Supplementary Material for Pushing the Frontier of Audiovisual Perception
with Large-Scale Multimodal Correspondence Learning

A. Overview

This supplementary material is organized as follows. We
first discuss the related work in §B. Then we provide the
details of building PE-AV’s audiovisual data engine and
the stage-1 and stage-2 prompts used for generating syn-
thetic captions in §C. In §D, we present details of frame-
level PEA prame, Where we leverage frame-level contrastive
objective to enable fine-grained audio-to-text alignment.
We evaluate PEA_prame in the downstream sound-event-
detection task in §E. In §F, we provide additional imple-
mentation details of PE-AV including the full hyperparam-
eter setup, training recipe (§F.1), and an efficient implemen-
tation (§F.2) to expand sigmoid contrastive loss for audio-
video-text training. We also provide more details for our
evaluation protocol to ensure reproducibility in §F.3. Fi-
nally, we present additional experiments in §G. In §H we
share the qualitative cross-modal retrieval results.

B. Related Work

Learning visual, acoustic, and textual representations has
become central to building multimodal foundation mod-
els for perception. By aligning images, video, audio,
and language in a shared embedding space, contrastive vi-
sion—language and audio—language encoders enable strong
zero-shot performance across diverse benchmarks: zero-
shot audio retrieval on AudioCaps [20, 71, 73], zero-shot
image classification on ImageNet [16], and text-to-video
retrieval [34, 57, 62] on MSR-VTT [78]. Furthermore,
these encoders now serve as critical perception front-ends
for multi-modal large language models (MLLMs) [4, 5, 47,
48, 55, 66, 79].

Vision-Language Representation Learning. Vi-
sion—language contrastive pretraining was established
by early works such as Virtex [17], ICMLM [60], and
ConVIRT [84], and later scaled up by CLIP [34, 57] and
ALIGN [35] on significantly larger datasets and models.
Subsequently, a series of open-weight contrastive mod-
els [22, 42, 62, 65, 77, 83] have been developed to enhance
CLIP’s performance and robustness. Notably, SigLIP [83]
replaces softmax with a sigmoid objective, and FLIP [44]

employs masking to accelerate training. Additionally, re-
searchers have explored incorporating auxiliary objectives,
such as self-supervised losses [36, 51, 52] and captioning
losses [67, 70, 81]. In the data part, a series of works [22,
23, 62, 77] have studied large-scale sourcing and filtering
of web data. These efforts aim to boost model performance
by scaling high-quality data through efficient data curation
strategies. To further improve alignment and reduce noise in
web-crawled data, several works [21, 41, 53, 76] explore re-
captioning training images using MLLMs or VLMs. This
strategy seeks to enhance text quality, thereby strengthen-
ing the robustness of the learned representations.

Recently, Perception Encoder (PE) [7] modernizes
CLIP-style training and, with the Perception Language
Model (PLM) [15] as a video data engine, scales im-
age—video—language pretraining. Building upon PE and
PLM, in this work, we further extend PE to build PE,y, an
audio-video-text encoder by incorporating the audio modal-
ity through model and data scaling with an audio-video data
engine as described in §4.2 and §3 in the Main text.

Audio/Speech Representation Learning. Self-
supervised learning (SSL) has become a dominant ap-
proach for audio representation learning, leveraging large
amounts of unlabeled data. Notable models for speech
representation include wav2vec 2.0 [2], HuBERT [30], and
WavLM [9]. SSAST [26], Audio-MAE [31], data2vec [3],
and BEATs [10] were developed for general audio.
Moreover, MERT [45] and MuQ [86] have advanced
music-domain audio representations. Recent advancements
aim to learn audio representations at lower cost [12, 46]
or across multiple domains within a single model [8].
However, these methods are limited to single-modality
learning and do not use cross-modal information.

Recently, there has also been growing interest in lever-
aging paired audio—text data to better align audio and
text modalities. Inspired by the success of CLIP in
vision—-language learning, CLAP [20] introduced a con-
trastive language—audio pre-training objective; subsequent
work such as LAION-CLAP [73], M2D-CLAP [54],
FLAP [80], and AF-CLAP [24] scaled this paradigm to
more data, added SSL objectives, and incorporated syn-



thetic captions, yielding stronger and more transferable au-
dio encoders (including for LLMs).

Toward Unified Audio—Video-Text Encoders. To move
beyond audio-only or audio—text alignment, several works
exploit the video modality to learn audiovisual representa-
tions. CAV-MAE [27] and MAVIL [32] use video as com-
plementary supervision and show strong results on classifi-
cation and cross-modal retrieval. More recent “hub-style”
approaches such as ImageBind [25], LanguageBind [85],
and InternVid 2 [71] connect multiple modalities via a sin-
gle anchor (image or language), but still suffer from scale
mismatches between modality-pair datasets, which can hurt
less-represented modalities, especially non-speech audio.
In contrast, PEsy focuses on large-scale, language-guided
audiovisual representation learning by utilizing a robust
audio-video data engine. This enables broader coverage of
contrastive objectives, facilitating the learning of more ro-
bust audiovisual and text representations.

Sound Event Detection. Traditional sound event detec-
tion (SED) systems operate under a closed-vocabulary set-
ting, targeting a predefined and limited set of sound classes,
where each class is assigned a binary label at every time
frame [50]. The performance of SED models has im-
proved considerably on small-scale datasets centered on
domestic environments [33, 63, 69]. More recently, self-
supervised learning (SSL) and large-scale pretraining of au-
dio spectrogram transformers have dramatically advanced
SED capabilities, enabling the detection of diverse and
complex acoustic scenes across hundreds of sound cate-
gories [43, 61]. These developments mark a significant shift
from traditional, closed-vocabulary SED to flexible, open-
vocabulary paradigms [28, 75], which aim to identify the
temporal boundaries of any sound event described by natu-
ral language.

C. Audio-Video Data Engine

In the following, we provide details of the prompts and ex-
amples for the stage-1 and stage-2 pipelines used to gener-
ate audio, video, and audiovisual captions using the audio-
video data engine.

C.1. Stage-1 Prompts

The stage-1 prompt used in the data engine is as follows.
We leverage CoNeTTe [40] and ENCLAP [39], as well as
an internal video captioner.

Create primarily visual captions that focus on what can be seen
in the video. Video captions are your reliable source -- ALWAYS
create a caption from them, even if audio doesn’t match. Handle
repetitive video descriptions by summarizing while preserving all
unique details. Audio can optionally enhance but should never
drive the caption. Remember: (1) NEVER output an empty caption
(2) ALWAYS create a caption from video content (3) If audio
doesn’t match, use only video details

Video Caption Principles

e Primary Source: ALWAYS use video captions

* Detail Preservation: Keep all distinct visual elements
* Redundancy: Clean up repetitive descriptions

¢ Flow: Create natural, coherent sentences

Required Output

e Video summary (clean, non-repetitive)

¢ Audio context (if used)

e Visual-focused caption between <BOS> and <EOS>
e Explanation of choices

Example 1

Input: INPUT FOR AUDIO-VISUAL:
e VIDEO CAPTIONS:

— A professional surfer in a black wetsuit performs an aerial
maneuver on a bright red surfboard against massive white
waves.

— An experienced surfer wearing dark gear rides along the crest
of a towering ocean wave on their red board.

— A skilled surfer executes a 360-degree turn while surfing on
crystal clear blue waters.

e AUDIO CAPTIONS (WITH CONFIDENCE LABELS):

— The thunderous crash of ocean waves fills the air
[confidence: HIGH_CONF]

— Cat and dog meowing. [confidence: LOW_CONF]

Main Goal: Create a primarily visual caption that focuses on what
can be seen in the video.
Video Caption Handling:

¢ Video captions are your primary and reliable source -- ALWAYS
use them

* Preserve all distinct visual details (colors, actions, numbers,
descriptions)

e If video captions are repetitive, summarize while keeping all
unique details

e Combine multiple video perspectives into natural-flowing
sentences

Audio Caption Handling (Optional):

¢ Audio is strictly optional -- visual details should stand alone

* Only consider HIGH.CONF audio that directly matches video
content

e When using audio, add it at the end of the caption without
disrupting visual flow

Output:

e Video summary: A professional surfer in a black wetsuit
performs aerial maneuvers and a 360-degree turn on a bright
red surfboard, riding along the crest of towering white waves
in crystal clear blue waters.

¢ Audio summary: Wave sounds [HIGH_CONF] align with visible wave
activity.

e Merged caption: <BOS> A professional surfer in a black
wetsuit executes impressive aerial maneuvers and
a 360-degree turn on their bright red surfboard,
riding along the crest of towering white waves in
crystal clear blue waters. <EOS>

e Explanation: Focused on rich visual details (wetsuit color
specific moves, board color, wave description). Though wave
sounds matched, kept focus on visual elements.



