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A. Details of State-of-the-Art Methods
In this section, we introduce some technical and re-
implementation details of the related state-of-the-art com-
parison methods.

A.1. Tent
Tent [9] is the pioneering work that utilizes target-domain
data to adjust the trained model during test time via an en-
tropy minimization strategy. It systematically defines the
settings of fully test-time adaptation (TTA), i.e., fully TTA
is independent of the training data and training loss, and
adapts the model by optimizing an unsupervised loss dur-
ing testing based on the unlabeled test data stream. Tech-
nically, it adjusts the affine parameters in batchnorm layers
by minimizing the calculated entropy of the predicted log-
its. In this paper, we re-implement Tent for the TE2A3 task
under the same settings as with our method. Due to the
action anticipation model [3] not containing batchnorm lay-
ers, we practically select the parameters of the bias layers in
the anticipation head, and the learning rate is set to 1e-4 for
EgoExoLearn and 1e-3 for EgoMe-anti for optimization.

A.2. TPT
TPT [7] is the first work to perform prompt tuning based on
the CLIP model. TPT achieves test-time adaptation by aug-
menting a single test image to diverse views and minimizing
entropy to optimize the learnable prompts. In this paper, we
conduct re-implementation according to the “TPT+CoOp”
setting in this work. Since our TE2A3 task focuses on the
adaptation of video rather than image, we adjust the original
spatial cropping augmentation to the temporal re-sampling
strategy to suit our task. In addition, we initialize the learn-
able prompts with “a photo of a”, whose length is 4 as in our
work. For optimization, the learning rate is set to 1e-5 on
the EgoExoLearn and 1e-4 for the EgoMe-anti benchmark.

A.3. VITTA
VITTA [5] is the first TTA work for video-level action
recognition. To address unanticipated distribution shifts
of different-domain videos, VITTA first adopts a feature
distribution alignment technique to align the estimated on-
line statistics of the training and testing sets. Additionally,
it constrains the predictions of different temporally aug-
mented views to construct consistency. We re-implement
this work according to its original settings. In detail, we
first save the mean and variance for the features of the train-
ing set under all settings. Then, we employ momentum

updating to obtain the mean and variance of the test set.
Moreover, we adopt L1 losses to align the training and test-
ing mean and variance statistics of each layer, and estab-
lish consistency between temporal augmented views. The
learning rates are set to 1e-5 and 1e-4 for EgoExoLearn
and EgoMe-anti, respectively. The quantitative results show
that, even though VITTA accesses the statistics of the train-
ing set, our method still outperforms it by a large margin.

A.4. TDA
TDA [4] is a training-free method for effective and effi-
cient test-time adaptation. To tackle the distribution shifts
between the source and target domains, TDA introduces a
lightweight key-value cache and progressively refines the
saved pseudo-labels for efficient adaptation to test data.
Moreover, TDA also incorporates a negative cache branch
to mitigate the impact of noise and achieves high perfor-
mance for image-level TTA. In this paper, we adjust the
hand-crafted prompt to be the same as our method (i.e., “a
photo of a”) for a fair comparison. Furthermore, other hy-
perparameters such as threshold values for negative pseudo-
labeling and testing feature selection are set following the
official settings for re-implementation.

A.5. ZERO
ZERO [2] is a simple yet effective method by setting the
softmax temperature to zero. In detail, to address the
model’s poor generalization capability when presented with
challenging examples, ZERO conducts thorough theoretical
and empirical analysis. Technically, ZERO first augments
the input image into multiple views, then feeds the images
into the model to obtain anticipation logits. Next, it remains
the confident predictions, and it finally sets the softmax tem-
perature to zero. Following this paradigm, we conduct the
temporal augmentation instead of the spatial augmentation
specific to the video-level task. Then, we re-implement the
ZERO method under its official settings for our TE2A3 task
on the EgoExoLearn and EgoMe-anti benchmarks.

