On the Generalization of Optical Flow: Quantifying Robustness to Dataset Shifts

Supplementary Material

A. More Implementation Details
A.1. Dataset Splits

Tab. A1 lists the datasets and which of their splits we used
for evaluation. As we need ground truth for evaluation, we
used the validation split where available and the training
split on the other datasets. Note that no C+T checkpoint
was trained on any OOD data which we used for evalua-
tion. Moreover, regarding our ID dataset Things, we only
evaluate C+T checkpoints on the validation split of Things
which was also not used for training.

The datasets Things, Sintel and Driving offer several ren-
dering passes. We only use the final pass which is the most
realistic and difficult as it includes various atmospheric ef-
fects, realistic illumination and motion blur.

Available Splits Rendering
Dataset Train Validation Test Clean Final Motion
Chairs [4] 4 v objects
Things [14] v v objects
Sintel [1] n 4 v v movie
KITTI [16] v automotive
HD1K [13] v automotive
Driving [14] v automotive
VIPER [18] v automotive
Spring [15] v movie

Table Al. Overview of our evaluation datasets and available splits.
Train and validation splits both offer ground truth while only the
former is intended for training. The test split refers to data without
public ground truth which can only be evaluated by submitting
results to a public leaderboard. v indicates the availability of a
certain split. indicates that we used the respective split for
evaluation. For the datasets that offer a clean and a final rendering
pass we only use the final pass for evaluation.

A.2. Model Testbed

Tab. A2 lists the models and their variants evaluated for this
study as well as links to their source code, available check-
points, number of weights and publication year. For model-
specific settings, e.g. the padding of frames and the num-
ber of iterations, we apply the Sintel default settings to all
datasets.

In the following, we comment on some architectural de-
tails of some model variants. For more architecture and
training details, we refer to the respective publications.

GMFlow+. GMFlow+ [26] provides three variants which
we refer to GMFlow+ (s1), GMFlow+ (s2) and the complete

Architecture GitHub Repository CC+TS K Weights  Year
FlowNet2 [9] NVIDIA/flownet2-pytorch 2017
FlowNet2C X vV X X 39175298
FlowNet2S X v/ X X 38676506
FlowNet2 X v X X 162518834
IRR-PWC [8] visinf/irr AR AR2AN4 6362092 2019
RAFT [23] princeton-vI/RAFT AR A 5257536 2020
GMA [12] G v /Y 5879873 2021
SKFlow [22] S X v v v 6273 149 2022
MemFlow [2] DQiaole/MemFlow X v vV 6273149 2024
RPKNet [17] hmorimitsu/ptlflow AR AR 2846624 2024
FlowFormer [7] drinkingcoder/FlowFormer-Official v v v v 16 168 113 2022
MatchFlow [3] DQiaole/MatchFlow 2023
MatchFlow (R) X v / X 15446225
MatchFlow (G) AR AR A 15 446 225
GMFlow+ [26] LiheYoung/UniMatch 2023
GMFlow-scalel (s1) v XX 4 680 288
GMFlow-scale2 (s2) X v vV X 4716 720
GMFlow-scale2-regrefine6 (GMFlow+) X v v v 7 360 688
SEA-RAFT [25] princeton-vl/SEA-RAFT 2024
SEA-RAFT (S) A ARANA 8 883 460
SEA-RAFT (M) v v/ /19663876
SEA-RAFT (L) AR A 19 663 876
MS-RAFT+[11] cv-stuttgart/MS_RAFT _plus X W) x x 16 177316 2023
CCMR+ [10] cv-stuttgart/CCMR X v /v 11523620 2024

Table A2. Model architectures and their variants in our model
testbed. All model implementations were taken from the respec-
tive GitHub repositories. The columns C, C+T, S and K indicate
whether checkpoints from the respective training stage are avail-
able. For MS-RAFT+, we used an author-provided C+T check-
point.

GMFlow+ model. By GmFlow+ (s1), we refer to the trans-
former backbone. GmFlow+ (s2) adds a post-processing
step which the authors call hierarchical matching refine-
ment. The complete GMFlow+ model uses the output of
GmFlow+ (s2) as initialization to the RAFT model and per-
forms six refinement steps. While both post-processing
extensions improve the average effective robustness, the
transformer-based initialization leads to an overall low ef-
fective robustness for all variants.

SEA-RAFT. SEA-RAFT [25] provides three different vari-
ants. The only difference between SEA-RAFT(S) and SEA-
RAFT(M) is the feature encoder. While SEA-RAFT(S)
uses the first six layers of ResNet-18, SEA-RAFT(M) uses
13 layers of ResNet-34 as feature and context encoders.
SEA-RAFT(L) uses the same weights as SEA-RAFT(M)
but increases the number of refinement iterations. While
SEA-RAFT(M) applies four iterations, SEA-RAFT(L) ap-
plies twelve. Both modifications to the architecture improve
the general accuracy of the model but decrease its effective
robustness.

MemFlow. MemFlow [2] extends on SKFlow [22] adding
the ability to perform predictions in a multi-frame setting.
For our evaluations, we only apply MemFlow on pairs of
two frames to ensure comparability with all other models.



