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Abstract
Existing recurrent optical flow estimation networks are com-
putationally expensive since they use a fixed large number of
iterations to update the flow field for each sample. An efficient
network should skip iterations when the flow improvement is
limited. In this paper, we develop a Context-Aware Iteration
Policy Network for efficient optical flow estimation, which
determines the optimal number of iterations per sample. The
policy network achieves this by learning contextual informa-
tion to realize whether flow improvement is bottlenecked or
minimal. On the one hand, we use iteration embedding and
historical hidden cell, which include previous iterations infor-
mation, to convey how flow has changed from previous itera-
tions. On the other hand, we use the incremental loss to make
the policy network implicitly perceive the magnitude of op-
tical flow improvement in the subsequent iteration. Further-
more, the computational complexity in our dynamic network
is controllable, allowing us to satisfy various resource prefer-
ences with a single trained model. Our policy network can be
easily integrated into state-of-the-art optical flow networks.
Extensive experiments show that our method maintains per-
formance while reducing FLOPs by about 40%/20% for the
Sintel/KITTI datasets.

Introduction
Optical flow is a fundamental task that attempts to estimate
per-pixel correspondences between video frames. Optical
flow models are widely used in applications such as video
tracking (Vihlman and Visala 2020), video super-resolution
(Chan et al. 2022), video frame interpolation (Kong et al.
2022), and autonomous driving (Capito, Ozguner, and Red-
mill 2020). Recently, following RAFT (Teed and Deng
2020), the recurrent networks have demonstrated superior
performance, because they can optimize the optical flow in
a iterative manner. However, they estimate optical flow with
a fixed large number of iterations, such as 32 iterations for
the Sintel dataset (Butler et al. 2012), which is restrained by
limited computational resource during inference. Therefore,
exploring efficient optical flow estimation algorithms is ur-
gently needed for practical applications.

To address this problem, we present three representative
examples in Figure 2 with two discoveries. (1) There will
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Figure 1: Efficient inference. Our policy network can skip
the iteration to determine the optimal number of iterations
depending on contextual information. Users are capable of
altering the resource preference value r to control computa-
tional complexity.

be a bottleneck in the optical flow network. A bottleneck
indicates that the flow network cannot improve the flow af-
ter some iterations due to the limited estimation ability of
the network. For example, the average Endpoint Error (EPE)
improvement of examples B and C fails to improve EPE af-
ter the 12th and 10th iterations. (2) Although EPE contin-
ues to improve, the magnitude of improvement is different
for each sample. For example, example B decreases EPE
by 5.71 from the 8th to 12th iteration, while example C
only decreases EPE by 0.04 from the 6th to 10th iteration.
Therefore, if we encounter resource constraints, we can re-
duce computational complexity in two ways. The first is to
skip the iteration when a bottleneck is encountered, and the
second is to skip an iteration where the sample only has a
marginal optical flow improvement.

In this paper, we propose the dynamic optical flow net-
work with our proposed Context-Aware Iteration Policy Net-
work, to dynamically determine optimal number of iter-
ations for efficient optical flow estimation. We integrated
our proposed policy network into four state-of-the-art back-
bones. The experiment results show that our dynamic net-
works can maintain performance while reducing floating
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Figure 2: Three examples of changes in EPE as iteration increases.When the network encounters a bottleneck or the EPE
improvement is small, we can reduce the computational complexity by skipping iterations. The EPE of examples B and C has
a bottleneck after the 12th and 10th iterations. Compared with example A and B, the EPE improvement of example C from the
6th to 10th iteration is small.

point operations (FLOPs) by around 20% and 40% for
KITTI (Menze and Geiger 2015) and Sintel-Final (Butler
et al. 2012) training datasets. Figure 1 displays the overview
of our method. Our iteration policy determines whether to
skip the iteration at each time step, and we design the pol-
icy network to be lightweight so that it does not introduce a
large amount of FLOPs. In addition, users can alter the re-
source preference value r to control computational complex-
ity based on the availability of various computing resources.
We force the computation cost of the recurrent process less
than r times the original.

