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Abstract

Traditional unsupervised optical flow methods are vul-
nerable to occlusions and motion boundaries due to lack of
object-level information. Therefore, we propose UnSAM-
Flow, an unsupervised flow network that also leverages ob-
ject information from the latest foundation model Segment
Anything Model (SAM). We first include a self-supervised
semantic augmentation module tailored to SAM masks. We
also analyze the poor gradient landscapes of traditional
smoothness losses and propose a new smoothness defini-
tion based on homography instead. A simple yet effective
mask feature module has also been added to further ag-
gregate features on the object level. With all these adap-
tations, our method produces clear optical flow estimation
with sharp boundaries around objects, which outperforms
state-of-the-art methods on both KITTI and Sintel datasets.
Our method also generalizes well across domains and runs
very efficiently.

1. Introduction

Optical flow estimation [18, 36] involves finding pixel-level
correspondences between video frames, which has broad
applications such as video understanding [63], video edit-
ing [12, 28], and autonomous driving [13, 69].

Following the latest trend of deep learning in computer
vision [10, 16, 31], most recent methods have modeled the
optical flow problem under the supervised learning frame-
work [9, 20, 22, 25, 27, 37, 49, 52, 55, 71], where ground-
truth labels are used to train the networks. However, ob-
taining such labels for real-life videos is especially difficult
since it usually requires precise calibrations across multiple
sensors, leading to prohibitively high annotation costs [68].
This drawback makes these supervised techniques hard to
be applied to large-scale real applications.

Due to the high annotation costs, much recent work has
focused on the unsupervised training of optical flow [64].
Instead of ground-truth labels, unsupervised flow networks
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Figure 1. Our UnSAMFlow utilizes object-level information from
SAM [30] to generate clear optical flow with sharp boundaries.

rely on two key principles to define losses [26, 32, 38, 41,
46, 51, 64]. Firstly, brightness constancy assumes that the
corresponding points across frames should maintain similar
local appearances. Secondly, the optical flow field should
be spatially smooth. However, these assumptions are com-
promised at occlusion regions [24, 57], where foreground
objects cover background appearances, and around motion
boundaries [61, 65], where the motion is cut off abruptly.
These issues are pervasive in real applications and have
posted great challenges to unsupervised optical flow [66].

Fundamentally, the issues with occlusions and motion
boundaries both stem from the low-level nature of optical
flow, where object-level information is generally missing.
To better handle occlusions, it is important to understand the
spatial relationships and interactions between objects. Also,
optical flow should be smooth only within the same con-
tinuous object region, while sharp motion boundaries are
allowed near object edges. Thus, object-level information
could play a key role in refining unsupervised optical flow.

Indeed, some previous methods have explored aggregat-
ing object information, using semantic segmentation to help
optical flow [21, 47, 60, 69]. However, though convenient,
the use of semantic segmentation is not precise because it
does not distinguish different instances of the same seman-
tic class, which may have drastically different motions. It
is also constrained by the limited number of classes defined
and may not recognize novel objects in the open world.

In comparison, the latest Segment Anything Model [30]
(SAM) may be a better option. SAM is a general-purpose
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image segmentation model pre-trained on very large and di-
verse datasets. It can separate different instances and has
shown impressive zero-shot performances on objects not
seen in training. In addition, SAM detects objects of var-
ious scales and levels, segmenting small object parts (such
as hands and arms) as well. This can reduce complexity and
help differentiate motions of object parts separately.

So motivated, we integrate SAM as additional object-
level information to enhance unsupervised optical flow,
which can be achieved through three novel adaptations.
We first adapt the semantic augmentation module from Se-
mARFlow [69] to enable self-supervision based on SAM
masks (Sec. 3.3). Moreover, we enforce smooth motion
within each SAM segment using a new regional smoothness
loss based on homography (Sec. 3.4). This approach effec-
tively rectifies numerous inconsistent flow outliers. Lastly,
we design a mask feature module to aggregate features from
the same SAM mask for robustness (Sec. 3.5).

