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Abstract

Cross-modal knowledge distillation (CMKD) en-
ables efficient inference by transferring knowl-
edge from a teacher model trained on a compu-
tationally heavy modality (i.e., optical flow) to a
student model operating on a lightweight modality
(i.e., RGB). However, we find that most current
CMKD methods are hindered by a key limitation
when applied in temporal action segmentation:
motion cues transferred from optical flow often
lead the student to produce frame representations
that are misaligned with the underlying action
structure. To address this, we propose RELATE,
an optical flow-free framework that selectively
integrates transferred cues while suppressing mis-
aligned cues. We further introduce a prediction
refinement strategy to resolve ambiguous seg-
ments using multiple predictions. Experiments on
three benchmarks with multiple segmenters show
that RELATE consistently outperforms RGB-only
baselines, approaches two-stream performance,
and achieves up to 175x faster inference.

1. Introduction

Temporal action segmentation (TAS) aims to assign ac-
tion labels to every frame in long procedural videos, en-
abling applications such as AR/VR and human-robot inter-
action (Ding et al., 2023). In recent years, several studies
have shown that two-stream methods that use both RGB and
optical flow achieve strong performance (Gan et al., 2024;
Lu & Elhamifar, 2024), as they provide complementary ap-
pearance and motion cues (Carreira & Zisserman, 2017).
However, they suffer from substantial latency due to the high
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computational cost of optical flow extraction. For example,
processing optical flow for a 37-second video requires 16.6
minutes (Sec. 4.4.2), limiting practical deployment.

Cross-modal knowledge distillation (CMKD) (Gupta et al.,
2016) enables efficient inference without optical flow
by transferring knowledge from a computationally heavy
modality (i.e., optical flow) to a student operating on a
lightweight modality (i.e., RGB). Leveraging this capability,
CMKD has been widely adopted in short video tasks, where
models operate on video clips around 10 seconds (Crasto
et al., 2019) or focus on aggregating local temporal cues
within such short temporal windows (Lee et al., 2023). In
particular, prior works in action recognition and localization
have shown that transferring motion knowledge leads to
strong efficiency and performance gains.

However, most CMKD methods are directly adapted from
image classification (Gupta et al., 2016), often overlook-
ing the requirements of long video tasks with sequences
exceeding 10 minutes (Stein & McKenna, 2013). Notably,
existing approaches distill individual feature maps or log-
its (Huo et al., 2024; Lee et al., 2023), but do not explic-
itly distill which frames the teacher model focuses on, nor
how frame features align with action semantics. Fig. 1
shows that this leads to an imbalance between classification
and segmentation abilities. Specifically, segmentation per-
formance should improve when more frames are correctly
recognized via CMKD, provided they offer appropriate tem-
poral context. However, prior CMKD methods that indis-
criminately leverage transferred cues (e.g., MARS (Crasto
et al., 2019)) degrade segmentation performance despite
improving frame-wise accuracy, suggesting that the learned
representations are often misaligned with the underlying
action structure and less informative for temporal reasoning.

These observations inspire us to minimize the effect of trans-
ferred representations that are less informative for temporal
reasoning. We propose RGB-based action sEgmentation
with aLignment gATEd fusion (RELATE), a framework
that selectively integrates transferred motion cues with RGB
cues by suppressing the uninformative ones. As illustrated
in Fig. 2 (Left), we begin by learning modality-specific
features from RGB inputs alone, using two independent seg-
menters for RGB and optical flow representations. We then
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Figure 1. Comparison of three methods that use only RGB inputs at
inference, on the GTEA and 50Salads datasets. The left plot shows
frame accuracy, while the right plot reports the average segmental
F1 score at IoU thresholds of 10%, 25%, and 50%. Relative to the
RGB-only Baseline without CMKD, both MARS and RELATE
(Ours) distill knowledge from an optical flow teacher to an RGB
student, yet exhibit different behaviors. In all datasets, MARS
improves accuracy but degrades the F1 score. RELATE mitigates
this imbalance and improves both metrics by selectively integrating
transferred motion cues with RGB cues. All comparisons use MS-
TCN (Farha & Gall, 2019) as the backbone model.

