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1. Supplementary Video

In our supplementary video, we have a brief overview of
EgoAdapt outlining all the training stages. We also add il-
lustrative results for egocentric action recognition and ac-
tive speaker localization tasks.

2. Model and Implementation Details

Active Speaker Localization & Behaviour Anticipation.
The policy submodule is designed to efficiently process and
integrate various data streams by using three lightweight
modality encoders, one for video, one for audio, and one
for sensor inputs. Each encoder has a compact architec-
ture with 2 convolutional layers, each followed by a max
pooling operation and a ReLU activation. For video and
audio encoder, we use 2−D convolution and MaxPooling
layer, whereas 1−D convolution and max pool are used for
the sensor encoder. The first convolutional layer extracts
essential low-level features from the input data, while the
subsequent max pooling layer reduces spatial dimensions,
thereby enhancing computational efficiency. The second
convolutional layer further refines these features, and the
ReLU activation introduces the non-linearity needed to cap-

ture complex patterns. This streamlined yet effective design
enables the policy submodule to rapidly and accurately ex-
tract modality-specific features, ensuring that critical tem-
poral and spatial information is retained for downstream
decision-making processes regarding ”which modality to
use.” We use K parallel FC layers on top of LSTM outputs
to generate the binary decision policy for each modality or
the chosen frame.

The Student module features 2 multi-head attention
(MHA) layers followed by a fully connected (FC) layer to
efficiently capture and synthesize information. In the MHA
module, we use 8 heads. The MHA layers allow the mod-
ule to learn complex relationships by focusing on differ-
ent parts of the input simultaneously, ensuring that vari-
ous patterns and dependencies are recognized from multi-
ple perspectives. Once these rich, context-aware represen-
tations are achieved, the FC layer of dimension 512 inte-
grates and consolidates the information into a final output,
supporting decision-making or subsequent processing tasks.
This design not only enhances the model’s ability to cap-
ture nuanced patterns but also improves performance and
efficiency.

Activity Recognition. The policy submodule extracts time-
aware audio features for action recognition by integrating
three processing stages into one cohesive framework. Ini-
tially, 3 multi-head attention layers with 8 heads, enable the
network to focus on different segments of the audio simul-
taneously, computing relationships between every pair of
time steps and yielding refined features that capture global
dependencies. These features are then complemented by
RCNN layers, which combine convolutional operations to
extract local acoustic patterns with recurrent processing to
capture short-term dynamics. Each RCNN layer consists of
a convolutional layer using a 3 × 3 kernel with 64 filters,
a stride of 1, and “same” padding to maintain spatial di-
mensions, followed by batch normalization and a ReLU ac-
tivation. We use bidirectional LSTM with 128 hidden units
as the recurrent layer in RCNN. Information from both the
MHA and RCNN layers is shared through a handshaking
mechanism that ensures seamless integration of global and
local insights. Finally, an LSTM layer of dimension 256
synthesizes the combined long- and short-term features to



determine the region of interest for action recognition accu-
rately.

We follow the FasterNet [4] architecture as our student
model due to its capacity to reduce FLOPS and enhance
efficiency. FasterNet is a hierarchical convolutional neu-
ral network comprising four stages that employs the Par-
tial Convolution (PConv) operation to minimize computa-
tional redundancy and memory access. Each stage initi-
ates with either an embedding or merging layer to down-
sample spatial dimensions and increase channel depth, fol-
lowed by stacks of FasterNet blocks. Each FasterNet block
first applies a 3 × 3 PConv that selectively processes the
input channels, while the remaining channels bypass this
operation. Next, a 1 × 1 pointwise convolution (PWConv)
expands the channel dimension, and this is immediately fol-
lowed by Batch Normalization and a ReLU activation func-
tion. This architecture, which resembles an inverted resid-
ual structure with shortcut connections, is designed to be
straightforward, hardware-friendly, and efficient, making it
well-suited for rapid inference within computational bud-
gets.
Teacher Models. We employ TIM [2] as the teacher model
for the action recognition and MUST for [59] active speaker
localization and behavior anticipation tasks, respectively.
Hyper-parameters. We set α = 0.90 and β = 0.85 based
on validation data. For EpicKitchens, we set τ = 1.0 and
train for 150 epochs. For EasyCom we set τ = 10.0 and
train the model for 50 epochs.