Our method significantly outperforms previous methods
on both KITTI [14, 42] and Sintel [2] benchmarks through
both quantitative (Sec. 4.3) and qualitative (Sec. 4.4) eval-
uations. Notably, our network achieves 7.83% test error
on KITTI-2015 [42], outperforming the state-of-the-art UP-
Flow [38] (9.38%) and SemARFlow [69] (8.38%) by a clear
margin. As the examples show in Fig. 1, our method pro-
duces much clearer and sharper motion that is consistent
with the SAM masks. Extensive ablation studies also jus-
tify the effectiveness of each proposed adaptation (Sec. 4.5).
Further analysis shows that our method generalizes well
across domains (Sec. 4.6) and runs efficiently (Sec. 4.7).

In summary, our contributions are as follows.
• To the best of our knowledge, we are the first to effec-

tively combine SAM [30] with unsupervised optical flow
estimation, which helps learning optical flow for wide-
range real-world videos without ground-truth labels.

• We analyze the issues of previous smoothness losses with
visualizations and propose a new smoothness loss defini-
tion based on homography and SAM as a solution.

• We show how SAM masks can be processed, represented,
and aggregated into neural networks, which can be di-
rectly extended to other tasks using SAM.

2. Related work
Unsupervised optical flow Traditional methods [18, 36,
70] optimize optical flow based on brightness constancy
and local smoothness. These constraints have been trans-
formed to photometric and smoothness losses in early unsu-
pervised networks [46, 64]. Since then, more specific mod-
ules have been proposed, including occlusion-aware adjust-
ments [24, 35, 41, 57, 67], iterative refinement [22], learned
upsampler [37], self-supervision [32–34, 51], dataset learn-
ing [15, 19, 54]. The latest SMURF [51] based on
RAFT [55] has also achieved outstanding performances.

Segment Anything Model (SAM) Segment Anything
Model (SAM) [30] is a recent general-purpose foundation
model for image segmentation tasks. The model is trained
on enormous high-quality annotated images and is designed
to accept prompts (points, boxes, etc.) to retrieve object
masks. Its trained model can transfer well zero-shot to new
data distributions and thus has been applied to many vision
tasks and applications such as object tracking [7, 62], video
segmentation [45, 72], neural rendering [3, 5, 48], and med-
ical imaging [17, 39, 40, 59]

Combining optical flow and object information To ag-
gregate object-level information, many previous methods
have combined semantic or instance segmentation models
off-the-shelf as object cues to help refine optical flow [1,
47, 56, 60, 69]. Given semantics, most methods reason
the rigid motions of objects and conduct refinement based
on geometric techniques such as homography [47], epipo-
lar geometry [1], and SfM [47, 60]. SemARFlow [69] is
a latest neural network that incorporates semantics on the
feature level and through self-supervision, which we follow
closely. Besides, joint training has also been explored to
benefit both optical flow and segmentation tasks based on
semantic consistency and occlusion reasoning [6, 8, 21].

One concurrent work, SAMFlow [73], also combines
SAM with optical flow. However, we focus on unsupervised
flow as opposed to their supervised flow. Furthermore, our
method imports SAM outputs instead of SAM features, so
our trained network can automatically be reused by any seg-
mentation model as long as it generates SAM-style object
masks. These discrepancies make our method more flexible
and feasible in real applications without needing labels.

3. Method
3.1. Problem formulation

Unsupervised optical flow Given two consecutive RGB
frames I1, I2 ∈ RH×W×3, unsupervised optical flow es-
timation aims at estimating the dense optical flow field
F1→2 ∈ RH×W×2 without using ground-truth labels.

SAM mask detection For each input frame It (t ∈
{1, 2}), we can compute its SAM [30] masks Mt =
{0, 1}nt×H×W , which is composed of the binary masks
of the nt objects found in It. The masks are generated by
prompting SAM using a grid of around 1k points along with
post-processing such as NMS [43] to drop redundant masks.

To utilize SAM masks in optical flow training, one key
question is how to effectively process, represent, and aggre-
gate these masks in the network. Different from semantic
or instance segmentation, SAM masks do not identify the
semantic classes of each object, so one-hot representations
are not applicable. Also, the number of detected masks
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(a) Encoder for each image It (t ∈ {1, 2})
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(b) One iteration of the iterative decoder at the l-th level (2 ≤ l ≤ 6).