50Salads

introduce an alignment fusion transformer that incorporates
these modality-specific features by identifying the modality
that is more aligned with the temporal context (i.e., action
anchors). In addition, we introduce a training-free refine-
ment step that mitigates ambiguous outputs by selecting the
most reliable prediction among modalities.

Extensive experiments on three benchmark datasets (Fathi
etal., 2011; Stein & McKenna, 2013; Kuehne et al., 2014)
with three action segmentation models (Farha & Gall, 2019;
Yi et al., 2021; Lu & Elhamifar, 2024) demonstrate that
our method surpasses RGB-only models and achieves per-
formance comparable to the two-stream models. RELATE
achieves these improvements while being significantly more
efficient, with approximately 175x faster inference.

2. Related work

2.1. Temporal Action Segmentation

In TAS, existing works can be broadly categorized into two
directions: temporal modeling and temporal matching. The
former involves modeling temporal dependencies across
frame sequences to aggregate contextual information over
time, typically through convolutional (Farha & Gall, 2019;
Zhong et al., 2024) or attention-based architectures (Yi et al.,
2021; Bahrami et al., 2023). The latter explicitly matches
frames or temporal segments with action queries, focusing
on learning frame-to-action associations while preserving
temporal structure (Gan et al., 2024; Lu & Elhamifar, 2024).
Notably, most existing approaches are based on two-stream
inputs. Among them, optical flow extraction incurs high
latency that limits their applicability in real-world setups. In
this paper, we propose a novel RGB-based action segmen-
tation framework that eliminates the need for optical flow
during inference by effectively leveraging transferred cues.

2.2. Cross-modal Knowledge Distillation

Cross-modal knowledge distillation (CMKD) aims to trans-
fer knowledge from one modality to another, which enables
a student model to mimic the teacher model during infer-
ence (Gupta et al., 2016; Crasto et al., 2019; Huo et al.,
2024). Several works have adopted CMKD in tasks such as
action recognition (Crasto et al., 2019) and localization (Lee
et al., 2023). These approaches employ a teacher model
trained on optical flow to transfer motion cues to an RGB
student model, focusing on task-specific objectives. For
instance, they distill action features (Crasto et al., 2019;
Ni et al., 2022), or boundary regression and completeness
cues (Dai et al., 2021; Lee et al., 2023). In addition, some
works distill temporal relations encoded in the channel co-
variance (Dai et al., 2021) for action detection, as it can
transfer the temporal context. However, not all transferred
information leads to improved segmentation-level perfor-
mance due to the misalignment between actions and frames.
In this paper, we propose a CMKD framework that selec-
tively incorporates informative distilled cues with the RGB
modality during multi-modal fusion.

3. The Proposed Method
3.1. Dual-Branch Pipeline

To extract both modality-specific representations using only
RGB frames, the proposed method adopts a dual-branch de-
sign that independently learns each modality. As illustrated
in Fig. 2 (Left), each branch learns the modality-specific fea-
tures of optical flow and RGB, using two action segmenters
that predict frame-wise actions.

Specifically, the RGB branch directly encodes appearance
features Zgrgg, while the flow branch learns motion-aware
features Zor via CMKD. For knowledge distillation, the
teacher segmenter trained on optical flow modality super-
vises the flow segmenter to mimic its logits, enabling it to
learn motion-aware features of optical flow. We note that
Zggs and Zor are obtained from the last layer of each seg-
menter. To facilitate CMKD, we additionally adopt two
fully connected (FC) layers that bridge the discrepancy be-
tween modalities (Huo et al., 2024) (i.e., a distributional gap
between 13D features (Carreira & Zisserman, 2017)).