Training OOD

Linear Fit in Logit Space

R2

Stage  Dataset [S(WAUCip,a,b) = expit(a - logit(WAUCp) + b)
a b

C+T Sintel 0.670 0.627 0.980
KITTI 0.741 —0.507 0.964
HDI1K 0.807 0.701 0.873
Driving 0.749 —0.670 0.983
VIPER 0.521 —0.271 0.686
Spring 0.707 1.518 0.533

N Sintel 1.084 0.534 0.953
KITTI 0.925 —0.078 0.840
HD1K 1.212 0.550 0.810
Driving 0.671 —0.235 0.967
VIPER 0.517 —0.049 0.600
Spring 0.671 1.760 0.357

K Sintel 0.823 0.696 0.944
KITTI —0.208 1.791 0.116
HDIK 0.466 1.700 0.706
Driving 0.336 0.302 0.715
VIPER 0.405 0.223 0.529
Spring 0.653 1.569 0.579

Table A3. Parameters for the linear fits to the distribution shift
from Things to each OOD dataset. Fits to the C+T checkpoints are
visualized in Main Fig. 4 and used as baselines for the effective ro-
bustness evaluation. For completeness, we also provide the linear
fits for checkpoints fine-tuned to Sintel (S) and KITTI (K) visu-
alized in Main Fig. 5 for Driving and in Figs. A2 and A3 for the
other datasets. A gray background indicates that the listed dataset
was used for training and can therefore not be used for OOD ro-
bustness evaluation. The R? score [5] in the range [0, 1] indicates
the quality of the fit in logit space.

Training Details. For all models except MS-RAFT+, we
use publicly available checkpoints. For MS-RAFT+ [11],
we use an author-provided C+T checkpoint, which was not
part of the original publication. All models were trained
following the curriculum learning schedule outlined in Ap-
pendix 4.1 with two exceptions: Firstly, SEA-RAFT [25]
was additionally pre-trained on TartanAir [24] before apply-
ing the curriculum learning. We still include SEA-RAFT in
our analysis, as it does not violate the requirement that it
has not seen the OOD datasets and also follows the linear
trend. Secondly, CCMR+ [10] includes the VIPER dataset
in the KITTTI fine-tuning. This, however, does not affect our
analysis for the C+T checkpoints.

A.3. Baseline Parameters

Tab. A3 lists the parameters for the logit-linear fits. The fit
to the C+T checkpoints was used to compute the effective
robustness in Main Tab. 3 and can also be used to evaluate
the robustness of future models.

B. Other Robustness Concepts

In this section, we compare the effective robustness to
dataset shifts to corruption and adversarial robustness.
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Figure Al. Effective robustness of each model over vulnerability
to the perturbation-constrained flow attack (PCFA) [19] and com-
mon corruptions [6, 21]. Note that for adversarial and corruption
robustness, smaller values (<) indicate a more robust model. The
effective robustness weakly correlates with corruption robustness
but not with adversarial robustness.

B.1. Setup for Corruption Robustness

For evaluating corruption robustness, we selected 16 cor-
ruptions from RobustSpring [21] (namely Gaussian noise,
shot noise, impulse noise, speckle noise, Gaussian blur, de-
focus blur, glass blur, zoom blur, brightness, contrast, satu-
rate, elastic transform, pixelate, JPEG compression, spatter,
frost) as well as the three weather corruptions snow, rain
and fog from Schmalfuss et al. [20]. For each corruption,
we calculate the corruption robustness proposed in [21] as
end point error between the prediction on the perturbed and
the unperturbed frames:

EPE ( fclean ) fcorrupled) .

In Fig. Al, we visualize the median corruption robustness
over all 19 corruptions.

B.2. Setup for Adversarial Robustness

We evaluate the adversarial robustness using the implemen-
tation at https://github.com/cv-stuttgart/FlowUnderAttack
for the perturbation-constrained optical flow attack [19] us-
ing the default parameters with zero target on KITTI (train).
As proposed by Schmalfuss et al. [19], we measure adver-
sarial robustness as the end-point error between the predic-
tion on the attacked and the unattacked frames:

EPE(fcleana fattacked) .

B.3. Comparison of Robustness Concepts

Fig. Al compares effective robustness to adversarial and
corruption robustness. Contrary to the clear accuracy-
robustness tradeoff observed in [19], there is no notable
correlation between effective and adversarial robustness.
While Fig. A1 [right] suggests a weak correlation between
robustness to common corruptions and the effective robust-
ness to dataset shifts, not every model follows this trend ne-
cessitating the separate evaluation of all robustness types.
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Figure A2. Distribution shift from Things to the datasets Driving
[top], VIPER [middle] and Spring [bottom] for checkpoints at the
training stages C+T, S and K. [Left] Lines represent the logit-linear
fit to the WAUC at a fixed training stage. [Right] Arrows connect
checkpoints of the same architecture at different training stages.

C. More Visualizations

C.1. Distribution Shift Plots For All Datasets

Analogously to Main Fig. 5, Fig. A2 [left] visualizes the
WAUC on the distribution shift from Things to each of
the other OOD datasets. Moreover, Fig. A2 [right] visual-
izes the training trajectories. The training trajectories show
that, for most models, fine-tuning to Sintel improves the
OOD accuracy while fine-tuning to KITTI degrades overall
model accuracy. Fig. A3 provides analogous visualizations
for Sintel, KITTI and HDIK, though one should keep in
mind that these datasets were used for training the visual-
ized model checkpoints.

