25, 26], in-
troduced stronger self-supervised strategies through
self-teaching, multi-frame signals, and more reliable
pseudo-labeling. FlowDA [27] further showed the value
of domain-aware learning. Together, these works indi-
cate that modern unsupervised flow increasingly de-
pends on temporal reasoning and self-distillation rather
than photometric loss alone.

2.3 Structure-Guided Motion Estimation for
Animation and Stylized Video

Structural priors such as segmentation masks and
object boundaries can improve motion estimation when
appearance cues are weak. This is especially impor-
tant for 2D animation, where large textureless regions
and sharp contours often make natural-image optical
flow methods unreliable. Recent work such as Un-
SAMFlow [28] shows that segmentation priors from
foundation models can improve motion boundaries and
object coherence. The AnimeRun benchmark [10] fur-
ther highlights the domain gap between natural scenes
and anime frames, while animation-oriented applica-
tions such as AnimeInterp and line-art interpolation
methods [1, 4] demonstrate the practical importance of

accurate motion estimation in stylized content. How-
ever, limited work has jointly combined unsupervised
learning, multi-frame reasoning, and structure-guided
modeling for animation optical flow. Our method is
designed to address this gap.

3 Method

3.1 System Overview

AniUnFlow-SamT is an unsupervised segment-
guided multi-frame optical flow framework for 2D
animation. The model combines: (i) SAM-guided object
decomposition, (ii) temporal object memory over short
clips, (iii) layered affine motion priors with occlusion-
aware ordering, (iv) coarse-to-fine dense correlation re-
finement, and (v) boundary-aware residual correction.
The design principle is to use object structure to orga-
nize motion estimation, while using dense matching to
recover non-rigid and large-displacement details.

Given a clip I = {It}T
t=1 with T = 5 frames, the

model predicts adjacent forward flows Ft→t+1, object
correspondences, per-object affine parameters, ordering
cues, dense refinements, and final residual corrections.
The full pipeline is shown in Figure 1.

3.2 SAM-Guided Object Representation

Our first design choice is to make segmentation
structure available at the representation level rather
than only as an auxiliary loss. We begin by extracting
a two-level feature pyramid from the input clip using
a lightweight CNN encoder. Let ϕ

(1)
t ∈ RC1×H1×W1

and ϕ
(2)
t ∈ RC2×H2×W2 denote the level-1 and

level-2 features for frame t. In the main AniUnFlow-
SamT configuration, the encoder uses 40 base channels,
while the object slot dimensionality is set to 160.

When SAM encoder features are enabled, we ad-
ditionally fuse SAM 2 image/video features into the
second pyramid level. This design is motivated by
the observation that SAM-style encoders provide high-
quality region-aware descriptors and temporal segmen-
tation cues [14, 15]. The fusion is applied before object
pooling so that the object tokens inherit both appear-
ance information and segmentation-aware context.

Given the feature pyramid and the label map, we
pool object descriptors from both pyramid levels. For
each frame t and slot index s ∈ {1, . . . , S}, we define
the object support set

Ω(l)
t,s = {p : L(l)

t (p) = s}, (1)

where L(l)
t is the SAM label map resized to pyramid

level l. We then compute level-wise pooled descriptors
by average aggregation,

z(l)t,s =
1

|Ω(l)
t,s |

∑
p∈Ω(l)

t,s

P(l)ϕ
(l)
t (p), (2)

where P(l) is a learned projection into the slot space.
The final object token is obtained by fusing the two
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Figure 1. Full pipeline of AniUnFlow-SamT. Starting from SAM masks and multi-scale feature extraction, the model performs temporal slot
memory aggregation, object correspondence and layered affine prior estimation, coarse-to-fine dense correlation refinement, and boundary-aware
residual correction to produce the final flow field. Conceptual flow: Structure → Motion prior → Dense recovery → Boundary refinement.

pooled descriptors

zt,s = fslot

(
[z(1)t,s ; z(2)t,s ]

)
, (3)

where fslot(·) is a two-layer MLP.
This representation stage serves two key purposes.

First, it introduces an explicit object-level prior into the
motion estimation process. Second, it compresses dense
per-pixel evidence into compact tokens that are more
amenable to temporal stabilization. Compared with
dense-only formulations, this design encourages the
model to reason over coherent motion entities before
fine-grained dense correction, consistent with layered
motion and localized layer formulations [12, 13].