3. More Related Works
Egocentric Video Understanding. In the field of egocen-
tric video understanding, numerous studies have demon-
strated that incorporating additional modalities can greatly
enhance performance [22, 27, 34, 43, 60]. The hypothesis is
straightforward: certain actions are more effectively under-
stood through specific modalities. For instance, identifying
that a person is ‘waving their hand’ can be determined us-
ing motion trajectories alone [34, 45]. However, these stud-
ies assume that all modalities used during training are also
accessible during inference and that the computational re-
sources are sufficient to process modalities beyond the RGB
frames. Consequently, some work [40, 53] have effectively
used Faster-RCNN [46] and other object detection-specific
models at inference time. In contrast, we argue that dynam-
ically computing additional modalities for egocentric video
understanding may be impractical. Thus, we propose a dis-
tillation and policy learning-based approach that learns how
to optimally use various downstream modalities for efficient
inference.
Egocentric Action Recognition. Incorporating contextual
information, such as the motions of human body parts and
details about active objects, offers a promising approach to
egocentric action recognition. Several methods have been

developed to leverage hand information, as the actor’s hands
provide crucial contextual cues [25, 51]. Some studies
[23, 37] have addressed action recognition by incorporat-
ing information about the actor’s gaze, focusing on where
they look during actions. Given that many actions in first-
person videos involve interactions between the actor and
objects, various methods have been developed to leverage
information about the active objects [18, 33]. Similar to
our approach, several existing methods [16, 30, 61] inte-
grate multiple types of contextual information for this task.
While feature fusion is a promising strategy for boosting
recognition performance, the associated increase in com-
putational costs (e.g., larger model size) during inference
is often overlooked. In contrast, our method learns to op-
timally use resources without compromising performance
during inference.
Multi-modal Learning. Multimodal learning, in contrast
to traditional single-modality approaches [44, 57], has made
significant strides in areas such as cross-modal generation
[8, 11, 12, 35, 49], audio-visual representation learning
[6, 7, 19, 47], multimodal large language models [10, 13,
14, 41], and cross-modal integration [9, 17, 38, 39, 42, 43].
Recent studies have advanced cross-modal generation by
utilizing visual and/or language context to produce coher-
ent, complex audio [8, 11]. Work on active audio-visual
separation and embodied agents emphasizes the signifi-
cance of motion and egocentric perception in developing
robust representations. These concepts naturally extend to
audio-visual LLMs [3, 17], where perceptually grounded
models engage with dynamic environments. In vision-
language integration, recent research highlights the effec-
tiveness of alignment across modalities [9]. Collectively,
these efforts illustrate the importance of dynamic, embod-
ied perception in creating versatile multimodal systems.

4. Selection of Frames

Tab. 1 compares the performance under different frame
selection strategies. Upon randomly selecting a frame
from potentially distinct activity regions (as determined by
previewing audio) results in much inferior ‘Noun’ detec-
tion performance which subsequently results in poor ac-
tion recognition results. Similar performances are observed
when the first and middle frames are chosen while there is
a slight improvement in performance when all the underly-
ing frames are chosen within a region of interest albeit at
a much higher compute cost. We note, that EgoAdapt can
achieve a great balance between performance and efficiency
by optimally choosing the most informative frame.

5. Comparison with Other Teacher Models

In this section, we compare the performance of EgoAdapt
while distilled from other teacher models for each task as



Model Verb↑ Noun↑ Action↑ GMACs↓
Fixed stride sampling 72.32 59.25 46.81 7.14
Random frame 73.93 60.86 48.63 7.14
First frame 76.16 61.63 52.25 7.14
Middle frame 76.24 64.06 52.98 7.14
All frames 76.84 66.96 56.97 16.51
EgoAdapt 76.65 66.83 56.74 7.14

Table 1. Effect of visual frame selection strategy. We compare the performance under different modes of key frame selection for action
recognition task on Epic-Kitchens dataset.

outlined below.

