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Table Al. Ablation study on the number of temporal layers L.
Results are reported on the total test data.

Table A3. Temporal interactions in intra- and cross- modalities
for model fine-tuning. Results are reported on the total test data.

L ‘ Acc. Seg. Eve. ‘ Avg. Cases ‘ Acc. Seg. Eve. ‘ Avg.
1 67.1 56.9 49.5 57.8 intra only 67.1 56.9 49.5 57.8
2 65.4 56.0 49.2 56.9 cross only 544 459 39.2 46.5
3 62.8 54.0 473 54.7 intra + cross 63.5 54.3 47.1 55.0

Table A2. Ablation study on the employment of the text
other. ‘TF’ and ‘FT’ represent the training-free baseline and
fine-tuning baseline, respectively.

| Data | w. other |  w.background
t

TF | ype | Acc. Seg. Eve.|Avg. | Acc. Seg. Eve.|Avg
|total | 592 467 34.0|46.6|59.1 46.6 338|465
seen 575 450 34.0|45.5|57.5 45.1 34.0|455
unseen | 59.8 47.3 34.0 (47.0| 59.7 47.2 33.7|469
| Data | w. other |  w.background
type

FT | | Acc. Seg. Eve.|Avg. | Acc. Seg. Eve.|Avg

|total | 67.1 569 49.5|57.8|662 56.1 48.5]56.9

72.5 61.8 545|629 |71.8 609 53.7|62.1
649 550 475|558 |639 541 464|548

seen
unseen

A. The number of temporal layers L

Our fine-tuning baseline employs L learnable temporal lay-
ers to enhance temporal interactions within audio and visual
modalities. The results, as shown in Table A1, illustrate
the impacts of varying the number of layers. The model
achieves the highest average performance using only one
temporal layer. Increasing the number of temporal layers
may make the model more complex and lead to overfit-
ting, thus degrading the performance. Consequently, we
identify L = 1 to implement the temporal layer, which is
lightweight and only introduces 8.4M trainable parameters.

B. Further Ablation Study on other

In Sec. 4.3 of our main paper, we have demonstrated that
our baseline models using additional class text ot her out-
perform models that do not use other. Here, we fur-
ther compare the employment of ot her with another op-
tion, namely background. The experimental results are
shown in Table A2. For both the training-free and fine-
tuning baselines, the use of other is slightly better than
background. Compared to background, we speculate
that the text other can further help the model deal with
situations that include other meaningful event classes not
listed in the seen and unseen class texts.

C. Intra-modal vs. Cross-modal temporal lay-
ers

The temporal layers in our fine-tuning baseline facilitate
temporal interactions within the audio and visual modalities
(intra-modal). We also attempted to insert some temporal
layers to capture cross-modal temporal relations. As shown
in Table A3, adding cross-modal temporal layers does not
yield improvements. We speculate that the audio and vi-
sual features extracted by the pretrained ImageBind model
can provide explicit and precise semantics of audio events
and visual events, reducing the need for cross-modal inter-
actions. By focusing on the temporal interactions in intra-
modality, the model can achieve satisfactory performance.

D. Comparison with the CLIP&CLAP

In sec. 4.2, we compare our training-free baseline with an-
other zero-shot approach, CLIP&CLAP. Here, we provide
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Table A4. Comparison between the Training-free baseline with
the variant CLIP&CLAP. The default implementation in our
main paper uses ImageBind [4] to jointly extract multimodal fea-
tures and generate audio-visual event predictions. In contrast, the
separate variant uses the pretrained CLAP [8] and CLIP [6] mod-
els to extract features independently and computes the audio-text
and visual-text feature similarities separately.

