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A. Pretrained Backbone Configurations

Method Pretrain-V Pretrain-A
ASC (CVPR’20) [1] ResNet-18 [10] N/A
TalkNet (MM’21) [32] N/A N/A
ASDNet (ICCV’21) [17] 3D-ResNeXt [16] N/A
MAAS (ICCV’21) [3] ResNet-18 ResNet-18
EASEE-50 (ECCV’22) [2] 3D-ResNet [9] ResNet-18
SPELL (ECCV’22) [20, 22] N/A N/A
Sync-TalkNet (MLSP’22) [37] N/A ResNet-34 [10]
ASD-Transformer N/A N/A
(ICASSP’22) [4]

LightASD (CVPR’23) [18] N/A N/A
STHG (CVPRW’23) [21] N/A N/A
TS-TalkNet (Interspeech’23) [13] N/A N/A
TalkNCE (ICASSP’24) [14] N/A VGGish [11]
BIAS (T-BIOM’24) [30] N/A N/A
ASDnB (arXiv’24) [28] N/A N/A
LoCoNet (CVPR’24) [35] N/A VGGish
LR-ASD (IICV’25) [19] N/A N/A

Table 1.
art ASD models.

Pretrained backbone configurations of state-of-the-
Pretrain-V/A denote pretrained weights for
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geNet [5], while others train all components strictly from
scratch. Our model adopts pretrained weights for both video
and audio encoders (we retain only the first 12 layers of
each pretrained checkpoint to match the depth of our en-
coders). To verify that our performance improvements do
not arise solely from pretrained initialization, we addition-
ally equip two representative baselines, TalkNet [32] and
LoCoNet [35], with the same pretrained video and audio
encoders used in our framework and evaluate all models un-
der identical conditions on the Ego4D-ASD benchmark [8].
This dataset is particularly challenging and serves as a rig-
orous testbed for assessing the true utility of pretrained
backbones. As reported in Table 2, simply adding our pre-
trained encoders to existing architectures improves perfor-
mance but does not match the gains achieved by our full
model, thereby demonstrating that our contributions extend
beyond encoder initialization.

B. Additional Ablation Studies

—&— VRAM (GB) ~- FPS
3.55 14000

video/audio encoders (N/A: trained from scratch). For TalkNCE,
we use its strongest LoCoNet-based variant. TS-TalkNet trains en-
coders from scratch but includes a pretrained ECAPA-TDNN [6]
for extracting target-speaker embeddings. Though initialized
from scratch, ASDnB is pretrained on WASD [29] for AVA-
ActiveSpeaker [27], and LoCoNet on AVA-ActiveSpeaker for
Ego4D-ASD [8].

Method mAP (Baseline) mAP (+ Pretrained Enc.)
LoCoNet [35] 59.3 60.7
TalkNet [32] 51.7 70.7

Table 2. Performance of representative ASD models before and
after adopting our pretrained video and audio encoders on the
Ego4D-ASD benchmark. Note that LoCoNet is trained from
scratch here.

We summarize in Table | the pretrained backbone con-
figurations adopted by the state-of-the-art models. Prior
works exhibit variability in their initialization strategies:
some rely on pretrained encoders for their visual or au-
dio branches, e.g., a ResNet-18 [10] pretrained on Ima-
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Figure 1. Ablations on model hyperparameters. (a) We visual-
ize the trade-off between memory cost (VRAM, blue solid line)
and inference throughput (FPS, orange dashed line) as the number
of fusion layers increases. The gray band highlights our selected
configuration (N = 4). (b) Performance across different decoder
widths.

We provide additional ablations regarding the number of
fusion layers and decoder width on the Ego4D-ASD bench-
mark [8], as illustrated in Fig. 1. The models are trained
with the MAL and OPP objectives.