5.1. Action Recognition
Similar to ASL, we employ MoViNet [28], MeMViT [55],
MBT [40] as our teacher model as reported in Tab. 2. The
distilled student model coupled with TeMPLe is able to
closely emulate the teacher model’s performance by oper-
ating at up to ∼ 28× less GMACs.

5.2. Active Speaker Localization
We systematically employ TalkNet [50] and MAVASL [24]
in addition to MUST [59] as our teacher model to compare
the performance of EgoAdapt as reported in Tab. 3. Experi-
mental results demonstrate that in all the cases our proposed
approach is able to closely replicate the teacher model’s per-
formance while operating at a very low computation budget.

5.3. Behavior Anticipation
For behavior anticipation, the selected teacher models are
SOTA approaches GazeMLE [31] and GLC [29] (Tab. 4).
Experimental results indicate that EgoAdapt is able to
achieve similar performance as the heavy teachers (GMACs
compared in the main paper) at a very lower compute cost.

The performance on these three tasks with varying
teacher models underlines the efficiency of our proposed
training paradigm. We claim that EgoAdapt is teacher
model agnostic and is able to replicate the heavy teacher
model’s performance while operating under a constrained
compute setting thereby maintaining a good balance be-
tween performance and efficiency.

6. Discussions on SOTA

6.1. Active Speaker Localization
For a more comprehensive study, we compare our method
against SOTA methods. MAVASL [24] combine audio-
only and audio-visual networks to perform spherical and in-
ner field-of-view active speaker localization while LoCoNet
[54] learns a long-Short context network. Sync-TalkNet
[58] models cross-modal information with complex atten-
tion modules. ASD-Trans [15] employs a ResNet-18 to ex-

tract audio features. LW-ASD [32] proposes a GRU based
active speaker detection model.

6.2. Action Recognition
MoViNet [28] proposes a three-step approach to improve
computational efficiency while substantially reducing the
peak memory usage of 3D CNNs. TBN [26] introduces an
audio-visual temporal binding network for egocentric ac-
tion recognition. AdaFuse [36] presents an adaptive tem-
poral fusion network for action recognition tasks. More
recently, Ego-only [52] proposed an approach that enables
action detection on egocentric videos without any form of
exocentric (third-person) transferring.

6.3. Egocentric Behavior Anticipation.
Most existing works on egocentric gaze modeling target
at egocentric gaze estimation rather than anticipation. We
adapt gaze estimation models [29, 31] to compare our
method against them. We also report the performance of
a competitive baseline of Multitask Gaussian Process [20].

7. Details on Efficiency Metrics

7.1. GMACs
We use the native PyTorch FLOP counter to get the total
FLOP count in the forward pass. We convert this to GMACs
(approximately 2 FLOPs = 1 MAC) by dividing with 109.

7.2. Energy Consumption
Accurately assessing the energy consumption of models is
essential for their deployment in AR/VR devices [1, 5]. The
energy expenditure arises from a complex interaction of fac-
tors, including sensors, computation, communication, data
processing, memory transfers (SRAM and DRAM), and
leakage—many of which are often overlooked when design-
ing efficient models, despite their significant contribution to
overall energy use.

Following prior work [21, 48], we consider three key
factors when modeling energy consumption: (1) The en-
ergy required for each model forward pass, determined by
the number of operations (MACs). (2) The energy cost of



Method Input
resolution ↓ Verb↑ Noun↑ Action↑ GMACs↓

MoViNet-A6 [28] 320 × 320 72.24 57.31 47.79 79.35
MeMViT [56] 224 × 224 71.4 60.3 48.4 161.90
MBT [40] 224 × 224 64.8 58.0 43.4 201.64
TIM AV [2] 224 × 224 77.19 67.22 57.57 26.62
EgoAdapt w/MoViNet 224 × 224 71.46 56.32 46.14 7.14
EgoAdapt w/MeMViT 224 × 224 70.67 59.91 48.25 7.14
EgoAdapt w/MBT 224 × 224 63.66 57.34 42.53 7.14
EgoAdapt w/TIM 224 × 224 76.65 66.83 56.74 7.14

Table 2. Comparison with other models as teachers on EPIC-Kitchens. We report the top-1 accuracy for verb, noun, and action (%).