Data |

type Acc. Seg. Eve.|Avg. | Acc. Seg. Eve. | Avg.
total 59.2 46.7 34.0|46.6 | 51.5 419 31.7|41.7
seen 57.5 45.0 34.0 455|514 414 319|416
unseen | 59.8 47.3 34.0|47.0|51.6 422 31.6|41.8

ImageBind (joint) | CLAP&CLIP (separate)

more implementation details. The training-free baseline in-
troduced in our main paper utilizes ImageBind [4] to ex-
tract audio, visual, and textual embeddings. It computes
the audio-text and visual-text feature (cosine) similarities
to determine final audio-visual event predictions. We refer
to this strategy as joint since multimodal features are ex-
tracted from a shared feature space. Furthermore, we com-
pare this approach with another variant, where the audio-
text and visual-text feature similarities are calculated using
feature embeddings from separate backbones. Specifically,
for each segment, the pretrained CLAP [8] model is used to
extract the audio and text features to generate the audio-text
feature similarity; the pretrained CLIP [6] model is used to
extract the visual and text features to generate the visual-
text feature similarity. Notably, the text encoders of CLAP
and CLIP models are different, so the text features are ex-
tracted independently. After obtaining the audio-text and
visual-text feature similarities, we identify the event cate-
gories of the audio segments and visual segments based on
the highest similarity values. The final audio-visual event
prediction can be made by comparing the consistency of
the predicted audio and visual event categories. The exper-
imental results are shown in Table A4. The joint baseline
model using ImageBind significantly outperforms the sep-
arate variant, with improvements of 4.9%, 3.9%, and 5.2%
in the Avg. metric on the total, seen, and unseen test data,
respectively. These results indicate the advantages of adopt-
ing a joint feature space for multimodal feature embedding,
which can better capture semantic alignment among multi-
ple modalities for the OV-AVEL task.

E. Zero-shot Evaluation on AVE [7] Dataset

The AVE dataset is constructed for the closed-set AVEL
task [7]. Here, we directly apply our two baseline models
to the test set of AVE dataset in a zero-shot inference man-
ner. As shown in Table A5, the fine-tuning baseline con-
tinues to outperform the training-free version, demonstrat-
ing results competitive with the prior unsupervised state-

Table AS. Zero-shot evaluation on AVE [7] dataset.

Manners Methods Acc.

training-free (our) 54.8
zero-shot fine-tuning (our) 61.9
unsupervised CMLCL [1] 63.2

of-the-art (SOTA) method CMLCL [1]. Notably, CMLCL
still uses unlabeled videos of the training set in the AVE
dataset. Moreover, if further fine-tuning our baseline model
on the AVE dataset, the model can reach 79.6% accuracy
without sophisticated designs, approaching the performance
of fully-supervised AVEL methods [3, 7, 9-11]. Neverthe-
less, we encourage readers to focus on the intrinsic dif-
ferences: our method is designed for the open-vocabulary
AVEL, while prior SOTA methods are tailored specifically
for closed-set AVEL.

F. Class-wise Performance of the Proposed
Two Baselines

In Table 2 of our main paper, we present the overall perfor-
mance of the proposed training-free and fine-tuning base-
lines on the test set. Here, we further report their perfor-
mance on each individual event class. As shown in Fig. A1,
the fine-tuning baseline outperforms the training-free base-
line in most event classes (approximately 56 out of 67)
across all evaluation metrics. This highlights the benefits
of additional fine-tuning on training data. Moreover, we
observe that some event classes, such as slot machine and
chicken crowing, remain challenging for prediction, sug-
gesting avenues for further improvement in future work.

G. More Details on Prompts for adapting
Video-LLaMAZ2 to our OV-AVEL task

In Table 9 of our main paper, we compare the training-
free baseline with an advanced audio-visual LLM, namely
Video-LLaMA?2 [2]. Video-LLaMAZ2 can process video
frames and, more importantly, it can handle general audio
signals that are not limited to human speech, unlike other
audio-visual LLMs [5]. This makes it particularly suitable
for the studied OV-AVEL task. Here, we provide more de-
tails on the prompts for adapting Video-LLaMA?2 for the
OV-AVEL task. Specifically, we tried several prompts and
found the following prompt to be the most robust and ef-
fective for making predictions: “Instruction: For the given
10-second video, divide it into 10 one-second segments. For
each segment, if its audio and visual streams describe the
same event, assign the label “x” as “1”; otherwise, label
this segment as “0”. User request: After processing all 10
video segments, you will obtain a list with 10 elements, each
element being either “1” or “0” according to the above