However, it is challenging for the policy network to de-
cide whether to skip iteration or not, since the features in
each iteration lack the global iteration information includ-
ing the process and magnitude of optical flow improvement.
Therefore, we must provide extra information to the policy
network, so we propose to make the policy network rely on
contextual information to decide. Specifically, historical hid-
den cell and iteration embedding are fed into the policy net-
work to provide previous iterations information. Historical
hidden cell, which comes from the previous policy network,
contains the information about preceding decision and flow
change information, and iteration embedding provides itera-
tion progress information.

For future iterations information, we use the incremental
loss to force the policy network to predict how much the
optical flow will improve in the subsequent iteration. Both
previous and future iterations information help the policy to
realize whether the iteration network hits a bottleneck and
the magnitude of optical flow improvement. By exploiting
this contextual information, the iteration policy network can
determine whether to skip the iteration or not.

This paper mainly has the following contributions:

• This paper presents an efficient optical flow estimation
method that reduces computational complexity by deter-
mining the optimal number of iterations for each sample.
The proposed policy network is also controllable, and it
only needs a single trained network to deal with different
computational resource situations.

• The proposed context-aware policy network can deter-
mine whether the flow improvement is limited. We pro-
pose using historical hidden cell, iteration embedding

and incremental loss to help the policy network estimate
whether the flow improvement encounters the bottleneck
and the magnitude of the improvement.

• Our policy network can be seamlessly integrated into
contemporary optical flow architecture. The experiments
show that our dynamic network can maintain the per-
formance while reducing FLOPs by about 40%/20% for
Sintel/KITTI datasets.

Related Work
Optical Flow Estimation. Optical flow aims to find pixel-
wise correspondences between two video frames. The tradi-
tional method models optical flow as an optimization prob-
lem, and they try to improve regularizations (Black and
Anandan 1993; Ranftl, Bredies, and Pock 2014; Sun, Roth,
and Black 2014) and energy terms (Zach, Pock, and Bischof
2007) to maximize the visual similarity between image
pairs.

Recent efforts on optical flow have primarily relied on
deep neural networks. FlowNet (Dosovitskiy et al. 2015)
first proposed the prototype of a CNN-based optical flow
model. After that, a series of well-designed works were pro-
posed, such as FlowNet2.0 (Ilg et al. 2017), SpyNet (Ran-
jan and Black 2017), and PWC-Net (Sun et al. 2018, 2020).
Then, the field made significant progress when RAFT (Teed
and Deng 2020) proposed a new recurrent optical flow net-
work to estimate optical flow. Based on this breakthrough
architecture, many recurrent networks (Jiang et al. 2021b;
Luo et al. 2022b; Sui et al. 2022; Xu et al. 2021; Zhang et al.
2021; Zheng et al. 2022; Zhou et al. 2023) have been pro-
posed. For example, GMA (Jiang et al. 2021a) suggested
combining global motion to solve the problem of estimat-
ing occlusion, and KPA-Flow (Luo et al. 2022a) designed
kernel patch attention to deal with the local relationships of
optical flow. FlowFormer (Huang et al. 2022) implemented
a transformer structure in the optical flow network to cap-
ture long-range relations. However, these methods do not
focus on efficient inference and have heavy computational
complexity due to their large number of iterations during in-
ference. For example, the iteration number is 32 and 24 for
Sintel (Butler et al. 2012) and KITTI datasets (Menze and
Geiger 2015), respectively.
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Dynamic inference. As summarized by Han et al. (Han
et al. 2022), dynamic inference networks have the advan-
tages of efficiency, representation power, and interpretabil-
ity since they can adapt the network structures during infer-
ence. Inference has become more efficient in recent years
with the help of sparse convolution (Habibian et al. 2021;
Parger et al. 2022; Wang et al. 2021; Xie et al. 2020; Yang,
Huang, and Wang 2022), early exiting strategies (Bolukbasi
et al. 2017; Huang et al. 2018; Wang et al. 2022; Xing et al.
2020), and inference path selection (Choi et al. 2021; Ding
et al. 2021; Kong et al. 2021; Liu et al. 2022). For exam-
ple, SMSR (Wang et al. 2021) and QueryDet (Yang, Huang,
and Wang 2022) only use convolutions in important im-
age areas and lower the computational cost of the unimpor-
tant region in super-resolution and object recognition tasks.
FrameExit (Ghodrati, Bejnordi, and Habibian 2021) enables
us to lower computational costs for video recognition by
processing fewer frames for simpler videos. RBQE (Xing
et al. 2020) employs a faster process to remove minor arti-
facts for efficient compressed image enhancement. ClassSR
(Kong et al. 2021) and MADA (Choi et al. 2021) achieve
efficient inference using a policy network to select different
inference paths for each patch in super-resolution and video
frame interpolation tasks.