A.6. TCA
TCA [10] stands for Token Condensation Adaptation,
which is an efficient training-free adaptation method to pro-
gressively refine the token selection process during test
time. In detail, TCA first introduces a token reservoir to
track and store class tokens sensitive to the domain shifts.
Then, TCA dynamically adjusts multi-head attention maps
based on the current data and accumulated knowledge. Fi-



nally, predictions are inferred not only from image-text sim-
ilarity but also from correlations between visual features
and tokens, which facilitates leveraging historical informa-
tion for effective and efficient adaptation. In this paper, we
re-implement this excellent work for the proposed TE2A3

task on the EgoExoLearn and EgoMe-anti benchmarks ac-
cording to the official setting of TCA.

A.7. ML-TTA
ML-TTA [11] is a multi-label TTA method using the bound
entropy minimization strategy. In detail, ML-TTA first de-
scribes the input images to determine the number of posi-
tive classes. Then, it infers a weak and a strong label set.
Next, ML-TTA performs the label-binding strategy to bind
the potential positive classes to mitigate the over-confident
problem of plain entropy-based optimization, and conducts
prompt learning for the two branches, respectively. The in-
ferred logits of the two branches are added to obtain the fi-
nal result. While effective, ML-TTA is for image-level TTA
rather than video-level Ego-Exo adaptation and anticipa-
tion. In this paper, we directly utilize fine-level annotations
from the original datasets [3, 6] as descriptions for the input
target-view videos. The learning rates are set to 1e-4 and
5e-4 for the EgoExoLearn and EgoMe-anti benchmarks for
optimization. Despite our method employing the predicted
descriptions while ML-TTA utilizes manually labeled cap-
tion annotations, our approach still surpasses ML-TTA by
a large margin under all settings, which demonstrates the
effectiveness of the proposed method.

B. Details of Lightweight Narrator
In this section, we introduce more architectural and imple-
mentation details of the lightweight narrator N (·) in the
Dual-Clue Consistency Module (DCCM) in Section 3.3.

The architecture of the N (·) follows “S2VTAttModel”
in the official video-caption.pytorch library, which is a well-
known open-source library for video captioning. The narra-
tor is composed of an encoder and a decoder based on linear
layers, GRU units, and attention layers. Assuming the input
video frame features are denoted as FT , we first convert FT

into sequential features, as follows:
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L} ∈ RL×C means the converted
input features, L denotes the number of input video frames.
Then, we utilize GRU units to model the temporal depen-
dencies between the video frames. Taking the t-th timestep
as an example, the calculation process is as follows:

rt = s(Wirx
T
t + bir +Whrĥt−1 + bhr) (2)

zt = s(Wizx
T
t + biz +Whzĥt−1 + bhz) (3)

nt = tanh(Winx
T
t + bin + rt ∗ (Whnĥt−1 + bhn)) (4)

ĥt = (1− zt) ∗ nt + zt ∗ ĥt−1 (5)

where ĥt is the hidden state at the timestamp t, s(·) is the
sigmoid function, ∗ is the Hadamard product, and W , b are
learnable weights and biases, respectively. The output of
the encoder can be represented as Ĥ = {ĥ1, ĥ2, · · · ĥL} ∈
RL×Ch , where Ch is the dimension of the hidden state.

In the decoder, an attention mechanism is first applied:

O1 = tanh(W1[Ĥ; t(ĥL)] + b1) (6)

Att = {α1, α2, · · ·αL} = σ(W2O1 + b2) (7)

ctx =

L∑
i=1

αi · ĥi (8)

where t(·) is the tile operation, σ is softmax function, ctx ∈
RCh denotes the context feature. Then, we concatenate the
context feature ctx with embeddings of the decoded words
(each sentence begins with the <sos> token), and initialize
the hidden state of the decoder with the encoder’s final hid-
den state ĥL. Finally, we adopt a GRU-based layer and a
2-layer MLP to decode the final sentence autoregressively.