Instruction. Finally, return the most relevant event cate-
gory of the video from the candidate category list: [“air-
plane flyby”, “ambulance siren”, “arc welding”, “baby
laughter”, “basketball bounce”, “bird chirping”, “bowl-
ing impact”, “cat purring”, “cattle mooing”, “chainsaw-
ing trees”, “chicken crowing”, ...(notebly, all event cate-
gory texts should be listed; here, we omit the remaining ones
for simplicity )]. The output format should be: “ave:” A
python list [x, x, x, X, x, x, X, X, x, x] (replace “x” with “1”
or “0” according to the prediction); Insert a line break.
“class:” the most highly relevant class from the given cate-
gory list (no punctuation needed at the end).” Readers may
directly test this prompt on the official demo website us-
ing Hugging Face platform provided by authors of Video-
LLaMAZ2 [2]: https://huggingface.co/spaces/
lixindever/VideoLLaMAZ2. In this way, we can ob-
tain the audio-visual event predictions of each test video
and compare its performance with the proposed training-
free baseline, as reported in Table 9 of our main paper. Ad-
ditionally, we display some qualitative results in Fig. A2
and Fig. A3 and provide more discussions in Sec. H.

H. Qualitative Results

We finally present some intuitive video examples for OV-
AVEL, as shown in Fig. A2 and Fig. A3. Specifically, we
visualize the predictions generated by Video-LLaMA?2 [2],
along with the proposed training-free and fine-tuning base-
lines. As shown in the figures, the proposed fine-tuning
baseline generally yields more accurate temporal localiza-
tion results for both seen and unseen events/videos. For
instance, in the three examples shown in Fig. A2, Video-
LLaMA?2 tends to predict most video segments as back-
ground, indicating its limitation in accurately perceiving
the audio-visual correspondence at a fine-grained temporal-
level. Although the training-free baseline performs better
than Video-LLaMAZ2, the predictions for some video seg-
ments remain unsatisfactory. In contrast, the fine-tuning
baseline performs better in localizing temporal segments
containing audio-visual events and classifying the event cat-
egories. Similar phenomena can also be observed from
Fig. A3. These qualitative results, along with the quanti-
tative results presented in our main paper, suggest the effec-
tiveness and superiority of the proposed fine-tuning base-
line.
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Figure Al. Detailed performance of the proposed two baselines on each event class.



(a). seen event class: playing violin

Audio
playing violin | playing violin | playing violin playing violin | playing violin playing violin playing violin | playing violin | playing violin playing violin
playlng violin : playing violin | playing violin : playing violin ' playing violin | playing violin

playing violin  playing violin | playing violin: playing violin
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Video LLaMA2 |background background background background background = background

background background background background|

Training-Free |background playing violin ' playing violin ' playing violin ' background ' playing violin

playing violin playing violin | playing violin | playing violin|

Fine-Tuning | playing violin | playing violin | playing violin | playing violin ' playing violin ' playing violin

playing violin ' playing violin | playing violin ' playing violin|

Ground Truth |playing violin | playing violin | playing violin ' playing violin | playing violin ' playing violin

playing violin' playing violin | playing violin playing violin|

(b). seen event class: gibbon howl

Audio
background = background gibbon howl gibbon howl gibbon howl glbbon howl gibbon howl background background background
Visual y = = B < ig = i 2 i | i P pe 4
gibbon howl glbbon howI gibbon howl gibbon howl gibbon howl gibbon howl glbbon howI gibbon howl gibbon howl
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Video LLaMA2 | background  background background background = background gibbon howl background background background background |
Training-Free | gibbon howl background gibbon howl background background gibbon howl background background background background |
Fine-Tuning | background = background gibbon howl gibbon howl gibbon howl gibbon howl gibbon howl background gibbon howl background |
Ground Truth | background  background gibbon howl _gibbon howl _gibbon howl _gibbon howl gibbon howl background background background |
(c). seen event class: race car
Audio I I II I I—I‘"I
background = background background = background race car race car race car race car race car race car
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Video LLaMA2 | background = background = background = background background background background background = background = background |
Training-Free | background background background background background background  race car background background background |
Fine-Tuning | background background background background race car race car race car race car race car race car |
Ground Truth | background background = background = background race car race car race car race car race car race car |

Figure A2. Qualitative examples for seen audio-visual event localization.
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(a). unseen event class: helicopter
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(b). unseen event class: baby laughter
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(c). unseen event class: vacuum cleaner

background = background background = background cleaner cleaner cleaner cleaner male speech male speech
L.
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Figure A3. Qualitative examples for unseen audio-visual event localization.
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