Your task 1is to generate an audio-focused caption from
model-generated video and audio captions for the same audio-visual
input. All video captions are equally likely to be correct. Audio
captions are generated using only audio, and different objects can
produce similar sounds (e.g., machine low hum can be confused with
crickets, lawn mower cutting grass may sound similar to engine
whirring). Sometimes the video and audio may not correspond to
each other as the recorded object may be far away. Consider if
the described sounds are plausible given the video context. Each
audio caption has a confidence label: LOW_CONF, MED_CONF, or
HIGH-CONF: LOW_CONF: This caption is likely incorrect; when only
LOW_CONF captions are present, use details that align with video.
MED_CONF: At least one sound in the caption is correct; others may
be incorrect. Only use details aligned with the video. HIGH_CONF:
Generally reliable caption. Include all information with minor
video-based adjustments. Prioritize over video caption if clear
conflict. Your task is to merge the video and audio captions
into a single caption, focusing on details determinable from
audio. Summarize redundant captions before merging. If captions
conflict, favor HIGH.CONF audio after verifying plausibility.
When only LOW_CONF captions exist, try using common elements with
video to create an audio-focused summary with general details.

Steps

1. Summarize the video captions.

2. Identify the audio captions relevant to the video scene and
summarize them (dropping irrelevant ones). Verify HIGH_CONF
details from given video context.

3. Merge the summarized captions into a single caption, focusing
on plausible audio-based details, ignoring non-audio details

like color.
Keep your answer succinct. Provide: (1) Summarized video
caption.(2) Summarized audio caption. Include all plausible

HIGH-CONF details. (3) A final merged caption enclosed between
<BOS> and <EOS>.

Example 1

Input: INPUT FOR AUDIO-VISUAL:

e VIDEO CAPTIONS:

— A person surfing in the clear blue ocean in front of the large
white waves.

— A tan man is surfing in the middle of the vast ocean and it
starts to wave in the ocean.

— A surfer on a bright red surfboard rides in a towering wave,
then jumps up and starts surfing.

e AUDIO CAPTIONS (WITH CONFIDENCE LABELS):

— The ocean waves can be heard. [confidence: HIGH_CONF]
— Men talking. [confidence: HIGH_CONF]

YOUR TASK:

e Write an audio-focused summary caption.

¢ Summarize redundant or incomplete captions, focusing on details
determinable from audio alone, such as gender, species, or car
model, while ignoring vision-specific details like colors.

e If audio captions conflict, prioritize HIGH_-CONF captions and
include details, even if they seem to conflict with video. Make
adjustments only when video clearly suggests a more plausible
sound source, as the audio source may be off-camera or far away.

* Ignore LOW_CONF.

Include MED_CONF details that seem plausible given the video.

e If no captions remain, create a short summary from the video.
Output empty merged caption like <BOS><EOS> when caption
cannot be created.

Output:

e Video summary: A tan man is surfing in the clear blue ocean
with a bright red surfboard in front of large white waves.

¢ Audio summary: Sounds of waves and men speaking are heard.

e Merged caption: <BOS> A man is surfing in the ocean,
riding large waves, accompanied by the sounds of
waves and men speaking. <EOS>

¢ Explanation: Combining ’ocean waves’ from first audio caption
and ’men talking’ from second caption to summarize using both
HIGH_CONF. Added large waves and man details using video caption
in the merged caption.

You are tasked with generating comprehensive audio-visual captions
that effectively combine information from both modalities. You
will receive model-generated video captions and audio captions,
each audio caption having a confidence label: LOW_CONF,
MED_CONF, or HIGH_-CONF.

Key Guidelines

e Video captions are generally reliable -- ALWAYS use video
information.

¢ Audio captions are based on only audio, and different objects
can produce similar sounds (e.g., lawn mower and car engine).
For audio captions: (1) HIGH.CONF: Include if there’s any
plausible connection to the video context. (2) MED_-CONF':
Use only when clearly complementing video information. (3)
LOW_CONF': Ignore these captions.

e When HIGH_CONF audio seems unrelated to video: (1) Include
both video and audio information. (2) Add note that they might
not correspond.

* Look for creative ways to interpret audio captions in the video
context using generic terms.

* Be generous in finding plausible connections between modalities
by using broader categories. For example: (1) If audio mentions
specific vehicles (car/truck) and video shows any vehicle --
use generic terms like vehicle engine/sounds. (2) If audio
describes water sounds and video shows any liquid -- include it.
(3) If audio mentions speaking/talking and video shows people
-- connect them.

For each input, provide:

¢ Video summary: Key visual elements and actions.

¢ Audio summary: Relevant sounds and speech from HIGH_CONF
captions.

* Merged caption: Natural combination of both modalities between
<BOS> and <EOS>.

¢ Brief explanation of your integration choices.

Remember: (1) NEVER output an empty caption. (2) ALWAYS
include video information. (3) Be generous in finding plausible
audio-video connections. (4) When using unrelated HIGH_CONF
audio, note the potential mismatch.

Example 1

INPUT FOR AUDIO-VISUAL CAPTIONING:
e VIDEO CAPTIONS:
— A drain on a tiled floor shows signs of clogging with debris.
— The metallic drain cover is partially lifted, revealing dirty
water inside.
— The surrounding tiles appear stained and poorly maintained.
e AUDIO CAPTIONS (WITH CONFIDENCE LABELS):

— Water is splashing with a scraping sound. [confidence:
HIGH_CONF]
— People are talking in a foreign language. [confidence:
HIGH-CONF]
YOUR TASK:

e Always create a comprehensive caption using the video
information as primary source.

e For audio captions:

— Use HIGH_CONF audio captions that seem plausible given the
video context.

— Include MED_CONF details only when they clearly complement
video information.

— Ignore LOW_CONF audio captions.

e When video and HIGH_CONF audio seem unrelated:

— Include both video and audio information.

— Note that they might not correspond to each other.

* Never output an empty caption -- always use at least the video
information.

* Be generous in finding plausible connections between audio and
video.

Output:

e Video summary: A clogged metallic drain on a tiled floor shows
debris and dirty water with a partially lifted cover.

e Audio summary: Sounds of water splashing and scraping are
heard.

e Merged caption: <BOS> A clogged drain on a tiled floor contains
dirty water, with splashing and scraping sounds as the water
moves through the debris. <E0S>

e Explanation: Combined visual details of the drain with relevant
HIGH-CONF audio of water and scraping sounds, ignoring
unrelated audio about people talking.



C.2. Stage-1: Synthetic captioning examples

Fig. 1 shows the captions for EnCLAP, CoNeTTE, and our
internal video captioning model. The LLM examples are
shown in the LLM rewrites block of Fig. 1.

C.3. PLM-AYV Training Details

In the warm-up phase we only train a MLP layer on 4M
synthetic captions to project the audio-visual / audio embed-
dings to the same dimensions as LLM embeddings. In the
mid-training phase, we fine-tune the entire model on a 30M
synthetic captions previously described. In the final stage,
we fine-tune on a curated mix of data focused on audio-
visual QA, captioning, instrument recognition, sound tag-
ging, and paralinguistic attributes. Our key goal is to have
a model that can produce an audio caption in natural lan-
guage, or produce a list of sound events in Noun-Verb for-
mat. We additionally focus on improving the understanding
of the acoustic environment. In Tab. 1, we show the perfor-
mance of the PLM-AV models when measured on held-out
Audiocaps [38] and Clotho-V2 [18] datasets. We use CLAP
score from LAION [73] model to measure the quality of au-
dio captions. We find that even in out-of-domain settings
the model produces CLAP scores in the same ballpark as
ground-truth captions.

Dataset Ground Truth PLM-AV (NPVP) PLM-AV (caption)
Audiocaps  0.52 0.54 0.46
Clotho-V2  0.57 0.34 0.54

Table 1. Performance comparison against ground-truth using
CLAP scores from LAION model on AudioCaps and Clotho-V2
datasets. We find that PLM-AV produces high quality tags and
captions even on the out-of-domain datasets.

In addition to improving the audio captions, we include
speech-related attributes—transcript, language ID (LID), and
accent—to enhance PEsy’s capability in speech processing.
We use Whisper Large-v3 and Medium ASR models [58] to
transcribe training audio clips, and keep English-only tran-
scripts and transcripts that the two models agree upon (low
word error rate). Similarly, we create LID labels with MMS
LID models with 126 and 256 languages [56], and keep
the labels where the two models share the top-1 prediction.
For accent labels, we first train an English accent classifier
with Common Voice 13 [1], and use this classifier to pro-
duce accent labels for audio clips with English LID. During
training, we randomly insert transcript, LID, and accent in-
formation into the audio caption. We find that assigning a
subset of the data with transcripts and always replacing the
original audio captions with the corresponding transcripts
helps improve transcript retrieval tasks without compromis-
ing performance on other tasks.

C.4. Stage-2 Prompts

Create a fine-grained caption of a video using the provided
metadata (if applicable), video caption, and frame captions.
Task: Extract key information from the captions and combine it
into an alt text format using single phrase or set of phrases
that includes all relevant details.