For practical implementation, we collect view-agnostic
video-text pairs {Vi, Ti}Ni=1 for training the narrator. In
detail, we first remove all videos and corresponding anno-
tations relevant to the data for test-time adaptation in the
proposed TE2A3 task under all settings from the original
EgoMe [6] and EgoExoLearn [3] datasets. Then, we inte-
grate the Ego and Exo video clips and the raw textual de-
scriptions within the original dataset to construct the video
captioning dataset {Vi, Ti}Ni=1. However, the description
labeling rules are different for Ego and Exo videos in the
EgoMe dataset (i.e., descriptions of Exo videos include at-
tributes of the demonstrator). Therefore, we uniformly pre-
process the texts in the video captioning dataset to concen-
trate on procedural activities and exclude potential view-
specific information. Finally, we utilize the above video
captioning dataset to train the lightweight narrator N (·) to
generate view-agnostic textual clues, facilitating the adap-
tation between Ego and Exo views during test time. Specif-
ically, we set the feature dimension Ch to 512. The maxi-
mum sentence length is set to 28, and each sentence begins
with the <sos> token and ends with the <eos> token. Ad-
ditionally, the sampling strategy of video frame features is
identical to that in the action anticipation network (i.e., uni-
formly sample 5 frames as input). We train the narrator
network for 1000 epochs with a batch size of 1024. The
dropout rate is 0.5 and 0.2 for the linear and GRU-based
layers, respectively, which helps alleviate overfitting. More-
over, we set the initial learning rate to 5e-4 and apply a
learning rate decay strategy, in which the learning rate is
reduced to 80% of its original value every 200 epochs.



Table A1. The number of samples under each view of the train/val/test set of the EgoMe-anti and EgoExoLearn benchmarks.

Subset
EgoMe-anti EgoExoLearn

Exo Ego Exo Ego

Noun Verb Noun Verb Noun Verb Noun Verb

Train set 8336 8336 8939 8939 11762 17516 78055 33496
Validation set 1817 1817 1970 1970 8235 1960 84726 91454
Test set 3584 3584 3889 3889 12395 5371 15231 50471

C. Details of the Benchmarks
In this section, we show more details of our newly proposed
EgoMe-anti and the existing EgoExoLearn benchmarks to
support the TE2A3 task.

C.1. EgoMe-anti
The EgoMe-anti benchmark is constructed based on the re-
cent EgoMe [6] dataset, which follows the imitation learn-
ing process in real-world scenarios. In detail, it contains
82.8 hours of Exo observation and Ego following videos
and covers up to 41 real-world scenarios such as the li-
brary, classroom, gym, and so on. The video durations
range widely from 3 seconds to over 60 seconds, and most
of the videos last from 10 to 25 seconds. Moreover, each
video contains 2 to above 15 fine-level consecutive and non-
overlapped atomic actions with timestamps and descrip-
tions. We exclude the incorrectly following videos and
leverage the fine-level timestamps and description annota-
tions to construct the EgoMe-anti benchmark, whose sam-
ple numbers of the train/val/test sets are shown in the left
panel of Table A1. Because we extract nouns and verbs
from the raw sentences simultaneously, the number of sam-
ples remains identical in noun or verb anticipation tasks un-
der the same perspective. Finally, we summarize 35 noun
and 29 verb categories for the action anticipation task.

C.2. EgoExoLearn
The EgoExoLearn benchmark in our work directly follows
the official cross-view action anticipation benchmark pro-
posed in EgoExoLearn [3], which is an excellent dataset
containing large-scale asynchronous Ego and Exo videos
of procedural activities in daily and professional scenarios.
Specifically, it comprises up to 745 long videos with a total
duration of around 120 hours. The video recording is ori-
ented towards 5 types of daily cooking tasks and 3 types of
chemical laboratory tasks, which are recorded in 4 kinds of
different kitchens and 3 kinds of laboratories to ensure data
diversity. This dataset also contains detailed coarse-grained
and fine-grained timestamps, descriptions, and noun/verb
categories. Therefore, the EgoExoLearn benchmark for the
action anticipation task is constructed based on the fine-
grained annotations with massive samples, and the number

of samples of each subset in the Ego or Exo perspectives
is represented in the right panel in Table A1. In addition,
EgoExoLearn has 31 noun and 19 verb categories for the
action anticipation task.