Figure 2. Our network structure. The red part highlights our mask feature adaptation (“+mf”), which is only applied in our second setting
where the SAM masks, M1 and M2, are used as additional inputs to the network. See more detailed network structures in Appendix A.1.

Figure 3. Examples of object crops selected from KITTI [42] and
Sintel [2] using SAM [30] for semantic augmentation (Sec. 3.3)

nt may vary from sample to sample. Moreover, the rela-
tionship between these masks and all pixels is not strictly
one-to-one. Instead, a pixel can belong to multiple different
masks, for instance, in the case of embedded objects like
cars and wheels. Conversely, some pixels may not be as-
signed to any mask at all. These technicalities have posted
great challenges, and we will show how we tackle these is-
sues in later chapters.

Two problem settings For the sake of practicality, we
consider two settings. In the first setting, we do not use
SAM masks as additional inputs to the network. Instead,
we only apply SAM during training to generate better loss
signals, so SAM is not needed at inference time once train-
ing is completed. In addition, for the second setting, we
also input SAM masks to the network to generate object-
level mask features. This setting should yield better perfor-
mances, albeit with the trade-off of extra overhead during
the generation of SAM masks at inference time.

In this paper, we mainly propose three adaptations to uti-
lize SAM information in the flow network, namely the se-
mantic augmentation (Sec. 3.3), the homography smooth-
ness loss (Sec. 3.4), and the mask feature module (Sec. 3.5).
These three adaptions can be plugged in independently. The
former two only need SAM during training, so they can
be applied to both problem settings. The last one involves
adding SAM inputs and new learnable weights to the net-
work, so we only apply it in the second setting.

3.2. Network structure and loss

We first build our baseline network from ARFlow [32], with
some simple adaptations suggested by SemARFlow [69]
such as adding the learned upsampler network. Our net-
work structure is shown in Fig. 2.

Encoder We use a simple fully convolutional encoder
(Fig. 2a) to extract a feature pyramid {f (2)

t , f
(3)
t , · · · , f (6)

t }
for each input image It (t ∈ {1, 2}), where the l-th level
feature f

(l)
t has resolution (H/2l,W/2l).

Decoder We adopt the iterative decoder used in previous
work [32, 69] as our decoder. The decoder starts from a
coarse level zero estimate F̂

(7)
1→2 = 0 and iteratively refines

the estimate to finer levels. Fig. 2b illustrates one iteration
that refines from estimate F̂

(l+1)
1→2 to the finer F̂ (l)

1→2, which
has resolution (H/2l,W/2l). A learned upsampler network
(similar to the one in RAFT [55]) is applied to upsample
F̂

(2)
1→2 by 4 times to generate our final flow estimate F1→2 =

F
(2)
1→2 on the original resolution (H,W ).

In Fig. 2b, we also highlight in red the optional mask fea-
ture module (to be discussed in Sec. 3.5), which requires the
SAM masks M1,M2 as additional inputs to the decoder and
is thus only included in our second problem setting men-
tioned in Sec. 3.1. See more details in Appendix A.2.

Loss We adopt the same photometric loss ℓph as in
ARFlow [32], which is a linear combination of three dis-
tance measures (L1, SSIM [58], and Census loss [41]) be-
tween input frames and the frames warped by F1→2 and
F2→1. Occluded regions estimated by bidirectional consis-
tency check [41] are disregarded when computing ℓph.

In addition, we also combine a semantic augmentation
loss ℓaug (Sec. 3.3) and a homography smoothness loss ℓhg
(Sec. 3.4), so our final loss is

ℓ = ℓph + waugℓaug + whgℓhg, (1)

where waug = whg = 0.1 are the balancing weights.
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Figure 4. An example of why traditional boundary-aware smoothness loss works poorly. Sample from Sintel [2] final (ambush 5, frame
#11). (a) Original image superimposed with SAM full segmentation; (b) Image patch; (c) Optical flow estimate from our baseline model
superimposed with the SAM boundary (black); (d) Gradients of the traditional boundary-aware smoothness loss; (e) Gradients of our
proposed homography smoothness loss; (f) Illustration of the poor landscape of traditional smoothness loss. Note that for both gradients
in (d)(e), we use loss definitions based on L2 norm for better visualizations. See Sec. 3.4 and Appendix A.6 for explanations.