Steps to Follow:

e Review the metadata if (title and description) for general
context, you can rely it for entity names but do not rely on
it as the primary source of information for your caption.

e Blend title / description with video caption and frame captions

for the main storyline

Extract the most relevant and concise information.

Combine extracted information into a alt text format using

short phrase or set of phrases with approximately 120 tokens,

considering special characters like comma as part of the token
count.

e Prioritize including all key information over sentence
structure or grammar.

e Minimize the use of special characters and focus of key
information.

What to Avoid:

e Avoid adding or inferring information not present in the
original metadata and captions.

e Avoid using complex sentence structures or prioritizing
sentence flow.

Create a concise caption with the full details of the video based

on the metadata, video caption, and frame captions.

Task:

You are provided with two types of captions for the same video:

1. Video-level captions: A high-level summary of the entire
video.

2. Fine-grained captions:
events within the video.

Goal:

Write a single, concise, and coherent summary that:

e Clearly captures the main events of the video.

* Preserves important actions, objects, and contextual

information from both caption types.

Avoids unnecessary repetition of frame-by-frame details.

Resolves any inconsistencies by prioritizing the video-level

caption, unless the fine-grained caption adds essential

information.

e Is written as a single sentence, not exceeding 72 words.

Input Format:

¢ Video-level captions: <stagel_vcap>

* Fine-grained captions: <plm_vcap>

Output:

A single-sentence summary describing the video.

Detailed descriptions of specific

D. PEA prame: Audio-Frame Level Language
Alignment

Typical language—audio models produce a single utterance-
level embedding (a global token) for each modality. Then,
they apply a contrastive loss to the global class tokens,
which achieves coarse-grained cross-modal alignment but
overlooks fine-grained interactions. As a result, the cor-
respondence between audio at the frame-level and lan-
guage remains underexplored, leading to low performance
on tasks requiring detailed temporal alignment. To ad-
dress this limitation, we propose Perception Encoder Audio-
Frame (PEA_Frame), @ model fine-tuned from PE,y with a
frame-level audio to language contrastive loss.
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a man speaks followed by some crinkling and crumpling (score: 0.48)
a man is speaking and chewing on something (score: 0.57)
The video shows a close-up shot of a man eating a small, round candy. In the background, he sits at a white table. The man has fair skin,
brown hair and a red shirt. He sits at the table with his hands resting on the edge. He holds an orange candy in his hand to the right.
The candy has a blue wrapper with white writing on it. The man puts the candy in his mouth. He chews the candy and swallows it. He
then picks up a brown candy from the table. He puts the brown candy in his mouth. He chews the candy and swallows it. He then picks
up another orange candy from the table. He puts the orange candy in his mouth. He chews the candy and swallows it. He then picks
up another brown candy from the table. He puts the brown candy in his mouth. He chews the candy and swallows it. He then picks up
another orange candy from the table. He puts the orange candy in his mouth. He chews the candy and swallows it. The video ends with
the man chewing the candy.

T TS

a train is chugging along and a steam whistle goes off (score: 0.50)
a person is using a wrench on a typewriter (score: -0.08)

The video shows a train traveling on a track. The train has a large, black engine with a black caboose behind it. The caboose has white
lettering on the side that reads "COTTON BELT” and ”9605.” The train is traveling on a track that runs along the bottom of the frame.
The background shows a sandy area with several pieces of farm equipment. The video begins with the train traveling toward the left side
of the frame. As the video progresses, the train continues to travel along the track. The video ends with the train moving toward the left
side of the frame.

a toy hehcopter is ﬂylng around and maklng a lot of noise (score -0.02)
a whip is being struck in the distance while birds are chirping in the background (score: 0.43)

The video shows a young man playing with a whip in a grassy field. In the background, there is a gravel path and a line of trees with a
house behind them. The man has fair skin and short brown hair. He is wearing a gray t-shirt and red shorts. The whip is long and thin.
At the beginning, the man faces the right side of the video while holding the whip in his hand on the left side of the video. He swings
the whip over his head and releases it. It whips around the man’s body, then moves back toward the camera. The man moves toward the
camera as the whip approaches. He catches the whip with his hand on the right side of the video and swings it over his head. The whip
whips around the man’s body, then moves back toward the camera. The man catches the whip with his hand on the left side of the video.
The video is shot by a handheld camera.

EnCLAP and CoNeTTE captions often provide complementary information and the confidence scores reflect the accuracy

reasonably, making them favorable to combine with an LLM. Video captions provide strong context. Together this provides strong audio
and visual cues for LLM rewriting.

Training. We train PE prame to predict the specific frames instance-level text encoders using contrastive learning, con-
within an audio signal x® that contain the sound described structing a joint embedding space where similar audio-
by the free-form text description z*. Building on the pre- frame and text pairs are close, and dissimilar pairs are dis-

trained PEsy model, we fine-tune frame-level audio and tant. The audio encoder outputs a sequence of L* frame-
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Type Caption
Audio A man is speaking and eating candies, accompanied by the sounds of crinkling and crumpling wrappers.
Video A man with fair skin, brown hair, and a red shirt eats various candies at a white table, alternating between orange and brown candies

with blue and white wrappers.

Audio—Visual The video shows a man eating various candies at a table, with sounds of him speaking and chewing. He picks up and consumes
multiple orange and brown candies with blue and white wrappers, accompanied by some sounds of crinkling and crumpling.

oot

Type Caption
Audio A police vehicle is moving, triggering a siren, as cars drive by on the city streets.
Video A purple car with blue and black design drives through the city, passing a black and white police car with flashing red and blue

lights, a black and red car, and a white and black car, with the city’s buildings, road, and pedestrians in the background.
Audio—Visual The video shows a purple car racing through the streets of a city, passing by various other cars, including a police car with flashing
red and blue lights. The audio captures the sound of a police siren being triggered and a vehicle moving.

Figure 2. Examples of Audio, Video, and Audio—Visual captions generated using the data engine.

level representations, where the sequence length L de-
pends on the length of the audio and the feature rate of the
audio encoder (here 25 Hz). We adopt a frame-level variant
of the sigmoid contrastive loss [83]. For each frame [, we
compute the logit between the frame-level audio embedding
ef and the global text embedding h's as h; = e{ - hta.

Input Data and Ground-Truth Label. Each elementin a

batch of size B consists of an audio sample 7 and a single

sound event described by its associated text description x}.

Although an audio clip may contain multiple sound events,

we sample only one text description per element in each

batch to simplify implementation. Nevertheless, we provide

all annotated sound events and their corresponding frame-

level activity masks m for every audio sample. Accordingly,

each batch element contains

* an audio file z{,

« asampled text query x; describing one sound event in z,
and

 given the other batch elements can contain audio events
for the input audio xf, we pass an event-activity mask mg
that captures all the events for the b-th audio input. For the
b-th audio with K, events, we define m;, € {0, 1}Fe*5s

over all annotated events {x} ,...,
mp,,; = 1 indicates that = , is active at frame [.

t . a
xbyKb} in zf, where

Even though only one text query per audio is used for con-
trastive learning, we leverage all annotated events and their
ontology-aware' semantic expansions to construct frame-
level supervision.

Let Ont(z?) be the set of ontology-linked variants of
event ! (e.g., “speech” includes “female speech”, and
“dog” includes “barking”). Then, for each audio frame [
in ¢ and each text query z, in the batch, we assign:

+1, Fke{l,...,Kp}:
2y, = and my, ;1 = 1,
—1, otherwise.

xy, € Ont(x} ;)

1

Thus, semantically equivalent sound expressions activate

the same frames in supervision, improving robustness to lin-

guistic variation and reinforcing hierarchical concept gener-
alization.

By “ontology” we mean a hierarchical taxonomy of sound event la-
bels, such as the AudioSet ontology.



Frame-Level Objective. For this task, the model must
learn not only which sound events are present in an au-
dio clip but also when they occur over time. To capture
both aspects, we employ two complementary objectives: a
local-activity loss (computed per batch item) that empha-
sizes fine-grained temporal localization, identifying when
events occur within each audio sample, and a global-activity
loss (computed across the batch) that introduces contrastive
context between samples to determine which events are ac-
tive. The local-activity loss helps the model detect event
boundaries, while the global-activity loss promotes global
event understanding and cross-sample alignment.

The resulting local-activity loss (per-batch-item) yields
logits of shape (B, L), while the global-activity loss
(across-batch) yields (B, L, B):

e (xp) - h'a(y,) (local-activity)
by = < e (xp) - hle(yy) VY € {1,...,B} (2)
(global-activity),

A learnable logit scale « and bias J are applied to obtain
the final scaled logits h = ah + 8. The frame-level SigLIP
loss is computed over these logits. For the local-activity
case, the loss is defined as

1

L=-—
BL,

ZlOgU((Zb,l(Oéﬁb,z-i-ﬁ)), (3)
b,1 —

hy,1

where 2, € {£1} is the binary label indicating whether
frame [ of audio x;, corresponds to the paired text y,. This
formulation naturally generalizes to the global-activity case
by computing the loss over Eb,l,b/ and averaging across all
text queries y; in the batch. During training, we probabilis-
tically sample between the two objectives at each iteration,
with the probability pjocar for the local-activity loss. This
stochastic choice allows the model to balance precise event-
boundary detection and global event activity modeling.

