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In this supplementary material, we first provide hy-
perparameter settings of our RGWOT approach across all
datasets in Sec. S1. Next, we present sensitivity analyses
of the margin λ and weight β of the C-IDM regulariza-
tion, as well as the Gromov-Wasserstein weight α, struc-
tural prior radius r, and temporal prior weight ρ in Sec. S2,
followed by run time comparisons of our RGWOT approach
and competing methods including VAOT [1] and OPEL [3]
in Sec. S3. We further provide an empirical justification of
degenerate solutions in Sec. S4. Finally, we present quanti-
tative results on all subtasks of egocentric and third-person
datasets in Sec. S5.

S1. Hyperparameter Settings
Implementation details have been provided in Sec. 4 of the
main paper. Here, we additionally provide hyperparame-
ter settings of our RGWOT approach across all datasets.
Tab. S1 lists hyperparameter settings for RGWOT, includ-
ing the learning rate, optimizer, window size, and other rel-
evant hyperparameters. Note that we use the same hyperpa-
rameter settings across all datasets.

S2. Sensitivity Analyses
In addition to the sensitivity analysis of K in Sec. 4.2 of the
main paper, we further conduct sensitivity analyses on some
key hyperparameters of our RGWOT approach, including
the Gromov–Wasserstein weight α, structural prior radius r,
temporal prior weight ρ, as well as the margin λ and weight
β of the C-IDM regularization. First of all, Fig. S1 presents
sensitivity analyses of the Gromov–Wasserstein weight α,
structural prior radius r, temporal prior weight ρ, and mar-
gin λ on the EgoProceL [2] dataset (i.e., PC Assembly).
Each subfigure illustrates how the Precision, Recall, F1,
and IoU metrics change as the corresponding hyperparame-
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Table S1. Hyperparameter settings for RGWOT.

Hyperparameter Value

No. of key-steps (K) 7
No. of sampled frames (X ,Y ) 32
No. of epochs 10000
Batch Size 2
Learning Rate (θ) 10−4

Weight Decay 10−5

Window size (σ) 300
Margin (λ) 2.0
No. of context frames (c) 2
Context stride 15
Embedding Dimension (D) 128
Optimizer Adam [7]
Regularization parameter (ξ) 1.0
Entropy regularization weight (ϵ) 0.07
Virtual frame threshold (ζ) 0.5
Gromov-Wasserstein weight (α) 0.3
Structural prior radius (r) 0.02
Temporal prior weight (ρ) 0.35

ter is adjusted. Overall, RGWOT demonstrates mostly sta-
ble performance across the studied ranges, with the perfor-
mance metrics reaching their peaks at α = 0.3, r = 0.02,
ρ = 0.35, and λ = 2.

Next, we study the effects of the C-IDM regulariza-
tion by varying its weight β in Eq. 7 of the main pa-
per and include the results on the ProceL [5] dataset (i.e.,
make smoke salmon sandwich) in Tab. S2. It is evident
from the results that when β is small (e.g., β = 0.01), the
learning collapses and RGWOT yields degenerate solutions,
where all frames are mapped to a small cluster in the embed-
ding space, and hence an entire video is assigned to a single
key steps (see Fig. 3 for examples). Furthermore, when β
increases (e.g., β = 0.05), the above issue is prevented.
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(a) Gromov-Wasserstein weight α.
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(b) Structural prior radius r.
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(c) Temporal prior weight ρ.
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(d) Contrastive regularization margin λ.

Figure S1. Sensitivity analyses of Gromov-Wasserstein weight α, structural prior radius r, temporal prior weight ρ, and contrastive
regularization margin λ.

β Precision Recall F1 IoU
0.01 X X X X
0.05 38.51 40.34 39.40 24.02
0.1 40.49 42.68 41.56 26.73
1 42.61 44.73 43.64 28.22

10 36.41 44.87 40.20 25.33
50 35.41 40.97 37.99 23.54

Table S2. Sensitivity analysis of the contrastive regularization
weight β. Best results are in bold, while second best are
underlined. ‘X’ denotes degenerate results.

Finally, the best performance is achieved when β = 1, in-
dicating balancing weights for the video alignment loss and
the contrastive regularization.