D. Results in Top-1 Recall Evaluation

In addition to the common Top-5 recall evaluation met-
ric [1, 3], we also evaluate our DCPGN and comparison
methods under the Top-1 recall metric for more compre-
hensive evaluation. As shown in Table A2, our method
still outperforms other comparison methods by a large mar-
gin. In detail, it surpasses the most recent ML-TTA [11] by
4.52%, 10.11%, 5.43%, 7.69% on the EgoMe-anti bench-
mark, and by 6.75%, 4.15%, 6.29%, 8.85% on the EgoEx-
oLearn benchmark, which further demonstrates the effec-
tiveness and superiority of the proposed DCPGN.

E. Analysis of Hyperparameters

In this section, we conduct comprehensive experiments to
analyze several hyperparameters in the proposed method.
Moreover, we report the results under Exo2Ego and
Ego2Exo settings on the EgoMe-anti and EgoExoLearn
benchmarks.

E.1. Analysis of memory bank capacity N

In Table A3, we conduct experiments under different set-
tings of the hyperparameter N , which denotes the maxi-
mum capacity of the memory bank for each class. Specifi-
cally, we set the value of N to 100, 200, 300, 400, and 500
and report the number of parameters (including the saved
data in the memory banks) and quantitative results under all
settings on the EgoMe-anti and EgoExoLearn benchmarks.
The experimental results show that the performances fluc-
tuate within a relatively small range, and the number of
parameters is tolerable under all settings of N . It demon-
strates the effectiveness of the proposed memory banks in
the ML-PGM, which can achieve high performance even
though the memory bank capacity is limited. Moreover,
the model reaches the highest performance when N is 500.
Considering its superior performance and tolerable number
of parameters, we finally set N to 500 in our DCPGN.



Table A2. Quantitative results on the EgoMe-anti and EgoExoLearn under the Exo2Ego and Ego2Exo settings in Top-1 recall evaluation.

Methods
EgoMe-anti EgoExoLearn

Exo2Ego Ego2Exo Exo2Ego Ego2Exo

Noun Verb Noun Verb Noun Verb Noun Verb

Ours without Adaptation 27.30 6.24 22.72 6.45 6.07 5.43 6.90 5.35
Tent [9] 31.72 8.09 26.92 8.98 7.72 6.57 7.98 5.40
TPT [7] 31.97 8.05 27.14 8.89 8.11 6.35 8.13 5.43
VITTA [5] 32.21 8.75 26.87 9.14 7.49 6.13 8.27 5.56
TDA [4] 33.42 10.60 27.18 10.46 8.26 6.59 8.41 5.48
ZERO [2] 32.50 10.02 25.82 10.26 9.48 8.73 10.27 7.42
TCA [10] 32.35 8.45 27.36 9.07 7.85 6.22 8.05 5.55
ML-TTA [11] 33.48 10.37 27.80 10.06 10.39 7.40 10.01 5.38
DCPGN (Ours) 38.00 20.48 33.23 17.75 17.14 11.55 16.30 14.23

Table A3. Analysis of the maximum capacity N of the memory bank. Note that the saved data in the memory banks is also included in the
statistics of the number of parameters.

