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Abstract

While recent audio-visual models have demonstrated impressive performance, their
robustness to distributional shifts at test-time remains not fully understood. Ex-
isting robustness benchmarks mainly focus on single modalities, making them
insufficient for thoroughly assessing the robustness of audio-visual models. Mo-
tivated by real-world scenarios where shifts can occur simultaneously in both
audio and visual modalities, we introduce AVROBUSTBENCH, a comprehensive
benchmark designed to evaluate the test-time robustness of audio-visual recogni-
tion models. AVROBUSTBENCH comprises four audio-visual benchmark datasets,
AUDIOSET-2C, VGGSOUND-2C, KINETICS-2C, and EPICKITCHENS-2C, each
incorporating 75 bimodal audio-visual corruptions that are co-occurring and corre-
lated. Through extensive evaluations, we observe that state-of-the-art supervised
and self-supervised audio-visual models exhibit declining robustness as corruption
severity increases. Furthermore, online test-time adaptation (TTA) methods, on
VGGSOUND-2C and KINETICS-2C, offer minimal improvements in performance
under bimodal corruptions. We further propose AV2C, a simple TTA approach
enabling on-the-fly cross-modal fusion by penalizing high-entropy samples, which
achieves improvements on VGGSOUND-2C. We hope that AVROBUSTBENCH
will steer the development of more effective and robust audio-visual TTA ap-
proaches. Our code is available herel

1 Introduction
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Figure 1: AVROBUSTBENCH comprises diverse and correlated audio-visual corruptions that co-
occur in the real world.

In recent years, the community has seen the rise of audio-visual models [26), that are
pre-trained on massive audio-visual data and designed to perform across a wide range of tasks.
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Table 1: Benchmark comparison. AVROBUSTBENCH introduces realistic, co-occurring, and
correlated corruptions to audio-visual modalities, in contrast to prior benchmarks. v, a, s and [
denote visual, audio, speech and language respectively. —— indicates an unreported quantity.
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While these audio-visual models have been effective in the in-distribution tasks they are trained for,
ensuring robustness to distributional shifts, which is underexplored, remains a critical priority for any
intelligent system deployed in the real world, i.e., at test-time, especially in safety-critical applications.
Consider a scenario involving an autonomous vehicle equipped with audio-visual sensors for scene
understanding [65, 133} 152]]. Distributional shifts can affect both modalities, e.g., adverse weather
conditions like rain, snow, or wind. Such unavoidable real-world distributional shifts challenge the
ability of audio-visual systems to perceive their environments accurately, raising a major concern.

While robustness to single and multiple modalities has been studied (see Table([I)), studies on joint,
correlated distributional shifts remain unexplored. In [38} 137, [15], the robustness of models to image
corruptions and perturbations has been deeply detailed. In addition, robustness of models to human
speech [6) 94} 51} 78], natural language [89, 193], and multimodal data involving visual and text
perturbations [[74] have been discussed. There have been works involving robustness to adversarial
attacks [18[7, 86], too. To our knowledge, no prior work systematically analyzes the robustness of
state-of-the-art audio-visual models to co-occurring audio-visual corruptions at test time.

To this end, we seek to establish a benchmark for comprehensively analyzing the robustness of
open-source state-of-the-art (SotA) audio-visual (AV) recognition models to distributional shifts
at test-time, to emulate real-world settings. Building on widely used AV datasets, AudioSet [24],
VGGSound [10], Kinetics-Sounds [3]] and Epic-Kitchens [16], we introduce AVROBUSTBENCH,
comprising four audio-visual benchmark datasets: AUDIOSET-2C, VGGSOUND-2C, KINETICS-2C,
and EPICKITCHENS-2C. Specifically, we introduce 75 AV corruptions (15 corruptions x 5 severities)
that co-occur and are correlated across both modalities, enabling a large-scale assessment of these
models’ resilience to challenging, realistic shifts. We refer to this setting as 2C (2 jointly corrupted
modalities). We group our corruptions into three major categories - Digital, Environmental, and
Human-Related, where Digital includes gaussian, impulse, shot, speckle, and compression. Envi-
ronmental encompasses snow, frost, spatter, wind, rain, underwater, and concert, smoke, crowd, and
interference, are clubbed under Human-Related, as in Figure It is worth emphasizing that the
unique challenge in AVROBUSTBENCH arises from the real-time occurrence of correlated corrup-
tions that simultaneously affect both the audio and visual modalities. Our idea of a real-world shift
reflects the expectation of correlated shifts that can happen in reality, simultaneously affecting both
modalities.

Our first aim is to study the robustness of models at test-time. And so, our studied models include
SotA AV supervised models like UAVM [28]], CAV-MAE [30], EquiAV [50], TBN [48]], and TIM [8]]
(Tables[d] [5). We also extend our analysis to self-supervised models like AudioCLIP [33], ImageBind
[26], and Wav2CLIP [95] under such settings to understand their cross-modal associations. While
such models are being widely used in different downstream tasks, it is imperative to understand their
robustness and behavior to real world shifts, ensuring a check before being deployed for safety-critical

tasks [37] (see Figure[TDb).

Distributional shifts are inevitable in the real world [85,160]. As our second aim, we study online
test-time model adaptation (TTA) that offers a learning paradigm where a pre-trained/source model
is adapted to unlabeled test data arriving sequentially, under a distributional shift. We evaluate
several popular online TTA methods [90 67, 166, [73]] and two recent AV TTA approaches, READ
[97] and SuMi [34]], on VGGSOUND-2C and KINETICS-2C. While READ does well with TTA
involving only a single-modality corruption (Tables[7][8), we show that its training objective struggles
on our proposed benchmark, involving both audio and visual corruptions (Table [6). Specifically,



through these TTA experiments, we shed light on the existing significant performance gap between
a pre-trained model’s accuracy on clean test data and its performance after adaptation to proposed
audio-visual corruptions.

As an attempt to mitigate this, inspired by [66} 97|, we propose AV2C, an online AV TTA approach to
perform on-the-fly cross-modal fusion where high-entropy samples, that hurt model adaptation at
test-time, are penalized. Also, diverse samples, required for entropy minimization, are selected based
on the similarity of current predictions and an exponential moving average of past predictions. Our
contributions and findings can be summarized as follows:

* We introduce AVROBUSTBENCH, a robustness benchmark for audio-visual recogni-
tion models at test-time. This includes four benchmark datasets - AUDIOSET-2C,
VGGSOUND-2C, KINETICS-2C, and EPICKITCHENS-2C. Inspired by real-world set-
tings, we propose 75 AV corruptions that co-occur and correlated across both modalities.

* We find that state-of-the-art audio-visual supervised and self-supervised models show
poor robustness, worsening with corruption severity (Figure [2). Contrastively trained
self-supervised models, in particular, struggle with noisy unseen cross-modal associations,
exposing limits in real-world generalization (Table |4).

* We find that entropy-based norm updates in online TTA approaches, on VGGSOUND-2C
and KINETICS-2C, often lead to overfitting [90, [73}167]]. A recent AV TTA method, READ
[97], that adapts QKV parameters for cross-modal fusion also degrades, revealing modality
bias (Figure E]) Another recent work, SuMi [34], that identifies reliable multimodal samples
using interquartile range smoothing and a mutual information loss, also proves limited. Our
simple yet effective AV2C that performs on-the-fly cross-modal fusion by minimizing entropy
over low-entropy reliable samples, achieves large improvements on VGGSOUND-2C.

2 Related Work

Audio-Visual Recognition. With the advent of Transformers [88]], Perceiver [43] proposes a modality-
specific unified architecture, while Data2vec [5] introduces a training scheme that jointly learns
speech, vision, and language. Likewise, PolyViT [S6] and VATT [2] share model parameters across
modalities. Building on these ideas, UAVM [29] presents a unified transformer architecture. MBT
[64] restricts cross-modal fusion through latent tokens introduced in the transformer architecture. AV-
MAE [25] explores masked modeling of audio and video and proposes a self-supervised pretraining
objective. CAV-MAE [30] combines contrastive learning with masked modeling, while MAViL [42]
adds inter- and intra-modal contrastive losses via knowledge distillation [39]]. EquiAV [50] extends
self-supervision for audio-visual contrastive learning by introducing equivariance. In the works
mentioned above, modality-specific transformers are either pre-trained from scratch or initialized
with pre-trained weights. For egocentric AV action recognition, TBN [48]] proposes an architecture
to train on audio, RGB frames, and Optical Flow. TIM [8]] has modality-specific encoders and a
time-interval MLP to query the model at different time-steps. We classify these models as supervised,
as they are pre-trained and fine-tuned via linear probing on each dataset. In contrast, contrastively
trained self-supervised models like AudioCLIP [35]] leverage strong image-text supervision from
CLIP [71] to incorporate audio representations into a unified tri-modal embedding space. Similarly,
Wav2CLIP [95] applies knowledge distillation from CLIP to audio inputs, effectively mapping audio
signals into the same embedding space as text and images. This approach allows for robust audio
representations without needing large-scale, audio-specific training from scratch. ImageBind [26]
takes a step forward to align six different modalities within a single, rich embedding space. Learning
these modalities in tandem supports cross-modal tasks and transfers insights from one modality to
another.

Robustness Benchmarks. Real-world reliability starts with robustness to distribution shifts [23} [22].
It began with image classification [38 (72, 37]], detection [63], segmentation [45} [32]], pose estimation
[91]], and other diverse vision tasks. Existing robustness studies on multimodal models have largely
examined video-language retrieval [74], single-source adversaries [96], audio-visual adversarial
attacks [86]], adaptation methods on vision-language models [L1], text-to-image generative models
[13]], and image-text models [70]. Specifically, [86] investigates the robustness of audio-visual models
under adversarial attacks, analyzing how attacks to one or both modalities affect the reliability of
fusion strategies. Additionally, MULTIBENCH [55]] introduces a large-scale unified benchmark for



multimodal learning. While it includes multiple modalities, including audio and visual, it does not
address the robustness of audio-visual models to real-world distributional shifts.

