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A Supplementary Material

The supplementary materials consist of:

1. Code of AE2.
2. Supplementary video with qualitative examples of AE2.

3. Experimental setup: This includes detailed descriptions of the datasets, the evaluation
protocol, and complete implementation details.

4. Further results and visualizations: Due to space constraints in the main paper, we provide
a more detailed breakdown of the results reported in the main paper, along with more
qualitative examples.

A.1 Supplementary Video

In our supplementary video, we show qualitative examples of one practical application enabled by our
learned ego-exo view-invariant representations—synchronous playback of egocentric and exocentric
videos. We randomly select ego-exo video pairs from the test set, and use the frozen encoder ¢
to extract frame-wise embeddings. We then match each frame of one video (the reference) to its
closest counterpart in the other video using nearest neighbor. As demonstrated across all datasets
with several examples, AE2 effectively aligns two videos depicting the same action, overcoming
substantial viewpoint and background differences. The supplementary video also includes examples
of synchronizing two egocentric or two exocentric videos and explores AE2’s failure cases.

A.2 Experimental Setup

A.2.1 Datasets

Since existing video datasets for fine-grained video understanding (e.g., PennAction [82], Fine-
Gym [65], IKEA ASM [3]) are solely composed of third-person videos, we curate video clips from
five public datasets: CMU-MMAC [13], H20 [32], EPIC-Kitchens [11], HMDB51 [31] and Penn
Action [82] and collect a egocentric Tennis Forehand dataset. Our data selection criteria is to find
videos that depict the same action from distinct egocentric and exocentric viewpoints. Consequently,
TCN pouring [63] is excluded due to its small scale and significant similarity between the egocentric
and exocentric views; Assembly101 [62] is not selected since there there are large variations within a
single atomic action and the egocentric video is monochromatic.

In all, our dataset compilation from five public data sources, along with our collected egocentric
tennis videos, results in four distinct ego-exo datasets, each describing specific atomic actions:

(A) CMU-MMAC [13]. The dataset contains 44 subjects cooking five different recipes (brown-
ies, pizza, sandwich, salad, and scrambled eggs), captured from one egocentric and four
exocentric views simultaneously. We use the temporal keystep boundaries provided in [2]
to extract clips corresponding to the action of breaking eggs from all videos. Among the
four exocentric viewpoints, we adopt videos from the right-handed view, as this viewpoint
captures the action being performed most clearly. We randomly split the data into training
and validation sets across subjects, with 35 subjects (118 videos) for training and 9 subjects
(30 videos) for validation and test. There is strict synchronization between egocentric and
exocentric video pairs in this dataset.

Table 3: Dataset summary.

# Train # Val # Test Fixed Ego-exo
Dataset AP o0
€ego exo ego exo ego exo exoview? time-sync’
(A) CMU-MMAC 61 57 5 5 10 10 v v
(B) H20 29 48 4 8 7 16 4 X
(C) Pour Liquid 70 67 10 9 19 18 X X
X X

(D) Tennis Forehand 94 79 25 24 50 50
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(B) H20 [32]. The dataset features 10 subjects interacting with a milk carton using both hands,
captured by one egocentric camera and four static exocentric cameras. We utilize the keystep
annotations provided in [33] to extract clips corresponding to the pouring milk action. All
four exocentric views are included, as they clearly capture the action. We follow the data
split in [33], with 7 subjects (77 videos) in the training set and 3 subjects (35 videos) in the
validation and test set. A portion of this dataset (the first 3 subjects) contains synchronized
egocentric-exocentric video pairs, while the remaining part does not.

(C) Pour Liquid. To evaluate our methods on in-the-wild data, we assemble a Pour Liquid
dataset by extracting clips from one egocentric dataset, EPIC-Kitchens [11] and one exocen-
tric dataset, HMDBS1 [31]. We utilize clips from the “pour water” class in EPIC-Kitchens
and “pour” category in HMDBS51. Following the data split in the original datasets, we obtain
137 videos for training and 56 videos for validation and test. It is important to note that
the egocentric and exocentric videos are neither synchronized nor collected in the same
environment, providing a challenging testbed.