3.3. Semantic augmentation as self-supervision

Inspired by SemARFlow [69], we adopt a similar seman-
tic augmentation process to improve our network by self-
supervision during training. However, we extract semantics
from SAM [30] instead of semantic segmentation [4, 74].

Overview After estimating the flow F1→2 for inputs I1,
I2, we manually apply some transformations T1, T2 to I1,
I2, respectively, to obtain the augmented Ĩ1, Ĩ2. The new
flow after transformation F̃1→2 can also be generated at the
same time since all transformation parameters are known.
We then run another forward pass of the network to infer
flow for the augmented inputs Ĩ1, Ĩ2, which is then self-
supervised by F̃1→2 using L1 loss (i.e., the ℓaug in Eq. (1)).

The transformations T1, T2 mentioned above not only in-
clude appearance transformations (on brightness, contrast,
random noise, etc.), 2D affine transformations (translation,
rotation, scaling), and occlusion augmentation (cropping),
as proposed by ARFlow [32], but also contain a special se-
mantic augmentation that involves input semantics, as pro-
posed by SemARFlow [69], which we discuss next.

Semantic augmentation During semantic augmentation,
new objects are copied and pasted across samples. For ex-
ample, we may crop out a car object from another random
sample and paste it into the current sample used for training.
An augmented simple motion is also applied to the cropped
objects. This transformation utilizes the semantic knowl-
edge and creates realistic samples with new occlusions.

In contrast to SemARFlow [69], which picks object
crops of specific classes such as cars and poles using seman-
tic segmentation, our method utilizes SAM masks without
class labels. Consequently, we select key objects among the

SAM masks by finding those masks that overlap the most
with other masks. This is based on the heuristic that key ob-
jects typically consist of multiple object parts that can also
be detected by SAM. Some example key objects selected
are shown in Fig. 3. See more details in Appendix A.3.

3.4. Homography smoothness loss

Our second adaptation comes from the motivation that ob-
ject segmentation can be used to formulate a more precise
smoothness constraint to better regularize the optical flow
field. We first analyze the issues of previous traditional
smoothness losses and then show how we resolve those is-
sues with the help of SAM [30].

Issues of previous smoothness losses Most previous net-
works define their smoothness loss based on the second-
order derivatives of the flow field [64]. Optical flow field
F1→2 is a two-dimensional function of point p = (x, y).
Previous smoothness losses are typically in the form of

ℓs =
∑
p

(
wx(p)

∥∥∥∥∂2F1→2(p)

∂x2

∥∥∥∥+ wy(p)

∥∥∥∥∂2F1→2(p)

∂y2

∥∥∥∥) ,

(2)
in which wx, wy are the edge-aware weights to avoid
penalties across object boundaries, where motion is not
necessarily continuous. Such weights are usually derived
from image edges, which often coincide with object bound-
aries [57]. In our case, we can obtain more accurate
boundaries from SAM masks. However, we find that these
boundary-aware smoothness definitions work poorly.

One example is shown in Fig. 4. The patch (Fig. 4b) ex-
hibits a rightward motion of the blade, occluding the nearby
snow background, which barely moves. We show our base-
line flow estimate, as well as the object boundary, in Fig. 4c.
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We can see that the estimated flow is not consistent with the
object boundary due to occlusion (part of the snow regarded
as moving together with the blade). In this case, the smooth-
ness loss mostly comes from around the flow boundary, and
so does its gradient (Fig. 4d). This gradient signal is very
weak since the boundary only takes up a very smaller re-
gion, so its update is confined within only the small local
neighborhood around the flow boundary.

Furthermore, we show that the landscape of the broadly
used boundary-aware smoothness loss is problematic. We
examine the smoothness loss of the patch while gradually
translating the flow patch horizontally until it roughly fits
the object boundary provided by SAM. The results are vi-
sualized in Fig. 4f. We can see that the optimal solution
indeed finds the flow that is most consistent with the object
boundary since we do not penalize across object boundaries.
However, such solution lies in a very steep local minimum
of the loss, while in contrast, the landscape around our cur-
rent estimate is rather flat, meaning that any local change
around the current estimate makes little difference to the
loss. This vividly explains why traditional boundary-aware
smoothness losses are very hard to optimize in training.