Closest to our motivation, [40] proposes an audio-visual speech recognition method with audio and
visual corruptions, restricted to speech only. In contrast, AVROBUSTBENCH specifically targets the
robustness of audio-visual recognition models under co-occurring real-world distributional shifts
affecting both modalities. We also note the proposal of two audio-visual benchmarks on VGGSound
[[LO] and Kinetics [47] by READ [97]. Here, unimodal shifts are introduced that are disjoint and
unrelated across both modalities.

Test-Time Adaptation (TTA). Online TTA focuses on adapting a source/pre-trained model to
unlabeled test data. Several TTA methods have been proposed in the literature [90, |44} 184, 9| [77}
14,167, 199]], where adaptation is performed with a single backward pass over each test batch—hence
online. The seminal work TENT [90] adapts the affine parameters of batch norm layers by minimizing
the Shannon entropy [57]]. EATA [66] proposes entropy minimization by assigning lower weights to
high-entropy samples. While most TTA methods focus solely on single-modality (vision) adaptation,
recent works have begun exploring multimodal TTA [81} 117,161} 169,136, 46]] and segmentation [80].
Notably, READ [97]] introduces an audio-visual TTA framework by adapting the QKV parameters
of the CAV-MAE joint encoder [30], enabling robust cross-modal fusion under distribution shifts.
SuMi [34] performs LayerNorm [4] updates by selecting reliable samples based on multimodal and
unimodal entropy, and leverages a mutual information loss between the modalities.

3 Proposed Benchmark: AVROBUSTBENCH

We formally introduce AVROBUSTBENCH, a comprehensive suite of 75 AV corruptions (15 corrup-
tions, 5 severities) designed to evaluate AV model robustness under realistic distributional shifts, with
a strong focus on real-world deployment, i.e, at test-time. Notably, current audio-visual benchmarks
often introduce shifts in one modality [97], treating the shifts disjoint from each other. In contrast,
AVROBUSTBENCH simultaneously applies co-occurring corruptions to both modalities, mirroring
the interdependency that commonly arises in real-world environments.

Audio-Visual Corruptions. We introduce 15 diverse audio-visual corruptions at 5 severity levels
each, enabling systematic robustness evaluation from mild (1) to extreme (5) [38]]. These corruptions
fall into three main categories,

* Digital: Inspired by ImageNet-C [38] for image corruptions, we adopt the Gaussian, Impulse,
Shot, Speckle, and Compression noises and apply them to video frames. Specifically, we
add the JPEG lossy compression to video frames. We borrow this nomenclature from
ImageNet-C, with a slight abuse of grouping. Going by the same names for audio, we follow
[78] to apply noise by scaling the noise vector based on the signal-to-noise ratio (SNR) and
adding it to the audio signal. The SNR controls the severity of corruption, with a lower value
indicating more severity. For audio Compression, we quantize Discrete Cosine Transform
[[L] coefficients, adjusting severity through bitrate quantization levels.

* Environmental: We introduce Snow, Frost, Spatter, Wind, and Rain for video frames. We
borrow Snow, Frost, and Spatter from ImageNet-C. Wind is the same as “Motion Blur" in
ImageNet-C. For the effects of Rain, we simulate watery and bluish raindrops. In addition,
we also introduce Underwater, a blue and green tint effect to simulate footage captured by
a submerged camera. Snow produces a soft, airy sound of falling snowflakes, while Frost
has a rough, gritty sound. Spatter mimics the dripping of water from taps/faucets. Wind
captures high-speed gusts, and Rain reflects hard rainfall. For Underwater, we produce a
more muffled and submerged noisy audio.

* Human-Related: As motivated in Section[I} we also incorporate shifts caused by humans,
inspired by various outdoor activities. Concert refers to varied brightness effects on the
frames and loud music as the noise on the corresponding audio. Smoke adds a grayish haze
accompanied by the sounds of fire truck sirens and alarms. Crowd introduces random human
occlusions, such as shadows on frames, while overlaying loud crowd noise, including people
talking or cheering. We also introduce Interference, where video frames are randomly
rotated, and the audio is randomly silenced. This is very indicative of a human fiddling with
arecording camera and mic or equipment issues, causing silences at random time intervals.



For audio corruptions in Environmental and Human-Related, we take recorded environmental samples
from FreesoundE] and overlay them onto the audios, adjusting their intensity based on the SNR. 7o
bring more diversity within the specific corruption, different samples of the dataset have varying
patterns, as opposed to a single noise pattern being overlaid in existing images or multimodal
benchmarks (38,197, [74].

. Table 2: Summary and statis-
?atasets. i .Ourl AZROIIISUSTkBENEH COMPIiSEs (oo of the datasets compris-
our  audio-visua enchmar atasets  i.e., ing AVROBUSTBENCH, after filtering
AUDIOSET-2C,  VGGSOUND-2C,  KINETICS-2C, . ° ..

. invalid URLs.

and EPICKITCHENS-2C, derived from popular datasets-
AudioSet [24]], VGGSound [10]], Kinetics-Sounds [3],

- - Dataset # Samples Classes Avg. duration
and Epic-Kitchens [16l]. We construct our datasets
by introducing our proposed corruptions to the test ‘ooioSET2C 16742 527 10sec
Yy mn 8 proposed P VGGSOUND-2C 14,046 309 10sec
sets of these datasets, following the protocols set by xgigrics-2¢ 3111 32 10 sec
[23, 38]. Table [2] provides a summary of the .da'tasets EPICKITCHENS-2C 205 7 Noum) .
in AVROBUSTBENCH. We further talk about this in the 300 (Verb)
Appendix.

4 Experimental Settings

Models. Our first aim involves studying the robustness at test-time. Our model choices are strictly
guided by the availability of publicly accessible codebases and pre-trained weights for AV recognition.
On AUDIOSET-2C, VGGSOUND-2C, and KINETICS-2C, we evaluate six SotA models. We utilize
three supervised models, i.e., UAVM [28]], CAV-MAE [30], and EquiAV [50], explicitly pre-trained
and then fine-tuned using source dataset-specific labels. The other three models are contrastively pre-
trained on multiple large-scale datasets without task-specific supervision. Wav2CLIP is pre-trained
on relatively smaller datasets but can still be adapted effectively for zero-shot AV recognition tasks.
ImageBind is primarily a foundational model. Since pre-trained weights for Kinetics-Sounds [3] are
not publicly available, we adhere to the recommended training recipes from the cited works. We use
the respective trained models for inference on KINETICS-2C. For EPICKITCHENS-2C, we evaluate
two SotA supervised models - TBN [48]] and TIM [8]]. The architectural details and parameters
are discussed in the Appendix. As our second aim, we study TTA on our proposed AV robustness
benchmark. For a fair comparison, we use pre-trained CAV-MAE as the source model for TTA
experiments on VGGSOUND-2C and KINETICS-2C. Table 3| provides a summary.

Evaluation Metrics. To iterate, on each dataset, we apply our 15 di- Table 3: Details of all the
verse corruptions at a specific severity level s simultaneously to both the models used in this work.
audio and visual modalities. With each corruption defining a task 7;, Model # Params.

indexed by i, we report a pre-trained model’s accuracy on 7; as Acc; s

oy UAVM [29] 199M
4 Hyks=9k N s g 2

= M, where y;, and ¢, are the k" sample’s ground-truth gﬁ_%\f\ FS([;]O] ot

and predicted labels. In addition to task accuracy Acc; 5, we evaluate TBN 1;81 iMM

model robustness to distributional shifts using the absolute and relative ?ul\gi ([)C]LIP @3 ]gm

robustness metrics proposed in [74] and widely adopted in [L1, (76l [75]].  imageBind 261  1.2B

Given a pre-trained classifier, the accuracy on the source/clean test setis ~ Wav2CLIP[95]  314M
denoted as A.;. On the other hand, for 7; of severity s, the accuracy is
A; 5. Defining the drop in accuracy as 6 A = A - A; s, the absolute robustness is given by o; s =1 -

%. The relative robustness is then given by p; s =1 - j—A’. pi.s and «; ¢ are bounded between 0 and
1 (both included), with a larger score indicating more model robustness. For AUDIOSET-2C only, for
each 7;, we compute the mean average precision (mAP) since it is a multilabel dataset. We compute

pi.s and «; ¢ accordingly.

Implementation Details and Remarks. AVROBUSTBENCH follows the standard evaluation proto-
col for robustness benchmarks with frozen pre-trained models [38 [23]. For UAVM and CAV-MAE,
we use checkpoints trained on AudioSet and VGGSound. Since EquiAV checkpoints were unavail-
able, we fine-tune its ViT-B/16 [19] encoder on ~200K VGGSound samples following the original
training recipe ﬂ Due to computational constraints, we could not reproduce EquiAV on AudioSet
(2M training samples). As no pretrained weights exist for Kinetics-Sounds, we train all the supervised

Thttps://freesound.org/
“https://github.com/JongSuk1/EquiAV
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Table 4: The prevalent challenge is the significant performance gap between each model’s clean
accuracy and its performance under our proposed audio-visual corruptions at test-time. We report
metrics of models evaluated on AUDIOSET-2C, VGGSOUND-2C, and KINETICS-2C at a severity
level of 5. For AUDIOSET-2C, we report the mean of MAP across all 15 corruption types (mMAP),
while for VGGSOUND-2C and KINETICS-2C, we report the mean accuracy (mAcc), averaged over
corruptions. We also report the drop in performance relative to the clean test set.