C.2. Distribution Shift Plots of RAFT Checkpoints

Analogously to Main Fig. 6, Fig. A4 visualizes the WAUC
of our RAFT checkpoints on the distribution shift from
Things to each of the OOD datasets. While the trend of
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Figure A3. Distribution shift from Things to the datasets Sin-
tel [top], KITTI [middle], HD1K [bottom] for checkpoints at the
training stages C+T, S and K. [Left] Lines represent the logit-linear
fit to the WAUC at a fixed training stage. [Right] Arrows connect
checkpoints of the same architecture at different training stages.
Checkpoints S and K were trained on Sintel, KITTI and HDIK
which means these datasets are not OOD for these checkpoints
and only given here for the sake of completeness.

the RAFT checkpoints does not always parallel the robust-
ness baseline, the variance of the OOD WAUC for check-
points with similar accuracy is smaller than the effective
robustness of the official RAFT model. This shows that the
deviation from the robustness baseline, i.e. our effective ro-
bustness metric, is not due to randomness in training.

C.3. Distribution Shift Plots For Architectures

Fig. A5 visualizes the WAUC of the C+T checkpoints, sim-
ilarly to Figs. A2 and A3 but with different markers for
each architecture. On VIPER, the ID-OOD correlation is
slightly weaker, which indicates that model architecture has
a larger influence on the performance on this dataset than
on the other ones.

Fig. A6 visualizes the effective robustness of the C+T
checkpoints over their ID accuracy. By definition, the ef-
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Figure A4. Distribution shift plot of our trained RAFT checkpoints
for the dataset shift from Things to each of the OOD datasets. The
shift to Driving is the same as Main Fig. 6 and included here for
sake of completeness.

fective robustness metric decouples robustness and model
accuracy. Therefore, the high robustness of the most accu-
rate models MS-RAFT+ and CCMR+ is a stronger finding
than just their high OOD accuracy.

C.4. Publication Year and Number of Weights

Fig. A7 shows the effective robustness of each model for
each dataset over its publication year. Fig. A8 shows the ef-
fective robustness of each model over its number of weights.
The corresponding Main Fig. 7 only showed the effective
robustness averaged over all OOD datasets.

D. Raw Results

D.1. Model Accuracies

Tabs. A4 to A8 list the WAUC, inlier rates with thresholds
1, 3, and 5 pixels as well as the EPE of all evaluated model
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datasets.

checkpoints on all datasets. For our robustness analysis we
used the WAUC, as it exhibits the largest correlation, cf.
Main Tab. 2.

D.2. RAFT Checkpoints

Tab. A9 lists the training parameters of all RAFT check-
points which we trained as well as the WAUC on each eval-
uated dataset.
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Training Stage C