(D) Tennis Forehand. To include physical activities in our study, we leverage exocentric video
sequences of the tennis forehand action from Penn Action [82] and collect an egocentric
dataset featuring the same action performed by 12 subjects using Go Pro HERO8. We adopt
the data split from [15] for Penn Action, and divide our egocentric tennis forehand dataset
by subject: 8 for training and 4 for validation and testing. This results in a total of 173 clips
for training, and 149 clips for validation and testing. The egocentric and exocentric videos,
gathered from a range of real-world scenarios, are naturally unpaired.

Table 3 provides a summary of these four datasets. In addition, we recognize that the original
datasets lack frame-wise labels and provide dense frame-level annotations to enable a comprehensive
evaluation of the learned representations. See Table 4 for a complete list of all the key events we
annotate and Fig. 5 for illustrative examples.

Table 4: Number of actions phases and list of key events for each dataset.

Dataset # phases List of key events

(A) CMU-MMAC 4 hit egg, visible crack on the eggshell; egg contents released into bowl
(B) H20 3 liquid starts exiting, pouring complete

(C) Pour Liquid 3 liquid starts exiting, pouring complete

(D) Tennis Forehand 2 racket touches ball

A.2.2 Evaluation

We provide a detailed description of the four downstream tasks below and their corresponding
evaluation metrics:

1. Action Phase Classification. We train an SVM classifier on top of the embeddings to
predict the action phase labels for each frame and report F1 score on test data. Besides the
regular setting, we investigate (1) few-shot; and (2) cross-view zero-shot settings.

(1) Few-shot. We assume that only a limited number of training videos have annotations
and can be used for training the SVM classifier.

(2) Cross-view zero-shot. We assume that per-frame labels of training data are only
available on one view for training the SVM classifier, and report the test performance
on the other view. We use the terms “exo2ego” to describe the case where we use
exocentric data for training the SVM classifier and test its performance on egocentric
data, while “ego2exo” represents the reverse case.

2. Phase Progression. We train a linear regressor on the frozen embeddings to predict the
phase progression values, defined as the difference in time-stamps between any given frame
and each key event, normalized by the number of frames in that video [15]. Average R-
square measure on test data is reported. This metric evaluates how well the progress of an
action is captured by the embeddings, with the maximum value being 1.

3. Frame Retrieval. We report the mean average precision (mAP) @K (K=5,10,15). For each
query, average precision is computed by determining how many frames among the retrieved
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Figure 5: Example labels for all datasets. Key events are displayed in boxes below sequences, with
the phase label assigned to each frame between two key events.

K frames have the same action phase labels as the query frame, divided by K. Furthermore,
to evaluate view-invariance, we propose the cross-view frame retrieval task (i.e., ego2exo
and exo2ego frame retrieval). For each query in one view, the goal is to retrieve K frames
from another view. No additional training is required for this task.

4. Kendall’s Tau. This metric is calculated for every pair of test videos by sampling two
frames in the first video and retrieving the corresponding nearest frames in the second video,
then checking whether their orders are shuffled. It measures how well-aligned two sequences
are in time. No additional training or frame-wise labels are necessary for this evaluation.

It is important to note that (1) due to label imbalance in these datasets, we opt for using the F1 score
instead of accuracy for action phase classification to better account for the imbalance and provide a
more meaningful performance evaluation. (2) Phase progression assumes a high level of consistency
in actions, with noisy frames diminishing the performance greatly. Due to the challenging nature of
Pour Liquid data, we observe a negative progression value for all approaches. Thus, we augment the
resulting embeddings with a temporal dimension, as 0.001 times the time segment as the input so
that the regression model can distinguish repetitive (or very similar) frames that differ in time. We
report modified progression value for all baselines and our approach on this dataset. (3) Kendall’s
Tau assumes that there are no repetitive frames in a video. Since we adopt in-the-wild videos where
strict monoticity is not guaranteed, this metric may not faithfully reflect the quality of representations.
Nonetheless, we report them for completeness.



Table 5: Hyperparameters summary. ‘Lr’ stands for learning rate, and ‘Wd’ denotes weight decay.