Model AUDIOSET-2C VGGSoUND-2C KINETICS-2C
mMAPT at pT mAcctT at  ptT mAcctT at  pt
UAVM [28] 3191 (-15.66) 0.84 0.67 | 27.41(-38.39) 0.62 0.42 | 48.06 (-30.06) 0.69 0.62

CAV-MAE [30] 31.97(-17.90) 0.82 0.64 | 35.54(-29.96) 0.70 0.54 | 58.15(-29.95) 0.70 0.66
EquiAV [50] - - — | 33.78(-28.12) 0.72 0.55 | 63.73(-22.29) 0.78 0.74
" AudioCLIP [35] ~12.06 (-16.93) ~0.83" 0.42 | 11.14 (-15.64) — 0.84 0.41 | 23.57 (-27.44) ~ 0.73 0.46
ImageBind [26]  9.96 (-8.39) 091 0.52 | 10.25(-17.93) 0.82 0.36 | 26.82(-25.64) 0.74 0.51

Wav2CLIP [95] 1.74 (-1.40) 098 0.55 | 4.99 (-19.33) 0.81 0.21 | 17.25(-35.40) 0.65 0.33

models from scratch. We include AudioCLIP, ImageBind, and Wav2CLIP, where predictions are
computed via softmax over the average of audio-text and image-text logits. For models involving text
encoders, we use the same prompt template as provided. For EPICKITCHENS-2C, we use pre-trained
weights from TBN [48]] and TIM [8]] for robustness evaluation. For visual inputs, a single video
frame is used for CAV-MAE, EquiAV, AudioCLIP, and ImageBind, while UAVM and Wav2CLIP
process full videos. Later, we present results for ImageBind demonstrating the invariance of relevant
prompt templates during zero-shot inference. For TTA experiments, we follow the recommended
settings of the respective works with a batch size of 16. Experiments are performed on NVIDIA A100
and A5000 GPUs. Full model-specific details, hyperparameter settings, and evaluation formulas are
provided in the Appendix.

.
5 Results on Robustness at Test-Time
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Figure 2: Corruption severity has a large effect on model robustness; increasing severity decreases
robustness. We illustrate p with varying severity on AUDIOSET-2C (top) and EPICKITCHENS-2C
(bottom). For AUDIOSET-2C, we show the performance of CAV-MAE, , and ImageBind.
For EPICKITCHENS-2C, we report p for TBN (Noun), TBN (Verb), TIM (Noun), and TIM
(Verb). The x-axis denotes corruption severity, and the y-axis denotes p. More examples, including
KINETICS-2C, are in the Appendix.

5.1 Supervised and self-supervised audio-visual models exhibit low robustness at test-time

Each model is evaluated across our 15 proposed corruption types, or tasks, and we report the mean
metrics in Tables[dand[5] Per-corruption results are provided in the Appendix. We also touch upon
subjective evaluations in Appendix.

e How robust are current AV supervised models at test-time? On a multilabel dataset like
AUDIOSET-2C, models struggle to maintain robustness at a high severity of 5, as reflected in their
low absolute « and relative p robustness scores. A similar trend is evident in VGGSOUND-2C and
KINETICS-2C, with UAVM obtaining the lowest p. With the shared transformer architecture being
queried with one modality at a time, there is no cross-modal information exchange anywhere in the
architecture or loss components, leading to poor test-time generalization. CAV-MAE achieves a higher
clean performance due to the joint encoder learning rich cross-modal information via concatenated
fusion, but the performance breaks down at test-time. The cross-attention between the audio and



visual tokens from the modality-specific transformers is drastically weakened due to severe AV noise,
leading to a discrepancy. The joint encoder then fails to infer from such poor associations.

Upon closer inspection on VGGSOUND-2C and KINETICS-2C, EquiAV outperforms CAV-MAE by
2% in o and 1% in p and by 8% each, respectively. EquiAV is a “preferred” choice at test-time due to
a higher robustness. This is possibly due to learning richer modality-specific representations. The
equivariant feature learning setup maps to corresponding transformations in the inter-modal space.
This improves the model’s ability to maintain a compara- Table 5: TBN [48] and TIM [8)] also ex-
tively better robustness, but still fails to generalize well to  hibit low robustness to novel AV corrup-
novel corruptions. At the corruption level (see Appendix), tions on EPICKITCHENS-2C at a sever-
we observe larger performance drops under fine-grained ity level of 5. The drop in performance
perturbations such as Gaussian, Impulse, etc., which cor- relative to the clean test set is reported.
rupt information at the token level. CAV-MAE’s pre- Model
training involves randomly masking 75% of the tokens

EPICKITCHENS-2C

and contrastively learning on the unmasked ones while mAce? of et
reconstructing the masked tokens. During inference, when TBN 48] (Noun)  25.68 (-21.66) 0.78  0.54
both modali; heavil ted. a laree fraction of  TENESI (Verb) | 5237(13.63) 086 079

oth modalities are heavily corrupted, a large fraction o TIM (8] (Noun) 4936 (.17.92) 082 0.73
tokens becomes unreliable, leading to significant perfor- TIM [B] (Verb) ~ 66.55 (-10.55) 0.89  0.86

mance degradation.

We see that the performance degradation is less pronounced on
AUDIOSET-2C. We attribute this to the pre-training data characteris-
tics. AudioSet’s 2M unconstrained YouTube clips expose models to
natural noise, which makes them more resilient to our proposed cor-
ruptions. In contrast, VGGSound and Kinetics-Sounds are smaller,
cleaner, and more curated, so models trained on them are less noise-
tolerant. Additionally, AUDIOSET-2C uses mAP, a ranking-based
metric less sensitive to small score shifts, while VGGSOUND-2C
and KINETICS-2C use top-1 accuracy, where even minor rank
changes count as full errors, amplifying apparent drops.

From Table[5] TIM exhibits greater robustness than TBN for both
classes. TBN’s design is more vulnerable because the fusion within
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temporal windows may incorrectly associate low-quality features
across modalities, leading to error propagation. TIM utilizes a trans-
former encoder to aggregate long-range cross-modal relations and
temporal context, allowing it to potentially "look beyond" corrupted
segments. TIM also integrates test-time augmentation by using a
sliding window to feed the same interval query with different sur-
rounding contexts to enhance its robustness. On the other hand, both
models still suffer performance degradation under severe corruptions.
A major reason is that both models use pre-trained feature extrac-
tors for individual modalities that may not be robust to multimodal
corruptions, providing "corrupted" features as model input before
fusion.

e To what extent do AV self-supervised models maintain robust-
ness under distribution shifts? ImageBind claims strong zero-shot

Figure 3: ImageBind’s [26]
“emergent” zero-shot gener-
alization remains ineffective
even with “context"-aware
prompts. We show rel-
ative accuracy change (%)
ie, (Aaq - Aj)lAqg w/
s=5, on VGGSOUND-2C, us-
ing different prompts for the
text encoder: Prompt 1—a
noisy audio of <CLS>.",
Prompt 2—a noisy photo of
<CLS>.", and Prompt 3—"“a
noisy photo of <CLS> and a

capability through a unified embedding space; we observe otherwise. N0iSY audio of <CLS>".

The ViT-based image encoder and the Transformer-based audio en-

coder, both trained using the InfoNCE loss [[68]], face significant challenges in effectively associating
corrupted (image, audio) pairs. This can be seen from the large gap in Clean and mAcc and low
values of o and p, indicating poor robustness. InfoNCE encourages instance discrimination within
a shared embedding space rather than focusing on capturing robust cross-modal associations. This
makes the learned representations highly sensitive to noise. It shows limited robustness despite being
pre-trained on multiple distributions, including AudioSet and VGGSound. Similarly, AudioCLIP and
Wav2CLIP contrastively learn associations by distilling knowledge from CLIP [71]. However, from
Table ] we observe that such models struggle to infer based on new cross-modal associations arising
from corruptions. To specify, Wav2CLIP has been pre-trained on VGGSound but subsequently fails
at test-time, with a mean accuracy drop of 15.64%. Similarly, AudioCLIP has been pre-trained
on AudioSet but struggles at test-time, with a 16.93% gap. Another contributing factor is the low



robustness of CLIP to visual corruptions, as shown in [61]]. However, if we were to choose a model
solely based on mAcc and p, ImageBind would be relatively better.

o Robustness at test-time decreases with an increase in corruption severity. As one would expect,
model robustness begins to decline with an increase in AV corruption severity (Figure[2). In the
Appendix, we illustrate more examples. Notably, all models exhibit a steady decline in robustness as
the severity increases. However, for Interference, models show a steady drop to almost being stable in
robustness with increasing severity. This corruption appears easier for models, as recognition remains
feasible even when video frames are heavily rotated and audio is silenced. This is also reflected in Acc.
On Compression in AUDIOSET-2C, AudioCLIP and CAV-MAE show the lowest p at severity level
5, while TBN’s performance drops significantly beyond severity 3. Despite frames being visually
clear and audio audible to humans, these models struggle to recognize them. Similar trends are
observed for TBN (Verb) and TBN (Noun). Zero-shot models exhibit notably lower robustness. On
average, models are less robust to Digital corruptions and more robust to Human-Related ones, except
AudioCLIP.

o Prompt tweaks yield negligible gains for ImageBind. The findings of ImageBind suggest that
the shared image-centric embedding space enables effective cross-modal recognition, even when
the image is not used as the anchor during inference. The natural question is, would effective
prompt design enhance audio-text representations (or image-text), thereby enhancing the overall
audio-visual performance? We analyze the effect of prompts, as defined in Figure [3] that would
provide a “stronger" contextual grounding for audio-text, image-text, or joint audio-visual alignment.
Except for Interference, across corruption types, prompt variations yield minimal performance gains,
while the high relative accuracy changes highlight the limited robustness of ImageBind’s text encoder.
The reason is simple - the text features are unaware of or independent of the noisy audio and image
features, leading to low similarity between the embeddings. To drive further discussion, prompt
selection at test-time, is unsuitable, impractical, unknown, and time-consuming [61]].