Training Data. For training, we use a combination of
real-world audio mixtures annotated by humans and syn-
thetic mixtures automatically generated from diverse iso-
lated audio sources. To enhance robustness to reverbera-
tion and spatial variability, the audio mixtures are convolved
with room impulse responses collected from a variety of
acoustic environments. This process allows the model to
better generalize across different recording conditions and
scene types.

Table 2 provides a summary of the training data, report-
ing the total durations and number of sound events for both
real and synthetic recordings. The Speech and Music sub-
sets correspond to data explicitly annotated with these cat-
egories, whereas the General subset comprises a broader

Duration [hours] Sound Events

Type Real Synthetic Real Synthetic

Speech 0.4k 03k703k 108.7k
Music 0.2k 02k 0.4M 0.4M
General 0.6k 123k 0.8 M 4.1M
Total 1.2k 12.8k 1.3M 4.6 M

Table 2. PEa.prameTraining Data. Durations and sound event
counts for real and synthetic recordings across three sound-type
categories.

range of sounds, which may also include speech or music
instances not specifically labeled as such. We use dataset-
specific sampling ratios to ensure a balanced mixture of
sound events, avoid over-representation, and maintain com-
prehensive coverage.

E. Downstream Application: Sound Event De-
tection (SED)

We evaluate PEA prame On the task of polyphonic sound
event detection SED, which is defined as the detection of
sound events from multiple classes, where sound events can
occur simultaneously [49]. Traditional (closed-vocabulary)
SED typically targets a fixed set of classes, predicting a
binary label for each class per time frame. In contrast,
open-vocabulary SED aims to detect the temporal bound-
aries of arbitrary sound events conditioned on a free-form
textual description [28, 75]. Our model is designed to ad-
dress both closed- and open-vocabulary SED, supporting
free-form textual queries for arbitrary sound events. For
closed-vocabulary evaluation, it is prompted with each class
from the predefined ontology, and detection proceeds as
in the traditional setting. For open-vocabulary evaluation,
we assume access to a free-form textual description of the
sound events present in the audio, and the model predicts
the precise onset and offset boundaries of every instance of
the specified events.

Test sets and metrics. To evaluate performance, we
employ both open-vocabulary (Internal Bench, ASFX-
SED [74]) and closed-vocabulary test sets (AudioSet-
Strong [29], DESED [69]—ak.a.  “Youtube” subset
in DCASE19 [68], and UrbanSED [59]), where Inter-
nal Bench denotes an internal benchmark. We assess
model performance using two threshold-independent met-
rics: the intersection-based polyphonic sound detection
score (PSDS) [6] and the segment-based area under the
receiver operating characteristic (AUROC). For open-
vocabulary SED datasets, AUROC is computed only over
the true positive and false positive rates of events that actu-
ally occur in each audio clip. For closed-vocabulary test
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Figure 3. Sound event detection example using PEA.frame. The
model successfully detects all sound events, accurately distin-
guishing between male and female speech, and capturing short
transient events such as “Tick” enabled by its high temporal reso-
lution (25 Hz).

sets, predictions are generated for all classes included in
the respective datasets. We apply a median filter of 9 to
the raw predictions and use the sed_scores_eval pack-
age [19] with parameters pprc = 0.7, pcrc = 0.7,
ast = 1, acr = 0, and enax = 100, corresponding to
the standard PSDS1 configuration [6]. However, consis-
tent with [43, 61], we omit the variance penalty (agr = 0)
for AudioSet-Strong, as PSDS was originally designed for
datasets with fewer and less imbalanced classes [6]. Fol-
lowing [28], we refer to PSDS1 computed across all classes
as PSDS1,, which emphasizes accurate temporal align-
ment but still penalizes false positives, and adopt its variant,
PSDS 17, which focuses solely on target sounds.

Baselines. We compare our model with PretrainedSED
[61], FLAM [75], and FlexSED [28]. PretrainedSED,
for which we use the best-performing checkpoint based
on the BEATSs transformer [11], is not freeform, as it in-
cludes a final task-specific layer that outputs probabilities
for the Audioset-Strong classes. Its training pipeline em-
ploys a balanced sampler, extensive data augmentation, and
ensemble knowledge distillation, making it highly opti-
mized for the Audioset-Strong test set. In contrast, FLAM
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AUROC
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Figure 4. Ablation on the probability piocai controlling the ratio
between local-activity and global-activity loss calculations, con-
ducted with the base model trained for 10k steps.

and FlexSED accept free-form textual descriptions and are
therefore also suitable for open-vocabulary SED.

Results. Table 3 presents the results across the different
SED test sets, grouped into open-vocabulary and closed-
vocabulary categories. Overall, PEA prame demonstrates
strong performance, achieving the highest scores on all test
sets in PSDS1r, indicating superior capability in accurately
detecting temporal boundaries of target sounds. In par-
ticular, PEA prame attains the best performance on DESED
across all metrics, highlighting its robustness in real-world
acoustic environments, as DESED comprises real record-
ings with fine-grained human annotations [69]. As ex-
pected, PretrainedSED performs well on AudioSet-Strong,
as it is optimized for that specific ontology; however, its
closed-vocabulary nature prevents its application to the
other test sets. Finally, FLAM performs best on UrbanSED,
which is a synthetic and relatively unrealistic dataset. We
hypothesize that this is because, unlike our model, their sys-
tem was also trained on UrbanSED, giving it an inherent
advantage on this benchmark. Moreover, FLAM operates
with a coarser frame rate of 3.2 Hz, which limits its ability
to perform fine-grained temporal detection and may lead to
lower performance on intersection-based metrics.

E.1. Ablation studies for PE, e

Figure 4 presents an ablation study on the sampling prob-
ability pjoca;, Which controls the ratio between the local-
activity and the global-activity objective (see §D), con-
ducted with the base model trained for 10k steps. We ob-
serve that higher values of pjo, lead to improved PSDSt
scores, emphasizing that the local-activity loss benefits the
detection of target sounds under the intersection-based eval-



g E Open-vocabulary SED Closed-vocabulary SED

ug o |Internal Bench| ASFX-SED AudioSet-Strong (407 classes) DESED (10 classes) UrbanSED (10 classes)

£ é AUROC AUROC PSDS1, PSDS1y AUROC | PSDS1, PSDSIy AUROC | PSDS1, PSDSIt AUROC
PretrainedSED [61] X 25 - 0.47 0.52 0.98 - - -
FLAM 75 v 32 - 0.81 0.35 - 0.95 0.09 - 0.92 0.30 - 0.94
FlexSED [28] v 25 0.62 0.74 0.45 0.58 0.96 0.16 0.27 0.93 0.05 0.11 0.71
PE4 Frame v 25 0.91 0.83 0.43 0.61 0.96 0.34 0.58 0.97 0.12 0.22 0.89

Table 3. Sound Event Detection Results. Performance of PEa.rame On open-vocabulary (Internal Bench, ASFX-SED) and closed-
vocabulary (AudioSet-Strong, DESED, UrbanSED) SED test sets. PEa rame achieves the best PSDS1t across all benchmarks, indicating
superior temporal localization. PretrainedSED is strong but limited to AudioSet-Strong due to its closed-vocabulary design, while FLAM
mainly excels on UrbanSED, likely because it is trained on this synthetic dataset and operates at a coarser 3.2 Hz frame rate.

Open-vocabulary SED Closed-vocabulary SED
Internal Bench| ASFX-SED AudioSet-Strong (407 classes) DESED (10 classes) UrbanSED (10 classes)
AUROC AUROC PSDS1, PSDSIt AUROC | PSDS1, PSDSIt AUROC | PSDS1, PSDSIt AUROC
PEA -FrameL 0.91 0.83 0.43 0.61 0.96 0.34 0.58 0.97 0.12 0.22 0.89
PEA FrameB 0.92 0.83 0.42 0.60 0.96 0.39 0.56 0.98 0.12 0.21 0.89
PEA FrameS 0.91 0.83 0.39 0.59 0.96 0.32 0.54 0.96 0.09 0.19 0.88
PEA-frameB ‘ 0.89 ‘ 0.76 ‘ 0.22 0.55 0.89 ‘ 0.10 0.52 0.89 ‘ 0.01 0.08 0.82

(from scratch)

Table 4. Ablation results for model sizes small (S), base (B), large (L), and a base model trained from scratch. Larger models give only

slight gains, while training from scratch leads to a substantial drop, highlighting the importance of large-scale pretraining.

uation metric. However, this comes at the cost of reduced
PSDS 4, which penalizes false positives that may arise be-
cause the model contrasts fewer non-target sound events and
instead focuses more narrowly on local alignment. Further-
more, we observe a monotonic increase in AUROC on the
internal benchmark and an increase up to pjocat = 0.8 on
the ASFX-SED benchmark, followed by a drop thereafter.
A value of pcar = 0.7 provides a favorable trade-off be-
tween these metrics, and we therefore adopt it as the default
setting in all subsequent experiments.