Method mAP↑ GMACs↓ Params (M)↓ Energy (J)↓
TalkNet [50] 69.13 3.17 15.7 0.518
MAVSL [24] 86.32 6.85 16.13 0.698
MUST [59] 89.88 0.642 2.17 0.029
EgoAdapt w/TalkNet 68.90 0.070 0.39 0.003
EgoAdapt w/MAVASL 85.74 0.070 0.39 0.003
EgoAdapt w/MUST 89.74 0.070 0.39 0.003

Table 3. Performance of active speaker localization on EasyCom with other teachers.

memory read-write operations, including storing intermedi-
ate activations and model outputs. (3) The energy involved
in activating, deactivating, and continuously operating sen-
sors (e.g., camera, audio, IMU).

We use GPUs as our processing device and employ the
PyTorch memory profiler to capture a list of all operations
performed during the forward pass (model.forward()
call) along with their corresponding GPU memory usage.
The total memory consumption is calculated as the sum of
the memory costs for each individual operation.

For each modality, we track its active duration by count-
ing the number of observations sampled that include the
modality. We ensure that the sensors capture a minimum
of 1 second’s worth of samples.

7.3. Trainable Parameters
These are simply the learnable parameters that are adjusted
during training to minimize the overall loss function.

8. Performance in noisy conditions
Fig. 1 illustrates the performance of the Active Speaker Lo-
calization (ASL) model under varying audio noise levels,
quantified by signal-to-noise ratio (SNR). As the SNR de-
creases from -5 dB to -20 dB (indicating progressively nois-
ier audio conditi‘ons), the model adaptively increases its re-
liance on visual modalities, with video usage rising from
20.71% to 88.89%. Despite the degraded audio quality, the
model maintains robust performance, evidenced by only a
marginal decline in mAP from 84.27% to 80.21%. This un-
derscores the effectiveness of the EgoAdapt framework in
dynamically leveraging complementary modalities through
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Figure 1. Adaptive Modality Utilization of EgoAdapt in the
noisy scenario. EgoAdapt increases video modality reliance to
compensate for degraded audio, maintaining stable model perfor-
mance under varying noise conditions.

policy learning with the guidance of TeMPLe: under high
noise, heightened video utilization compensates for unreli-
able audio cues, ensuring stable localization accuracy.

9. More Qualitative Examples

Fig. 2 compares action recognition performance between
upto stage 2 training vs full training. As seen from the ex-
amples: the joint training of the two modules (CFD and
TeMPLe) indeed improves the performance by providing
more accurate and tighter action prediction results. In the
first and second example, after full finetuning, EgoAdapt is
able to choose a correct frame resulting in accurate action
recognition.

Fig. 3 compares the performance of EgoAdapt with and



Method Gaze Orientation Trajectory
T300 ms ↓ T500 ms ↓ T700 ms ↓ T300 ms ↓ T500 ms ↓ T700 ms ↓ T300 ms ↓ T500 ms ↓ T700 ms ↓

GazeMLE [31] 10.74 14.37 18.14 4.68 9.11 12.03 14.33 16.02 18.64
GLC [29] 10.21 14.66 17.80 4.76 8.98 11.70 13.15 15.39 17.41
MuSTAVB[59] 9.17 12.15 14.75 4.78 7.36 9.90 9.96 12.38 13.95
EgoAdapt w/GazeMLE 10.91 14.61 18.78 4.74 9.89 12.60 14.85 16.36 18.98
EgoAdapt w/GLC 10.87 14.76 19.32 5.10 9.24 12.09 13.72 15.80 17.94
EgoAdapt w/MUST 8.53 11.93 14.58 4.61 7.39 9.91 9.58 11.97 13.36

Table 4. Comparison of behavior anticipation errors on the AEA Dataset with other teachers.

without TeMPLe for ASL task . We note that by learning to
choose the useful combination of channels and sporadically
making use of the visual modality our method is able to
achieve improved performance when compared to without
policy training.