6 Online TTA Results

Motivation. As discussed earlier, online TTA focuses on adapting pre-trained models to sequential,
unlabeled test batches under distributional shifts [90] with a single iteration on each due to privacy
and memory constraints [62]. We evaluate READ [97] and SuMi [34]], two SotA approaches for
online AV TTA. We also adapt other online TTA approaches [90, (73| 166} 67] following READ and
SuMi, and report the results in Table[6] Our proposed AV2C adapts the QKV attention weights and
minimizes a weighted Shannon entropy, with a larger weight on low-entropy samples [66]].

o Existing TTA methods generally struggle to adapt to the S L
bimodal AV corruptions. TENT [90], RPL [73], and SAR -LEZO P —
[67] update all the norm parameters based on proposed loss £ t)’
functions and show comparable to reduced performances com- g ‘\i:j;*,,,,,,*
pared to the CAV-MAE source model. Norm updates have :(E 5 ek
0 O

been effective under domain shifts for a single modality [54].
However, for severe AV corruptions, it leads to overfitting of
the norm parameters (LayerNorm) on the test data, causing
unstable adaptation. Specifically, AV corruptions under Digital

1 2550
Time Step (t) Time Step (t) Time Step (t)

Figure 4: Over time steps (t) during
online TTA, an attention imbalance

(Gaussian, Impulse, etc) result in larger performance drops.
These introduce pixel-level noise in video frames and also sig-
nificantly distort the fundamental frequency in audio signals,
thereby disrupting essential low-level features, leading to nois-
ier predictions. EATA [66] possibly benefits from adaptation
solely based on the larger emphasis on low-entropy samples in
a test batch.

In prior methods, the affine parameters of LayerNorm [4] in all
the attention blocks are updated along the feature dimension,
and have minimal direct relation with cross-modal fusion during

in the form of modality bias begins
with AV corruptions, leading to a
degrading performance of READ.
Average attention weights are com-
puted across 12 heads from 1 block
of CAV-MAE’s joint encoder for
a batch size of 64. The numbers
indicate averaged attention, scaled
by 10,000. We show Gaussian on
VGGSOUND-2C for discussion.

TTA. SuMi [34] first applies interquartile range smoothing to identify samples within the 25%-75%
confidence range, and then selects low-entropy samples using multiple thresholds based on unimodal
and multimodal entropy. To balance information exchange between modalities during adaptation, a
mutual information loss is employed to update the LayerNorm parameters. However, SuMi achieves



Table 6: There still exists a wide gap between mean accuracy by TTA baselines and the source
model’s accuracy on VGGSound (65.50%) and Kinetics-Sounds (88.10%). CAV-MAE [30] is the
source model initialized by VGGSound/Kinetics-Sounds weights’. We report mean accuracy (%) on
VGGSOUND-2C (top) and KINETICS-2C (bottom). We evaluate TTA methods at severity 5 with
a batch size of 16 for VGGSOUND-2C and KINETICS-2C. Source denotes the direct inference of
CAV-MAE.
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Source [30]|20.39 23.73 20.72 25.34 17.26 25.07 46.82 48.46 50.17 29.89 42.19 47.61 32.93 47.71 54.88 |35.54
TENT [90] | 1.04 1.51 1.15 281 251 1.84 7.34 4753 49.13 271 29.55 40.03 10.53 35.45 53.16 [19.09
SAR[67] | 1.89 330 196 7.65 5.57 3.74 49.81 50.67 51.99 6.04 46.65 42.64 18.28 45.35 55.55|26.07
RPL[73] | 1.13 1.54 1.18 3.01 266 2.11 1470 49.69 50.62 2.94 46.41 4828 11.08 44.61 54.28|22.28
EATA [66] [37.20 36.53 36.71 34.89 25.60 38.42 49.28 50.80 51.76 42.38 46.87 50.39 37.05 52.36 54.54 |42.98
READ [97](38.30 26.11 37.60 19.98 12.88 26.71 49.47 51.51 52.93 35.14 25.67 50.83 47.09 52.85 53.99 |38.74
SuMi [34] [22.24 23.54 22.07 25.52 17.11 24.23 46.58 48.33 50.01 29.40 41.74 47.51 32.71 47.51 54.86 |35.56

Av2C 38.34 37.32 37.65 32.47 21.18 40.78 50.13 52.33 53.60 43.98 46.51 51.10 46.74 53.90 54.84 |44.06

VGGSOUND-2C

Source [30]|51.34 48.82 51.27 46.90 44.88 47.88 59.97 63.16 68.76 58.54 61.51 66.80 48.15 74.81 79.44 |58.15
TENT [90] |42.45 40.95 43.84 51.72 26.61 48.45 67.83 63.89 74.45 66.65 59.61 71.69 56.11 78.93 81.29 |58.30
SAR [67] |25.94 2534 28.17 33.40 15.55 43.18 59.79 46.10 63.46 51.54 43.52 53.79 46.33 53.73 63.71 [43.57
RPL [73] |45.03 43.79 46.18 52.14 28.21 50.12 67.47 64.52 74.61 66.45 60.09 72.12 56.12 79.05 81.61 |59.17
EATA [66] | 50.39 49.81 49.99 51.96 43.04 55.02 65.34 66.41 73.17 64.61 61.48 71.79 53.85 78.94 81.60 |61.16
READ [97]|54.00 52.43 54.43 51.90 50.86 55.83 64.99 69.50 71.34 64.03 63.57 69.07 55.28 77.32 79.96 | 62.30
SuMi [34] [49.41 48.89 49.34 51.79 4229 55.06 65.02 66.24 73.06 65.07 61.14 71.74 54.05 78.92 81.49 |60.94

Av2C 52.37 51.28 5191 52.02 46.7 56.53 67.09 68.38 73.35 65.65 60.75 72.54 55.64 79.31 81.38|62.33

KINETICS-2C

only negligible improvements, as it does not explicitly encourage interactions between noisy modality
tokens. In addition, the need for multiple thresholds and extensive hyperparameter tuning significantly
hampers its practicality for real-time TTA. In contrast, READ [97] adapts the QKV attention weights
in the joint encoder, enabling dynamic self- and cross-attention between audio and visual tokens. It
performs well under unimodal corruptions by leveraging the cleaner modality for reliable fusion, as
seen in Tablesand@ Notably, in VGGSound, audio contains more task-relevant information [[10}(97]]
and vice-versa on Kinetics-Sounds [3]]. With our proposed AV corruptions, READ’s effectiveness
declines as both noisy audio and visual tokens hamper the self- and cross-attention dynamics (Figure
EII), impairing reliable cross-modal fusion. We see, with corrupted audio only, the cross-attention from
visual to audio begins to increase with time-step . However, when both modalities are corrupted,
there is an increasing modality bias towards the visual tokens from audio (13.09 at =0 to 20.04
at t=100) that compounds with time and results in sub-optimal performances on each corruption.
Batches in the future are affected by this modality bias. This growing attention imbalance likely
contributes to READ’s performance drop.

o Discussions on our proposed TTA method AV2C. With encouraging directions from EATA, our
proposed AV2C benefits on VGGSOUND-2C and obtains comparable performance on KINETICS-2C.
On VGGSOUND-2C with 309 classes, where model uncertainty can be higher, penalizing high-
entropy samples that hurt adaptation and selecting diverse samples for entropy minimization to
instead update the QKV attention weights can be fruitful. Selective modality tokens, as the input to
CAV-MAE'’s joint encoder, contribute more to updating the attention weights for efficient cross-modal
fusion of the current test batch, leading to improvements of 5.32% and 8.5% over READ and SuMi,
respectively. The mathematical details of the proposed AV2C can be found in the Appendix.

Table 7: Unimodal corruption analysis on  Table 8: Unimodal corruption analysis on
VGGSOUND-2C. Ay, Ay, and A4y denote KINETICS-2C. Ay, A4, and A 4 denote the
the drop from clean accuracy accordingly. drop from clean accuracy accordingly.

Corrupted Corrupted Corrupted Corrupted

TTA Method Video Audio Both, Ay, A4, Aavy TTA Method Video Audio Both) Ay, Aa, Aay
Source 56.04 50.48 |35.54|-9.46, -15.02, -29.94 Source 75.46 81.03 |58.15/-12.64, -7.07, -29.95
TENT 55.62 28.90 |19.09] -9.88, -36.60, -46.41 TENT 76.41 81.52 |58.30/-11.69, -6.58, -29.80
READ 55.18 53.29 |38.74(-10.32, -12.21, -26.76 READ 77.02 82.31 62.30|-11.08, -5.79, -25.80
SuMi 55.99 50.18 |35.56|-9.51,-15.32,-29.94 SuMi 76.17 81.32  |60.94|-11.93, -6.78, -27.16

AV2C 55.23 54.76  |44.06(-10.27, -10.74, -21.44 AV2C 717.21 81.21 [62.33|-10.89, -6.89, -25.77




SAMA-AVS on AVSBench-S4 w/ AV corruptions
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Figure 5: State-of-the-art audio-visual segmen-
tation models still struggle in the presence of
bimodal audio and visual corruptions. We
use SAMA-AVS [58] to directly infer on the
AVSBench-S4 [101] test set with our proposed
corruptions (severity 5). Each task includes 740
videos, and we report the absolute drops in mean
intersection over union (mloU) and F-score rela-
tive to the clean AVSBench-S4 results of SAMA-
AVS.

DAVIS on MUSIC w/ AV corruptions
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Figure 6: Visually-guided sound source sepa-
ration becomes challenging under audio and
visual corruptions. We employ a pre-trained
DAVIS [41] on the MUSIC test set [100] (250
videos) with our AV corruptions (severity 5).
The y-axis shows the absolute drops in Signal
to Distortion Ratio (SDR), Signal to Interfer-
ence Ratio (SIR), and Signal to Artifact Ratio
(SAR) compared to DAVIS’ performance on
the clean MUSIC test set.