Methodology
Statistical Observation
In this subsection, we illustrate our statistic observation re-
garding the flow results of Sintel-Final and KITTI training
datasets. These observations inspire us to design a more ef-
ficient dynamic optical flow network. We obtain the EPE
value of each iteration step using RAFT (Teed and Deng
2020). Similar to recent works (Teed and Deng 2020; Huang
et al. 2022; Luo et al. 2022a), the total iteration number of
Sintel-Final and KITTI is 32 and 24, respectively. Then we
count the minimum number of iteration steps required to be
within 0.01 of the best EPE for each sample and present the
percentage of each iteration step in Figure 3.

We can observe that approximately 67.1% and 43.0% of
the samples within the Final and KITTI datasets, respec-
tively, achieve almost the same results to the best EPE within
the first 15 iterations. This shows that the optical flow net-
work hits a bottleneck, leading to ∆EPE close to zero.
Therefore, we can skip the iterations to reduce computa-
tional complexity if the network encounters a bottleneck or
the magnitude of EPE improvement is small. Since the in-
formation regarding the improvement of EPE is contained in
previous iterations, we will incorporate the features of pre-
vious iterations into our policy network. In addition, we can
make the policy network perceive the magnitude of improve-
ment in the future iteration to help it decide whether to enter
the subsequent iteration.

Overview of the Proposed Architecture
Given the source image I1 and the target image I2, the
task of optical flow estimation attempts to estimate a per-
pixel displacement field between them. Recurrent optical
flow networks using deep learning have shown outstanding

Figure 3: Statistical observation. X-axis denotes the mini-
mum number of iteration steps to achieve the near best EPE
(||EPEx−EPEbest|| < 0.01). The Y-axis denotes the per-
centage of samples that achieve the near EPE at the step.

performance in recent years, and their structures typically
include encoders for features and contexts, as well as an up-
date operator. As shown in Figure 4, the update operator
takes the feature ϕ0 and a 4D cost volume C as input and
iteratively updates the flow T times. The frame features ϕ0

come from the output of feature and context encoders, and
the 4D cost volume is constructed from these frame features
ϕ0. In each iteration, the update operator generates a refined
feature ϕt and optical flow ft. This recurrent update manner
is similar to the steps of an optimization algorithm, and the
optical flow estimation procedure is as follows:

ϕ0, C = Encoder(I1, I2),

ϕt, ft = Update(ϕt−1, ft−1, C), t ∈ {1, 2, ..., T}. (1)

The flow field f0 is initialized to 0 everywhere. Finally, the
absolute distance between the ground truth flow fgt and the
entire sequence of predictions f1, ..., ft is used, which can
be expressed as:

Lflow(fgt, {ft}T1 ) =
T∑

t=1

ωT−t ∥fgt − ft∥1 (2)

where ω is set to 0.8.
Our context-aware policy network can decide whether to

skip the next iteration after each iteration performed by the
update operator. We use the iteration mask pt to indicate
whether to skip or not , i.e., 0 for skip and 1 for enter. To
make the mask learnable, we use the Gumbel softmax trick
(Jang, Gu, and Poole 2017) to predict pt from the feature
Pt ∈ R2×1×1 that is outputted by the last convolution in the
policy network, which we express as follows:

pt =
exp ((Pt[0] +Gt[0]) /τ)∑1
i=0 exp ((Pt[i] +Gt[i]) /τ)

, (3)

where Gt is the Gumbel noise tensor which follows a Gum-
bel(0, 1) distribution, and τ is the temperature parameter.
During inference, the network skips the update operator if
P0<P1 unless it enters the update operator.

Figure 1 shows part of the inference procedure, where we
see that the update operator does not bring any computa-
tional complexity if we skip the update. However, the up-
date operator will execute all T iterations during the training
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Figure 4: The architecture of the proposed dynamic optical flow network with the proposed context-aware iteration policy
network.

∑
represents the aggregation described in Equation 4, and we omit the aggregation for f̂t in this figure. × denotes

multiplication.

phase to make the network trainable, as shown in Figure 4.
We design the refined features and flow as an aggregation of
previous and current outputs using the iteration mask. The
aggregation is defined as follows:

ϕ̂t = ϕt × pt−1 + ϕ̂t−1 × (1− pt−1),

f̂t = ft × pt−1 + f̂t−1 × (1− pt−1),
(4)

where t ∈ {2, 3, ..., T}. If pt−1 → 0, the network skips the
iteration, since ϕ̂t and f̂t become ϕ̂t−1 and f̂t−1. If pt−1 →
1, the network enters the iteration, since ϕ̂t and f̂t is ϕt and
ft. Thus, the input of next update is ϕ̂t, f̂t and C:

ϕt+1, ft+1 = Update(ϕ̂t, f̂t, C), t ∈ {2, 3, ..., T − 1}.
(5)

Iteration Policy Network
Controllable Network: Our proposed dynamic optical flow
network is user-controllable, allowing users to control its
computational complexity based on their available compu-
tational resources. We input the resource preference value r
into the policy network to achieve this. The policy network
can condition on this resource preference value to determine
whether to skip the subsequent iterations. The smaller the
resource preference value is, the greater the likelihood of
skipping the next iteration, and vice versa. To introduce user
resource preferences into the network, we multiply the out-
put features of the first convolution in the policy network by
the value r. We then constraint the policy network output the
iteration mask pt based on r through the resource preference
loss, which is expressed as follows:

Lres = max(0,
1

T − 1

T−1∑
t=1

pt − r). (6)

Lres constraints the average pt should be smaller than re-
source preference r. As a result, we force the computational
cost of the recurrent process to less than r times the original.
Previous Iterations Information (‘PI’): Resource pref-
erence r enables controllability of our dynamic network.

However, the policy network is unable to accurately predict
whether the flow improvement is limited using the features
ϕ̂t in the iteration. Based on the statistical observation dis-
cussed above, we input the previous iterations information
from the history hidden cell ht−1 and iteration embedding
et into our policy network, as shown in Figure 4. The en-
coding function for et is et = {sin

(
2iπt

)
, cos

(
2iπt

)
}2i=0.

ht−1 and et contains the information about flow change and
progress information, assisting the policy network in deter-
mining whether the flow improvement has encountered a
bottleneck.