Regional smoothness based on homography Tradi-
tional boundary-aware smoothness (Eq. (2)) works poorly
since its definition and gradient are too local. To resolve
this issue, our idea is to define smoothness based on object
regions instead of object boundaries.

Specifically, the inaccurate flow values in Fig. 4c can
be understood as outliers in the same object region (snow).
Thus, parametric models, such as homography, can be used
to fix these outliers. For each object region of interest
(found though occlusion estimation [41, 68]), we first es-
timate its homography with RANSAC [11] using the reli-
able correspondences provided by the current flow estimate.
We define criteria to reject the estimated homography with
low RANSAC inlier rate (see details in Appendix A.4). A
refined flow can then be generated for that object using ho-
mography. We compute the L1 distance between our current
estimate and the refined flow as our homography smooth-
ness loss ℓhg in Eq. (1). Our homography smoothness loss
results in non-local gradients (Fig. 4e), which strongly en-
forces smoothness by regions.

One alternative, though, is to directly use the refined
flow as our output, so the homography works through post-
processing instead of loss signals [47]. Nevertheless, we
still prefer defining losses because in that case, homogra-
phy and SAM are only needed during training. Empirically,
we do not see big differences between their performances.

3.5. Mask feature and correlation

Full segmentation representation of SAM masks To
better use masks in the network, we need to transform SAM

1x1 conv

transform
& down

maxpool
by mask

1x1 conv

Mask Feat Module

Figure 5. Our proposed mask feature module (Sec. 3.5)

masks to a full segmentation representation, where every
pixel is assigned to exactly one mask.

Specifically, we first sort all current object masks by the
size of their area. For pixels that belong to multiple masks,
we assign it to the one that has the smallest area. For pixels
that do not belong to any mask, we create a new “back-
ground” object mask to cover all these pixels.

Mask feature module Our mask feature computations
are highlighted in Fig. 2b. Given the mask Mt and image
feature f

(l)
t , we use a mask feature module to generate g

(l)
t .

Similar to the warping and correlation of image features f (l)
t

in the original ARFlow [32], we also warp mask features
g
(l)
t and compute their correlations, which are then concate-

nated into the input of flow estimator network in Fig. 2b.
The detailed structure of our mask feature module is de-

picted in Fig. 5. We first transform the SAM masks Mt to
full segmentation representation and downsize it to the l-
level resolution. We then compute a new feature from f

(l)
t

and apply max-pooling by segmentation. Specifically, for
each object segmentation, we apply max-pooling among all
features of that object and copy the pooled feature to all
those pixels, yielding a pooled feature map ĝ

(l)
t . Finally, we

concatenate the feature before max-pooling with ĝ
(l)
t , and

extract our mask feature g
(l)
t . This module aggregates fea-

tures on the higher object level and can, thus, compensate
the original pixel-level image features. See more details in
Appendix A.5.

4. Experiments
4.1. Datasets

We conduct experiments on KITTI [14, 42] and Sintel [2]
datasets and follow the same training data schedules from
previous methods [32, 34, 37]. For KITTI [14, 42], we first
train on raw sequences (55.7k samples) and then fine-tune
on the multi-view extension subset (5.9k samples). For Sin-
tel [2], we first train on raw frames (12.5k samples) pro-
vided by ARFlow [32] and then fine-tune on clean and final
passes together (2.1k samples). We also adopt the Sintel
sub-splits used in ARFlow [32], which divide the original
dataset by scenes into two subsets of 1k samples, for two-
fold cross validation. Images from the test scenes have been
excluded from the raw sequences for both datasets.
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Method
Train Test

Param.2012 2015 2012 2015
EPE EPE Fl-noc EPE Fl-all Fl-noc Fl-bg Fl-fg

Su
pe

rv
is

ed

PWC-Net+ [53] - (1.50) 3.36 1.4 7.72 4.91 7.69 7.88 8.8M
IRR-PWC [22] - (1.63) 3.21 1.6 7.65 4.86 7.68 7.52 6.4M
RAFT [55] - (0.63) - - 5.10 3.07 4.74 6.87 5.3M
FlowFormer [20] - (0.53) - - 4.68 2.69 4.37 6.18 18.2M
SAMFlow [73]∗† - - - - 4.49 - - - -