7 Experiments on other Audio-Visual Downstream Tasks

In this section, beyond recognition, we present results and discuss robustness on other downstream
tasks like audio-visual segmentation (AVS) [101} 158, 53] and sound source separation [20]]. In the
Appendix, we present audio-visual retrieval results where we show that audio-visual correspondences
are drastically hampered, resulting in low recall scores.

o Audio-Visual Segmentation. We employ the SotA pre-trained SAMA-AVS [58]] and introduce our
proposed corruptions, at a severity of 5, to both the modalities of the AVSBench-S4 [[101] test set,
with 740 videos in each task. In Figure[5] we present the absolute drops in mean Intersection over
Union (mIoU) and F-score relative to the clean AVSBench-S4 performance achieved by SAMA-AVS.
For context, the mloU and F-score of SAMA-AVS on clean AVSBench-S4 are 81.553 and 0.886,
respectively. As seen, SOTA AVS models like SAMA-AVS still struggle in the presence of bimodal
corruptions.

e Sound Source Separation. For this crucial task, we use the SotA DAVIS [41] on the MUSIC
test set [100] with our proposed audio-visual corruptions. Each task has 250 videos. In Figure [6]
we illustrate the absolute drops in Signal to Distortion Ratio (SDR), Signal to Interference Ratio
(SIR), and Signal to Artifact Ratio (SAR) relative to DAVIS’s performance on the clean MUSIC
test set (higher is better). For comparison, the SDR/SIR/SAR on the clean MUSIC test set are
11.68/18.36/15.26, and the mean noisy scores are 0.18/6.77/7.46, respectively. To conclude, SOTA
sound source separation models struggle in the presence of bimodal corruptions.

8 Conclusion

We introduce AVROBUSTBENCH, a benchmark for evaluating the test-time robustness of audio-
visual recognition models. AVROBUSTBENCH comprises four audio-visual datasets, AUDIOSET-2C,
VGGSoOUND-2C, KINETICS-2C, and EPICKITCHENS-2C, each augmented with bimodal audio-
visual corruptions that are both co-occurring and correlated across modalities. We conduct a
comprehensive analysis of model robustness under these challenging distribution shifts. Furthermore,
we evaluate a suite of online TTA methods, offering key insights and revealing their critical limitations.
We also propose a simple yet effective TTA baseline that outperforms existing methods on the
benchmark. We hope that AVROBUSTBENCH will facilitate deeper understanding and drive future
research on robust, adaptable audio-visual systems in real-world settings.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]
Justification: The claims made match the experimental results.
Guidelines:

e The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [NA]
Justification: We propose a benchmark in this work.
Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]
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Justification: Our robustness benchmark has no theoretical assumptions and proofs.
Guidelines:

» The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

e Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions

of the paper (regardless of whether the code and data are provided or not)?
Answer: [Yes]
Justification: Yes, everything can be reproduced.

Guidelines:

* The answer NA means that the paper does not include experiments.
* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental

material?
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Answer: [Yes]
Justification: The code and data are public and have been submitted.
Guidelines:

* The answer NA means that paper does not include experiments requiring code.
* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

¢ The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

 The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justification: Everything has been provided. Additional details are in the Appendix.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

¢ The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [NA]
Justification: We report accuracy and other robustness metrics at test-time.
Guidelines:

» The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

* It should be clear whether the error bar is the standard deviation or the standard error
of the mean.
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It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CIL, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: Compute resources have been mentioned.
Guidelines:

» The answer NA means that the paper does not include experiments.

 The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

 The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justification: Yes. We also follow the guidelines of the Datasets and Benchmarks Track.
Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).
Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]
Justification: Yes, we have discussed this.
Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
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generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

 The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]

Justification: Not applicable as such. We construct our datasets by filtering invalid URLS,
following established audio-visual datasets.

Guidelines:

» The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

* Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: Yes, due credits and citations have been given.
Guidelines:

» The answer NA means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

¢ For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

* If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

New assets
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Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]
Justification: We have provided.
Guidelines:

* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

» At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper

include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: Discussed in the Appendix.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.
* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: Not applicable here.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.
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Answer: [NA]
Justification: LLMs were moderately used for sentence editing.
Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

¢ Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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A Appendix

In this document, we provide additional insights, experimental results, and hold other discussions on
AVROBUSTBENCH. We organize all of this as follows,

1. Section [A.]] describes, in great detail, the benchmark datasets we propose i.e.,
AUDIOSET-2C, VGGSOUND-2C, KINETICS-2C, and EPICKITCHENS-2C. We also de-
scribe the implementation details of our proposed real-world audio-visual corruptions, and
show visuals of EPICKITCHENS-2C.

2. In Section[A.2] we dive deep into the architectures and implementation details of all the
supervised and self-supervised audio-visual models that are used for our study. We discuss
the training settings of supervised models on Kinetics-Sounds, which is then used for
evaluation purposes on KINETICS-2C. We also give details of the online TTA methods that
are used.

3. We give a complete formulation of AV2C in Section[A.3] Section [A.4] has other detailed
results from the main paper. We also touch upon other experiments-a subjective test on
humans (Section[A.3)), audio-visual retrieval (Section[A.6), and the recognition performance
of audio-visual large language models (Section[A.7).

A.1 Proposed Benchmark: AVROBUSTBENCH
A.1.1 Datasets

As mentioned in the main paper, AVROBUSTBENCH consists of four benchmark audio-visual
datasets, AUDIOSET-2C, VGGSOUND-2C, KINETICS-2C, and EPICKITCHENS-2C, constructed
from the test sets of popular audio-visual datasets: AudioSet [24], VGGSound [10], Kinetics-Sounds
[3]], and Epic-Kitchens [[16], respectively. These datasets span diverse domains, environments, and
action categories, offering a broad and realistic evaluation suite for audio-visual recognition models.
AudioSet is one of the largest audio-visual datasets in terms of training samples. It is released as
YouTube URLs, and after filtering out invalid URLs, AUDIOSET-2C contains 16,742 audio-video
test pairs. Each clip is roughly 10s and spans 527 classes. Due to its multilabel nature, mean average
precision (mAP) is the standard evaluation metric. VGGSound consists of roughly 10s of YouTube
videos spanning 309 classes, including human actions. After filtering invalid URLs, VGGSOUND-2C
contains 14,046 test pairs. From Kinetics-Sounds’ test set, we construct KINETICS-2C, comprising
YouTube videos capturing a diverse range of human actions. KINETICS-2C contains 3,111 clips
across 32 classes, each around 10s long. EPICKITCHENS-2C is the corrupted test set of Epic-
Kitchens that has 205 egocentric video clips capturing daily kitchen tasks of an average duration of
7.4 mins each. We follow the protocol, as set by [[16], for action evaluation. Each action is uniquely
defined by a combination of a “Verb" and a “Noun". In the main paper, we give a summary of the
number of samples and classes.

We adopt the standard evaluation protocol for robustness, as outlined in [23} 38]], and introduce
real-world audio-visual corruptions that are applied simultaneously to both modalities during testing.
Each corruption type is used with a specific severity level sampled from a fixed scale (typically 1-5),
ensuring consistency across evaluations. Visual corruptions are applied to every frame in the video,
while audio corruptions are added directly to the video’s corresponding audio waveform.

The corruptions are chosen to reflect real-world challenges. They are designed to be co-occurring and
correlated, mimicking the natural interplay of noise that might affect both modalities in deployment
settings like autonomous vehicles or wearable devices. To facilitate further research, we also release
the code, enabling easy reproducibility and extension of the benchmark.

A.1.2 Implementation of Audio-Visual Corruptions

Here, we provide the implementation details of the audio-visual corruptions. As mentioned earlier,
we group the 15 corruptions, each spanning 5 severity levels, into three categories, i.e., Digital,
Environmental, and Human-Related. In total, we propose 75 audio-visual corruptions.

* Digital: For visual corruptions, we adopt the exact implementations of Gaussian, Impulse,
Shot, and Speckle from ImageNet-C [38]. For Compression, we utilize the JPEG-based
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compression proposed in the same work. Throughout, we apply audio corruptions at
signal-to-noise ratios (SNRs) ranging from 40 to O in intervals of 10, where a lower SNR
corresponds to higher corruption severity. For example, a severity level of 5 indicates an
SNR of 0. In the case of Gaussian, we generate a noise vector matching the shape of the
audio signal, sample it from a standard normal distribution, scale it according to the desired
SNR, and add it to the original audio waveform. For Impulse, we sample a salt-and-pepper
noise vector based on a uniform random mask. For Shot, zero-mean Poisson noise is derived
from the normalized audio waveform. In Speckle, we multiply zero-mean Gaussian noise
element-wise with the audio waveform to create speckle distortions. For each corruption
type, the noise is scaled using the audio signal power P;;, and the raw noise power F,,
both computed as the mean squared amplitude of their respective signals. The noise scaling

factor /3 is computed as 4/ 1051&%’ making sure that the noise meets the desired SNR,

i.e., severity. Then, the scaled noise (3-noise) is added back to the original audio waveform.
For audio Compression, we control the severity based on the bitrate quantization levels,
computed as 2° where ¢ € [24, 16, 8,4, 2]. A severity of 5 would refer to bitrate levels of 4.
We split the mono waveform into fixed-size blocks of size 1024, apply an orthonormal DCT
to each block, normalize, and quantize its coefficients to the required bitrate level. We then
reconstruct the audio waveform via inverse DCT before concatenating the blocks.

» Environmental: The visual corruptions in Snow, Frost, and Spatter are directly taken from
the implementation in [38]. For Wind, we use the implementation of "Motion blur", as in
the same work. For the visual effects of Rain on video frames, we control the severity based
on droplet density, scale, zoom factor, threshold, motion-blur settings, and blend weight. A
monochrome rain mask is generated by sampling Gaussian noise, applying a clipped zoom
to cluster droplets, and thresholding to isolate individual raindrops. We also add a tinted
bluish color by expanding it into the RGB channels with custom scaling factors. Similarly,
for Underwater, we control the severity based on Gaussian blur kernel size, red-channel
attenuation, contrast reduction, and haze intensity. These are used to mimic light absorption
and scattering underwater. We first reduce the red channel by the red-channel attenuation
factor to simulate the color shift, then apply a Gaussian blur to soften edges as light diffuses.
Additionally, the contrast is lowered via linear scaling, and a semi-transparent white haze
overlay, based on the haze intensity, is blended in.