Specifically, iteration embedding indicates the iteration
progress information, which informs the policy network the
position and order of the current iteration. In addition, the
historical hidden cell is the condensed features of flow, it-
eration embedding and iteration mask in the previous itera-
tion, so it introduces the previous policy decision and flow
change information to policy network. By convolving the
previous decision information in ht−1 with the current fea-
ture ϕ̂t and et, the policy network can determine whether the
optical flow has been improved in the current iteration. The
entire process of obtaining ht and pt is defined as follows:

ht = Conv1(Concatenate{ϕ̂t, ht−1, et})× r,

Pt, it = Conv2(AdaptiveAvgPool(ReLu(ht))),

pt = Gumbel(Pt),

(7)

where t ∈ {1, 2, ..., T − 1}, and h0 is initialized to 0 ev-
erywhere. We obtain the history hidden cell ht by multiply-
ing the resource preference value r with the output of first
convolution. Then, we input the ht through a ReLu activa-
tion to enhance the ability of network representation and an
AdaptiveAvgPool operator for the fusion of global feature.
Finally, we output the Pt and it by the second convolution,
and we obtain pt by inputting Pt into the Gumbel softmax.
it is the predicted magnitude of flow improvement, which
we will describe how it works later. The computational cost
of the policy network is negligible compared with the update
operator since the FLOPs of the policy network is less than
1% of the update operator in RAFT. The procedure of policy
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Method
Sintel-Clean (train) Sintel-Final (train) KITTI-15 (train)

EPE FLOPs(G) Time(s) EPE FLOPs(G) Time(s) EPE F1-all FLOPs(G) Time(s)
C+T Training Data

RAFT 1.48 730 0.12 2.67 730 0.12 5.04 17.5 595 0.09
DRAFT 1.48 406(-44%) 0.09 2.67 502(-31%) 0.10 5.06 17.5 473(-21%) 0.09
GMA 1.31 813 0.15 2.75 813 0.15 4.48 16.9 660 0.13
DGMA 1.32 420(-48%) 0.09 2.75 429(-47%) 0.09 4.51 16.9 541(-18%) 0.12
FlowFormer∗ 0.94 974 0.31 2.33 974 0.31 4.10 14.5 496 0.19
DFlowFormer∗ 0.94 572(-41%) 0.21 2.33 496(-49%) 0.20 4.11 14.5 403(-19%) 0.17
KPA-Flow 1.22 824 0.26 2.48 824 0.26 4.24 15.7 672 0.20
DKPA-Flow 1.22 411(-50%) 0.16 2.48 416(-49%) 0.16 4.25 15.7 552(-18%) 0.18

C+T+S/K+(H) Training Data
RAFT (0.77) 730 0.12 (1.22) 730 0.12 (0.63) (1.5) 595 0.09
DRAFT (0.77) 283(-61%) 0.06 (1.22) 301(-59%) 0.07 (0.63) (1.5) 248(-58%) 0.05
GMA (0.63) 813 0.15 (1.05) 813 0.15 (0.58) (1.3) 660 0.13
DGMA (0.63) 367(-55%) 0.08 (1.06) 383(-53%) 0.09 (0.58) (1.3) 308(-53%) 0.07
FlowFormer∗ (0.41) 974 0.31 (0.61) 974 0.31 (0.54) (1.1) 496 0.19
DFlowFormer∗ (0.41) 422(-57%) 0.18 (0.60) 432(-56%) 0.18 (0.54) (1.1) 264(-47%) 0.12
KPA (0.62) 824 0.26 (1.05) 824 0.26 (0.54) (1.1) 672 0.20
DKPA (0.62) 412(-50%) 0.16 (1.06) 420(-49%) 0.16 (0.54) (1.1) 286(-57%) 0.11

Table 1: Quantitative comparison on Sintel and KITTI 2015 training datasets. ↓EPE/↓F1-all/↓FLOPs(G)/↓Time(s) are used for
evaluation. ‘C+T’ refers to results that are trained on Chairs (Dosovitskiy et al. 2015) and Things (Mayer et al. 2016) datasets.
“S/K(+H)” refers to methods fine-tuned on Sintel (Butler et al. 2012), KITTI (Menze and Geiger 2015), and some on HD1K
(Kondermann et al. 2016) datasets. The red text denotes the best result, and parentheses indicate the training results. ∗ denotes
that FlowFormer should forward four times to obtain the optical flow, and here we show the FLOPs and time for one forward.
As described in their paper, transformers are sensitive to image size, so they crop the image into four pieces and feed it into the
model four times in their code.