WAUC [%] Training Stage C
“ %
& e@ é\\ Q$' § ég- "S.éo 1Ry, [%]
Method g & ¢ & 9 & &K B > & & & & ¢
S & S §
IRR-PWC  68.45 77.61 51.93 80.26 45.79 58.05 92.09 Method & §& & £ & & &
RAFT 6405 7148 4227 7206 3672 4861 8820
GMA 6420 7245 4414 7500 4141 4972 8961 IRR-PWC  70.64 80.47 49.18 82.89 42.69 57.65 95.09
RPKNet 6436 7297 4545 7423 4045 5443 90.83 RAFT 6519 73.16 34.34 7198 2909 44.34 9081
FlowFormer ~ 67.02 7446 4533 7496 42.66 5042 89.44 GMA 0646 75.62 3788 7505 3695 4613 92.33
MatchFlow (G) 66.68  73.98 41.09 73.89 36.90 43.68 87.16 RPKNet 6507 74.31 3902 7425 3419 5132 92.69
SEA-RAFT (S) 65.53 7104 4289 7352 37.35 5098 89.59 FlowFormer 6927 7173 39.73 7593 3876 4807 9236
SEARAFT (M)6521 7151 4489 7645 40.69 5211 90.13 MatchFlow (G) 68.34 7667 36.57 7431 33.19 4128 9033
SEARAFT (L) 6484 6979 4165 7402 3848 5122 8922 SEA-RAFT (S) 66.84 7122 3599 7281 3240 4804 91.79
SEA-RAFT (M)66.98 7235 3831 7852 3554 49.61 92.07
Training Stage C+T SEA-RAFT (L) 6498  68.64 34.02 74.02 91.25
WAUC [%] Training Stage C+T
%
& @ & Q$‘ & i & Rips [%]
Method & s & & 9 ENEEES B > & & & & &
S L S S
FlowNet2S 3873  57.90 30.06 62.04 27.06 38.84 79.03 Method s & & § & & &
FlowNet2C 4526 6036 3448 62.86 3101 4143 79.99
FlowNet2  69.14 78.16 5356 8203 4879 5884 93.50 FlowNe2S 3199 5735 23.55 6142 1884 3474 8657
IRRPWC 7153 7854 5701 8318 5L24 6173 9222 FlowNet2C  39.83 6026 27.38 62.86 2301 3720 86.79
RAFT 7880 8251 6330 8689 5861 6422 9325 FlowNet2  70.62 8043 5243 8531 47.20 5924 95.48
GMA 7844 S187 6140 $636 58.00 6205 9311 IRR-PWC 7367 8124 5584 8658 49.49 6211 95.11
SKFlow 80.06 83.53 64.07 87.65 60.04 6546 94.04 RAFT 80.67 8503 63.14 9120 5909 6506 9547
MemFlow ~ 83.52 84.84 6559 88.88 63.64 64.02 94.36 GMA 8030 84.52 6092 9047 5827 6260 95.38
RPKNet §174 8328 6108 9658 62.83 6742 9429 SKFlow 8176 8585 63.11 9200 60.10 66.01 95.67
FlowFormer ~ 8203 8342 6440 8699 6271 6140 94.13 MemFlow 8509 8699 65.18 9349 6392 6418 95.73
MatchFlow (R) 81.30  84.27 66.67 8847 61.06 6249 93.93 RPKNet 8377 8566 67.27 90.79 6326 6829 96.38
MatchFlow (G) 82.10  84.50 6510 8756 6037 6491 94.16 FlowFormer  83.75  86.03 63.98 91.59 63.18 61.84 96.01
GMFlow+ (s1) 6992 7520 4631 67.82 4345 3824 67.76 MatchFlow (R) 8297  86.37 6663 93.00 60.97 6331 9552
GMFlow+ (s2) 7663 8129 59.04 7843 5598 49.63 86.36 MatchFlow (G) 83.59  86.54 65.15 9137 6096 65.50 95.99
GMFlows 8422 8430 6631 8746 6370 5703 8949 GMFlow+ (s) 73.78  79.05 41.61 7138 3871 2892 59.61
SEARAFT(S) 8429 8475 6627 8930 6501 6283 94.08 GMFlow+ (s2) 81.90 8533 58.19 83.08 5603 4682 93.39
SEARAFT (M)8530 8499 6739 8958 6544 6441 9391 GMFlow+ 8654 8696 67.34 9236 6448 5657 944l
SEA-RAFT (L) 85.69  84.75 67.06 89.50 6572 6543 92.55 SEA-RAFT (S) 85.57 8680 66.19 93.68 6527 6297 95.64
MS-RAFT+ 8621 8687 7150 90.11 66.90 6883 94.58 SEA-RAFT (M)86.59 8691 67.83 9392 6540 6457 95.36
CCMR+ 86.78 87.09 71.90 90.15 66.27 69.25 94.85 SEA-RAFT (L) 8693 86.65 67.07 9392 6538 6563 9388
— MS-RAFT+ 8733 8832 7306 9396 67.12 6939 96.25
Training Stage S CCMR+ 87.71 88.40 73.28 93.98 66.50 69.57 96.33
WAUC [%] Training Stage S
o % .
§ s sEr e (%]
Method f & & & 9§ & & s & L& &5 & §F ¢
.§ L S S
IRRPWC 7105 8256 62.66 87.03 5800 6359 93.13 Method & & & § & & 3
RAFT 7793 8702 7521 8923 6593 6644 94.00
GMA 17T 8723 7524 8948 6462 66.11 9304 IRRPWC 7342 8510 6283 9196 57.95 6447 9574
SKFlow 7950 8862 7714 90.79 6179 67.57 94.56 RAFT 79.88 8877 76.28 9379 66.04 67.11 9560
MemFlow 8210 90.75 7733 9175 68.87 69.84 94.78 GMA 7974 89.01 7656 94.01 6492 66.74 9581
RPKNet 80.52 87.18 7645 9034 67.93 68.15 94.65 SKFlow 8133 90.16 78.69 9545 6826 68.15 95.97
FlowFormer ~ 81.26  89.63 77.58 9134 67.95 6748 94.44 MemPFlow — 83.83 9231 7891 9647 69.32 7021 9626
MatchFlow (G) 81.14  89.06 78.00 90.16 6826 68.14 94.55 RPKNet 8270 89.03 77.94 9487 68.06 69.15 96.35
GMFlow+ (s2) 7072 80.61 72.65 78.66 5821 53.01 86.74 FlowFormer ~ 83.10  91.25 79.37 96.14 68.39 67.83 96.14
GMFlow+ 8214 9010 7871 90.02 6797 6388 8945 MatchFlow (G) 82.77 9053 79.75 94.44 6862 6843 95.87
SEA-RAFT (S) 8383 9076 8157 9390 70.14 6682 9442 GMFlow+ (s2) 78.08 8857 7430 88.87 6121 5216 92.99
SEA-RAFT (M)84.86  92.27 83.82 94.08 7140 6842 94.65 GMFlow+ = 8449 91.87 8078 94.98 68.17 64.43 9390
SEA-RAFT (L) 85.31 9199 83.57 94.05 72.14 69.87 94.82 SEA-RAFT (S) 8520 9237 8382 98.04 70.88 6738 95.84
CCMR+ 85.63 9155 8113 92.16 7131 70.80 95.21 SEA-RAFT (M)86.13  93.92 86.19 98.12 7211 6836 9599
SEA-RAFT (L) 86.62  93.63 85.98 98.10 73.22 7028 9621
Training Stage K CCMR+ 86.65 9254 8331 96.17 7128 70.98 96.46
WAUC [%] Training Stage K
S S & §F & Ry [%
:f% .sb \é Q$' @S é" § 1pe [%]
Method & g & & B & > & & & & e
& & LA S
IRRPWC 5070 6928 77.81 8500 57.35 5605 86.48 Method & & & 8§ 3 & g
RAFT 5772 7301 8547 8671 6193 5933 87.02
GMA 5739 7344 8504 8582 5783 5707 8661 IRR-PWC 5118 7153 80.00 89.67 5687 5669 90.76
SKFlow 61.62 7469 87.20 8792 6171 6207 8835 RAFT 3888 76.15 8785 9133 6171 3997 91.32
MemFlow 6415 7639 8529 88.63 6486 6555 89.14 GMA 38777659 88.24 90.13 5799 5774 9078
RPKNet 7349 8243 79.89 8899 6611 64.66 9275 SKFlow 6263 7721 89.48 9292 6181 6250 91.97
FlowFormer ~ 61.71  73.56 8680 8820 59.14 61.15 86.46 MemFlow 6587 78.92 8772 9346 6545 66.19 9275
MatchFlow (G) 60.30 7144 8643 8595 5975 57.97 76.04 RPKNet 7613 8500 8212 9389 6623 6549 93.36
GMFlow+ 5997 7254 85.67 8534 6161 5427 8LI2 FlowFormer 63.48 = 7678 89.07 93.37 38.36 61.62 91.06
SEARAFT(S) 7953 8653 8299 9200 6879 6421 9030 MatchFlow (G) 61.22 7407 88.68 90.57 59.52 5811 7738
SEA-RAFT (M)82.11  89.11 8457 92.64 7025 6743 9148 GMFlow+ 6159 7583 8848 90.63 6242 5391 8583
SEA-RAFT (L) 82.85 89.14 8438 0250 71.23 6846 9132 SEA-RAFT (S) 81.58  88.64 8533 9638 69.57 65.12 93.17
CCMR+ 7951 8584 8427 9259 7098 79.95 94.28 SEA-RAFT (M)83.89 = 9132 86.86 97.18 7L13 6827 94.62
SEA-RAFT (L) 84.68 91.35 8673 9715 72.64 6929 94.44
CCMR+ 81.01 8745 8689 9658 7108 80.87 95.48