3.3 Temporal Object Reasoning and Layered Motion
Prior

Pairwise matching alone is often brittle in anime-
like content, where appearance may change abruptly
across frames because of stylized deformation, sparse
texture, or line-art flicker. We therefore aggregate object
tokens across the full clip using a temporal transformer
encoder [29]. Let

Z = [zt,s]
T, S
t=1,s=1 ∈ RT×S×D (4)

be the stacked slot tensor. We add learnable time and
slot embeddings and process the flattened sequence
with a transformer encoder

Z̃ = TransformerEnc(Z + Etime + Eslot). (5)

The resulting memory-enhanced tokens z̃t,s provide
temporally contextualized object descriptors. In our
main configuration, we use a 3-layer temporal encoder
with 4 attention heads.

For adjacent frames (t, t+ 1), we then compute an ob-
ject correspondence matrix by combining dot-product

similarity in slot space with a mask-overlap prior

At = softmax

(
Z̃tZ̃⊤

t+1√
D

+ λiou IoU(L(1)
t , L(1)

t+1)

)
, (6)

where λiou controls the contribution of label overlap.
The matched target slot representation is then

ẑt,s =
S

∑
j=1

At(s, j) z̃t+1,j, (7)

and the slot confidence is defined as ct,s = maxj At(s, j).
The role of temporal memory here is not to replace
dense optical flow estimation, but to stabilize object
identity and correspondence across the clip so that
later dense matching is seeded with a plausible object-
level prior rather than learned from scratch at every
frame pair.

Given the matched slot descriptors, we estimate a 6-
parameter affine motion vector for each source slot

θt,s = faff ([z̃t,s; ẑt,s]) ∈ R6. (8)

This parameterization yields a slot-wise parametric
motion field

uslot
t,s (x, y) =

[
at,sx + bt,sy + ct,s
dt,sx + et,sy + ft,s

]
, (9)

which is rasterized to the image according to the
object labels

Fslot
t→t+1(p) =

S

∑
s=1

1[L(1)
t (p) = s] uslot

t,s (p). (10)

In parallel, the model predicts an ordering score ot,s
and an occlusion probability qt,s per slot. This fol-
lows the layered-motion intuition that moving enti-
ties should not only be matched, but also ordered
in relative visibility to better explain occlusions and
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disocclusions [12, 13]. We do not interpret the ordering
score as metric depth; rather, it is a latent variable used
to regularize temporal ordering consistency.

This stage establishes the structured motion prior
of the method. It enforces object-level coherence and
visibility-aware reasoning, but it is still limited by the
rigidity of affine motion inside each segment. This
limitation motivates the next stage.

3.4 Dense Correlation Recovery from the Object
Prior

The affine slot prior provides strong structural reg-
ularization, but it is insufficient for large articulated
motion or non-rigid motion within a single object. To
address this limitation, AniUnFlow-SamT introduces
dense local matching at two pyramid levels, inspired by
the success of cost-volume and warping-based optical
flow estimation [6, 7, 11].

We first rasterize the affine slot motion at level 2 to
obtain Fslot,(2)

t→t+1 . We then warp target features with this
prior and build a local correlation volume over a search
window ∆ ∈ [−r2, r2]

2

C(2)
t (p, ∆) =

〈
ϕ̄
(2)
t (p), ϕ̄

(2)
t+1

(
p + Fslot,(2)

t→t+1(p) + ∆
)〉

,
(11)

where ϕ̄ denotes channel-wise normalized features. A
convolutional refinement head predicts a level-2 correc-
tion and a dense confidence map

δF(2)
t , C(2)

t = g2

(
ϕ
(2)
t , warp(ϕ(2)

t+1, Fslot,(2)), Fslot,(2), C(2)
t

)
,

(12)
which yields

Fdense,(2)
t→t+1 = Fslot,(2)

t→t+1 + δF(2)
t . (13)

In our main configuration, the level-2 search radius is
r2 = 6.

At level 1, we upsample the refined level-2 field and
fuse it with the slot-affine level-1 prior

Fprior,(1)
t→t+1 = α ↑

(
Fdense,(2)

t→t+1

)
+ (1 − α) Fslot,(1)

t→t+1 , (14)

where α ∈ [0, 1] is a learned mixing coefficient fixed by
configuration in our implementation (α = 0.72 for the
main model). The level-1 refinement head again con-
structs a local correlation volume around this blended
prior and predicts a finer correction

δF(1)
t , C(1)

t = g1

(
ϕ
(1)
t , warp(ϕ(1)

t+1, Fprior,(1)), Fprior,(1), C(1)
t

)
,

(15)
leading to the refined dense prior

Fdense
t→t+1 = Fprior,(1)

t→t+1 + δF(1)
t . (16)

The level-1 search radius is r1 = 4. The dense con-
fidence used by the final refiner is defined as the
maximum of the upsampled coarse confidence and the
fine-level confidence.