S3. Run Time Comparisons

In this section, we evaluate the efficiency (in terms of train-
ing times) of our RGWOT approach and competing meth-
ods including OPEL [3] and VAOT [1]. In particular, we
train all methods on the EgoProceL [2] dataset (i.e., PC
Disassembly) under identical experimental conditions (e.g.,
with 10,000 training epochs using two NVIDIA RTX 5090
GPUs). Tab. S3 presents the results. Thanks to having few
losses and regularizers, our RGWOT approach is (notably)
more efficient than OPEL [3], i.e., for training, OPEL [3]
needs 206 minutes vs. 161 minutes for RGWOT. Thus,
our approach is not only more accurate but also more ef-
ficient than OPEL [3]. In addition, RGWOT has similar
training time as VAOT [1], i.e., for training, VAOT [1] re-



Table S3. Run time comparisons.

Method Training Time

OPEL [3] 206 (mins)
VAOT [1] 161 (mins)

RGWOT (Ours) 164 (mins)

quires 164 minutes vs. 161 minutes for RGWOT, suggest-
ing that adding contrastive regularization yields little extra
computation.

S4. Degenerate Solution Justification
As discussed in Sec. 3.1.2 of the main paper, the objective
in Eq. 5 minimizes visual and temporal differences between
corresponding frames in X and Y only, and thus there is
no mechanism to prevent the optimization from collapsing.
Degenerate solutions appear consistently on the ProceL [5]
dataset but not on the EgoProceL [2] and CrossTask [10]
datasets. It is likely because 1) ADAM is a local optimizer,
and 2) datasets exhibit different characteristics. To verify
the latter, we extract ResNet [6] features (which are input
to the model) from four EgoProceL videos and four ProceL
videos and visualize them using t-SNE [9] in Figs. S2 and
S3 respectively. We observe that EgoProceL features are
more spread out, whereas ProceL features are more con-
centrated and hence easier to collapse. We believe this em-
pirical evidence provides a convincing explanation and con-
sider a theoretical analysis an interesting avenue for our fu-
ture work.

S5. Quantitative Results on All Subtasks of
Egocentric and Third-Person Datasets

Tabs. S4 and S5 present quantitative results on all sub-
tasks of egocentric datasets, namely EGTEA-GAZE+ [8]
and CMU-MMAC [4] respectively. Corresponding re-
sults for third-person datasets, including ProceL [5] and
CrossTask [10], are provided in Tabs. S6 and S7 respec-
tively. Our detailed evaluations span a wide range of sce-
narios, offering detailed assessments of our model perfor-
mance from different viewpoints. The results highlight the
robustness and versatility of our approach in addressing di-
verse videos and tasks, contributing to progress in proce-
dure learning and related fields.
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Figure S2. t-SNE [9] plots of the EgoProceL [2] dataset. Frame order from first to last is indicated by a gradient from light to dark green.
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Figure S3. t-SNE [9] plots of the ProceL [5] dataset. Frame order from first to last is indicated by a gradient from light to dark green.



Table S4. Results on individual subtasks of the EGTEA-GAZE+ [8] dataset.

Bacon Eggs Cheeseburger Breakfast Greek Salad Pasta Salad Pizza Turkey

F1 37.8 41.2 34.5 37.3 35.0 37.1 38.7
IoU 23.4 26.2 21.0 23.0 21.4 22.9 22.8

Table S5. Results on individual subtasks of the CMU-MMAC [4] dataset.

Brownie Eggs Sandwich Salad Pizza

F1 59.5 44.1 56.1 68.6 43.7
IoU 42.8 28.5 39.9 53.3 28.2

Table S6. Results on individual subtasks of the ProceL [5] dataset.

Assemble Clarinet Change iPhone Battery Change Tire Change Toilet Seat Jump Car Coffee

F1 56.4 48.8 42.7 48.2 35.2 48.8
IoU 41.6 33.5 27.6 32.5 21.7 33.3

Make PBJ Sandwich Make Salmon Sandwich Perform CPR Repot Plant Setup Chromecast Tie Tie

F1 38.8 43.6 42.1 47.4 36.6 43.7
IoU 24.3 28.2 27.1 32.2 22.7 28.1

Table S7. Results on individual subtasks of the CrossTask [10] dataset.

40567 16815 23521 44047 44789 77721 87706 71781 94276

F1 42.8 53.8 33.9 34.7 31.7 38.0 33.1 32.8 39.5
IoU 27.2 37.4 20.6 21.2 18.9 23.7 20.3 19.8 25.1

53193 76400 91515 59684 95603 105253 105222 109972 113766

F1 38.5 34.4 52.3 36.1 53.8 52.0 40.4 42.8 37.4
IoU 24.1 20.9 37.1 23.6 38.4 37.6 26.3 28.0 23.4
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