Fig. 4 illustrates more qualitative samples from egocen-
tric behavior anticipation task. We contrast the performance
with and without the policy learning module. As seen from
the examples, after employing TeMPLe the gaze prediction
regions are more accurate and densely aligned to the GT.

10. Occlusion and Conflicting signals results

Refer to Fig. 3 – last row column 3: EgoAdapt can identify
active speakers under heavy occlusion. The active speaker
is looking away from the camera and his face is partially
visible. As seen in the example, our approach is able to
correctly identify the active speaker.

In the same figure, the person is pretending to talk by
taking notes. However, our model correctly relies on audio
modality to eliminate such cases.

11. Failure Modes

In this section we discuss failure modes of EgoAdapt. In
Fig. 5 we note that since our model is not equipped with fine
grained understanding of the actions and not supervised by
language models, it predicts ‘spread butter’ while
the original class label is ‘spread more butter’.

Frame 3 in Fig. 6 represents a case where the person
(with the hat) is actually non-active while holding his pose.
EgoAdapt due to its gaze bias is focusing towards this
speaker resulting in wrong prediction results. While in
frame 5, although the same speaker is active, our model is
not able to detect him as he is partially visible.

12. Details on Evaluation Metrics

12.1. Action Recognition

To measure action recognition performance, we report the
per-video top-1 accuracy on the validation set. We densely
sample clips from each video and average their predictions
to compute accuracy.

12.2. Active Speaker Localization
We follow prior works’ [24, 59] experimental settings for
a fair comparison and report the mean average precision
(mAP), which captures both spatial and temporal localiza-
tion of speech activity inside the camera’s FOV. The mAP
scores of all models are computed by pooling the maximum
logit value within the corresponding head bounding boxes.

12.3. Behavior Anticipation
Our goal is to anticipate future behaviors in various reac-
tion times (300/500/700ms) given the current audio-visual
observations and previous behavioral contexts. To evalu-
ate localization performance, we use Mean Angular Errors
(MAE) of behaviors by comparing the argmax coordinate of
the model’s prediction with ground truth behaviors follow-
ing [59]. MAE between prediction to ground truth reflects
how far the model’s prediction deviates from the ground
truth source direction on a sphere.

13. Ablation on Choice of Audio Channels
We compare the performance of EgoAdapt under different
predefined choices of audio channels in Tab. 5. Although
selecting all 4 channels results in strong ASL performance,
the best performance is achieved when strategically all the
downstream modalities are leveraged. As we employ very
lightweight modules for each modality, the overall GMAC
values remain within considerable limits.

14. Model Components Ablations
In Tab. 6 we compare the contributions of the two main
model components, i.e. TeMPLe (Π) and CFD (Φ). We
observe that lower values of η1 and η2 imply lesser weigh-
tage on both the components resulting in suboptimal perfor-
mance. As we gradually add more weightage to the policy
component the peeformance improves, however, since the
task module is learned by CFD, higher values of η2 boosts
the overall performance for both the tasks.

15. CFD Loss Ablations
We ablate α, β in Tab. 7 to compare the contributions of
the loss components in the distillation module. While α di-
rectly controls the relative weightage for the LKD; (1− α)



Algorithm 1 EgoAdapt: Training
Input: Video/Frames: V; Single/Multi-Channel Audio: A; Behavior (IMU, Gaze) info: B; Pre-trained Teacher: ΘΩ; Cross-modal Feature

Distillation Module: CFD; Policy Module: TeMPLe; Ground Truth Labels: GT; Task Type: T ; Loss Hyperparameters: η1, η2;
Output: Trained Policy (combination of sub-networks): ΘΠ = {ΘLSTM,ΘFCi ,Θχi}, ∀i ∈ {1, 2, ..., k}; Trained Student: ΘΦ.