As discussed in the main paper, increasing N generally
improves model capacity. The specific configurations are
detailed in Table 3, ranging from single-layer fusion to fully



#Fusion Layers Layer Index
1 [10]
2 [7, 10]
3 [4,7,10]
4 [1,4,7,10]
6 [1,3,5,7,9, 11]
12 [1,2,3,4,5,6,7,8,9, 10, 11, 12]

Table 3. Fusion layer configurations for the ablation on the number
of fusion layers. Layer Index lists the indices (starting from 1) of
the Transformer blocks used for fusion.

dense fusion (N = 12). However, Fig. 1(a) reveals the as-
sociated computational costs: a larger N leads to increased
memory footprint and a corresponding drop in inference
throughput. We select N = 4 as it strikes a balance be-
tween efficiency and performance. Fig. 1(b) shows that in-
creasing decoder width steadily improves performance. We
adopt 1280 for optimal results.

C. Additional Losses for Model Robustness

Method AV Prediction (mAP)

Audio Noise Video Blur Clean
Baseline 60.10 70.80 76.33
Baseline+MAL+OPP 64.06 71.73 77.80

Table 4. Robustness against data corruption. Comparison of AV
prediction performance under audio noise and video blur condi-
tions. Our method demonstrates superior robustness compared to
the baseline.

In this section, we evaluate the robustness of our pro-
posed method against data quality degradation. We simu-
late two types of degradation: noisy audio and blurry video,
reflecting common real-world scenarios. Specifically, we
introduce additive white noise to the audio stream. For the
video stream, we implement a heterogeneous blur proto-
col, where Gaussian blur and Radial blur are applied to the
dataset in an equal 50/50 split. We compare our full model
(incorporating MAL and OPP) against the baseline without
these auxiliary losses.

As shown in Table 4, our proposed framework demon-
strates superior stability under sensory corruption. In the
Audio Noise setting, the baseline suffers a relative per-
formance drop of 21.3% compared to the clean setting,
whereas our full model limits the degradation to 17.7%.
Furthermore, under the Video Blur condition, our method
consistently maintains a performance advantage over the
baseline (71.73% vs. 70.80%). These results indicate that
the proposed auxiliary constraints effectively enable the
model to recover cues from the corrupted modality by lever-

aging the context of the clean modality.

We further evaluate the extreme case of complete modal-
ity loss, observing a marginal degradation compared to the
baseline. This expected trade-off evidences the deeper mul-
timodal interaction learned by our method. Unlike the
baseline which processes modalities independently, our ap-
proach enforces tight coupling. Consequently, the fusion
module relies on learned cross-modal synergy, rendering a
missing modality an out-of-distribution input rather than a
simple information loss.

D. Frozen Encoder Performance

To assess the impact of encoder fine-tuning, we conduct an
experiment where both the video and audio encoders are
entirely frozen and only the decoder parameters are trained.
In this setting, the model achieves an mAP of 68.16% on
the Ego4D-ASD benchmark. Although this is lower than
our full fine-tuning setup (76.33% mAP), the performance
remains competitive compared to prior works such as Lo-
CoNet (68.4%) and SPELL (60.7%), despite using fixed en-
coders and no end-to-end optimization.

E. Comparing with Other Fusion Methods

Fusion Method Fusion Stage #Layers mAP (%)
Owens’Fusion [24] Early 1 37.63
Messenger [38] Mid 1 73.81
DeepAVFusion [23] Multi-layer 12 66.06
CATNet [36] Multi-layer 3 68.15
MLCA [34] Multi-layer 3 72.01
BiAVIGATE [12] Multi-layer 4 73.97
HiGate Multi-layer 4 76.33

Table 5. Comparison with other audio-visual fusion strategies. Bi-
AVIGATE denotes bidirectional AVIGATE [12].

Early, mid, and multi-layer fusion strategies are rarely
explored in ASD but are well studied in related multi-
modal works. We implement six representative audio-
visual fusion methods on our encoders (12-layer truncated
AV-HuBERT [31] and Whisper [26]) without task-specific
components or additional losses, adhering closely to the
original settings and using official code when available.
The compared methods include Owens and Efros’ method
(Owens’Fusion for simplicity) [24], Messenger [38], Deep-
AVFusion [23], CATNet [36], MLCA [34], and bidirec-
tional AVIGATE (BiAVIGATE for simplicity) [12]. Results
are presented in Table 5.