As mentioned in the main text, we borrow recorded samples from Freesound for the audio
corruptions. We ensure that their sampling rates match those of the target audio and are
converted to mono. Each corruption is overlaid directly onto the waveform, with its intensity
precisely controlled by the specified SNR (severity), as in the case of Digital. To introduce
diversity within each corruption type, we avoid using a fixed noise pattern across all audio
samples. Instead, for every corruption, we randomly select one noise sample from a pool
of N options, where N € [15,5,8,8,8,31] for Snow, Frost, Spatter, Wind, Rain, and
Underwater, respectively.

* Human-Related: We introduce human-level corruptions that closely reflect real-world condi-
tions. In the Concert setting, we adopt the “Brightness” visual effect from ImageNet-C, and
overlay loud music samples from Freesound as the audio corruption, with severity controlled
via the SNR. For Smoke, we simulate grayish visual effects by generating a Gaussian-blurred
noise map, scaled by a factor to control the standard deviation and replicated across RGB
channels. Corresponding audio corruptions use recorded smoke alarms and loud sirens
from FreeSound. For Crowd, we project random human occlusions onto a video frame.
The size of the occlusion denotes the severity of it. We place it at a random location, and
blend it over the original frame. For an audio effect, we overlay random crowd noises from
FreeSound. For Interference, we randomly rotate a video frame with the angle sampled from
(—(6 x a+5), +(6 x a+5)) in degrees where « is the severity. So, for an v of 5, a video
frame could be randomly rotated between -35 to 35 degrees. We randomly silence a frac-
tion of the audio (a higher severity denotes more silencing) between [0.1,0.2,0.3,0.4,0.5].
Throughout this group, we make sure that, for each introduced audio corruption, we have
diverse noise patterns within the same task/corruption as in Environmental.

The full code implementation is released here: https://github.com/sarthaxxxxx/AV-C-Robustness-
Benchmark/tree/master
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A.1.3 Visualizations

In Figure[7] we showcase sample visual corruptions from EPICKITCHENS-2C. For the full audio-
visual experience, we urge the reader to see and hear the difference in action by watching our demo
on YouTube: https://www.youtube.com/watch?v=hYdcRO3BulY|

Impulse Shot Speckle  Compression

Gaussian

Frost Spatter

N A \

Underwater Concert

a

Figure 7: We sample a random video frame from Epic-Kitchens [16] and show visualizations
of the proposed 15 audio-visual corruptions on it, at a severity level of 5. This constitutes
EPICKITCHENS-2C.

) Smoke

A.2 Implementation Details
A.2.1 Models

On AUDIOSET-2C and VGGSOUND-2C, we directly infer using supervised models like UAVM
[28], CAV-MAE [30], and EquiAV [50]. UAVM employs modality-specific transformers that process
audio and video features in parallel. Audio and video features are extracted via ConvNeXt-Base
[59] backbones for spectrograms and frames, respectively, before being fed into their respective
transformers. A shared transformer is then applied twice (once per modality), and the resulting logits
are averaged, followed by a softmax to produce final predictions. CAV-MAE has separate audio
and visual encoders that process spectrograms and a randomly sampled video frame, respectively,
followed by a joint encoder trained through contrastive learning on audio-video masked tokens. Since
pre-trained weights for Kinetics-Sounds [3]] are not publicly available, we adhere to the recommended
training recipes from the cited works. We then use the respective trained models for inference
on KINETICS-2C. The training details are provided later. In addition to these models, we also
self-supervised models like AudioCLIP [33], ImageBind [26], and Wav2CLIP [93]. Since our focus
would be on their respective audio and visual encoders, this would allow us to gauge their robustness
to the proposed corruptions. For experiments on EPICKITCHENS-2C, we conduct evaluations using
TIM [8]] and TBN [48]], as supervised models, following their official methodologies. TIM processes
both modalities through separate encoder streams before applying cross-modal attention to capture
the intricate relationships between sounds and visual actions typical in kitchen environments. We use
the same feature extraction pipeline with Omnivore and VideoMAE-L [87]] for visual features
and Auditory SlowFast [49] for audio features. The model encodes time intervals from each modality
as queries to identify actions occurring during specific timeframes. TBN performs mid-level fusion
of video frames and audio within temporal binding windows. We corrupt the frames and audio during
inference time and feed them directly into the model for prediction.
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Predictions from self-supervised models. For AudioCLIP and ImageBind, we sample a single
frame from the video to extract f,,, while Wav2CLIP operates over a tensor of video frames. Audio
features f, are extracted accordingly, ensuring sampling rates align with each model’s specifications.
To obtain the text features {ftyc}gzl, where f; . is the text feature of class ¢ out of C classes, we
compute the audio-text (S*) and image-text logits (SV?) as,
Sa’t: <fa7ft,c> Sv’t: <fv7ft,c> (1)
||fa||2'||ft,c |2 7 ‘|f1)”2'||ft,c|‘2

‘We then compute to obtain the averaged logits of class c¢. Applying a softmax operation
over all classes yields the final likelihood of each audio-visual pair.

Sty gust

Prompt Templates. We use the default prompt templates provided with each zero-shot model.
In the main paper, we also show that different prompt templates for ImageBind yield minimal
improvements.

A.2.2 Training settings of supervised models for KINETICS-2C

CAV-MAE consists of 11 transformer layers per modality to extract features from both audio and
visual inputs. 10 frames are sampled from each clip, and one frame is randomly selected as input
to the visual transformer encoder. For the audio stream, the 10 s waveform is converted into a
spectrogram, which is then passed through the audio transformer encoder. During the fine-tuning
phase on Kinetics-Sounds, following the CAV-MAE setup El, we freeze the pretrained visual and
audio encoders from the pretrained model CAV-MAE-Scale++ and add a randomly initialized MLP
classifier on top with 32 classes. The resulting fine-tuned model is treated as the source model
for experiments in online TTA. For input normalization, we set the dataset mean to -5.081 and the
standard deviation to 4.4849, following [97]]. We use a learning rate of le-4, a batch size of 48, and
train for 10 epochs.

During pretraining, EquiAV processes 10 s video clips, where the visual stream involves sampling
frames and applying spatial augmentations, while the audio stream is converted into spectrograms
and undergoes temporal augmentations. We use the AudioSet-2M pretrained model as the backbone
and add newly initialized layer for the fine-tuning stage. We fine-tune it on the Kinetics-Sounds
training set with both audio and visual data under multi-modal mode. The model is trained for a
maximum of 50 epochs with a learning rate of 1e-4. For input normalization, we use the same dataset
mean and standard deviation as in CAV-MAE.

In UAVM, audio features are extracted using an AudioSet-2M pretrained ConvNeXt-Base, while
visual features are obtained using the official ImageNet-pretrained ConvNeXt-Base. UAVM model
consists of three modality-specific Transformer layers, followed by three shared Transformer layers.
For each input sample, a separate forward pass is performed for the audio and visual modalities, and
the predictions from the two passes are averaged to produce the final fused prediction. We use a
learning rate of le-4, a batch size of 144, and train for 10 epochs. During training, each iteration uses
only one modality, with a 50% chance of selecting either audio or video.

A.2.3 TTA settings

Source [30] Following the audio-visual TTA protocol set by [97]], we use CAV-MAE [30] as the
source model. For experiments on VGGSOUND-2C and KINETICS-2C, as the initialization, we use
pre-trained weights from VGGSound and Kinetics-Sounds (as mentioned in[A.2.2), respectively, and
do a direct inference on a test-batch.

TENT [90] Following [0} 97|, all the LayerNorm parameters of the CAV-MAE audio, visual,
and joint encoder are updated by minimizing the Shannon entropy [79] of model predictions. For
VGGSOUND-2C and KINETICS-2C, we optimize with Adam using a learning rate of le-4.

RPL [73] The LayerNorm parameters of the CAV-MAE model are updated using the generalized
cross-entropy loss. We use an Adam optimizer and a learning rate of le-4.

EATA [66] On VGGSOUND-2C and KINETICS-2C, we use an Adam optimizer with a learning
rate of le-4. The entropy threshold is set 0.4 x log(C), where C refers to the number of class labels.

*https://github.com/yuangongnd/cav-mae
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Since the source data is unavailable, we do not use the Fisher regularization to minimize forgetting of
source domain knowledge.

SAR [67]] The LayerNorm parameters of CAV-MAE are updated using the Adam optimizer with a
fixed learning rate of le-4. For stable entropy minimization, we adopt the same confidence threshold
as in EATA [66]], while a threshold of 0.2 is used for model recovery. The exponential moving average
(EMA) coefficient for model predictions is set to 0.9.

READ [97] Following their original implementation, the QKV parameters of CAV-MAE’s joint en-
coder are self-adapted based on a confidence-aware and balancing loss function. A confidence thresh-
old of % is used. We use the Adam optimizer with a learning rate of 1e-4 for both VGGSOUND-2C
and KINETICS-2C.

SuMi [34] LayerNorm parameters are updated based on Adam using learning rates of le-4 and le-5
for KINETICS-2C and VGGSOUND-2C respectively. The multimodal threshold [66] is set to 0.4 x
log(C). As per their recommendation, a mutual information loss is applied for every half iteration.
All other dataset-specific hyperparameters are set based on the original work.

Note: To be uniform, all of our TTA experiments are done with a batch size of 16.