1: ΘΦ ← CFD(ΘΩ,V,A,B) ▷ Distillation (Stage 1.) using Eq. (4)
2: while not converged do
3: ΘΠ ← TeMPLe(ΘΦ,V,A,B, T , GT ) ▷ Policy Training (Stage 2) using Eq. (10).
4: LΘ ← η1LΠ + η2LΦ ▷ Combined Training (Stage 3) using Eq. (11).
5: Optimize for Θ to reduce LΘ until convergence.
6: return Θ = {ΘΦ,ΘΠ}.

Audio Channels Policy
driven? mAP↑ GMACs↓

[1, 2] ✗ 71.66 0.059
[1, 3] ✗ 73.38 0.059
[1, 4] ✗ 68.25 0.059
[2, 3] ✗ 69.57 0.059
[2, 4] ✗ 66.19 0.059
[3, 4] ✗ 51.87 0.059
[1, 2, 3] ✗ 82.69 0.062
[1, 2, 4] ✗ 83.62 0.062
[1, 3, 4] ✗ 80.48 0.062
[2, 3, 4] ✗ 80.22 0.062
[1, 2, 3, 4] ✗ 87.91 0.068
EgoAdapt ✓ 89.74 0.073

Table 5. Effect of choice of audio channels. We systematically
study the effect of various combinations of audio channels for ASL
tasks on the EasyCom dataset.

η1 η2 EK-100 (acc) ↑ EC (mAP) ↑
0.10 0.20 45.22 68.19

0.50 0.20 46.21 70.35

0.75 0.20 47.80 71.48

0.95 0.20 49.52 72.81

0.95 0.50 52.68 75.95

0.95 0.80 56.08 88.28

0.95 1.2 56.74 89.74

Table 6. η1 and η2 ablation results.

controls the weightage for the LGT and β controls that of
L1 loss. We note that when α is small due to less weigh-
tage on LKD the student model is not able to replicate the
teacher model’s performance resulting in inferior perfor-
mance. Higher values of α improve performance. Simi-
larly, as L1 helps to bring the feature level representations
between the teacher and student models closer, higher val-
ues of β result in better performance. However, we observe
that the optimal results are obtained when α and β are set to
0.90 and 0.85 respectively which helps to maintain a good

balance between different loss components.

α β EK-100 (acc) ↑ EC (mAP) ↑
0.10 0.50 43.63 78.09

0.40 0.50 46.15 80.23

0.70 0.50 48.73 82.49

0.90 0.50 51.41 85.57

0.90 0.75 53.54 87.80

0.90 0.85 56.74 89.74

Table 7. α and β ablation results.

16. Combined Algorithm
We provide the overall EgoAdapt training algorithm in Al-
gorithm 1. Our key novelty is jointly training a policy and
a distillation modules detailed in Line 3-4. Our approach
can learn task-specific action spaces and coupled with dis-
tilled student modules achieve a great balance between per-
formance and efficiency as shown through extensive exper-
iments.

17. Frame Sampling and Policy Activation
We perform sparse frame sampling for AR through audio
previewing to avoid processing the heavy V modality. The
semantic information obtained through sparsely sampled
frames is sufficient for AR task. For the other two tasks, our
policy module learns to sample optimal choice of modal-
ities. Hence the visual modality is being used in all the
cases, albeit in different ways.

The policy module is activated depending on the task,
and both the subnetworks can run concurrently.





Figure 2. More qualitative examples of Action Recognition on the Epic-Kitchens Dataset.



Figure 3. More qualitative examples of Active Speaker Localization on the EasyCom Dataset.



Figure 4. Qualitative examples of egocentric behavior anticipation on the AEA Dataset. Cross/circle symbols denote previ-
ous/anticipated behaviors.

Figure 5. Failure case for egocentric action recognition on EPIC-Kitchens dataset.



Figure 6. Failure case for egocentric ASL on EasyCom Dataset.
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