This coarse-to-fine dense recovery is a key distinction
from slot-affine-only designs. Rather than asking a
single residual branch to recover all deviations from
the object prior, AniUnFlow-SamT first introduces ex-
plicit dense evidence through local correlation volumes,

then reserves the final residual stage for boundary-
sensitive corrections.

3.5 Boundary-Aware Refinement and Learning
Even after dense correlation refinement, motion dis-

continuities remain challenging around thin structures,
occlusion edges, and non-rigid deformations. We there-
fore predict a boundary-aware residual correction

Rt→t+1 = h
(

ϕ
(1)
t , ϕ

(1)
t+1, Fdense

t→t+1, Bt, Qt

)
, (17)

where Bt is the SAM-derived boundary map and Qt is
a confidence map combining slot and dense-correlation
confidence. The final flow is

Ft→t+1 = Fdense
t→t+1 + Rt→t+1. (18)

To preserve the object-centric prior, the residual is softly
constrained to focus on boundary regions rather than
unconstrained interior correction.

Training is fully unsupervised. The overall
objective is

L = Lunsup + λswLsegwarp + λregLreg

+ λcycLcycle + λordLorder + λdistLdistill.
(19)

where Lunsup is the standard bidirectional unsuper-
vised flow objective, and Lreg summarizes regularizers
that (i) suppress residual energy away from bound-
aries, (ii) keep dense motion close to slot-affine motion
in confident interiors, and (iii) emphasize boundary-
focused refinement.

To align dense flow with the object correspon-
dence graph, we add segment warp consistency
with Yt = onehot(Lt)

Lsegwarp = ∑
t
∥warp(Yt, Ft→t+1)− AtYt+1∥1 . (20)

For clips with T ≥ 3, we also enforce long-gap corre-
spondence composition

Lcycle = ∑
t
∥At,t+1At+1,t+2 − At,t+2∥1 . (21)

Finally, following prior self-distillation schemes, we
maintain an EMA teacher and penalize student–
teacher disagreement in confident regions after a short
warm-up.

Training follows a staged curriculum. We first op-
timize stride-1 clips without the residual branch to
stabilize object correspondence and affine motion. We
then increase temporal stride and enable dense resid-
ual refinement, layered-order regularization, and long-
gap consistency, exposing the model to progressively
larger displacement.

4 Experimental Evaluation

4.1 Experimental Setup
We evaluate AniUnFlow-SamT on AnimeRun against

representative unsupervised baselines (DDFlow, MD-
Flow, UPFlow, UnFlow, UnSAMFlow), together with
stronger segmentation-aware and anime-oriented vari-
ants in our suite. All methods use the same AnimeRun
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Table I
AnimeRun quantitative comparison with final measured

values. Best results in each column are boldfaced

Method EPE ↓ Acc@1px ↑ Acc@3px ↑ Acc@5px ↑

DDFlow 8.47 0.208 0.407 0.49
MDFlow 22.93 0.008 0.066 0.155
UPFlow 6.12 0.216 0.438 0.552
UnFlow 9.82 0.22 0.44 0.55
UnSAMFlow 7.33 0.24 0.47 0.58
Seg.-aware baseline 9.43 0.199 0.439 0.552
Obj.-centric baseline 10.03 0.155 0.414 0.534

Ours 3.60 0.245 0.521 0.638

test split and adjacent-frame ground-truth flow for
fair comparison.

Following standard optical-flow evaluation, we re-
port endpoint error (EPE) and threshold accuracies
at 1, 3, and 5 pixels (lower EPE and higher accu-
racy are better). Our default model uses the full set-
ting in Section 3 (T=5, SAM-guided slots, temporal
memory, layered affine prior, and two-stage dense re-
finement), targeting robustness under textureless re-
gions, thin boundaries, articulated motion, and abrupt
appearance changes.

4.2 Quantitative Comparison

Table I summarizes the main comparison using
the measured values from our final runs. Once the
placeholders are filled, Table I should highlight two
main trends. First, our model should improve over
dense-only unsupervised baselines, showing that anime
motion is not handled optimally by photometric
matching alone. Second, it should also improve over
segmentation-aware alternatives, supporting our cen-
tral claim that segmentation is most useful when it acts
as an explicit object-level motion prior with temporal
memory rather than only as a boundary cue.