Datasets Optimizer Transformer Encoder Regularization

Lr  Wd ‘ Hidden Dim. # Layers ‘ # Frames # Pos. Frames Ratio A
(A) CMU-MMAC Se-5 le-5 256 1 32 32 1
(B) H20 le-4 le-5 256 1 32 8 2
(C) Pour Liquid 5e-5 le-5 128 3 32 16 2
(D) Tennis Forehand 5e-5 1le-5 128 1 20 10 4

Table 6: Results of few-shot action phase classification (F1 score) and frame retrieval (mAP@5,10,15).

Few-shot Cls. Frame Retrieval

Dataset Method

10% 50% 100% mAP@5 mAP@10 mAP@15
Random Features 19.18 19.18 19.18 48.26 47.13 45.75
ImageNet Features 46.15 48.80 50.24 49.98 50.49 50.08
ActorObserverNet [66] 31.40 35.63 36.14 50.92 50.47 49.72
single-view TCN [63] 5230 5490 5690 52.82 53.42 53.60
(A) multi-view TCN [63] 56.88 59.25 5991 59.11 58.83 58.44
multi-view TCN (unpaired) [63] 56.13 56.65 56.79  58.18 57.78 57.21
CARL [10] 39.18 41.92 4343 47.14 46.04 44.99
TCC[15] 57.54 59.18 59.84 59.33 58.75 57.99
GTA [22] 56.89 56.77 56.86 62.79 61.55 60.38
AE2 (ours) 63.95 64.86 66.23 66.86 65.85 64.73
Random Features 36.84 36.84 36.84 52.94 52.48 51.59
ImageNet Features 39.29 40.83 41.59 53.32 54.09 54.06
single-view TCN [63] 43.60 46.83 47.39 56.98 57.00 56.46
(B) CARL[10] 48.73 48.78 48.79 55.59 55.01 54.23
TCC[15] 78.69 7797 7791 81.22 80.97 80.46
GTA [22] 79.82 80.96 81.11 80.65 80.12 79.68
AE2 (ours) 85.17 85.12 85.17 85.25 84.90 84.55
Random Features 4526 4526 4526 49.69 49.83 49.18
ImageNet Features 55.53 54.43 53.13 50.52 51.49 51.89
single-view TCN [63] 54.62 55.08 54.02 48.50 48.83 49.03
(C) CARLII0] 51.68 55.67 56.98 55.03 55.29 54.93
TCC [15] 52.37 51.70 52.53 6293 62.33 61.44
GTA [22] 5591 56.87 56.92 62.83 62.79 62.12
AE2 (ours) 65.88 66.53 66.56 66.55 65.54 64.66
Random Features 31.54 30.31 3031 69.57 66.47 64.34
ImageNet Features 65.48 68.03 69.15 78.11 76.96 75.84
single-view TCN [63] 65.78 69.19 68.87 74.05 73.76 73.10
(D) CARL[10] 58.89 59.38 59.69 72.94 69.43 67.14
TCC [15] 67.71 77.07 78.41 82.78 80.24 78.59
GTA [22] 80.31 83.04 83.63 86.59 85.20 84.33
AE2 (ours) 85.24 85.72 85.87 87.94 86.83 86.05
A.2.3 Implementation

For all video sequences, frames are resized to 224 x 224. During training, we randomly extract 32
frames from each video to construct a video sequence. We train the models for a total number of
300 epochs with a batch size of 4, using the Adam optimizer. The model checkpoint demonstrating
the best performance on validation data is selected, and its performance on test data is reported. In
terms of the encoder network, global features are taken from the output of C'onvdc layer in ¢pye.
Following [15], we stack the features of any given frame and its context frames along the dimension
of time, followed by 3D convolutions for aggregating temporal information and 3D max pooling. In
all experiments, the number and stride of context frames are set as 1 and 15, respectively. For local
features, we take output of the C'onv1 layer in ¢pase and apply 3D max pooling to aggregate temporal
information from the given frame and its context frame. The features are then fed as input of ROI

Align.
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Table 7: Results of cross-view frame retrieval (mAP@5,10,15).