We implement each fusion method following the config-
uration described in the original papers. Owens’Fusion [24]
combines shallow unimodal features into a single branch.
Accordingly, we remove Whisper [26] Transformer blocks,



expand the convolutional front end to extract shallow audio
features, and process the fused features with the 12-layer
AV-HuBERT ([31] branch, which is intrinsically designed
for audio-visual input. The absence of a strong audio en-
coder substantially reduces mAP.

Both Messenger [38] and AVIGATE [12] rely on strong
pretrained audio and visual encoders. Messenger uses a
pretrained ResNet-152 [10] and an 18-layer R(2+1)D [33]
model for visual features, together with a pretrained VG-
Gish network [11] for audio features. AVIGATE employs
a pretrained CLIP [25] visual encoder (ViT-B) and a pre-
trained 12-layer AST [7] for audio. Since both methods al-
ready rely on powerful encoders, we replace them with our
own and re-implement their fusion blocks on top. In addi-
tion, because AVIGATE [12] treats audio and video asym-
metrically, we extend it to bidirectional fusion to align with
our framework.

DeepAVFusion [23] introduces a fusion stream that in-
tegrates multimodal features at each Transformer block of
both modalities. We follow this setting to adapt their fu-
sion strategy to our 12-layer encoders. CATNet [36] and
MLCA [34] both perform multi-stage fusion, but at differ-
ent depths. For CATNet [36], we split our 12-layer encoders
into two stages: the first six layers apply shallow fusion
and the remaining six apply middle fusion, with the outputs
combined through late fusion. For MLCA [34], we insert
fusion blocks after layers 4, 8, and the final layer of our en-
coders, following the progressive multi-layer fusion design.
Each block applies self-attention within each modality, fol-
lowed by bidirectional cross-modal attention with residual
feedback, before returning the updated features to the en-
coders.

Table 5 shows that the early-fusion baseline
(Owens’Fusion [24]) performs worst (37.63% mAP).
Dense early fusion across all layers (DeepAVFusion [23],
12 layers) lags at 66.06% mAP, suggesting that aggressive
early coupling is suboptimal for ASD. A single mid-layer
fusion (Messenger [38]) improves performance (73.81%
mAP) but fails to capture stage-specific cues. Multi-layer
designs generally help: MLCA [34] reaches 72.01% mAP,
CATNet [36] 68.15% mAP, and our bidirectional adapta-
tion of AVIGATE [12] attains 73.97% mAP. Our proposed
HiGate achieves the best performance (76.33% mAP),
outperforming the next best baseline (BiAVIGATE [12])
by 4+2.36% mAP, and surpassing Messenger [38] and
MLCA [34] by +2.52% and +4.32% mAP, respectively.

F. Efficiency Analysis

We report inference runtime and VRAM consumption in
Table 6 using a single NVIDIA L40S GPU. For this, we
followed the evaluation protocol reported by LR-ASD [19].
Ordered from most to least efficient, the models rank as
follows: LR-ASD, TalkNet [32], our proposed GateFusion,

Method Video frames VRAM (GB) Time (ms) FPS
1000 1.25 38.63 25890
2000 2.50 78.64 25431
LR-ASD [19] 4000 4.99 156.09 25627
6000 7.48 236.32 25390
1000 1.89 48.65 20556
- 2000 3.52 102.52 19508
TalkNet [151 4009 6.96 21388 18702
6000 10.32 328.01 18292
1000 5.02 135.45 7383
LoCoNet [35] 2000 10.19 274.97 7273
4000 Out of Memory
1000 3.35 77.20 12953
GateFusion 2000 4.96 174.37 11470
4000 8.17 423.37 94438
6000 11.37 749.56 8005

Table 6. Efficiency analysis using inference VRAM consumption,
runtime, and FPS. Comparing with previous SOTA, LoCoNet, our
model shows better efficiency in all metrics.

and LoCoNet [35]. Compared to the previous SOTA (Lo-
coNet), GateFusion not only surpasses its performance but
also shows greater efficiency in both VRAM usage and run-
time. Given 1,000 frames, GateFusion consumes 33% less
VRAM with a 75% faster runtime.
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