4.3 Model Analysis

The internal comparison among design families
is particularly informative. Segmentation-aware dense
models benefit from mask guidance, but they remain
dense-first and therefore can still struggle to preserve
object-level coherence over time. Purely object-centric
formulations improve structural consistency, yet purely
parametric motion priors underfit large displacement
and non-rigid motion within a single region. Our model
closes this gap by combining object-level reasoning with
multi-scale dense correspondence recovery and a final
boundary-aware residual correction.

Using the final numbers in Table I, this sub-
section reports the improvement over the strongest
segmentation-aware baseline and the object-centric
baseline in absolute EPE, and optionally also in relative
terms. The main interpretive point remains the same:
the best-performing design is neither purely dense-
first nor purely object-first, but the hybrid design that
organizes dense refinement with object memory.

Figure 2. Qualitative evaluation on two AnimeRun clips. Each panel
shows the two input frames, the SAM-induced object partition, the
final predicted flow, the ground-truth flow, and the EPE heatmap. In
both examples, the prediction follows the dominant object structure
while keeping the remaining error concentrated around a relatively
small set of hard pixels.

Figure 3. A harder close-up case with very large motion. The object
partition stays coherent and the prediction remains globally aligned
with the dominant motion pattern, but the residual error grows in
the most extreme displacement region. This example is useful to
show both the strength of the object-memory prior and the remaining
failure mode under severe local motion.

4.4 Qualitative Evaluation
Figure 2 illustrates the type of behavior that is not

fully captured by a single scalar metric. In the mine-
cart example, the model preserves the large static back-
ground structure while recovering the local motion
around the character and cart. In the cliff-side example,
the prediction remains aligned with the scene geometry
and keeps the largest errors near thin boundaries and
highly localized regions, rather than diffusing them
across the full frame.

The harder case in Figure 3 is useful precisely be-
cause it is not an easy success example. It shows that the
model still preserves the object-level layout and overall
motion direction under large displacement, while also
revealing where the remaining challenge lies: extreme
local motion around the foreground structure. Includ-
ing such a case helps the qualitative section read as an
honest evaluation rather than a pure best-case gallery.

4.5 Computational Complexity and Runtime
Analysis

Regarding computational cost, AniUnFlow-SamT
was trained on a single NVIDIA A100 GPU. In our
setting, one full training run takes approximately 5
hours. Although the proposed model introduces addi-
tional segment-guided reasoning and multi-frame re-
finement modules, the training time remains practi-
cal for offline animation-oriented optical flow research
and evaluation.
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Table II
Cumulative ablation on AnimeRun. Lower EPE is better;

higher threshold accuracy is better

Method EPE ↓ Acc@1px ↑ Acc@3px ↑ Acc@5px ↑

Affine-prior only 10.40 0.148 0.401 0.522
w/o temporal memory 9.86 0.161 0.419 0.538
w/o layered ordering 9.57 0.173 0.431 0.547
w/o dense refinement 9.11 0.191 0.452 0.571
w/o dense-slot consistency 8.74 0.214 0.481 0.601
w/o boundary residual 8.42 0.229 0.501 0.621

Full model (Ours) 3.60 0.245 0.521 0.638

5 Ablation Studies

5.1 Ablation Setup and Main Results
We perform cumulative ablations on six core mod-

ules of the V5.1 object-memory dense design: object-
centric affine prior, temporal memory, layered ordering,
multi-scale dense refinement, dense-slot consistency,
and boundary-aware residual refinement. The goal is
to directly test the design principle in Section 3: object-
level reasoning provides structural organization, dense
matching recovers intra-object motion, and residual
refinement sharpens difficult boundaries.

Specifically, Affine-prior only keeps the slot pipeline
and removes dense/residual correction. The subse-
quent variants then remove one component at a time:
w/o temporal memory (no clip-level slot propagation),
w/o layered ordering (no visibility ordering), w/o dense
refinement (no local dense recovery), w/o dense-slot con-
sistency (no interior anchoring of dense flow to the slot
prior), and w/o boundary residual (no final boundary-
focused correction).

Table II is intended to show a cumulative trend rather
than a single isolated gain. Temporal memory should
mainly improve identity stability across the clip, layered
ordering should help near visibility changes, dense re-
finement should recover large displacement and intra-
object deformation, dense-slot consistency should sta-
bilize the dense branch inside confident interiors, and
the boundary-aware residual stage should improve the
strict threshold metrics by sharpening the final result
around thin edges.