Dataset Method Ego2exo Frame Retrieval Exo02ego Frame Retrieval
mAP@5 mAP@10 mAP@15 mAP@5 mAP@10 mAP@15
Random Features 42.51 41.74 40.51 38.08 38.19 37.10
ImageNet Features 33.32 33.09 32.78 38.99 37.80 36.71
ActorObserverNet [66] 43.57 42.70 41.56 42.00 41.29 40.48
single-view TCN [63] 31.12 32.63 33.73 34.67 3491 35.31
(A) multi-view TCN [63] 46.38 47.04 46.96 52.50 52.68 52.43
multi-view TCN (unpaired) [63] 55.34 54.64 53.75 58.79 57.87 57.07
CARL [10] 37.89 37.38 36.57 40.37 39.94 39.38
TCC [15] 62.11 61.11 60.33 62.39 62.03 61.25
GTA [22] 57.11 56.25 55.10 54.47 53.93 53.22
AE2 (ours) 65.70 64.59 63.76 62.48 62.15 61.80
Random Features 51.46 50.56 48.93 52.78 51.98 50.82
ImageNet Features 25.72 27.31 28.57 41.50 43.21 43.06
single-view TCN [63] 47.00 46.48 4542 47.94 47.20 46.59
(B) CARL[10] 54.35 52.99 51.99 51.14 51.51 51.00
TCC [15] 75.54 75.30 75.02 80.44 80.27 80.18
GTA [22] 72.55 72.78 72.96 75.16 75.40 75.48
AE2 (ours) 78.21 78.48 78.78 83.88 83.41 83.05
Random Features 55.78 55.44 54.77 56.31 55.75 54.56
ImageNet Features 51.44 52.17 52.38 30.18 30.44 30.40
single-view TCN [63] 53.60 55.28 55.46 29.16 31.15 31.95
(C) CARL[10] 59.59 59.37 59.19 34.73 36.80 38.10
TCC [15] 55.98 56.08 56.13 58.11 57.89 57.15
GTA [22] 57.03 58.52 59.00 51.71 53.32 53.54
AE2 (ours) 66.23 65.79 65.00 57.42 57.35 57.03
Random Features 61.24 58.98 56.94 63.42 59.87 57.57
ImageNet Features 69.34 66.90 64.95 61.61 60.31 58.55
single-view TCN [63] 54.12 55.08 55.05 56.70 56.65 55.84
(D) CARLT[I10] 52.18 54.83 55.39 65.94 63.19 60.83
TCC [15] 57.87 55.84 53.81 48.62 47.27 46.11
GTA [22] 78.93 78.00 77.01 79.95 79.14 78.52
AE2 (ours) 82.58 81.46 80.75 82.82 82.07 81.69

During evaluation, we freeze the encoder ¢ and use it to extract 128-dimensional embeddings
for each frame. These representations are then assessed across a variety of downstream tasks (Sec. 4).
Detailed hyperparameters specific to each dataset are provided in Table 5. Noteworthy adjustments
include: (1) In the case of Tennis Forehand, we utilize a single object proposal, as the active object is
only the tennis racket (the tennis ball is too small to be detected reliably). Furthermore, given the
shorter video lengths, we sample 20 frames from each video as opposed to the usual 32. (2) For
datasets featuring non-monotonic actions (i.e., H20 and Pour Liquid), we construct the negative
sequence by randomly reversing either the first or the last half of the sequence, rather than the whole
sequence. This is due to the cyclic nature of the pouring action present in some videos within these
datasets. All experiments are conducted using PyTorch [52] on 2 Nvidia V100 GPUs.

A.3 Further Results and Visualizations

Results Supplementing Table 1 in the main paper, Tables 6 and 7 present comprehensive results
of AE2 and baseline models on few-shot action phase classification and frame retrieval tasks. For
few-shot classification, we train the SVM classifier with 10% (or 50%) of the training data, averaging
results over 10 runs. AE2 demonstrates superior performance in learning fine-grained, view-invariant
ego-exo features when compared with ego-exo [66, 63], frame-wise contrastive learning [10], and
alignment-based [15, 22] approaches.