Table A4. WAUC of all model checkpoints on all datasets. Best
and second-best per column are bold and underlined respectively.
Our analysis focused on C+T checkpoints.

Table AS. IR, of all model checkpoints on all datasets.



Training Stage C

1IR3y, [%]
5 ~ & & »5% & o
S S &8
Method s & ¥ < Q B )
IRR-PWC 80.60  88.45 68.89 95.09 62.01 70.86 98.21
RAFT 8212 88.08 6279 93.54 5648 6492 96.77
GMA 8146 8852 63.53 9432 59.99 6522 97.24
RPKNet 81.56  88.67 6524 9336 60.80 70.56 98.05
FlowFormer ~ 81.63  88.86 65.17 94.06 60.08 6531 97.11
MatchFlow (G) 8229  87.85 57.09 9249 51.87 56.27 95.73
SEA-RAFT (S) 83.83 89.07 62.67 94.14 54.14 6595 9691
SEA-RAFT (M)82.99  88.49 65.02 96.01 5893 66.93 96.87
SEA-RAFT (L) 8325  87.83 61.36 9492 5625 65.81 96.55
Training Stage C+T
IR3ps [%]
) N S &
Method & g & T Q BN
FlowNet2S 60.11  79.69 47.80 85.72 45.69 57.03 96.23
FlowNet2C 67.51  81.66 54.17 8553 50.84 60.43 96.40
FlowNet2 81.72 88.64 68.81 95.11 63.86 70.80 98.13
IRR-PWC 83.24 8949 73.15 96.34 67.33 7472 98.35
RAFT 89.09  91.72 80.60 97.80 72.64 7622 9835
GMA 88.59 91.30 78.76 97.56 72.13 7472 98.45
SKFlow 90.24 9243 82.56 98.12 75.03 77.80 98.65
MemFlow 92.03 9296 83.53 98.33 77.78 77.08 98.69
RPKNet 9122 9237 8445 9733 7745 80.24 98.81
FlowFormer 91.13 92.55 8238 97.95 76.61 74.64 98.65
MatchFlow (R) 90.35 9248 83.70 9832 75.19 72.84 98.35
MatchFlow (G) 90.88  92.61 81.65 97.97 73.77 76.70 98.60
GMFlow+ (s1) 87.64  90.21 6527 89.53 63.44 59.02 96.46
GMFlow+ (s2) 90.50 9227 76.77 9526 7230 67.79 98.34
GMFlow+ 92.47  92.85 82.04 97.94 7580 71.35 98.33
SEA-RAFT (S) 91.38  92.36 83.30 98.49 7739 7625 98.08
SEA-RAFT (M)92.00  92.34 84.06 98.41 77.77 77.38 97.98
SEA-RAFT (L) 9240  92.58 85.22 98.50 78.54 78.83 97.37
MS-RAFT+ 9193  92.86 84.79 98.00 76.83 78.33 98.60
CCMR+ 9239 93.18 85.52 9795 76.60 79.34 98.68
Training Stage S
IR3pe [%]
) $o
Method & g & & 9 ~ &
IRR-PWC 81.61 9175 7878 97.77 7349 76.15 98.49
RAFT 88.39 9470 91.73 98.57 80.43 77.80 98.37
GMA 88.00 94.80 91.50 98.63 78.90 77.80 98.53
SKFlow 89.73 9584 93.14 99.28 8243 7859 98.58
MemFlow 9111 9722 93.39 99.51 8295 8147 98.65
RPKNet 90.45 9470 92.79 98.88 82.62 80.03 98.83
FlowFormer ~ 90.51  96.35 92.82 99.38 81.87 79.68 98.50
MatchFlow (G) 90.24  95.83 93.01 98.73 82.03 79.54 98.61
GMFlow+ (s2) 89.43 9525 89.59 9841 7572 70.03 98.08
GMFlow+ 91.04 96.65 93.54 98.84 81.12 77.36 98.24
SEA-RAFT (S) 91.00  96.60 94.77 99.80 82.56 78.75 98.36
SEA-RAFT (M)91.52  97.46 95.70 99.80 83.48 80.54 98.57
SEA-RAFT (L) 92.06 9736 95.65 99.79 84.08 82.42 98.74
CCMR+ 91.58 96.40 94.43 99.24 8281 81.17 98.79
Training Stage K
1R3ps [%]
o N S & &
Method & g & ¥ 9 SR
IRR-PWC 64.38 81.96 9242 97.00 73.37 68.06 95.88
RAFT 7242 8575 97.02 97.74 7848 7170 96.09
GMA 7117 86.02 97.04 97.40 73.16 68.76 95.78
SKFlow 76.78 87.44 97.69 98.11 7821 74.66 97.25
MemFlow 78.01  88.19 97.00 98.16 80.23 78.02 97.30
RPKNet 86.33 9238 94.68 98.34 81.23 76.96 98.37
FlowFormer 7621  87.11 97.18 9826 76.05 73.94 95.78
MatchFlow (G) 75.30 86.11 97.00 96.34 7522 7041 91.25
GMFlow+ 7581 8510 97.22 97.34 78.02 69.44 9555
SEA-RAFT (S) 88.44  94.09 9535 99.18 81.94 7528 97.49
SEA-RAFT (M)89.93  96.12 96.05 99.60 82.84 79.20 98.04
SEA-RAFT (L) 90.80 96.27 9598 99.54 8338 80.65 97.86
CCMR+ 87.30  92.63 9587 99.41 84.24 90.00 98.35