N
EgoMe-anti EgoExoLearn

#Params (M)Exo2Ego Ego2Exo Exo2Ego Ego2Exo

Noun Verb Noun Verb Noun Verb Noun Verb

100 78.99 43.64 71.97 39.62 45.07 42.60 47.48 45.58 1.71
200 79.24 42.47 71.97 39.71 45.36 42.72 47.87 45.61 3.42
300 78.95 42.95 71.81 39.82 45.50 43.00 48.18 45.99 5.13
400 78.86 43.17 71.57 38.95 45.78 42.74 48.06 46.10 6.84
500 79.03 43.84 72.01 40.10 46.26 42.98 48.48 46.51 8.54

E.2. Analysis of hyperparameter α

In Table A4, we conduct quantitative experiments under all
settings on the two benchmarks to analyze the hyperparam-
eter α, which is used to balance the distinct logits from ML-
PGM and DCCM. Keeping other hyperparameters and set-
tings unchanged, we set the balance coefficient α to 0.25,
0.50, 0.75, and 1.00, and report their respective results. The
results in Table A4 show that the model achieves the best
performance when α is set to 0.5. Furthermore, the model
is not sensitive to the settings of α within the range from
0.25 to 1.0, which indicates the robustness of the model to
different settings of the balancing hyperparameter, demon-
strating the effectiveness of the proposed method.

E.3. Analysis of hyperparameter µ1

In Table A5, we quantitatively analyze the hyperparameter
µ1, which is used to scale the visual logits inferred based on
the visual clue in the proposed DCCM. In detail, we conduct
experiments and report the performances under Exo2Ego
and Ego2Exo settings on the two benchmarks, where the
hyperparameter µ1 is set to 0.25, 0.5, 0.75, and 1.0, re-
spectively, and other hyperparameters remain unchanged.
The results show that the model exhibits robustness to the
change of µ1, i.e., the metrics fluctuate within 1.5%. Fi-

nally, we set µ1 to 1.0, in which case the model yields opti-
mal performance under both view adaptation settings.

E.4. Analysis of hyperparameter µ2

In Table A6, we set the hyperparameter µ2 for scaling the
textual logits to 0.25, 0.5, 0.75, and 1.0, and conduct ex-
periments to analyze its effects comprehensively. The ex-
perimental results show that when the hyperparameter µ2 is
set to 0.5, the model achieves the best performance under
all settings on EgoMe-anti. For the EgoExoLearn bench-
mark, the model yields the best metrics under the Ego2Exo
setting and second-place results under the Exo2Ego setting.
Therefore, we finally assign the hyperparameter µ2 to 0.5
in our model. In addition, the final performance remains
stable when the hyperparameter µ2 is changed from 0.25
to 1.0, which demonstrates the robustness of the proposed
DCPGN to different µ2 values.

E.5. Analysis of the number of test samples Ntest

The number of test samples Ntest is crucial for the memory
banks in the Multi-Label Prototype Growing Module (ML-
PGM) to create reliable and meaningful prototypes. There-
fore, it is necessary to ablate the number of samples during
the test-time adaptation process. In Table A7, we conduct



Table A4. Analysis of the hyperparameter α for balancing distinct logits inferred by ML-PGM and DCCM.

α
EgoMe-anti EgoExoLearn

Exo2Ego Ego2Exo Exo2Ego Ego2Exo

Noun Verb Noun Verb Noun Verb Noun Verb

0.25 78.61 42.64 71.85 39.21 44.44 42.89 47.70 46.22
0.50 79.03 43.84 72.01 40.10 46.26 42.98 48.48 46.51
0.75 79.19 41.62 71.09 37.81 45.39 42.62 48.43 46.31
1.00 78.17 40.89 71.37 38.31 45.37 41.98 48.13 46.11

Table A5. Analysis of the hyperparameter µ1 for scaling the visual logits in the DCCM.