U
ns

up
er

vi
se

d

UnFlow-CSS [41] 3.29 8.10 - - 23.27 - - - 116.6M
DDFlow [33] 2.35 5.72 4.57 3.0 14.29 9.55 13.08 20.40 4.3M
SelFlow [34] 1.69 4.84 4.31 2.2 14.19 9.65 12.68 21.74 4.8M
SimFlow [23] - 5.19 - - 13.38 8.21 12.60 17.27 -
ARFlow [32] 1.44 2.85 5.02 1.8 11.80 8.91 10.30 19.32 2.2M
UFlow [26] 1.68 (2.71) 4.26 1.9 11.13 8.41 9.78 17.87 -
UPFlow [38] 1.27 2.45 - 1.4 9.38 - - - 3.5M
Ours (baseline) 1.32 2.44 4.05 1.6 9.60 6.77 8.74 13.89 2.5M
Ours (+aug)∗ 1.33 2.26 4.15 1.6 9.05 6.46 7.96 14.55 2.5M
Ours (+aug +hg)∗ 1.27 2.11 3.89 1.5 8.18 6.04 6.67 15.72 2.5M
Ours (+aug +hg +mf)∗† 1.26 2.01 3.79 1.4 7.83 5.67 6.40 14.98 2.6M

Table 1. KITTI benchmark errors (EPE/px and Fl/%). Metrics evaluated at “all” (all pixels), “noc” (non-occlusions), “bg” (background),
and “fg” (foreground). “+aug”: semantic augmentation module; “+hg”: homography smoothness loss; “+mf”: mask feature module. “*”:
SAM used in training; “†”: SAM used in inference. Numbers with parentheses indicate that the same evaluation data were used in training.

Method
Train Test

Param.Clean Final Clean Final
all all all noc occ all noc occ

Su
pe

rv
is

ed

PWC-Net+ [53] (1.71) (2.34) 3.45 1.41 20.12 4.60 2.25 23.70 8.8M
IRR-PWC [22] (1.92) (2.51) 3.84 1.47 23.22 4.58 2.15 24.36 6.4M
RAFT [55] (0.77) (1.27) 1.61 0.62 9.65 2.86 1.41 14.68 5.3M
FlowFormer [20] (0.48) (0.74) 1.16 0.42 7.16 2.09 0.96 11.30 18.2M
SAMFlow [73]∗† - - 1.00 0.38 5.97 2.08 1.04 10.60 -

U
ns

up
er

vi
se

d

UnFlow-CSS [41] - 7.91 9.38 5.37 42.11 10.22 6.06 44.11 116.6M
DDFlow [33] (2.92) (3.98) 6.18 2.27 38.05 7.40 3.41 39.94 4.3M
SelFlow [34] (2.88) (3.87) 6.56 2.67 38.30 6.57 3.12 34.72 4.8M
SimFlow [23] (2.86) (3.57) 5.93 2.16 36.66 6.92 3.02 38.70 -
ARFlow [32] (2.79) (3.73) 4.78 1.91 28.26 5.89 2.73 31.60 2.2M
UFlow [26] (2.50) (3.39) 5.21 2.04 31.06 6.50 3.08 34.40 -
UPFlow [38] (2.33) (2.67) 4.68 1.71 28.95 5.32 2.42 28.93 3.5M
Ours (baseline) (2.67) (3.63) 4.29 1.64 25.96 5.81 2.76 30.60 2.5M
Ours (+aug)∗ (2.35) (3.33) 4.00 1.58 23.76 5.33 2.53 28.17 2.5M
Ours (+aug +hg)∗ (2.25) (3.10) 4.00 1.76 22.36 5.22 2.62 26.40 2.5M
Ours (+aug +hg +mf)∗† (2.21) (3.07) 3.93 1.67 22.34 5.20 2.56 26.75 2.6M

Table 2. Sintel benchmark errors (EPE/px). Metrics evaluated at “all” (all pixels), “noc” (non-occlusions), and “occ” (occlusions). “+aug”:
semantic augmentation module; “+hg”: homography smoothness loss; “+mf”: mask feature module. “*”: SAM used in training; “†”:
SAM used in inference. Numbers with parentheses indicate that the same evaluation data were used in training.