An optimal value of pj,y ultimately depends on the in-
tended application of the SED system. If the goal is to pre-
cisely detect sound event boundaries for a given set of tar-
get events, it is recommended to use a higher pjoc value.
Conversely, if the application prioritizes minimizing false
positives, such as in continuous environmental monitoring
or safety-critical detection scenarios (e.g., false alarms in
smart home or surveillance systems), a lower pjoca may be
more favorable.

Table 4 reports ablation results for different model sizes
(large, base, and small), and the base model trained from
scratch without pretrained weights. The results show that
larger models yield only a slight improvement in perfor-
mance metrics. However, there is a notable drop when the
model is trained from scratch, highlighting the importance
of large-scale pretraining for achieving strong performance.

F. Implementation Details

F.1. Architecture and Training Setups

Model Architecture. We provide the detailed parameters
of PEsy in Tab. 5. For the frame encoder, we utilize the

pre-trained PE-L [7] (~320M parameters) as the base frame
encoder to capture spatial context, and employ a video en-
coder on top of it to encode temporal context. By de-
fault video frames are sampled under 30 frames-per-second
(fps) from up to 30 seconds videos. Each frame is trans-
formed into 336336 resolution and then encoded into one
CLS token via PE-L. To capture temporal context across
frames, we stack 4 additional shallow Transformer layers
(30M~180M parameters) as the video encoder on top of the
frame encoder outputs. Note that we choose to freeze the
frame encoder in PEay to ensure comparable image-only
performance as in PE-L.

For the audio modality, we pre-train a DAC-VAE with
in-house audio data. We use it to encode raw audio into
25%128-dimensional vectors for a 1-second audio clip (and
750x128 for a 30-second audio), which serve as input to
PEsy. For the random-projection quantization module in
BEST-RQ, we first project DAC-VAE features to a 16-
dimensional latent space and quantize these features with
four codebooks, each consisting of 16384 codewords. The
base audio encoder, PEAyB, is composed of 16 Transformer
layers with around 0.21B parameters, while the large vari-
ant, PEsyL, contains 28 layers and 1.11B parameters. The
small model PEAyS contains 12 layers and 0.09B parame-
ters. We scale the hidden dimension proportionally to the
number of layers with a factor of 64, and adjust the number
of heads with a factor of 0.5.

To integrate audio and video features, we interpolate
the video and audio token sequences to the same sequence
length for alignment, then concatenate them along the chan-
nel dimension. This combined representation is fed into



the audio-visual fusion module, which comprises 6 Trans-
former layers designed to incorporate both audio and video
context within the video. The hidden dimension of the fu-
sion tower also scales with the number of layers in the audio
encoder, using a factor of 64. For the text encoder, to extend
our support to transcript data which requires long context
length, instead of using paired text encoder in PE-L, we use
pre-trained ModernBERT with 28 layers to accommodate
input texts up to 512 tokens. Based on early experiments,
we use the 22nd-layer output, and we keep the text tower
unfrozen during training.

We employ customized Transformer configurations as
detailed in Tab. 5. For pooling, we add an attention pool-
ing block in the last-layer of video, audio, and audio-video
Transformer. Regarding positional embedding, we use 2D
RoPE [64] for relative positional embeddings. We addi-
tionally add a 2D learnable absolute positional embeddings
(abs) the same size as the model’s input resolution for the
frame encoder. Finally, for simplicity, we use an input mean
and standard deviation of (0.5, 0.5, 0.5).

F.2. Efficient Scaling of Contrastive Pairs

Fig. 5 sketches our efficient implementation for con-
trastive loss scaling. The default strategy performs two
all_gather operations for every loss pair, so with P pairs
the step performs 2P collectives. As node count grows, the
all gather operations dominate runtime.

In our efficient implementation, we reduce the number
of all gather calls to two irrespective of the number of loss
pairs involved. We stack the first and second arguments
of all P pairs along the batch dimension. We then issue
a single all_gather over the stacked tensors to collect
all modalities, and then split the result using recorded batch
sizes before evaluating each loss.

Batch-wise concat/split is far cheaper than multiple
cross-node collectives, yielding fewer synchronizations and
better bandwidth utilization; in practice (4 pairs, 8 nodes)
this reduces step time by approximately 40-50%.

Training Recipe As discussed in §2 in the Main text, the
training of PEay involves two stages: 1) audio-video pre-
training; 2) video and speech fine-tuning. These two stages
work together to develop a robust and effective PE y model.

We first provide the complete training recipes for 1)
audio-video pre-training in Tab. 6 and 2) video and speech
fine-tuning in Tab. 7.

F.3. Zero-Shot Classification and Retrieval

Zero-Shot Evaluation on Images and Videos. We
use CLIPBench” for zero-shot classification and retrieval
benchmarking. The benchmark datasets and splits are ob-
tained from the original dataset websites or HuggingFace.

2nt tps://github.com/LAION-AI/CLIP_benchmark
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Figure 5. Efficient Implementation for SigLIP scaling 7op:
Naive computation involves two all_gather calls per loss pair
which makes it hard to scale as the number of loss terms increase.
Bottom: Our approach concatenates the first terms across all pairs
along the batch axis (and likewise for the second terms), performs
a single all_gather independent of the number of pairs, then
splits by batch sizes before computing losses. This reduces collec-
tives and improves throughput; in our setup (4 pairs, 8 nodes) we
observe ~40-50% speedup.

We extend zero-shot classification and retrieval in CLIP-
Bench to include additional audio and video datasets such
as AudioCaps, MSR-VTT, and Kinetics. We release our
model checkpoints, evaluation code, and scripts for repro-
ducibility.

Prompt Design. For zero-shot video-text retrieval, we
rely solely on the original captions without any additional
prompts. In contrast, for zero-shot classification, we uti-
lize task-specific prompts graciously provided by the In-
ternVL [13] authors. All additional dataset-specific prompts
are released for reproducibility. For example, we employ
specific prompts for zero-shot video classification on Ki-
netics datasets (e.g., K400, K600, K700).

a photo of {c}. a photo of a person {c}. a photo of a person
using {c}. a photo of a person doing {c}. a photo of a person
during {c}. a photo of a person performing {c}. a photo of a
person practicing {c}. a video of {c}. a video of a person {c}.
a video of a person using {c}. a video of a person doing {c}. a
video of a person during {c}. a video of a person performing {c}.
a video of a person practicing {c}. a example of {c}. a example
of a person {c}. a example of a person using {c}. a example of
a person doing {c}. a example of a person during {c}. a example
of a person performing {c}. a example of a person practicing
{c}. a demonstration of {c}. a demonstration of a person {c}.
a demonstration of a person using {c}. a demonstration of a
person doing {c}. a demonstration of a person during {c}. a
demonstration of a person performing {c}. a demonstration of a
person practicing {c}.


https://github.com/LAION-AI/CLIP_benchmark

Scale Tower Params Width Depth MLP Heads CLIP  Pooling Positional Resolution & Patch Size
Dim Embedding Context Len
Audio 0.09B 768 12 2048 6 1024  Attn Pool RoPE - -
Frame (PE-L) 0.32B 1024 24 4096 16 - Attn Pool  RoPE+Abs 336 14
S Vision (Temporal) 0.03B 768 4 2048 6 1024 Attn Pool RoPE - -
Audio-Video 0.05B 768 6 2048 6 1024 Attn Pool RoPE -
Text 0.39B 1024 28 5248 16 1024 First Token RoPE 512
Audio 0.21B 1024 16 2752 8 1024  Attn Pool RoPE - -
Frame (PE-L) 0.32B 1024 24 4096 16 - Attn Pool  RoPE+Abs 336 14
B Vision (Temporal) 0.06B 1024 4 2752 8 1024 Attn Pool RoPE - -
Audio-Video 0.08B 1024 6 2752 8 1024 Attn Pool RoPE -
Text 0.39B 1024 28 5248 16 1024 First Token RoPE 512
Audio I.11B 1792 28 4800 14 1024  Attn Pool RoPE - -
Frame (PE-L) 0.32B 1024 24 4096 16 - Attn Pool  RoPE+Abs 336 14
L Vision (Temporal) 0.18B 1792 4 4800 14 1024 Attn Pool RoPE -
Audio-Video 025B 1792 6 4800 14 1024  Attn Pool RoPE -
Text 0.39B 1024 28 5248 16 1024 First Token RoPE 512
Table 5. PEav Model Configurations.
config values config values config values
optimizer AdamW optimizer AdamW optimizer AdamW
B1, B2 (0.9, 0.999) B1, B2 (0.9, 0.999) B1, B2 (0.9, 0.999)
weight decay 0.0 weight decay 0.0 weight decay 0.0
learning rate le-4 learning rate le-4 learning rate le-4
batch size 3024 batch size 1344 batch size 800
warm-up steps 500 warm-up steps 500 warm-up steps 500
training steps 250K training steps 50K training steps 100K
data quantity 92M data quantity 32M(stage2) + 92M(stagel) data quantity 92M
samples seen 750M samples seen 67M samples seen 80M

Table 6. Detailed Pre-training Setup.