3.2. Alignment Fusion Transformer

To first determine which modality positively contributes to
segmentation, we focus on the temporal modeling mech-
anism in multi-modal scenarios. Particularly, most two-
stream methods adopt early fusion (i.e., concatenation) (Gan
et al., 2024), allowing frame features predictive of surround-
ing actions to be abstracted across modalities. To capture
this trait, we introduce the alignment fusion transformer that
employs an action-gated attention to estimate the action-
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Figure 2. (Left) The proposed framework consists of RGB and flow branches to learn modalities, a teacher segmenter that distills optical
flow features to the flow branch, an alignment fusion transformer to incorporate modality features, and a joint segmenter producing the
final prediction after prediction refinement. Note that the teacher segmenter as well as optical flow are only available during training.
(Right) The alignment fusion transformer consists of an action-gated attention and subsequent layers. In the action-gated attention module,
an alignment score is computed for each modality by measuring the relevance between frame features and action anchors. We then
modulate modality features based on this alignment score, after which subsequent layers learn cross-modal importance for fusion.

frame alignment and adaptively modulate the modalities.
We then learn cross-modal importance based on this modu-
lation and fuse the modalities accordingly.

To estimate the action-frame alignment, a straightforward
approach would be to apply self-attention (Vaswani et al.,
2017). However, we observe two drawbacks: (i) it often fails
to capture action-level semantics because it relies on frame-
wise interactions (Ahn & Lee, 2021), and (ii) it struggles to
model fine-grained alignment where detailed frame features
correspond to actions to varying extents. Together, these
limitations hinder fine-grained action-frame alignment. To
address the first issue, we define an action anchor to estimate
the semantic alignment between frames and actions. For
the second issue, we design action-gated attention using
the Hadamard product to capture fine-grained channel-wise
alignment.

As illustrated in Fig. 2 (Right), we first generate query, key,
and value embeddings Q, K, and V by applying linear
projections to the modality-specific features Z € RT*<,
Here, T denotes the number of frames, and d denotes
the channel dimension. Note that we apply action-gated
attention to both modalities to avoid biased learning to-
ward a specific modality, but omit modality-specific no-
tation for clarity. To obtain the action anchors that rep-
resent the action semantics, a; € RY*?, we average the
query embeddings over the temporal range of the i pre-
dicted segment where i € {1,...,s}. Thereby, we have
a;, = ﬁ Etl;lre q:, where q; € R4 is the query em-
bedding at time ¢t € {1,...,T}, l; and e; denote the start
time and duration of the corresponding segment, respec-
tively. Note that we derive anchors from predicted segments
rather than ground truth to align training with inference,
where early predictions provide diverse alignment signals

that facilitate suppressing misaligned cues.

Then, we aggregate the channel-wise similarities between
K and all action anchors to obtain the alignment score
A € RT*X4, Accordingly, A measures the relevance of
frame representations to the action semantics at each chan-
nel and time step, assigning lower values to irrelevant re-
gions and higher values to relevant ones. We gate the value
embeddings V with A via the Hadamard product, yielding
the modulated feature Z as

ey

where @ denotes the Hadamard product, and o (+) represents
the sigmoid function. The normalization factor v/ is intro-
duced to stabilize training and prevent vanishing gradients.

To regulate the fusion process based on modality informa-
tiveness, we propagate the modulated feature derived from
action-gated attention in the subsequent layers. Specifi-
cally, we concatenate the modulated features along the chan-
nel dimension as Z] = conca‘c(ZRGB7 ZOF) € RT*2d gpd
apply layer normalization to balance the feature statistics
across modalities. We then apply self-attention to Z;, since
the model can learn cross-modal importance based on the
modulated cues (Yi et al., 2021). Finally, the resulting
7 = self—attention(QJ, K;, VJ) is then passed through a
feed-forward network (FFN) and fed into the joint segmenter
to refine features based on multi-modal context, producing
a joint prediction py € R7*", where n denotes the number

of action classes.