On CMU-MMAC, AE2 greatly outperforms the multi-view TCN [63], which utilizes perfect ego-exo
synchronization as a supervision signal. We hypothesize that the strict supervision requirement of
TCN might be limiting, as it can not utilize as many ego-exo pairs as AE2 due to its reliance on
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Figure 6: Few-shot action phase classification results. AE2 achieves superior performance across
a wide range of labeled training videos, particularly under the most challenging conditions where
less than 10 videos are labeled. Results are averaged over 50 runs, and confidence bars represent one
standard deviation.

Table 8: Ablation Study of AE2.

Classification (F1 score) Frame Retrieval (ImAP@10) Phase  Kendall’s

Dataset Method regular ego2exo exo2ego regular ego2exo exo2ego Progression  Tau

Base DTW 5853 57.78 5423 5836 55.36 58.95 0.1920 0.5641
(A) + object 62.86 60.88 58.52 62.66 61.26 60.69 0.4235 0.5484
+ object + contrast 66.23 57.41 71.72 65.85 64.59 62.15 0.5109 0.6316
Base DTW 8291 81.82 81.83 8149 74.63 80.21 0.7525 0.8199
(B) + object 84.04 84.20 84.23 83.03 81.42 81.57 0.7646 0.8886
+ object + contrast 85.17 84.73  82.77 8490 78.48 83.41 0.7634 0.9062
Base DTW 59.66 5548 5949 5257 54.12 5223 0.0553 0.0609
(C) + object 6328 57.60 6242 6340 67.15 63.05 0.2231 0.1339
+ object + contrast 66.56 57.15  65.60 65.54 65.79 57.35 0.1380 0.0934
Base DTW 79.56 8138 7254 82.65 75.36 76.74 0.4022 0.4312
(D) + object 84.14 8536 83.32 88.22 79.07 82.61 0.5431 0.6477

+ object + contrast 85.87 84.71 85.68 86.83 81.46 82.07 0.5060 0.6171

ego-exo synchronization. In contrast, AE2 capitalizes on a broader set of unpaired ego-exo data.
Even when we modify multi-view TCN to consider all potential ego-exo pairs as synchronously
perfect (termed as multi-view TCN (unpaired) in the tables), it does not outperform its regular version,
indicating a lack of robustness towards non-synchronized ego-exo pairs. Consequently, it appears
that multi-view TCN is ill-equipped to learn desired view-invariant representations from unpaired,
real-world ego-exo videos.

Few-shot Learning Besides the few-shot results in Table 6, we vary the number of labeled training
videos, ranging from extremely sparse (a single labeled video) to the case where all training videos
are labeled. Note that each labeled video equates to multiple labeled frames. AE2 is compared with
top-performing baselines, TCC [15] and GTA [22], across all four datasets in Fig. 6. The results are
averaged over 50 runs and include a +- one standard deviation error bar. As shown, AE2 excels in
low-label scenarios. For instance, on H20O, a single labeled video yields an action phase classification
F1 score over 80%. This suggests that AE2 effectively aligns representations across all training
videos, enabling a robust SVM classifier for the downstream task, even with minimal labeling.

Ablation Table 8 presents an ablation of AE2 on all four datasets, which is a comprehensive version
of Table 2 in the main paper. From the results, we can see that object-centric representations are
instrumental in bridging the ego-exo gap, leading to substantial performance improvements. For
instance, frame retrieval mAP@ 10 improves by +10.83% on Pour Liquid and +5.57% on Tennis
Forehand. Furthermore, incorporating contrastive regularization provides additional performance
boosts for several downstream tasks such as regular action phase classification. These results
demonstrate the integral contributions of both components of AE2 to achieve optimal performance.

Visualizations In addition to the cross-view frame retrieval results for Pour Liquid and Tennis
Forehand presented in the main paper (Fig. 4), we showcase results for the other two datasets
(i.e., CMU-MMAC and H20) in Fig. 7. For any given query frame from one view, the retrieved
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Figure 7: Cross-view frame retrieval results on H20 (rows 1-3) and CMU-MMAC (rows 4-6). AE2
leads to representations that encapsulate the fine-grained state of an action and are invariant to the
ego-exo viewpoints.

nearest neighbors closely match the action stage of the query, regardless of substantial differences in
viewpoints. These results underline AE2’s efficacy in learning fine-grained action representations
that transcend ego-exo viewpoint differences.
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