µ1

EgoMe-anti EgoExoLearn
Exo2Ego Ego2Exo Exo2Ego Ego2Exo

Noun Verb Noun Verb Noun Verb Noun Verb

0.25 77.52 43.16 71.41 38.90 45.36 42.82 48.10 46.26
0.50 78.57 42.62 71.67 39.62 45.53 42.97 48.08 45.89
0.75 78.47 42.37 71.82 39.40 45.59 42.93 48.38 45.66
1.00 79.03 43.84 72.01 40.10 46.26 42.98 48.48 46.51

Table A6. Analysis of the hyperparameter µ2 for scaling the textual logits in the DCCM.

µ2

EgoMe-anti EgoExoLearn
Exo2Ego Ego2Exo Exo2Ego Ego2Exo

Noun Verb Noun Verb Noun Verb Noun Verb

0.25 78.48 42.98 71.90 39.37 43.99 42.62 47.90 46.14
0.50 79.03 43.84 72.01 40.10 46.26 42.98 48.48 46.51
0.75 78.86 42.76 71.87 39.05 46.27 42.78 48.34 46.14
1.00 77.99 42.39 70.60 39.21 44.33 43.01 48.39 45.68

ablation experiments of the number of test samples Ntest

on the EgoMe-anti benchmark with a fixed random seed,
which show that reliable prototypes can be created when
using only 25% samples of the full test set (972 Ego or 896
Exo samples), with only a slight performance drop com-
pared to using the full test set. It further demonstrates the
effectiveness of the proposed ML-PGM, which can achieve
promising performance even with a small test set.

F. More Visualization Results
In this section, we show more visualization results, such as
the t-SNE visualization results and the noun/verb anticipa-
tion examples to verify the effectiveness of our method.

F.1. t-SNE visualizations
We conduct more experiments by means of t-SNE [8] to vi-
sualize representations in the memory banks and the corre-
sponding prototypes under all settings on the EgoExoLearn
and EgoMe-anti benchmarks in Fig. A1. Practically, we

Table A7. Ablation on the number of test samples on EgoMe-anti
benchmark (with 3889 Ego and 3584 Exo test samples in total).

Ntest
Exo2Ego Ego2Exo

Noun Verb Noun Verb

Full 79.03 43.84 72.01 40.10
50% 78.59 42.76 71.38 39.28
25% 78.41 42.38 71.01 38.76
10% 75.42 38.32 64.84 35.75
5% 72.84 36.08 63.40 33.51

visualize five dominant classes with the most samples fol-
lowing the settings in Section 4.4.3 for ease of analysis.

We visualize representations and prototypes of the
model that only assigns a single class, the model without
confidence-based reweighting, and the final DCPGN model.
In the first column, the visualization results show that some
classes are assigned only a small number of representations,
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Figure A1. t-SNE visualization of representations in the memory banks and the corresponding prototypes of five dominant classes under
Exo2Ego and Ego2Exo settings. The left panel shows the results on the EgoExoLearn benchmark and the right panel shows the results on
the EgoMe-anti benchmark. Dots denote class-wise representations and stars denote prototypes (best viewed in color).

and prototypes of different classes are highly overlapping in
some cases. It further verifies that the single-label assign-
ment strategy may lead to remarkable inter-class imbalance
and unreliable prototypes, which cause performance degra-
dation. The results of the model without confidence-based
reweighting are presented in the second column, which
show that distinct classes form balanced representations and
can be well distinguished. Note that it is normal for over-
lapping representation clusters of different classes, because
each selected representation sample is assigned to multiple
pseudo labels. However, due to the interference of the po-
tential negative samples and highly overlapping representa-
tions across many classes, some prototypes are extremely
close, which impairs the model’s class-wise discriminative
capability. Finally, in the third column, we visualize the
representations and prototypes of our DCPGN. The results
show that the representations are balanced and prototypes
can be explicitly distinguished, which demonstrates the ef-
fectiveness of the multi-label assignment and confidence-
based reweighting strategies in the ML-PGM of the pro-
posed DCPGN.