3.3. Training Objective

To distill the knowledge of optical flow into a flow seg-
menter, we adopt logit-level distillation (Gupta et al., 2016),
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which minimizes the discrepancy between probability dis-
tributions. While relational-level (Dai et al., 2021; Ni et al.,
2022) distillation that transfers temporal relations (e.g., pair-
wise distance of frame features) or feature-level distilla-
tion that matches intermediate representations (Crasto et al.,
2019) are also beneficial, logit-level distillation yields better
empirical performance and thus becomes the main training
objective. The cross-modal knowledge distillation loss is
denoted as Loy xp. We also adopt two fully connected
(FC) layers to bridge the input-domain discrepancy, using
a mean squared error loss between RGB I3D features and
optical flow I3D features. In addition, we adopt the training
objectives from prior works (Yi et al., 2021; Lu & Elhamifar,
2024) for the segmenters. For clarity, we denote the losses
for the RGB, optical flow, and joint segmenter as Lrg g,
Lor, and L, respectively. Finally, the entire framework
is trained using a weighted combination of these losses,
L=Lre+ Lor+ L;+v - Lomkp, Where v controls
the contribution of knowledge distillation.

3.4. Prediction Refinement

While the alignment fusion transformer effectively incorpo-
rates modalities based on action-frame alignment, prediction
uncertainty can still arise in regions where the alignment
remains weak. In such cases, a unimodal prediction or the
previous prediction can be more reliable (Zhong et al., 2024;
Zhang et al., 2024) than the current joint prediction. To
mitigate prediction uncertainty, we introduce a training-free
prediction refinement step that leverages two unimodal pre-
dictions to improve the reliability of the joint prediction.

Following (Zhong et al., 2024), we define the confidence
score for modality m € {RGB, OF, J} at time ¢ as 0, + =
MaXe P t,c, Where pp, 1. € [0,1] denotes the predicted
probability of class c. If the joint prediction py; has the
lowest confidence and falls below the threshold ¢ € [0, 1],
we replace it with the unimodal prediction that had the
highest confidence at the previous time, i.e., Py,; = P+ -1
where m* = arg max,, (0 t—1). Otherwise, if the confi-
dence score of the joint prediction py ; is below the threshold
but is not the lowest among the predictions, we retain the
previous joint prediction py ¢ = Py,.—1, since no unimodal
alternative is clearly superior.

4. Experiments
4.1. Experimental Settings
4.1.1. DATASETS AND EVALUATION METRICS

Following prior works (Lu & Elhamifar, 2024), we evalu-
ate our method on three benchmark datasets. GTEA (Fathi
et al., 2011) has 28 videos and 11 action classes, with an av-
erage duration of 37 seconds. 50Salads (Stein & McKenna,
2013) has 50 videos and 17 action classes, and is the longest

benchmark with an average duration of 6.4 minutes. Break-
fast (Kuehne et al., 2014) is the largest benchmark, contain-
ing 1,712 videos and 48 action classes, with video lengths
ranging from about 30 seconds to 5 minutes. We report
segmental F1 scores at IoU thresholds {10, 25, 50}, along
with Edit and frame-wise accuracy (Acc).

4.1.2. IMPLEMENTATION DETAILS

For the modality inputs, we used I3D features (Carreira
& Zisserman, 2017) with 2,048 channel dimensions. The
first 1,024 dimensions were used for the RGB inputs and
the others for the optical flow inputs. We employed three
action segmenters in our experiments: MS-TCN (Farha &
Gall, 2019) and ASFormer (Yi et al., 2021) for temporal
modeling methods, and FACT (Lu & Elhamifar, 2024) for
the matching method. For fair capacity comparison, we
matched the parameter budget by reducing the layers in our
segmenters, while keeping all baselines unchanged. The hy-
perparameters v and § were set to 0.5 and 0.7, respectively.
All experiments were conducted on RTX 2080Ti GPUs.