Evaluation Method. For all the zero-shot evaluation, we
follow [13] in using retrieval reweighting (DSL) to apply
normalization over the softmax score distribution to the
similarities used for retrieval:

sims = sims * softmax(sims, dim=0) (4)
This slightly improves retrieval for most models, so we do
it for all models we evaluate for fairness. Notably, we were
able to reproduce the reported numbers for most papers with
these techniques, but for cases where we could not, we de-
fault to the reported number.

For all retrieval tasks, we use dual-softmax [14] for both
our models and other baselines. Empirically, we find that
sharpening the final logits by a factor of 10 improves down-
stream performance. This adjustment aligns with the intu-
ition that the model was trained with a scaled logit space to
classify paired samples effectively. We also ignore the bias
term, as it does not affect relative rankings and softmax is
invariant to additive shifts.

G. Additional Experimental Results

In this section, we provide the complete benchmark results
for the data ablation in Tab. 9 (data engine), Tab. 10 (real
vs synthetic data), and Tab. 11 (data scaling). The com-
plete model scaling results are shown in Tab. 12 and for
contrastive loss in Tab. 13.

Table 7. Detailed Fine-tuning Setup.

Table 8. Detailed Ablation Setup.

Additionally, we include additional ablation studies on
(1) choice of the text encoder; (2) impact of video frame
rate; and (3) BEST-RQ loss in audio encoder training.
Moreover, we provide extensive retrieval results of Tab. 2-3,
and joint-modal results of Tab. 4 in the main paper.

Text encoder In Tab. 14, we present an ablation
of different choices of text encoders for PE,y with PE-
L as the default visual encoder. We compare the per-
formance of ModernBERT [72] with the original paired
CLIP text encoder from PE-L [7]. After audio-video-
text pre-training, we observe that the original PE-L text
encoder performs better on video-centric tasks such as
VTT [78] and Kinetics [37]. However, its performance lags
on out-of-visual-domain concepts, such as audio events,
in audio-focused tasks like text-to-audio retrieval in Au-
dioCaps [38], and LID, emotion, vocal classification in
Dynamic-SUPERB [82], where ModernBERT excels. Ad-
ditionally, the PE-L text encoder supports a shorter con-
text length (32 tokens) compared to ModernBERT (512 to-
kens). Therefore, we choose the pre-trained ModernBERT
as our default text encoder. After the later fine-tuning phase,
PE sy catches up and outperforms the original PE models as
shown in Tab. 3 in the main paper.

Video Frame Rate Tab. 15 compares different video
frame rates—30 FPS versus sampling a fixed set of 16



Caption Type

Sound-Retrieval Sound-Classification Speech-Classification Video-Retrieval Video-Classification

AudioCaps VALORInternal VGGSound GTzan Cremad CV-13 D-SUPERB VIT MSVD ANet K400 K700 HMDB
T—A A-VT—AV AV AT AV—-T AT A—T accent lid emo vocal TV T—=V TV VST VT VT

EnCLAP
CoNeTTE
Stage-1
Stage-2

23.7
26.8
30.3
32.2

30.8 568 240 203 198 505 359 109 240 40.0 57.1 313 47.1 551 49.1 38.0 447
361 596 244 252 293 556 288 122 215 308 674  31.1 492 568 495 387 464
31,6 621 226 284 393 572 384 151 215 321 613 362 537 568 56.6 449 49.1
320 64.6 252 297 443 598 328 | 168 300 342 73.6 362 539 577 558 453 511

Table 9. Data Engine. Compared to off-the-shelf captioners (EnCLAP [39] and CoNeTTE [40]), the proposed data engine significantly

improves the data quality by taking into account video context and confidence score.

Sound-Retrieval Sound-Classification Speech-Classification Video-Retrieval Video-Classification
Real Data Syn. Data AudioCaps VALORInternal VGGSound GTzan Cremad CV-13 D-SUPERB VIT MSVD ANet K400 K700 HMDB
T—+A A—-V T—AVA—-V A—-T AV—-T A—-T A—T |accent lid emo vocal T—V T—V T—V V=T V=T V=T

0x Ix 26.1 39.1 584 31.0 30.2 443 060.7 28.2 18.1 375 150 69.7 327 471 554 684 572 554
1x 0x 164 28.1 0.0 1.7 183 255 584 31.1 11.3 205 279 546 0.1 0.3 0.0 0.3 0.1 1.4
1x 1x 27.1 349 537 144 273 413 651 28.8 185 360 254 649 298 46.7 423 637 514 528
1x 10x 325 443 632 252 319 448 620 30.7 235 46.0 375 742 328 478 538 664 549 58.2

1x 20x 30.6 429 637 265 312 444 63.0 31.3 16.8 43.0 238 771 335 472 561 636 526 515

1x 30x 30.8 436 605 29.0 304 431 589 30.2 23.1 51.0 304 756 338 469 551 617 503 513

Table 10. Comparing different mixing ratios of real and synthetic caption data. Mixing both data types outperforms using only real
or synthetic data. Higher synthetic ratios (till 1:10) further boost performance by improving diversity.

Sound-Retrieval Sound-Classification Speech-Classification Video-Retrieval Video-Classification
Data Scale AudioCaps VALORInternal VGGSound GTzan Cremad CV-13 D-SUPERB VIT MSVD ANet K400 K700 HMDB
T—-A A—V T—AV A—-V A—-T AV—T A—T A—T |accent lid emo vocal T—»V T—V T—V VST VST VT
O(2M) 27.0 38.1 57.8 181 274 404 602 30.6 | 202 360 329 663 328 476 504 480 369 41.6
O(4M) 296 461 646 221 30.1 434 639 286 | 172 415 258 664 349 516 53.1 515 405 517
O(8M) 313 448 652 239 320 447 618 299 | 189 395 392 739 345 528 555 540 428 488
O(16M) 32.1 487 659 241 331 452 621 26.1 193 41.0 354 744 362 540 565 542 430 503
O(32M) 328 506 67.5 237 329 454 620 279 18.1 390 304 765 356 537 565 558 437 519
O(64M) 336 470 670 262 343 462 63.8 333 16.0 430 242 718 356 537 577 551 439 507

Table 11. Comparing performance as synthetic-caption data scale increases. Performance increases with synthetic-caption data scale

(peaking at 64M), underscoring the value of diverse set of audio-visual-text data.

A-layers
-params
arams

Sound-Retrieval Sound-Classification Speech-Classification Video-Retrieval Video-Classification

AudioCaps VALORInternal VGGSound GTzan Cremad CV-13 D-SUPERB VTT MSVD ANet K400 K700 HMDB

; T—-A AV T—AV AV AT AV—-T A—-T A—T accent lid emo vocal T—»V T—V T—V V=T VST VT

<
8 0.03B0.34B
12 0.09B0.35B
16 0.21B0.38B
20 0.41B0.42B
24 0.70B 0.45B
28 1.11B0.50B

295
32.0
332
34.4
34.4
343

383 671 166 287 450 58.0 284 193 320 267 707 358 541 549 553 441 512
46.0 67.8 23.1 314 454 63.1 279 | 219 380 354 722 366 540 563 557 445 516
484 68.1 256 333 454 618 320 193 410 329 735 366 537 563 552 43.6 489
572 679 273 336 462 628 359 | 219 440 317 740 373 532 567 56.0 44.6 524
534 669 244 332 457 626 301 | 227 380 358 769 352 533 557 544 437 50.1
567 66.6 247 342 449 650 327 16,0 340 325 781 | 355 533 567 533 430 490

Table 12. Scaling the audio encoder. Scaling from 0.03B to 1.11B parameters shows consistent performance gains with depth. The
observed saturation around 20 layers is likely due to limited training steps and data in the ablation setup.

Loss 7

~ =
1>} =
zEz552

g Sound-Retrieval Sound-Classification Speech-Classification Video-Retrieval  Video-Classification
! ;’.: AudioCaps VALOIlInterna VGGSound GTzan Cremad CV-13 D-SUPERB VTT MSVD ANet K400 K700 HMDB

> <X T5A A-SVT—AVA—V ASTAV—TA—T A—T accent lid emo vocal T—V T—V T—V V—T V=T V—T

RN
SigllP - v - - - -
SigLIP - v - - v -
SigLIP - v - - v -
SigLIPv' v - - v -

SigLIPv' v - v v -
SIgLIPV' v v v v v v v 329 457 683 218 333 455 624 332 | 172 475 304 747 339 541 572 542 43.1 489

- - 319 01 00 00 324 05 604 308 235 525 304 761 01 02 00 03 01 22
- - 322 01 01 00 312 03 622 273 206 330 325 714 272 445 555 422 33.0 408
-v 330 00 47.1 01 319 03 566 306 181 360 321 71.8 261 425 530 41.8 313 421
- v 319 456 475 247 306 04 533 252 219 385 321 70.0 273 442 470 39.7 30.1 364
v v 314 495 663 251 325 451 610 262 | 181 435 325 765 345 539 567 558 438 49.7

Table 13. Scaling the SigLIP objective. A: Audio, V: Video, AT: Audio text caption, VT: Video text caption. Expanding the contrastive
objective to cover more modality pairs strengthens cross-modal alignment and improves zero-shot retrieval and classification.
Audio-text—only training lags behind, while adding cross-modality pairs (e.g., V—AT, AV—VT) yields further gains. Performance peaks

when the objective includes all eight pairs (bottom row).