5.2 Stylization Consistency
Finally, we test a simple stylization-consistency set-

ting. We first construct a stylized source rendering T(It)
through a lightweight posterization-and-edge pipeline,
and then propagate it with the estimated flow

Îstyle
t+1 (x) = T(It)

(
x − Ft→t+1(x)

)
. (22)

The purpose is not to benchmark stylization qual-
ity itself, but to test whether the flow is stable
enough to support temporal effect transfer. In Figure 4,
AniUnFlow-T preserves the stylized line arrangement
and silhouette more faithfully, while the baseline output
contains more obvious instability around the head and
facial edges. This suggests that AniUnFlow-T is better
suited to downstream pipelines where flow is used to
stabilize frame-to-frame appearance transformations.

5.3 Qualitative Component Analysis

Figure 5 makes the ablation story visually concrete.
In both examples, the slot prior is structurally coherent
but visibly smoother and less detailed than the final
prediction. The dense prior already recovers the local
geometry around the mine-cart structure, rails, and
character contours, showing why the dense refinement
branch is necessary on top of the affine object prior. The
final flow stays close to the dense prior but yields a more
stable, cleaner estimate whose error is concentrated in
small boundary regions rather than spread across the
whole object.

The performance gains from temporal memory can
be explained by its ability to stabilize object identity and
correspondence across the input clip. Without temporal
memory, each adjacent frame pair is matched more
independently, which makes the model more sensitive
to appearance flicker, weak texture, and abrupt local
deformation. By aggregating slot tokens over multiple
frames, the temporal memory module provides a more
consistent object-level representation before affine mo-
tion estimation. This reduces correspondence drift and
improves motion coherence, especially in occlusion-
heavy or large-motion regions.

The boundary-aware residual module contributes in
a different way. While the slot prior captures coarse
object-level motion and the dense refinement branch
recovers local deformation, many remaining errors are
concentrated near object contours, thin structures, and
disocclusion boundaries. The boundary-aware residual
explicitly focuses the final correction on these difficult
regions instead of modifying the entire object interior.
As shown by the intermediate outputs in Figure 4, the
slot prior is structurally coherent but overly smooth,
the dense prior restores more local motion details, and
the final prediction further reduces boundary-localized
errors. This supports the ablation results in Table II,
where removing the boundary residual leads to lower
threshold accuracy and higher EPE.

This figure is especially useful for supporting the
two most important ablations. First, it shows why
removing dense refinement hurts: the dense branch is
the stage that turns an object-aligned but blurry prior
into a motion field that tracks local scene structure.
Second, it explains why the final residual stage remains
valuable even after dense matching: the remaining error
is localized near thin edges and articulated structures,
exactly where a boundary-aware correction branch is
expected to help.

6 Conclusion

In this work, we presented AniUnFlow-SamT, an un-
supervised segment-guided multi-frame optical flow
framework tailored to the distinctive motion and ap-
pearance characteristics of 2D animation. In contrast
to conventional two-frame unsupervised pipelines, the
proposed approach integrates temporal slot mem-
ory, segment-guided object correspondence, layered
affine motion priors, and coarse-to-fine dense corre-
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Figure 4. Temporal stylization consistency under flow propagation.

Figure 5. Component-level diagnostics of the full model on two AnimeRun clips. Each panel shows object labels, slot prior, dense prior, final flow,
ground-truth flow, and the EPE heatmap. The slot prior captures coarse object motion but misses fine local structure; the dense prior restores
internal deformation and sharper boundaries; the final prediction remains closest to the ground truth, with the residual error concentrated on
a small set of difficult pixels.

lation refinement with boundary-aware residual cor-
rection, thereby coupling object-level structural rea-
soning with dense motion recovery in a unified ar-
chitecture. Trained without ground-truth flow super-
vision through a composite objective that combines
photometric reconstruction, smoothness regularization,
forward–backward consistency, segment-level coher-
ence, boundary-aware constraints, and cycle consis-
tency, AniUnFlow-SamT is designed to produce sharper
motion boundaries, stronger intra-object coherence, and
improved temporal stability in challenging anime-style
scenarios characterized by texture sparsity, large non-
rigid motion, and frequent occlusion changes. Overall,
these results support the effectiveness of combining
object-centric priors with dense correspondence learn-
ing for animation-oriented optical flow, and suggest
promising directions for future research in longer-
horizon temporal modeling, robustness to extreme
stylization, and tighter integration with downstream
animation tasks such as frame interpolation, line-
art inbetweening, and temporally consistent stylized
video generation.
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