4.2. Performance Comparison

To evaluate the effectiveness of our method, we compare it
against RGB-only and two-stream (RGB+OF) methods, as
shown in Tab. 1. First, across all three datasets and three
segmenters, the RGB-only models underperform their two-
stream counterparts due to the absence of optical flow. Com-
pared with the RGB-only baselines, our method consistently
improves performance across all datasets and segmenters,
highlighting its effectiveness and generalizability.

Among the three datasets, the largest gains are observed on
50Salads, which has the longest average video duration. The
proposed method improves F1@50 by 11.3, 7.2, and 4.4
over the RGB-only baselines of MS-TCN, ASFormer, and
FACT, respectively. Notably, on this dataset, our method
achieves performance comparable to the two-stream model
across all segmenters and even surpasses it in some cases.

For the Breakfast and GTEA datasets, the proposed method
consistently improves F1@50 over RGB-only baselines.
Specifically, it achieves gains of 4.2, 3.6, and 4.2 on Break-
fast, and 7.6, 6.4, and 5.5 on GTEA for MS-TCN, ASFormer,
and FACT, respectively. Notably, the proposed method with
FACT achieves comparable gains to the other TAS methods
despite frame-action matching, indicating that our method
complements the temporal matching approach by gating
uninformative cues that are misaligned with action anchors.

While the proposed method achieves strong performance
without prediction refinement (PR), incorporating PR pro-
vides additional improvements. For instance, it enabled our
method with ASFormer to match the F1 scores of the two-
stream model on 50Salads. However, its effect on FACT is
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Table 1. Performance comparison on three datasets using three segmenters. All methods use only RGB inputs at inference, except
two-stream methods that require both RGB and optical flow. We bold the state-of-the-art RGB method and italicize reproduced results.

X GTEA 50Salads Breakfast
Methods Modality —£1G1102550] Edit Acc FI@{1025.50] Edit Acc FI@[102550] Edit Acc
MS-TCN (Farha & Gall, 2019) RGB+OF 858 834 69.8 790 763 763 740 645 679 807 526 481 379 617 663
MS-TCN RGB 80.0 765 634 753 706 722 698 595 653 749 568 50.1 36.1 589 459
RELATE (w/o PR) RGB 858 823 70.1 841 741 789 767 684 716 798 602 529 390 616 529
RELATE RGB 856 824 710 833 738 810 780 70.8 742 809 617 542 403 618 535
ASFormer (Yi et al., 2021) RGB+OF 90.1 888 792 846 797 85.1 834 760 79.6 856 760 706 574 750 735
ASFormer RGB 845 825 69.7 823 734 807 780 69.7 741 815 679 611 469 680 624
RELATE (w/o PR) RGB 863 855 745 839 759 848 835 751 777 840 695 632 494 687 653
RELATE RGB 87.4 85.6 761 844 766 856 837 769 791 842 708 647 505 69.6 65.3
FACT (Lu & Elhamifar, 2024) RGB+OF 914 88.7 794 894 839 847 83.6 769 804 858 814 765 662 797 762
FACT RGB 86.4 846 680 858 764 799 781 704 741 791 690 631 512 689 624
RELATE (w/o PR) RGB 89.3 87.0 73.5 877 796 83.1 81.0 748 765 818 73.0 67.6 554 722 662
RELATE RGB 892 869 73.5 876 797 830 812 760 762 820 728 673 554 721 662

Table 2. An ablation study of distillation, dual-branch design and
action-gated attention.

Table 3. Comparison of different fusion mechanisms. The methods
are evaluated on GTEA using ASFormer as the segmenters.