Sound-Retrieval Sound-Classification

Speech-Classification Video-Retrieval Video-Classification

Text Encoder  AudioCaps VALORInternal VGGSound GTzan Cremad CV-13 D-SUPERB VIT MSVD ANet K400 K700 HMDB
T—-A A—-VT—AV A—-V A—-T AV—-T A—-T A—T accent lid emo vocal T—V T—V T—V VT VST VT

PE-Text 305 491 66.6 231 333 473 621 259 193 465 233 59.7 453 604 522 66.7 57.6 553
ModernBERT 341 49.0 665 253 341 46.1 63.0 29.5 18.1 47.0 379 742 | 362 533 574 546 440 502

Table 14. Comparison of text encoder choices for PEy using t!
text encoder on audio-focused tasks due to its longer context (5

he PE-L visual encoder. ModernBERT outperforms the original PE-L
12 tokens vs. 32) and its support of general text domain, while PE-L

performs better on video-centric tasks. As noted in main results, ModernBERT catches up with and surpasses the PE-L text encoder after
fine-tuning, making it the preferred choice for PEay.

Sound-Retrieval

Sound-Classification

Speech-Classification Video-Retrieval Video-Classification

PT frames FT frames  AudioCaps VALORInternal VGGSound GTzan Cremad  CV-13 D-SUPERB VIT MSVD ANet K400 K700 HMDB
T—A A—VT—AV A=V A>T AV—T A—T A—T laccent lid emo vocal TV T—V T—V V=T V=T V=T
16 16 431 871 804 255 457 512 738 342 | 244 650 454 850 468 586 634 758 662 622
16 Al 420 875 793 432 459 513 742 375 | 210 595 383 853 464 589 639 759 665 624
All 16 447 859 837 237 467 518 723 420 | 231 620 479 854 490 605 654 784 682 660
All All 458 89.0 837 49.0 471 524 722 433 | 256 645 438 861 519 608 665 789 69.0 65.1
Table 15. Impact of video frame rate. “All”’: Encode all frames at 30 FPS. “16”: Uniformly sample and encode 16 frames per video.

Both configurations yield similar performance overall. However, a notable exception arises in the internal video-music retrieval task,

which involves videos with wide variations in duration. In this cas
achieve bet

e, the 30 FPS models capture duration information more effectively and
ter performance.

Sound-Retrieval Sound-Classification

Speech-Classification Video-Retrieval Video-Classification

SSL Loss  AudioCaps VALORInternal VGGSound GTzan Cremad CV-13 D-SUPERB VTT MSVD ANet K400 K700 HMDB
T—+A A—-V T—AV A—»V A—-T AV—>T A—-T A—T |accent lid emo vocal T—»V T—V T—V VST VT VT

None 30.7 441 657 257 314 446 612 303 | 177 355 333 749 346 53.6 556 542 431 493
NCE 319 469 677 253 31.6 450 631 263 | 147 360 329 722 356 539 567 540 430 489
BEST-RQ 332 484 681 256 333 454 618 320 | 193 41.0 329 735 366 537 563 552 436 509

Table 16. Audio encoder losses: NCE vs. BEST-RQ. NCE fo

llows wav2vec 2.0 contrastive objective using DAC-VAE features as

negatives but skips quantization. BEST-RQ delivers the strongest results, outperforming NCE and no-SSL baselines. Speech and sound

tasks benefit the most from the finer-grai

frames—during pre-training and fine-tuning. Because this
ablation addresses a critical design choice and training vari-
ous models at both frame rates is computationally intensive,
we performed this ablation with our largest model PEayL.
We train for the full pre-training duration of 250K steps fol-
lowed by 50K steps of fine-tuning, ensuring that conclu-
sions are drawn from the strongest configuration.

For most tasks, models trained with these different frame
rate configurations exhibit similar performance, while 30
FPS sampling provides a modest advantage, especially dur-
ing in the pre-training phase. However, models operat-
ing at higher frame rates achieve better results on down-
stream tasks that require fine-grained temporal understand-
ing, such as ActivityNet and audio-video retrieval on the
internal dataset with a wide duration variation. Notably,
models trained with 30 FPS sampling inherently encode
duration information, enabling them to retrieve audios or
videos of similar length as the query. This also highlights a
key limitation of existing audio-video retrieval benchmarks,
which do not evaluate robustness to variation in duration.
With this, for all other models, we adopt 30 FPS sampling
during pre-training and later fine-tune with the same setup
or with fixed 16-frame inputs.

ned representations encouraged by BEST-RQ.

BEST-RQ vs NCE Loss . In Tab. 16, we compare dif-
ferent SSL losses for the audio encoder. The NCE loss is
similar to the contrastive loss in wav2vec 2.0, except that
we skip the quantization step and use the DAC-VAE fea-
tures as the negative samples directly. BEST-RQ offers the
best overall results, significantly outperforming NCE loss
and no SSL loss conditions. Video tasks retain performance
while some even show slight improvement when the BEST-
RQ loss is present. The results demonstrate the necessity
of including BEST-RQ loss to enhance the performance of
sound and speech tasks without compromising video capa-
bilities, corroborating the hypothesis that encouraging fine-
grained representations benefits speech-related tasks.

H. Qualitative Results

This section presents some examples of multimodal re-
trieval for qualitative analysis. First, Fig. 6 and 7 demon-
strate qualitative video—text and text—video retrieval re-
sults by PEsy. In Fig. 6, the ground truth video is suc-
cessfully retrieved, while the top 2 and 3 retrieved videos
show similar scenarios as well (water sports). Fig. 7 shows
a similar phenomenon, but retrieved in the opposite direc-
tion. These examples showcase PEay’s natural capabilities
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Model < < <2 < << <2 €% < <% <€ U< O P< P B P 2% 50 >< 25 >< S S< Sx 2 2e 22 <u <= A A Se >s
Baselines
AFlamingo2 457 298 - - - - - - - - 204 169 74 713 - - - - 03 - - - - - - - - - - - - - -
ImgBind 96 66 113 76 516 513 - - - - 55 39 49 54 358 361 - - 04 105 108 2.8 28 406 429 479 709 36.6 34.1 360 382 69.8 69.8
CLAP-Fusion 433 354 - - - - - - - - 202 177 54 55 - - - - 03 - - - - - - - - - - - - -
CLAP 437 316 - - - - - - - - 210 166 65 58 - - - - 02 - - - oo
LangBind 27.1 197 142 106 107 9.1 - - - - 171 133 56 65 469 468 - - 02 18 16 13 14 486 487 556 788 48.0 488 435 447 829 83.1
M2D-CLAP 274 274 - - - - - - - - 114 105 59 63 - - - - 01 - - - - - - - - - - - - - -
MS-CLAP? 324 234 - - - - - - - - 234 178 80 59 - - - - 03 - - - - - - - - - - - - - -
16 Frames
PEAvS 594 412 262 186 754 754 56.1 409 719 89.7 33.6 240 302 29.8 703 70.1 759 763 96.1 333 341 177 179 467 49.6 60.1 864 634 648 487 49.0 942 937
PEAvB 597 43.1 269 198 81.6 80.6 57.1 41.1 78.1 91.6 334 234 312 319 707 700 76.6 760 948 384 39.0 204 204 486 503 60.8 87.6 640 649 462 478 943 9338
PEAvL 62.0 447 269 195 859 86.1 580 41.6 83.1 946 32.6 228 352 350 708 709 76.0 768 85.6 44.6 452 237 239 49.0 505 60.5 88.4 654 665 489 50.1 949 944
30 FPS
PEAvS-O0D 552 402 254 177 76.6 753 52.6 36.8 73.0 89.1 323 234 289 28.0 705 69.8 760 76.1 73.1 27.7 285 414 408 509 51.0 60.8 87.6 66.7 659 514 518 95.1 94.6
PEAyB-00D 56.8 404 24.6 177 81.8 822 540 38.0 773 92.6 327 243 305 30.7 70.0 700 765 75.6 57.3 31.0 31.8 467 45.1 50.5 49.7 612 863 67.3 67.7 51.8 524 940 94.0
PEAyL-OOD 60.0 434 262 182 87.5 86.1 533 387 829 933 333 237 347 342 714 702 758 760 507 356 365 522 503 504 515 61.0 87.5 67.6 68.0 51.9 515 95.1 944
PEAvS 582 41.8 27.2 188 777 774 565 40.1 73.6 903 332 239 30.1 293 71.6 709 76.6 764 949 354 354 410 405 493 494 598 87.5 648 655 500 49.0 945 945
PEAvB 60.0 427 283 19.6 835 837 56.1 41.0 79.9 932 337 238 31.0 30.8 721 71.2 769 769 949 40.7 40.7 459 44.6 477 484 60.7 87.6 657 659 49.3 50.1 949 94.4
PEayL (PT) 485 337 226 147 834 833 479 332 - - 263 175 242 240 56.1 57.1 62.6 633 167 32.6 339 50.6 47.8 355 36.6 49.8 79.6 62.0 640 448 463 87.1 872
PEsvL 63.3 458 29.1 20.8 89.0 88.3 582 42.6 84.0 952 327 23.0 364 351 71.6 709 769 768 856 47.8 483 49.0 465 51.9 512 60.8 87.6 66.5 67.7 51.6 51.7 95.1 94.8

Table 17. Full Zero-Shot Retrieval Results.