4.2. Implementation details

The model is implemented in PyTorch [44]. We train the
network using the Adam optimizer [29] (β1 = 0.9, β2 =
0.999) with batch size 8. For both datasets, we first train

on raw data using a constant learning rate 2e-4 for 100k
iterations and then fine-tune on the original dataset us-
ing the OneCycleLR scheduler [50] with maximum learn-
ing rate 4e-4 for another 100k iterations. Similar to Se-
mARFlow [69], we only turn on the semantic augmentation
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Method Semantics KITTI
2015 2012

JFS [21] Sem. Seg. 16.47 -
SOF [47] Sem. Seg. 15.99 -
MRFlow [60] Sem. Seg. 12.19 -
SDF[1] Ins. Seg. 11.01 7.69
SemARFlow [69] Sem. Seg. 8.38 7.35
Ours (+aug +hg +mf) SAM 7.83 7.05

Table 3. KITTI test errors (Fl-all/%) compared with other unsu-
pervised semantic optical flow methods. “-”: data not available.

and homography smoothness modules after 150k iterations.
In terms of Segment Anything Model [30], we use the

off-the-shelf default ViT-H pretrained model, which gener-
ates an average of 63.7 object masks for each KITTI sam-
ple [42] and around 82.9 masks for each Sintel sample [2].

For data augmentation, we follow ARFlow [32] and in-
clude appearance transformations (brightness, contrast, sat-
uration, hue, gaussian blur, etc.), random horizontal flip-
ping, and random swapping of input images. We resize the
inputs to dimension 256 × 832 for KITTI and 448 × 1024
for Sintel before feeding into the network.

4.3. Benchmark testing

Our benchmark testing results are shown in Tabs. 1 and 2.
Our final models with all three adaptations significantly
outperform state-of-the-art unsupervised methods on both
KITTI [14, 42] and Sintel [2] datasets on almost all evalu-
ation metrics. Our final model achieves 7.84% error rate
on KITTI-2015 test set, which is much better than UP-
Flow [37] (9.38%) and ARFlow [32] (11.80%, the back-
bone network that we adapt from). All these results show
the benefits of utilizing SAM models in unsupervised opti-
cal flow training.

In Tabs. 1 and 2, we can also see that our errors decline
progressively as we incrementally add each proposed mod-
ule to the network. This justifies the effectiveness of all our
proposed adaptations. Also, for the setting that we do not
use SAM masks as network inputs (“+aug +hg”), our model
also outperforms state-of-the-art methods on both datasets.
This implies that our approach has the potential to enhance
unsupervised flow networks solely by optimizing training,
guided by SAM, without introducing any additional com-
putational overhead during inference.

Notably, our networks exhibit substantial improvements
from SAM particularly on real datasets, such as KITTI [14,
42], compared with animation images in Sintel [2]. This
is because SAM is mostly trained on real-life images, so it
produces masks of higher quality for KITTI than for Sintel.

Tab. 3 shows the comparison among current semantics-
guided optical flow methods. Our model guided by SAM

waug whg
Sintel KITTI

Final Clean 2015 2012
0.1* 0.1* 3.35 2.53 2.11 1.27
0.1 0 3.53 2.54 2.26 1.33
0.1 0.2 3.45 2.63 2.09 1.28
0.2 0.2 3.45 2.60 2.15 1.29
0.2 0.1 3.50 2.59 2.13 1.29
0 0.1 3.61 2.79 2.16 1.30

Table 4. Ablation Study on Ours (+aug +hg): Balancing weights
between waug and whg in Eq. (1). * indicates our final setting.

Smoothness Loss Sintel KITTI
Final Clean 2015 2012

Homography* 3.35 2.53 2.11 1.27
Image-edge-aware 3.63 2.56 2.35 1.35

SAM-boundary-aware 3.65 2.62 2.33 1.36

Table 5. Ablation Study on Ours (+aug +hg): Different smooth-
ness loss definition (Sec. 3.4). * indicates our current setting.