network can be summarized as follows:

ht, pt, it = Policy(ϕ̂t, ht−1, et, r), t ∈ {1, 2, ..., T − 1},
(8)

where ϕ̂1 is set to ϕ0.
Future Iterations Information (‘FI’): The magnitude of
flow improvement in subsequent iterations is important for
the policy network to make decisions based on the statistical
observation discussed above. The efficient networks should
dedicate computational resources to iterations where sam-
ples can have a significant optical flow improvement. There-
fore, we use an incremental loss to make our policy network
predict the flow improvement it in subsequent iterations.
The incremental loss Lincre is expressed as follows:

Lincre =
T−1∑
t=1

∥∥∥∥fgt − f̂t∥1 − ∥fgt − ft+1∥1 − it

∥∥∥
1
, (9)

where f̂t is the output flow of the current iteration after the
aggregate operation, as described in Equation 4, and ft+1

is the output flow of the next iteration before the aggre-
gate operation. Predicting future improvements is difficult,
but our network acquires the information about the approx-
imate magnitude improvements in optical flow. As shown
in Figure 4, since the predictions of iteration mask pt and
incremental improvement it are based on the same features,
the estimation of pt can implicitly refer to information about
the magnitude of optical flow improvement.

Overall Loss
We summarize the training loss described above as follows:

Loverall = Lflow(fgt, {f̂t}T1 ) + λresLres + λincreLincre,
(10)

where λres and λincre are the weight for Lres and Lincre.

Experiment
Our iteration policy network and training strategy can seam-
lessly integrate into contemporary optical flow architecture,
and the policy network is FLOPs-efficient. In this work,
we select four state-of-the-art methods, including RAFT
(Teed and Deng 2020), GMA (Jiang et al. 2021a), Flow-
Former (Huang et al. 2022), and KPA (Luo et al. 2022a), as
our backbone. They are recurrent-based deep learning op-
tical flow networks, which iteratively update the flow field
through an update operator.

Evaluation Metrics
We measure average Endpoint Error (EPE) and the per-
centage of optical flow outliers over all pixels (F1-all)
for Sintel (Butler et al. 2012) and KITTI (Menze and
Geiger 2015) datasets. EPE = ∥fgt − ft∥2, and F1-
all= EPE>3 and EPE/∥ft∥>0.05

# valid pixels . Outlier is the pixel satis-
fying EPE > 3 and EPE/∥ft∥ > 0.05. Each method was
evaluated on an NVIDIA GeForce RTX 3090 GPU to mea-
sure the inference speed per sample. Additionally, we count
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floating point operations (FLOPs) to determine the com-
putational complexity by running RAFT, GMA, and KPA-
Flow at a resolution of 1248×376 for Sintel and 1024×440
for KITTI, respectively. For FlowFormer, the resolution for
KITTI training, KITTI test, and Sintel datasets is 720×376,
1242×432, and 960×432, as they provide in the code.

Implementation Details
The iteration policy network is implemented as shown in
Figure 4, which FLOPs is less than 1% of the update op-
erator in RAFT. We used the pre-trained network to initial-
ize the network and fixed the network except for our policy
network during training.

Specifically, we initialized the network parameter for
RAFT and KPA-Flow with the pre-trained network trained
on the FlyingThings (Mayer et al. 2016) dataset and then
trained them for 40k iterations. This model was used to
evaluate the Sintel and KITTI training datasets. To obtain
models for the Sintel and KITTI test datasets, we initialized
network parameters with the pre-trained network trained on
Sintel, KITTI, and HD1K (Kondermann et al. 2016). Then,
we trained the policy network parameters using 40k and 20k
iterations for Sintel and KITTI, respectively. For GMA and
FlowFormer, we trained models for Sintel and KITTI train-
ing datasets and Sintel test datasets using 50k iterations. In
addition, like recent works, the total testing iterations for
Sintel and KITTI are 32 and 24, while the training iteration
is 12. The weights λres and λincre in the overall loss (Equa-
tion 10) are set to 50 and 1. r is randomly sampled from 0.2
∼ 1.0. The learning rate is the same with their codes.