CMKD | DB R G;GAOF F1@{10,25,50} Edit Acc | Avg.
X X X X [722/69.8/59.5 653 749 | 68.3
v X X X 1674/649/57.1 6277 759 | 65.6
4 4 X X |69.1/68.8/589 623 76.6| 67.1
v v v X |1699/656/57.1 612 763 | 66.0
v v X vV | 717/674/593 632 774678
4 4 4 v |789/76.7/684 71.6 79.8 | 75.1

mixed, as FACT already reduces prediction ambiguity via
unique token-to-segment matching (Lu & Elhamifar, 2024),
leaving limited room for further improvement.

4.3. Ablation Study

In Tab. 2, we provide an ablation study of each component
in RELATE on 50Salads, using MS-TCN. When action-
gated attention (AGA) is not used, the features are passed
directly to the concatenation operation. Introducing CMKD
without dual-branch (DB) in the second row, or employ-
ing CMKD with DB in the third row, fails to improve the
RGB-only baseline in the first row. Instead, these variants
improve frame-wise accuracy but degrade segment-level
metrics, consistent with our preliminary study in Fig. 1.
These results indicate that simply increasing architectural
complexity (e.g., dual-branch design) or applying CMKD is
insufficient to mitigate the misaligned representations.

Applying AGA to only a single modality yields marginal
gains, as shown in the fourth and fifth rows. This is because
single-modality gating allows only one branch to be learn-
able for AGA, which may lead to a biased reliance on the
learnable branch while neglecting the other branch. Mean-
while, adopting AGA on the flow branch rather than the
RGB branch yields clearer improvements, as it can benefit
more from AGA to address the action-frame misalignment.
When all components are enabled, the proposed method

Fusion F1@{10,25,50} Edit Acc Average

Naive 83.8/82.1/674 179.5 753 77.6(%0.0)
Self-attention 83.8/82.4/72.3 81.1 75.1 78.9 (+1.3)
Cross-attention 84.7/82.5/71.9 813 748 79.0(+1.4)
Local-attentive 85.3/83.8/71.6 82.1 744 79.4(+1.8)
Ours 86.3/85.5/74.5 839 759 81.2(+3.6)

outperforms the RGB-only baseline by an average of 6.8,
demonstrating that our method effectively leverages trans-
ferred modality cues for improved temporal reasoning.

4.4. Analysis

4.4.1. EFFECTIVENESS OF THE ALIGNMENT FUSION
TRANSFORMER

To validate the effectiveness of our alignment fusion trans-
former (AFT), we compared it with various fusion meth-
ods under the CMKD setting in Tab. 3. In particular, we
evaluate a naive fusion method (i.e., concatenation) and
three attentive fusion methods; i.e., self-attention, cross-
attention (Vaswani et al., 2017), and local-attentive fu-
sion (Lee et al., 2023). Compared with attentive fusion
methods, the naive fusion scheme achieves reasonable accu-
racy owing to CMKD, but performs poorly on segment-level
metrics, as it fails to capture and incorporate informative
temporal cues for effective fusion.

While attentive fusion methods improve segmental evalua-
tion metrics, they still lag behind AFT by up to 3.1 in F1
scores. This performance gap can be attributed to their lim-
ited ability to handle the action-frame misalignment, due to
their frame-level (Vaswani et al., 2017) or video-level mod-
eling nature (Lee et al., 2023). In contrast, AFT effectively
addresses this misalignment by estimating the alignment be-
tween actions and frames in a fine-grained manner, thereby
providing informative cues for fusion and achieving the best
overall performance. This result suggests that effective fu-
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Figure 3. Average F1 score against inference time on GTEA com-
pared with various modality setups, using the MS-TCN segmenter.

sion is particularly critical under CMKD, where transferred
cues may be misaligned with the action semantics.

4.4.2. COMPUTATIONAL COST

Fig. 3 illustrates the average F1 score against the inference
time per video on GTEA, where the average video length is
37 seconds. The inference time includes optical flow extrac-
tion !, I3D pre-processing, and the model forward pass. The
unimodal models exhibit a clear trade-off between perfor-
mance and efficiency. The F1 score in the RGB-only setup
decreases by 4.0 points compared to the optical flow-only
setup (OF-only), while maintaining a high computational
efficiency. The two-stream model leverages both modalities
and achieves the highest F1 score of 79.7, but incurs a la-
tency of 16.8 minutes due to the optical flow extraction step.
As indicated by the gray dashed line, optical flow extraction
accounts for 98% of the total inference time (16.6 min).