Table A6. IR3,, of all model checkpoints on all datasets.

Training Stage C

1R5p: [%]
@ S & & &
Method & g & ¥ Q9 SR
IRR-PWC 83.73 9096 75.21 97.50 68.73 7527 98.89
RAFT 8577 9097 72.15 97.62 65.09 70.72 97.82
GMA 84.91 91.14 71.81 97.90 67.07 71.14 98.29
RPKNet 85.17 91.63 7342 97.13 68.67 75.68 98.84
FlowFormer ~ 84.56  91.38 73.63 97.06 66.65 69.86 98.21
MatchFlow (G) 85.56  90.26 64.12 96.66 58.64 61.03 96.93
SEA-RAFT (S) 86.57 91.38 70.89 97.70 60.89 71.30 97.82
SEA-RAFT (M) 85.51 90.64 72.86 98.05 6540 71.52 97.75
SEA-RAFT (L) 8579  90.04 69.92 97.63 63.06 70.34 97.46
Training Stage C+T
Rspa [%]
& & 2 o &
E A R A
Method & g & T SR
FlowNet2S 69.28 8536 57.85 91.80 56.53 64.51 97.73
FlowNet2C 76.00 8691 6422 9130 6140 67.95 97.81
FlowNet2 85.27 91.27 73.72 9743 6932 74.62 98.72
IRR-PWC 86.33 9194 7833 98.16 72.80 78.68 99.01
RAFT 91.50  93.66 85.05 9899 77.05 79.42 98.92
GMA 91.03 9326 83.44 9891 76.64 7829 99.04
SKFlow 92.61 94.28 87.57 99.21 80.18 81.27 99.18
MemFlow 9398 94.70 88.05 99.26 82.52 81.12 99.22
RPKNet 9330 9421 88.89 98.56 82.18 83.64 99.26
FlowFormer 93.21 9446 86.95 99.08 81.30 78.23 99.17
MatchFlow (R) 92.44 94.26 88.08 99.27 80.38 7542 9891
MatchFlow (G) 92.99  94.38 86.05 99.10 7833 79.81 99.12
GMFlow+ (s1) 91.14 9290 72.66 94.11 69.90 67.33 98.48
GMFlow+ (s2) 9291 9422 81.83 97.84 77.18 7391 98.99
GMFlow+ 94.23 9456 8599 99.01 7997 7646 98.96
SEA-RAFT (S) 93.08  93.93 87.72 99.38 82.02 79.90 98.62
SEA-RAFT (M)93.59  93.89 88.23 99.29 8251 80.93 98.53
SEA-RAFT (L) 9398  94.20 89.67 99.37 83.54 8239 97.99
MS-RAFT+ 9339 9429 88.11 9893 80.70 81.06 99.17
CCMR+ 93.86  94.63 88.85 98.89 80.48 8237 99.18
Training Stage S
1Rspe [%]
Method & & & § & &£ &
IRR-PWC 8422 9376 82.68 98.81 78.68 79.50 99.09
RAFT 90.80 9634 95.05 99.44 84.67 80.90 99.05
GMA 90.41 96.47 94.71 99.46 83.34 81.09 99.12
SKFlow 92.09 9733 96.12 99.71 86.17 82.00 99.20
MemFlow 93.14 98.39 96.18 99.83 86.58 84.68 99.27
RPKNet 92.56 96.22 95.79 99.62 86.79 82.90 99.32
FlowFormer 9258  97.72 95.57 99.82 85.87 82.95 99.09
MatchFlow (G) 9239 97.24 95.86 99.49 8572 82.55 99.18
GMFlow+ (s2) 92.00  96.85 93.04 99.45 80.66 74.47 98.96
GMFlow+ 92.99 97.86 96.12 99.59 8533 8091 99.07
SEA-RAFT (S) 92.69  97.63 96.84 99.96 86.15 81.94 98.95
SEA-RAFT (M)93.09  98.28 97.48 99.96 86.86 83.67 99.15
SEA-RAFT (L) 93.61  98.21 97.44 99.96 87.28 85.65 99.23
CCMR+ 93.13 97.54 96.70 99.70 86.29 84.14 99.25
Training Stage K
IRspe [%]
5 -§ S Q $ S N
Method N g & ¥ 4 < &
IRR-PWC 67.70 84.92 9507 98.37 79.08 71.81 96.89
RAFT 76.08  88.55 98.57 9891 8351 75.53 97.09
GMA 74.68  88.69 98.59 98.83 7853 7246 96.80
SKFlow 80.59 90.41 98.97 99.13 82.89 7890 98.35
MemFlow 81.28 90.83 98.60 99.11 84.38 81.81 98.32
RPKNet 89.06  94.43 97.07 99.25 85.58 80.33 99.00
FlowFormer ~ 79.54  89.96 98.57 99.19 8129 77.75 96.84
MatchFlow (G) 79.08 89.38 98.50 97.84 80.84 74.57 94.61
GMFlow+ 79.74 8176 98.72 98.63 8275 73.93 97.43
SEA-RAFT (S) 90.40 9559 97.26 99.74 85.86 78.46 98.41
SEA-RAFT (M)91.63  97.33 97.76 99.93 8623 8235 98.78
SEA-RAFT (L) 92.47 97.45 97.72 9991 86.63 83.91 9859
CCMR+ 89.21  94.14 97.78 99.81 88.32 92.38 98.97