Policy Network with Existing Flow Networks
Using our proposed iteration policy network, RAFT, GMA,
FlowFormer, and KPA-Flow are denoted as DRAFT,
DGMA, DFlowFormer, and DKPA-Flow, respectively. Ta-
ble 1 and Table 2 show that our dynamic network can
maintain performance while achieving lower computational
cost, with approximately 40%/20% reduction in FLOPs for
Sintel/KITTI datasets. For example, Table 1 displays that
the F1-all metric of all our dynamic networks is consis-
tent with the origin backbone for the KITTI datasets. How-
ever, the FLOPs is reduced by around 20% and 50% for
our dynamic networks trained on C+T and C+T+S/K+(H),
respectively. In addition, our dynamic networks maintain
the performance on Sintel-Final, but our models (DRAFT,
DGMA, DFlowFormer, DKPA-Flow) reduce the FLOPs by
43%/43%/23%/35%, as shown in the Table 2.

In addition, we display the visualization results of EPE
map in Figure 5, illustrating that our dynamic models require
fewer FLOPs to estimate the optical flow, which is compa-
rable or better to utilizing the original backbone.

Ablation Study
For each ablation model, we increase its FLOPs to exceed
our DRAFT or DFlowFormer to verify the effectiveness of
our proposed approaches.
Controllable Computational Complexity. Users can
change their resource preference r to control the number

Figure 5: Qualitative comparison on the KITTI-train dataset.
In the EPE map, the blue color is better, and the red is worse.

Figure 6: Ablation study of the controllable computational
complexity on KITTI. We plot the graph of FLOPs chang-
ing with source preference r and the graph of EPE changing
with FLOPs.

of FLOPs, which is an excellent property of our dynamic
network. For example, Figure 6 illustrates that when we in-
crease the r from 0.5 to 0.8, the FLOPs(G) of DRAFT also
increases from 225 to 375. In addition, FLOPs and r are
close to a proportional relationship, which is convenient for
users to control FLOPs.

Figure 6 also shows that EPE improves with FLOPs, and
our dynamic networks outperform the original backbone
when their FLOPs is close. For example, when the FLOPs
is around 325G, the EPE of our DRAFT is 5.27, which is
better than 5.51 EPE of RAFT.
Ablation Study of Lres. Lres in Equation 6 uses the
max(0, x), forcing the computational cost of the recurrent
process to be less than r times the original. We implement
an ablation model denoted as ‘-L1,’ which uses absolute dis-
tance L1 instead of max(0, x). Specifically, L1 we used is:
L1 = ∥ 1

T−1

∑T−1
t=1 pt − r∥1. Table 3 shows that ‘-L1’ abla-

tion models perform poorly. For example, DRAFT reduces
the EPE of Clean/Final/KITTI by 0.17/0.23/0.32 compared
to DRAFT-L1.
Ablation Study of Contextual Information. We imple-
ment two ablation models, ‘-B’ denotes the policy net-
work does not rely on contextual information, and ‘-P’ de-
notes the policy network only utilizes previous iterations
information. Table 3 shows the ‘-B’ ablation model per-
forms worst among all models. For example, DRAFT-B
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Method
Sintel-Clean (test) Sintel-Final (test) KITTI-15 (test)