Mask Feature Module Sintel KITTI
Final Clean 2015 2012

Concat* 3.29 2.43 2.01 1.26
Residual 3.31 2.47 2.05 1.28

Concat + Residual 3.34 2.52 2.06 1.27
No +mf 3.35 2.53 2.11 1.27

Table 6. Ablation Study on Ours (+aug +hg +mf): Different mask
feature modules (Sec. 3.5). * indicates our final setting.

outshines all previous methods guided by semantic or in-
stance segmentation, even though SAM is not trained on
KITTI [42]. This indicates the great potential of SAM as
a zero-shot general-purpose semantic model that could be
used directly in other tasks such as optical flow estimation.

4.4. Qualitative results

Figs. 6 and 7 show some qualitative examples of our fi-
nal model, compared with previous state-of-the-art meth-
ods. We can see that our network outputs better flow around
objects with much sharper boundaries, which are consistent
with the SAM mask inputs. Our method can also handle dif-
ferent lighting conditions (dark shadows, bright reflections)
better thanks to the robust masks provided by SAM.

4.5. Ablation studies

We do extensive ablation studies to analyze the effective-
ness of our proposed adaptations and their detailed settings.
For KITTI [14, 42], we compute validation errors on the
original train set images. For Sintel [2], we apply two-fold
cross validation and report the average validation errors.
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Image 1 SAM masks ARFlow UPFlow Ours

Figure 6. KITTI-2015 test qualitative examples (sample frame #48, 72, 190, 196). See more examples in Appendix B.2

EPE = 6.10EPE = 6.95 EPE = 5.65

EPE = 21.53 EPE = 19.73 EPE = 18.08

Image 1 SAM masks ARFlow UPFlow Ours

Figure 7. Sintel (final pass) test qualitative examples (sample: cave 3 frame 16; market 4 frame 47). See more examples in Appendix B.2

Loss weights We tune the loss weights waug and whg in
Tab. 4. We also compare with the settings where either waug
or whg equals zero, which means we turn off the semantic
augmentation or homography smoothness module. The re-
sults show that our current setting works the best, and the
ablation of each module results in loss of performance.

Smoothness definitions In Tab. 5, we can see that our re-
gional smoothness loss based on homography works signifi-
cantly better than the traditionally used edge-aware smooth-
ness loss based on image edges or SAM boundaries. These
results are consistent with our analysis in Sec. 3.4.

Mask feature modules We also experiment some other
ways of aggregating mask features and image features in
Tab. 6. “Residual” refers to adding the processed mask fea-
tures to image features as a residual connection. The results
show that our current setting works slightly better than us-
ing residual connections.

4.6. Generalization ability

We show that our flow network guided by SAM exhibits
great generalization ability across dataset domains in Tab. 7.
Specifically, we train on one of the datasets (KITTI [42] or
Sintel [2]) and then test directly on the other without fine-
tuning. Our final model guided by SAM obtains clearly bet-
ter results than our baseline model without SAM.

Method KITTI→Sintel Sintel→KITTI
Final Clean 2015 2012

Ours (w/ SAM) 5.75 4.90 7.58 2.99
Ours (w/o SAM) 7.02 6.39 8.59 2.93

Table 7. Generalization ability. Training on one dataset and testing
directly on the other dataset. We show Sintel/KITTI train set EPEs.

4.7. Time efficiency

Our network operates very efficiently in real time. For each
RGB sample of dimension 376 × 1242, our network in-
ference takes 0.0334(±0.0038) second on one Tesla P100
GPU, excluding the time for computing SAM masks.

5. Conclusion
We propose UnSAMFlow, an unsupervised optical flow net-
work guided by object information from Segment Anything
Model (SAM), with three novel adaptations, namely seman-
tic augmentation, homography smoothness, and mask fea-
ture correlation. Our method achieves state-of-the-art re-
sults and exhibits visible improvements.

Limitations Our performance relies on the accuracy of
SAM masks, which may be undermined for samples with
serious lighting issues, artifacts, or motion blur. The lack
of semantic classes in the SAM output also makes its object
information incomplete, awaiting future improvements.
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