To mitigate this overhead, our method avoids optical flow ex-
traction at inference while selectively leveraging informative
cross-modal cues. Thus, RELATE matches the two-stream
model with an average F1 score of 79.7. This is achieved
with an inference time of 5.7 seconds, which is approxi-
mately 175x shorter, demonstrating improved efficiency.

4.4.3. EFFECTIVENESS OF RELATE ON VARIOUS
DISTILLATION METHODS

Tab. 4 presents our method extended to various distillation
approaches, including one instance-level (Gupta et al., 2016)
(first and second rows) and two relational-level distillation
methods (Ni et al., 2022; Dai et al., 2021) that distill tem-
poral relational cues (third through sixth rows). Compared
with the instance-level method, relational-level methods
result in lower performance, both with and without our
method. This is because relational objectives must satisfy
multiple temporal constraints rather than mimicking a sin-
gle target, making them more vulnerable to misalignment.

"Following prior works (Farha & Gall, 2019), optical flow was
extracted using the TV-L1 algorithm (Wedel et al., 2009) at a
spatial resolution of 224 x 224 with a window size of 21 frames.

Table 4. Comparison of different CMKD methods. We use pair-
wise L2 distance between frame features for relational knowledge
distillation (RKD) and channel covariance between frame features
for global contextual relation distillation (GCR) following (Ni
et al., 2022; Dai et al., 2021). Methods are evaluated on Breakfast
using MS-TCN as segmenters.

CMKD DB F1@{10,25,50} Edit Acc  Average
KD (Guptaetal.,2016) X 57.1/50.4/36.1 59.2 49.2 50.4
RELATE + KD v 60.2/529/39.0 61.6 529 533(+2.9)
RKD (Park et al., 2019) X 56.5/49.3/36.1 58.7 48.5 49.8
RELATE + RKD v 580/50.9/37.5 60.1 502 51.3(+1.5)
GCR (Dai et al., 2021) X 555/48.7/36.1 58.0 479 49.2
RELATE + GCR v 569/50.2/374 597 499 50.8(+1.6)
m Ground Truth

Ours (w/o AFT)

Ours (w/ AFT)

Figure 4. Visualizations of the predictions for the sequence “rgb-
23-1” from 50Salads using MS-TCN segmenter for all predictions.

Nevertheless, applying RELATE to leverage the transferred
knowledge improves all distillation approaches across all
metrics, highlighting its compatibility and effectiveness.

4.4.4. QUALITATIVE RESULTS

In Fig. 4, we present a qualitative comparison between mod-
els with and without AFT. In the absence of AFT, naive
concatenation is applied for fusion. As shown in the yellow
boxes, fragmented and repetitive predictions are observed
without AFT, indicating a disrupted understanding of the
temporal structure. Such repeated predictions are not ob-
served when using AFT. This improvement is attributed to
the integration of highly informative cues from each modal-
ity. Consequently, the model reasons more effectively over
meaningful temporal cues, resulting in predicted segments
that align more closely with the ground truth.

5. Conclusion

In this paper, we demonstrate that selective integration
of transferred knowledge is an essential part of effective
CMKD in TAS. To this end, we present RELATE, an RGB-
based TAS framework that effectively leverages transferred
motion cues without requiring a computationally heavy
modality (i.e., optical flow) during inference. Through the
proposed alignment fusion transformer and the prediction re-
finement step, RELATE selectively incorporates informative
modality cues. As a result, RELATE consistently outper-
forms RGB-only baselines and even approaches two-stream
performance while significantly improving computational
efficiency.
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