Table A7. IRs5p, of all model checkpoints on all datasets.



Training Stage C

EPE [px]
$o s,
Ff&gs s
Method & ¢ & ¥ 9 T &K
IRR-PWC 10.15 391 1042 0.86 29.53 55.48 0.68
RAFT 9.94 428 993 1.04 2906 58.08 131
GMA 10.02 403 11.16 094 2898 6138 0.95
RPKNet 9.87 3.77 10.84 1.06 25.48 5672 0.65
FlowFormer 1348 450 1022 1.04 33.10 6544 1.05
MatchFlow (G) 9.72 490 16.14 1.05 3470 72.10 1.63
SEA-RAFT (S) 11.59 472 9.61 099 2894 56.95 1.08
SEA-RAFT (M)13.44 575 9.16 0.89 27.98 56.21 1.27
SEA-RAFT (L) 1579 9.26 1045 1.03 3225 5552 28I
Training Stage C+T
EPE [px]
§ 8 &y & F s
Method & & & & § & &
FlowNet2S 1245 505 1484 179 31.87 59.11 1.29
FlowNet2C 9.35 4.60 12.09 1.81 29.00 56.08 1.16
FlowNet2 7.66 3.55 1064 0.78 2720 5401 0.70
IRR-PWC 7.24 336 892 0.70 2638 51.63 0.61
RAFT 4.64 2.82 545 049 2146 5003 0.66
GMA 4.69 286 607 051 2321 5428 0.54
SKFlow 3.66 244 430 045 1595 4436 047
MemFlow 290 2.33 417 043 1341 4354 043
RPKNet 3.55 2.55 3.73 056 13.08 40.10 0.42
FlowFormer 3.60 236 6.19 048 1464 5144 053
MatchFlow (R) 4.12 261 471 043 1853 63.88 1.17
MatchFlow (G) 3.42 245 472 046 18.11 53.58 0.51
GMFlow+ (s1) 3.83 295 1049 138 2594 5841 132
GMFlow+ (s2) 3.29 247 693 0.82 2068 53.67 0.68
GMFlow+ 2.69 274 504 046 1543 5024 0.71
SEA-RAFT (S) 3.73 371 448 038 1526 5191 130
SEA-RAFT (M) 3.48 3.87 432 038 1484 4927 1.73
SEA-RAFT (L) 3.22 346 376 0.37 12.69 45.60 3.45
MS-RAFT+ 395 263 453 041 17.01 47.64 045
CCMR+ 3.66 249 421 041 1571 4298 043
Training Stage S
EPE [px]
o $o
Method & g ¢ ¥ 9 T F
IRR-PWC 1032 241 7.84 051 2237 5308 0.67
RAFT 5.87 1.19 153 037 12.69 4552 061
GMA 5.78 1.13  1.58 036 16.15 4849 0.54
SKFlow 4.50 077 123 031 974 4122 046
MemFlow 389 0.51 122 027 1069 3811 0.39
RPKNet 4.39 146 132 032 8.97 4180 041
FlowFormer 4.55 0.65 3.04 027 1140 4630 0.61
MatchFlow (G) 4.06 0.82 127 034 1050 5092 048
GMFlow+ (s2) 4.04 111 200 065 1670 51.33  0.62
GMFlow+ 3.56 063 1.18 033 11.51 43.66 0.53
SEA-RAFT (S) 4.71 078 1.06 0.19 1387 4633 0.51
SEA-RAFT (M) 4.71 0.58 0.88 0.19 11.59 4322 052
SEA-RAFT (L) 428 061 090 0.9 8.66 35.92 044
CCMR+ 4.35 074 103 027 1136 39.57 043
Training Stage K
EPE [px]
N Ni S Q < & N
Method ) ) & <& Q AN &
IRR-PWC 57.63 823 156 0.59 17.00 106.74 24.50
RAFT 1846 597 0.63 050 12.17 4868 3.36
GMA 2039 571 0.60 052 18.66 59.11  3.19
SKFlow 13.00 394 0.53 044 1142 4260 091
MemFlow 14.56 406 062 042 1045 39.09 137
RPKNet 7.16 193 1.00 039 953 4673 0.58
FlowFormer 1420 422 0.61 042 1392 5119 217
MatchFlow (G) 14.38 492 0.60 060 13.62 5593 3.14
GMFlow+ 1196 505 0.58 054 1261 49.58 1.09
SEA-RAFT (S) 7.16 176 094 027 1030 5098 1.08
SEA-RAFT (M) 6.05 096 0.81 0.23 1080 43.67 081
SEA-RAFT (L) 5.38 0.93 082 023 825 3813 085
CCMR+ 8.45 272 074 024 4.50 28.51 0.60

Table A8. EPE of all model checkpoints on all datasets.