F.2. Noun/verb anticipation visualizations
In this section, we conduct more experiments to visualize
the noun and verb anticipation results of the model with or
without DCCM in Fig. A2 and Fig. A3, respectively. We vi-
sualize the Top-5 noun/verb anticipation candidates and the
corresponding visual and textual clues under the Exo2Ego
and Ego2Exo settings on EgoExoLearn and EgoMe-anti.

F.2.1. Noun anticipation results
In Fig. A2, we comprehensively visualize the results of
the anticipated noun candidates and the corresponding vi-
sual and textual clues in the proposed DCCM. The exper-
imental results show that visual and textual clues can ef-

fectively convey information about nouns in the upcoming
actions under both Exo2Ego and Ego2Exo settings on the
two benchmarks. In the example under the Exo2Ego set-
ting on the EgoExoLearn benchmark (left panel), the model
without DCCM cannot anticipate the active noun “pot” in
the future. However, the visual clue in DCCM clearly con-
tains the “pot”, which facilitates the subsequent noun antic-
ipation. For the Ego2Exo example on EgoExoLearn, due
to the visual clue clearly presenting “meat” in the pot and
the textual clue comprising the word “meat”, the model
with DCCM can precisely anticipate the “meat/beef” class,
which is active in the following stir-frying process. For the
examples on the EgoMe-anti benchmark (right panel), in
the upper Exo2Exo example, the visual and textual clues
of DCCM both present the “book” semantic, and success-
fully anticipate the active “book/notebook” class. Similarly,
in the lower Ego2Exo example, the model without DCCM
fails to anticipate the “hanger” class, which is an impor-
tant object in the cloth-picking process. Nevertheless, the
DCCM provides clues of “hanger” in both visual and tex-
tual modalities and accurately anticipates the corresponding
noun class. The above visualization examples demonstrate
that the proposed DCCM can explicitly mitigate the spatial
gap between the Ego and Exo perspectives, thereby facili-
tating accurate noun anticipation.

F.2.2. Verb anticipation results
In Fig. A3, we conduct more experiments to visualize the
anticipated verbs as well as the visual and textual clues un-
der both Exo2Ego and Ego2Exo settings on the EgoEx-
oLearn (left panel) and EgoMe-anti (right panel) bench-
marks. Because it is difficult for single-frame visual clues
to reflect the temporal activity progressions, textual clues
become more essential in the verb anticipation task. In
the example under the Exo2Ego setting on EgoExoLearn,
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Figure A2. Visualization of the Top-5 candidates for noun anticipation with or without the proposed DCCM under the Exo2Ego and
Ego2Exo setting. The left panel shows the results on the EgoExoLearn benchmark, while the right panel shows the results on EgoMe-anti.
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Figure A3. Visualization of the Top-5 candidates for verb anticipation with or without the proposed DCCM under the Exo2Ego and
Ego2Exo setting. The left panel shows the results on the EgoExoLearn benchmark, while the right panel shows the results on EgoMe-anti.

the model without DCCM fails to anticipate the verb “cut”,
whereas the textual clues in the DCCM clearly describe the
process of cutting the vegetable, which leads to accurate
anticipation of this verb class. In the Ego2Exo example
on EgoExoLearn, the textual clue includes the verbs “hold”
and “use”, which facilitate more accurate anticipated verb
candidates compared to the model without DCCM. The
right panel presents examples of the EgoMe-anti bench-
mark. Specifically, the upper Exo2Ego example shows
the subject operating the screen to write and wipe words,
and the textual clue contains words such as “operate” and
“write”, which are consistent with classes of the upcoming
actions. Finally, the lower Ego2Exo example shows that a

girl will place the ball in her hand and then use the paddle to
turn the ball. The results demonstrate that our model with
DCCM yields more accurate verb anticipation candidates
than those output by the model without DCCM. The above
cases further demonstrate the effectiveness of DCCM in al-
leviating the temporal gap between distinct views, leading
to more accurate anticipation for verb classes of the upcom-
ing fine-level actions.
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