A.3 AV2C - Our proposed TTA method

Our proposed online TTA framework, AV2C, consists of two key areas. The first area emphasizes
efficient audio-visual cross-modal fusion at test-time. Let f, and f, represent the audio and visual
embeddings, respectively, obtained from the modality-specific encoders of the CAV-MAE source
model [30]. To enable fine-grained integration across modalities at the token level, we concatenate
these embeddings to form a joint representation: fq, = [fa; fo]

Inspired by READ [97]], a simple proposal for good, reliable, and on-the-fly fusion is to modulate
the attention parameters of the joint-encoder, which dynamically re-weights modality contributions,
enabling more robust integration under distribution shifts. Formally speaking, let w, wy, and w,
denote the weight matrices of the query, key, and value parameters of the attention block in the joint
encoder. And, let by, by, and b, be their corresponding biases. So, the attention matrices are,

Q= faqu+bq 2)
K = faoWk + by (3)
V = faru Wq) + b'u (4)

Throughout, Q, K, and V are adapted at test-time with all other model parameters being frozen
and fixed to the default source weights. With Q, /C, and V being adaptive, both self- and cross-
attention are computed at the token level to dynamically capture and integrate modality-specific and
modality-shared information, enabling robust fusion under distribution shifts.

However, under simultaneous distributional shifts in both modalities, the input token quality may
degrade significantly, resulting in unreliable attention computations and elevated model uncertainty.
To address this, in the second area, we adapt the attention parameters Q, K, and V at test time by
selectively updating them based on confident predictions. Inspired by the loss formulation in [66], we
apply entropy minimization but only on low-entropy (i.e., high-confidence) samples. This selective
update strategy ensures stable and reliable adaptation without propagating noise from uncertain
predictions.

We minimize a weighted Shannon entropy [[79] of model predictions, as an unsupervised objective.
That is, the optimization based on the entropy H(x) at time-step ¢ is,

—

argmin — n(z)H (z) )
0
= arg;nin — () > plye = c|x)logp(y, = c | z) (©)
ceC

—

where, C is the complete set of classes and p(y;|z) is the probability of output logits. () is a penalty
on the entropy of model predictions and 6 refers to the set of O, C, and V as the model parameters .
To penalize high-entropy samples, we first compute an entropy-based threshold 7c,,+ () as,
1
en =———— 1 z 7
Nent () oxp(H(z) — Hy) @< O
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Figure 8: Over time steps (t) during online TTA, AV2C begins to mitigate the modality bias. VGGSound
[10] is audio-dominant, i.e., audio has task-specific information. AV2C begins to put more self-
attention and cross-attention weights on audio. Average attention weights are computed across
12 heads from 1 block of CAV-MAE’s joint encoder for a batch size of 64. The numbers indicate
averaged attention, scaled by 10,000. We show Gaussian on VGGSOUND-2C.

With H(x) being the entropy and H; being a fixed threshold, we see that high-entropy samples are
penalized more and excluded from the adaptation process. Essentially, samples with low-entropy
predictions are more reliable and contribute more effectively to the audio-visual TTA process.
However, simply using all low-entropy samples may introduce redundancy, as similar inputs often
yield similar gradients, which could hurt adaptation. To promote diversity among the selected samples,
we introduce a filtering mechanism. Specifically, we maintain a running exponential moving average
of the model’s predicted class probabilities across recent batches, denoted as k, up to the current time
step t. For each incoming test sample, we compute the cosine similarity between its prediction and &
to assess redundancy and retain only sufficiently dissimilar (i.e., diverse) low-entropy samples for
adaptation. That is,

14(%) = Loy o) By <} (7) ®)

—

where, sim refers to the cosine similarity and p is a threshold. Overall, 7(x) = nent (2)-na(2).

Overall, our proposed TTA method AV2C, is a simple audio-visual TTA approach, inspired by
[97.166]. It focuses on performing on-the-fly cross-modal fusion with the Q, K, and V weights being
updated based on reliable multimodal samples. Our goal is to push and give new directions for using
AVROBUSTBENCH to understand and to inspire the development of more robust adaptation strategies
in real-world settings. In our experiments, we set Hy to 0.4 x log(C), following EATA [66], and p is
set to 0.05. We update the attention parameters with a learning rate of le-4 for VGGSOUND-2C and
3e-4 for KINETICS-2C using the Adam update rule, with a batch size of 16.

e AV2C minimizes modality-bias. From Figure [8| we observe that on VGGSOUND-2C, which
contains dominant task-specific audio cues [[L0] and with both modalities corrupted, the model
gradually increases its attention to the audio tokens to perform better recognition.

A.4 Additional Results

A.4.1 Corruption specific results on AUDIOSET-2C, VGGSOUND-2C, KINETICS-2C, and
EPICKITCHENS-2C

In Tables E] and we report the direct inference results of supervised (UAVM [29], CAV-MAE [30],

EquiAV [50], TBN [48], and TIM [8]]) and self-supervised models (AudioCLIP [35], ImageBind [26],
and WavCLIP [93]) at a corruption-specific level/task.
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Table 9: Metrics of audio-visual models evaluated on AUDIOSET-2C, VGGSOUND-2C, and
KINETICS-2C at a severity level of 5. For AUDIOSET-2C, we report the mean of MAP, while
for VGGSOUND-2C and KINETICS-2C, we report the accuracy (Acc).
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Table 10: Metrics of TBN

[48] and TIM [8] evaluated on EPICKITCHENS-2C at a severity level of 5.
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TBN [48](Noun) | 23.32 2226 2346 1630 1991 21.68 28.05 25.67 36.05 26.16 2042 2795 1722 3540 41.32 | 25.68
TBN [48](Verb) | 5445 5392 5388 4280 3895 51.26 5575 5477 59.75 5285 50.22 53.03 4489 5880 60.34 | 52.38
TIM [8] (Noun) | 42.58 50.77 53.50 58.08 50.02 45.81 4334 5485 41.16 50.61 4373 61.59 4535 4430 54.71 | 49.36
TIM [8] (Verb) 65.13 68.72 70.57 7276 68.89 63.02 6037 71.62 62.62 6571 6574 7413 60.63 63.00 6537 | 66.55

A.4.2 AUDIOSET-2C and KINETICS-2C- Relative robustness for different severities

In Figures [0 and [I0] we illustrate the effect of corruption severity on relative robustness on
AUDIOSET-2C and KINETICS-2C. Our findings remain the same-model robustness declines with an
increase in corruption severity.

Gaussian Impulse Shot Speckle Compression
15 1.5 1.5 1.5 1.5
1.2 1.2 é.gL i 12 1.2
Q0.9|8—8—0 Q0.98—e—o Q0.9/8—8— Q.0.9(8—0— Q0.9
0.6 . 06 —| 0.6 e Yo St Yo
0.3 0.3 0.3 2 03 0.3
1 2 3 4 5 1 2 3 4 5 1 2 3 4 5 1 2 3 4 5 1 2 3 4 5
Severity Severity Severity Severity Severity
Snow Frost Spatter Wind Rain
15 1.5 1.5 1.5 1.5
1.2 12| 12 1.2 1.2
Q0.9 —e—o Q0.9 —e—9 | Q09 F—0—0p | Q0.9 —g .| Q0.9 S
0.6 ol 06 2 06 2 06 ~e| 06 ~
el 2 2 2
0375373 5 03T 73 3 75 03T 737 3 735 03T 3 3 735 03T 3 3 7 35
Severity Severity Severity Severity Severity
Underwater Concert Smoke Crowd Interference
1.5 1.5 1.5 15 1.5
12| 1.2 1.2 1.2 1.2
Q0.9|%——e—_ Q09T T | Q09 —e—s Q0.9 F—a—| Qpg—t—t—r—s
0.6 ~=g| 0.6 0.6 =3/ 0.6 0.6
2 el el 2 2
03733 45 937 73375 37 73335 03%Ft 3 3 2735 937 3 3 7 5
Severity Severity Severity Severity Severity

Figure 9: Relative robustness (p) on AUDIOSET-2C. We show the performance of CAV-MAE,
, ImageBind, and Wav2CLIP. The x-axis denotes corruption severity, and the y-axis

denotes p.
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Figure 10: Relative robustness (p) on KINETICS-2C. We show the performance of CAV-MAE,
EquiAV, , ImageBind, and Wav2CLIP. The x-axis denotes corruption severity, and the
y-axis denotes p.

A.4.3 EPICKITCHENS-2C- Relative robustness for different severities

On similar lines, we illustrate the effect of corruption severity on the relative robustness of TBN [48]]
and TIM [8] on EPICKITCHENS-2C in Figure[TT]

Table 11: In a continual setup, with no model reset, the performance gap between mean accuracy
by TTA baselines and the source model’s accuracy on VGGSound (65.50%) and Kinetics-Sounds
(88.10%), widens drastically. CAV-MAE [30] is the source model initialized by VGGSound/Kinetics-
Sounds weights’. We report mean accuracy (%) on VGGSOUND-2C (top) and KINETICS-2C
(bottom) at a severity of 5 with a batch size of 16. Source denotes the direct inference of CAV-MAE.
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Source [30] {20.39 23.73 20.72 25.34 17.26 25.07 46.82 48.46 50.17 29.89 42.19 47.61 32.93 47.71 54.88 |35.54
TENT [90] | 1.04 033 033 036 038 033 033 033 033 033 033 033 033 033 033 038
READ [97] [38.30 35.53 36.12 30.08 18.13 35.54 41.65 42.82 42.74 35.79 37.93 38.92 37.11 40.93 43.12 |36.98
SuMi [34] [22.24 22,90 21.83 23.29 16.79 12.97 44.99 47.30 48.70 15.74 40.68 46.46 28.57 46.57 54.51(32.90

Av2C 38.34 38.35 39.00 34.52 21.83 40.06 47.20 48.63 49.20 42.29 44.28 46.66 44.20 49.70 50.33 |42.31