Training Parameters

WAUC [%]

Batch- Weight o
Steps  size LR  Decay . g% g $ Q$' $$% g’k §eo
[10°] e & & ¢ 8§ 9 & 4
25 12 0.125 0.100 77.09 81.77 6257 86.39 56.64 63.18 92.94
50 1 0125 0.100  77.62 8235 6191 86.61 57.39 6348 93.16
50 6 0.062 0.100 77.36 8196 6291 86.63 57.05 6322 93.04
50 6 0.125 0.010  77.84 8226 6325 86.62 57.70 63.63 9297
50 6 0125 0.100 7779 8212 63.17 86.72 57.52 63.86 92.83
50 6 0125 1.000  77.87 8224 63.18 86.75 57.56 63.65 92.97
50 6 0250 0.100 78.02 82.19 6278 86.40 57.90 63.64 92.95
50 12 0125 0.100  77.89 82.07 6326 86.51 57.56 63.49 93.00
100 1 0.062 0.100 78.04 82.60 6258 87.10 57.68 63.81 93.41
100 1 0125 0010 7851 8273 61.96 87.12 58.10 63.73 93.46
100 1 0125 0.100 7849 8280 6224 87.14 58.17 63.82 93.41
100 1 0125 1.000 7851 8276 62.16 87.13 58.15 63.82 93.43
100 1 0250 0.100 7841 8260 60.62 86.89 58.03 6295 9324
100 1 0250 1.000 7839 8253 61.33 8698 58.16 6340 93.15
100 6 0062 0010  78.14 8226 6346 8685 57.84 63.93 93.10
100 6 0.062 0.100 78.11 8226 6345 8694 57.92 63.89 93.08
100 6 0062 1.000  78.16 82.28 6348 86.82 57.89 63.89 93.04
100 6 0125 0.010 78.80 8253 63.45 8698 5850 6426 93.23
100 6 0125 0050 7878 82.54 63.50 86.89 58.51 6427 93.19
100 6 0125 0.100 78.78 8247 63.52 86.96 5855 6439 9323
100 6 0125 0200 7878 8246 6345 86.82 58.56 6430 93.23
100 6 0125 1.000 78.81 8250 63.57 86.89 58.68 6420 93.18
100 6 0250 0.010  79.00 82.53 63.06 86.75 58.89 63.88 93.31
100 6 0250 0.100 78.97 82.64 6331 8693 59.00 63.88 93.22
100 6 0250 1.000  79.07 82.60 6290 86.70 58.88 63.87 93.36
100 6 0500 0.100 7746 81.62 59.94 85.60 56.95 61.96 92.50
100 6 1.000 0.100 65.87 7471 4773 7936 45.12 5391 87.66
100 12 0.062 0.100 78.13 82.17 63.53 86.78 57.99 64.02 93.25
100 12 0125 0.100  78.83 8245 63.66 87.02 5870 64.44 93.20
100 12 0.125 1.000 78.88 8250 63.71 86.99 58.66 64.56 93.34
100 12 0.250 0.010 7924 8264 63.54 8698 5921 6412 93.36
100 12 0.250 0.100 79.22 8261 63.57 86.89 59.01 64.04 9325
100 12 0.250 1.000 7924 8267 63.47 8682 59.23 6403 9332
120 5 0.100 0.100 78.87 82.61 63.59 86.88 5858 6431 9333
120 5 0125 0100  79.08 8269 6344 87.02 5873 6436 9338
150 4 0.083 0100  79.02 82.66 63.77 87.44 58.76 6441 93.30
150 4 0125 0100 7941 8285 6344 8722 59.06 6423 9339
200 1 0.125 0.100  79.55 83.11 6228 87.39 5890 6398 9351
200 3 0.062 0.100 79.16 8277 6345 8741 58.66 6458 93.44
200 3 0.125 0.100  79.85 83.01 6343 87.57 59.33 6430 93.60
200 6 0.062 0.100 79.13 82.67 64.00 87.35 59.05 64.76 93.39
200 6 0.125 0010  79.92 8289 64.16 87.43 59.61 6454 9357
200 6 0.125 0.100 79.88 8293 63.86 87.50 59.69 64.40 93.44
200 6 0.125 1.000  79.95 8295 64.15 87.43 59.72 6453 93.62
200 6 0.250 0.100 79.98 8291 63.77 87.38 60.05 63.53 93.60
200 12 0.125 0.100  79.97 82.81 6434 87.61 59.88 64.56 9347
300 1 0125 0.100 80.20 8322 62.65 87.82 59.40 63.92 93.71
300 2 0042 0100  79.26 82.83 63.54 87.51 5890 64.65 93.58
300 2 0125 0.100 80.47 8328 63.63 87.72 59.76 6421 93.79
400 6 0.125 0100 8116 83.31 64.70 88.07 60.99 64.11 93.78
600 1 0.021 0.100 79.28 8291 6336 87.76 5876 6433 93.71
600 1 0.125 0100 81.38 83.64 63.47 88.49 60.66 63.04 93.97
Table A9. Training parameters and WAUC of our RAFT check-

points. Accuracy on the dataset shift to Driving is visualized in
Fig. 6 in the main paper and to the other OOD datasets in Fig. A4.
As our goal was to generate many RAFT checkpoints of varying
accuracy, each combination of training parameters was only eval-
uated once and not all combinations were tested. Rows are sorted
by training parameters.