EPE FLOPs(G) Time(s) EPE FLOPs(G) Time(s) F1-all FLOPs(G) Time(s)
RAFT 1.94 730 0.12 3.18 730 0.12 5.10 595 0.09
DRAFT 1.93 411(-44%) 0.09 3.20 412(-43%) 0.09 5.16 465(-22%) 0.09
GMA 1.39 813 0.15 2.47 813 0.15 5.15 660 0.13
DGMA 1.43 469(-42%) 0.10 2.53 465(-43%) 0.10 5.18 507(-23%) 0.10
FlowFormer∗ 1.15 974 0.31 2.18 974 0.31 4.70 808 0.29
DFlowFormer∗ 1.17 627(-36%) 0.24 2.21 752(-23%) 0.26 4.74 689(-15%) 0.26
KPA-Flow 1.35 824 0.26 2.27 824 0.26 4.67 672 0.20
DKPA-Flow 1.35 527(-36%) 0.21 2.29 533(-35%) 0.21 4.69 519(-23%) 0.18

Table 2: Quantitative comparison on Sintel and KITTI test datasets. All models are trained on C+T+S/K+(H) training data.

Method Lres
Information Clean Final KITTI

PI FI EPE EPE EPE F1-all
DRAFT-L1/DFlowFormer-L1 - ! ! 1.73/1.15 2.97/2.60 5.84/4.30 19.2/15.1
DRAFT-B/DFlowFormer-B ! - - 1.81/1.20 2.99/2.65 6.97/4.84 25.7/19.4
DRAFT-P/DFlowFormer-P ! ! - 1.58/1.07 2.77/2.51 5.66/4.23 19.0/15.2
DRAFT/DFlowFormer ! ! ! 1.56/1.03 2.74/2.43 5.52/4.21 19.0/15.1

Table 3: Quantitative comparison of the Lres and contextual information ablation study. ‘-L1’ denotes the model uses absolute
distance to control the computational cost. Previous iterations information (‘PI’) includes historical hidden cell ht−1 and itera-
tion embedding et in the policy network as described in Eqa.(7). Future iterations information (‘FI’) is the flow improvement
it in subsequent iterations estimated by the network and constrained by an incremental loss Lincre.

Figure 7: Three visualization examples of the contextual in-
formation ablation study on KITTI.

has 0.25/0.22/1.45 more EPE than DRAFT for Clean/Fi-
nal/KITTI. We find that the optimal number of iterations
predicted by the ‘-B’ model is either extremely small or
extremely large, indicating that the network is incapable
of making accurate predictions in the absence of contex-
tual information. The ’-P’ ablation model helps decide by
feeding historical hidden cell and iteration embedding into
the policy network, but its performance is still inferior to
DRAFT or DFlowFormer, which exploits contextual infor-
mation. For example, Clean/Final/KITTI EPE is reduced by
0.02/0.03/0.14 when comparing DRAFT to DRAFT-P.

To further understand how contextual information works,
we provide three visualization examples in Figure 7. By in-

corporating previous information into our policy network,
the policy network knows whether the flow improvement has
hit a bottleneck. As shown in the first example of Figure 7,
DRAFT and DRAFT-P only enter iteration 6 times since the
improvement of optical flow after that point is negligible.

From the second and third examples in Figure 7(b), we
can observe that DRAFT skips 3 more iterations for the third
example, so EPE increases the EPE by 0.12 compared to
DRAFT-P. However, DRAFT reduces 1.32 EPE for the sec-
ond example by entering 3 more iterations. These observa-
tions indicate that by using incremental loss to help the pol-
icy network perceive future information, the policy network
can assign more iterations to samples with a large improve-
ment in subsequent iterations.

Conclusion
This paper proposes a novel context-aware iteration policy
network for efficient optical flow estimation. The policy net-
work determines whether the flow improvement hit a bottle-
neck based on the context information. The ablation study
shows the controllability and effectiveness of our FLOPs
control strategy and the usefulness of contextual informa-
tion. Extensive experiments demonstrate that our network
maintains the performance with a 40%/20% reduction in
FLOPs for the Sintel/KITTI datasets.
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