Source [30] [51.34 48.82 51.27 46.90 44.88 47.88 59.97 63.16 68.76 58.54 61.51 66.80 48.15 74.81 79.44 |58.15
TENT [90] [42.45 1131 5.65 426 3.60 333 359 3.14 3.17 3.14 3.18 3.14 3.14 3.18 3.17 | 6.88
READ [97] |53.18 53.01 54.39 44.25 37.36 35.21 43.02 37.18 33.77 14.27 20.08 20.05 13.84 23.88 24.66 |33.85
SuMi [34] [49.07 46.46 40.06 32.71 34.27 2299 1144 427 3.69 3.17 324 317 317 3.17 33 |[17.79

Av2C 51.71 53.50 54.45 52.87 35.61 5225 65.75 61.13 69.92 61.21 61.04 68.00 55.00 75.12 78.64 |59.75

KINETICS-2C [VGGSOUND-2C

A.4.4 Continual Online TTA

Online TTA focuses on adapting a pre-trained source model to a single target domain at a time.
However, this assumption is often unrealistic in dynamic, real-world settings where models encounter
sequences of non-stationary and evolving target domains with rapid shifts in test distributions and no
knowledge of task boundaries [92]. In such a case, there are two potential challenges. The first is
catastrophic forgetting [131]]. Due to continual model parameter updates on long sequences of tasks
involving unlabeled data of different distributions, there is a long-term loss of the model’s source
knowledge. The second challenge is error accumulation. As updates happen on noisy test data, errors
in early adaptation steps can propagate and compound over time, leading to significant degradation in
performance.

31



Gaussian Impulse Shot Speckle Compression

1.1 1.1 1.1 1.1 1.1
0.9 0.9(8= —3— 0.9 \\.;;* -/ 0.9 = 0.9 <g—o
Q0.7 — Q0.7| . Q0.7 Q0.7 Q0.7
0.5 -3 Tos T ey o *—| 05 0.5
03753 735 03y 3 375 03T 3375 03xT 3 3735 03T 3 3 7 5
Severity Severity Severity Severity Severity
Snow Frost Spatter Wind Rain
1.1 1.1 1.1 1.1 1.1
0.9 098333 0.9(0=g—e—4—3 0.9 0.9 —=8—¢ o
Q0.7 .\Ft s Q0.7 — e 4| Q0.7 \*\\ Q0.7 Q0.7 R
0.5 e 05 05 05 05
2 2
0373 35 937 3 3 75 03T 733 75 03T 373 3 75 03T 33 7 5
Severity Severity Severity Severity Severity
Underwater Concert Smoke Crowd Interference
1.1 1.1 1.1 1.1 1.1
0.9 =34 09" =—t——% 09 0.9% 0.9/8—t=8=5—y
Q0.7 Q0.7 T 207|% Q0.7 Q0.7
0.5 0.5 0.5 0.5 0.5
2 2 2
0373 735 937 3 3 75 03T 73375 03T 373 3 75 031 33 7 5
Severity Severity Severity Severity Severity

Figure 11: Relative robustness (p) on Epic-Kitchens-2C (EPICKITCHENS-2C). We show TBN
(Noun), TBN (Verb), TIM (Noun), and TIM (Verb). The x-axis denotes corruption severity; the
y-axis denotes p.

In this section, we extend our study of online TTA to a continual setting where the CAV-MAE source
model is not reset at any point in time or after any domain, and being continually fine-tuned to
the tasks. We present the results in Table Experiments are performed on VGGSOUND-2C and
KINETICS-2C.

A.5 Subjective Evaluations - Humans are very effective in recognizing corrupted audios and
videos

Motivation. Geirhos et al. [21]] demonstrate a notable gap between human and model robustness
on noisy images. From an audio-visual standpoint, humans naturally integrate cross-modal cues
to interpret and learn from their surroundings [82]]. We bridge the two ideas to study this from a
subjective point of view.

Setup and Participants. We recruited 30 volunteers from diverse backgrounds, with most participants
falling within the 18-50 age range. This recognition study aimed to evaluate the effectiveness of
AVROBUSTBENCH and investigate human performance under severe audio and visual distributional
shifts. The central question we sought to answer was: Can humans still reliably recognize when both
modalities are corrupted? If so, this underscores the importance of developing models that are not
only robust but also adaptive to the challenges of an open and dynamic world.

To begin our experiment, we designed a user-friendly interface. From the VGGSOUND-2C dataset,
we manually sampled 30 challenging videos with each featuring overlaid corrupted audio and drawn
from any of the 15 proposed audio-visual corruptions at a severity level 5. We choose a small subset
to not overburden a participant. For each instance, each participant was shown a corrupted video
alongside a set of 20 plausible labels and asked to select the one that best described the action
depicted. We did not show all the 309 labels since that would have made it even more challenging.
Each participant, on average, took about 20-30 seconds to identify the action in a video.

Results. We discuss the results here. Averaged across all the participants, the reported human
accuracy was ~89%. Qualitatively, we observed that participants found Digital-ly corrupted videos
slightly difficult to recognize. The participants did mention that, depending on the video, they relied
on the audio or visual cues to identify an action. Likely, since there is a pixel-level and frequency-level
disturbance, this hindered human recognition. Similar to our findings, videos with Human-related
corruptions were very easy to identify. These corruption types are often observed and are familiar by
humans. The major takeaway from these experiments is that human perception remains robust under
many real-world corruptions. This highlights the importance of designing audio-visual models that
can similarly adapt to and withstand such conditions in open-world environments.
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A.6 Audio-Visual Retrieval - Cross-modal correspondence is hampered drastically

Table 12: Models struggle to maintain cross-modal correspondence under AV corruptions at test-time.
Numbers report retrieval recalls (R@1, R@5, R@10) for Visual—+Audio (left) and Audio— Visual
(right) on AUDIOSET-2C and VGGSOUND-2C subsets. We report the mean metrics across the
proposed 15 tasks, computed at a severity of 5. “Clean" refers to the original test sets. We use

CAV-MAE [30] as the pre-trained model.
VGGSOUND-2C Audio— Visual AUDIOSET-2C VGGSOuUND-2C

Visual—Audio AUDIOSET-2C

R@l R@5 R@I0|R@I R@5 R@I0 R@] R@5 R@I10| R@l R@5 R@I0
Clean 16.63 35.71 45.15 | 12.62 28.48 37.00 Clean 13.41 29.42 3836 | 12.76 2843 36.36
Across 15 tasks 097 294  3.33 1.51 457  6.60 Across 15tasks 091 269 406 | 224 6.72 10.24

While CAV-MAE [30] claims to learn rich joint audio-visual representations, we now investigate
whether such a supervised pre-trained model can effectively capture audio-visual correspondences
under real-world distributional shifts at test-time. Here, we study audio-visual retrieval, which relies
on semantic alignment between audio and visual content for cross-modal search. Following the setup
from CAV-MAE, we uniformly sample pairs from AUDIOSET-2C and VGGSOUND-2C, creating
subsets of 1,725 and 1,545 samples, respectively. Retrieval performance is evaluated using cosine
similarity between the modality representations and reported as retrieval recall at ranks 1, 5, and
10. The results of audio—visual and visual—audio are reported in Table [I2] Given a corrupted
query modality, we retrieve the other modality. We report metrics on a clean subset, which may
slightly differ from the original CAV-MAE due to variations in the test subsets and YouTube URL
availability. However, the main takeaway lies in the large recall gap between clean subsets and the
average performance. On AUDIOSET-2C and VGGSOUND-2C, R@]1 drops by 15.66% and 12.5%

respectively.

Table 13: Metrics of audio-visual LLMs evaluated on VGGSOUND-2C and KINETICS-2C at a
severity level of 5 for action recognition. We report the accuracy (Acc) on each task. For comparison,

we also provide the performances on the clean/original test sets.
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[®]
VideoLLaMA-2 [12] | 20.73 3849 1481 4270 3991

18.78 2893 3889 39.62 2455 30.03 4352 2541 50.01 50.99 | 55.80
539 491 318 268 5.6l 3.61 7.50  9.13 | 11.87

VGGSOUND-2C b 4aGPT 83 390 700 309 771 685 204 549
Kinprics.oc  VideoLLaMA2[IZ] [ 2167 2494 2476 4291 5384 4841 4677 6095 4278 5535 4481 6644 1800 6683 6978 | 7637
NETICS PandaGPT [§3 694 768 73 1067 909 636 816 1067 91 627 672 1530 720 1328 1619 | 2224

A.7 Robustness of Audio-Visual LLMs

Given the success of Multimodal Large Language Models (MLLMs) [98] in various understanding
tasks, we touch upon and explore their robustness on our proposed audio-visual datasets. Specifically,
we use Audio-Visual LLMs (AVLLMs) i.e. VideoLLaMA-2 [[12] and PandaGPT [83]] for the audio-

visual recognition task on VGGSOUND-2C and KINETICS-2C.

The evaluation approach of these multimodal LLMs differs slightly from the supervised and self-
supervised models discussed in the main paper. These MLLMs take audio-visual and a text query
input. For example, we prompt the model with : "Which class of VGGSound does this video belong
to?" The model generates a textual output, which we compare against class labels using cosine
similarity. To do this, we encode both the predicted output and the class labels using the CLIP text
encoder and compute similarity scores. The highest similarity label is considered the predicted label

for this specific audio-visual pair.

Since KINETICS-2C has 32 labels, we use the following prompt during inference with MLLMs:
"Which of the following actions best describe the content of this video? Choose one from the list
below: [labels]. " The model generate a textual response as output. Similarly, we use the text encoder
in CLIP to compute the cosine similarity between predicted and ground-truth labels in the embedding

space to calculate the accuracy.
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The results are shown in Table[I3] Consistent with findings from supervised and self-supervised mod-
els, we observe AVLLMs show large performance degradation under audio and visual distributional

shifts. While effective prompting techniques or other strategies can be explored, we leave that for
future work.
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