Per-dataset Recall@1 for all audio—text, video—text, and audio—video retrieval directions corresponding to the main audio and video

tables. PEay consistently outperforms baseline models across most benchmarks and retrieval directions.



Zero-Shot Retrieval Zero-Shot Classification
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ImageBind" 23] 76 516 513 361 361 242 419 419 239 361 361 183 282 404 404
LanguageBind 551 197 107 197 468 468 65 509 509 37 442 442 55 260 454 454
PE4yS-00DT 402 766 753 698 698 577 520 640 653 537 552 555 400 463 463
PE4yS-00D 368 730 891 761 888 652 483 867 639 480 762 514 400 463 525
PEyB-00DT 404 818 822 700 700 639 514 644 660 520 606 620 414 470 470
PEyB-00D 380 773 926 756 905 709 501 878 658 480 810 578 414 470 521
PE4L-00D' 434 875 861 702 722 731 515 700 716 527 668 677 439 467 467
PE4L-00D 387 829 933 760 920 772 499 890 698 488 821 621 439 467 520
PEayST 418 777 774 709 709 601 501 596 6L1 498 532 569 430 473 473
PEayS 401 736 903 764 898 676 483 859 586 400 755 445 430 473 522
PEwB' 427 835 837 712 712 653 501 623 638 496 616 634 445 478 478
PEAB 410 799 932 769 911 720 481 863 602 398 807 519 445 478 527
PEp LT 458 890 883 709 738 745 529 636 674 514 693 605 471 480 480
PEyL 426 840 952 768 930 788 490 853 651 430 808 616 471 480 518

Table 18. Zero-shot joint-modal retrieval and classification. For baselines and PExy variants marked with T, joint queries are approxi-
mated via the max over unimodal results: T+V—A = max(T—A, V—A), T5A+V = max(T—A, T—V), and T+A—V = max(T—V,
A—>V). All other PEay variants use native joint embeddings for T+V, A+V, and T+A. For all PEay models, we observe that joint em-
beddings are helpful when the input modalities are complimentary to each others. Specifically (i) for audio-only captions (AudioCaps)
V+T—A significantly outperforms V—A and T—A; (ii) for visual captions (DiDeMo & MSR-VIT) A+T—V improves over A—V and
T—V; (iii) for audio-visual captions (VALOR) both V+T—A and A+T—V help; (iv) VGGSound: A+V—T exceeds A—T and V—T.

for capturing information from unimodal data and aligning helps retrieve the desired speech signal. Finally, we replace
content across modalities. the captions and transcripts with incorrect ones and find that

Next, the following examples demonstrate PEay’s novel incorrect transcripts decrease scores the most. The results
capability to extract and relate multiple modalities. Fig. 8 reveal transcripts have a higher impact on the score than au-
showcases joint audio+text—video retrieval results. The dio descriptions, offering more accurate retrieval between
additional audio context helps break the ties of the video speech and text when the transcript is presented. Over-
and retrieve the corresponding video correctly compared all, the results strongly suggest the usefulness of PEay for
with using either text or audio as the query. Moreover, in speech-related tasks.

Fig. 9, retrieval based solely on video or audio omits key in-
formation. E.g., “audio — text” is unsuccessful because the
visual cue of “car” is challenging to extract from the audio.
By leveraging joint multimodal retrieval, PE sy incorporates
both audio and video context, enabling it to correctly iden-
tify the top-1 result.

Furthermore, Fig. 10 demonstrates the speech — audio
caption/transcript retrieval capabilities. First, when the au-
dio caption is perturbed (similar and wrong examples), the
retrieval score decreases, indicating the success of identify-
ing the correct speaker, speaking style, and recording envi-
ronment. In the second section, we replace some words in
the correct transcript with similar-sounding words and find
slightly lower scores. In contrast, rewriting the transcript
with different words while preserving meaning significantly
decreases scores, implying that PEsy captures pronuncia-
tion more than meaning in speech. Moreover, completely
irrelevant transcripts lead to even worse scores. The final
section shows the case in which both the caption and the
transcript are present in the retrieved text. The highest score
is achieved when both the caption and the transcript are
correct, indicating that providing more textual information



Query: in the ocean a man on a surfboard rides a wave

Top 1 video : (ground truth)

. e =] ot N

Top 2 video :

Figure 6. Video-caption — Video retrieval results from PEay. Ground truth (if present) is bolded.

Query Video :

Top 1: a helicopter moving in air and red and yellow dress man hand touching speaking in snow land wearing helmet displaying on
screen (ground truth)

Top 2: a man rides a lift to the top of a mountain

Top 3: flight is shaken and the pilots trying to land the flight while they opened the air

Figure 7. Video — Video-caption retrieval results from PEay. Ground truth (if present) is bolded.


https://youtu.be/VZ5XnXlZQsM?t=9
https://youtu.be/xrt27dZ7DOA?t=39
https://youtu.be/ukYr_C1Tnzk?t=261
https://www.youtube.com/watch?v=wov1DA-Jtjc&t=32s

Text Query: In the room, a man pressed the alarm with his index finger, and the alarm rang.

Audio Query:

Text — Video

(Caption: A person presses the button of the instrument watch on the wall, and the instrument drips.)

Audio — Video

A i AT

(Caption: In the enclosed space, a mouse whirled in the dripping sound, the picture turned into two rats.)

Text + Audio — Video (ground truth)

Video

Audio — Text

Top 1: A man in a life-saving suit stood beside the manhole cover, directing the rumbling engineering vehicle to reverse, and then
angling the vehicle’s gear to the sewer.

Top 2: In the field, a command officer in a fluorescent green work suit was waving a flag to direct a farm machine vehicle, with the
sound and beeping of vehicles and the voice of men.

Top 3: Outside, a man sits in a car talking while driving slowly as the car dribbles. (ground truth)

Video — Text

Top 1: A man fiddled with the steering wheel in the driver’s seat, making a rustling sound, and the roar of machine operation from
time to time in the distance.

Top 2: The man was sitting in the driver’s seat talking, the picture shaking, saw the co-pilot and the windows open inside and
behind the car.

Top 3: A man is introducing virtual technology to his buddies at the creaking edge of the wheel.

Audio + Video — Text
Top 1: Outside, a man sits in a car talking while driving slowly as the car dribbles. (ground truth)
Top 2: A man fiddled with the steering wheel in the driver’s seat, making a rustling sound, and the roar of machine operation from
time to time in the distance.
Top 3: The man was sitting in the driver’s seat talking, the picture shaking, saw the co-pilot and the windows open inside and
behind the car.

Figure 9. A/V/AV — AV-caption retrieval results from PEav. Ground truth (if present) is bolded.


https://youtu.be/B8HCQ3rEXM4?t=26
https://youtu.be/ZS4Chf9yh8s?t=20
https://youtu.be/omVDsmGevlI?t=100
https://youtu.be/XPyCWnbii9Y?t=180

Caption Score

Correct: A middle-aged female voice, spoken at a normal pace, with a normal pitch and quality. 0.571

Similar 1: A young female voice, spoken at a normal pace, with a normal pitch and quality. 0.250

Similar 2: A middle-aged male voice, spoken at a normal pace, with a normal pitch and quality. —0.207

Similar 3: A middle-aged female voice, spoken at a fast pace, with a normal pitch and quality. 0.109

Wrong 1: A young female voice, spoken at a fast pace, with a high pitch and low recording quality. —0.538

Wrong 2: A middle-aged male voice, spoken at a slow pace, with a low pitch and normal quality. —0.582

Wrong 3: A young male voice, spoken at a fast pace, with a normal pitch and quality. —0.739

Transcript Score

Correct: The person says: “The area was surrounded by a wooden fence, later replaced by a concrete wall.” 0.399

Similar Pronunciation 1:

The person says: “The era was surrounded by a wooden sense, later replayed by a convict call.” 0.227

Similar Pronunciation 2:

The person says: “The aria was confounded by a warden fence, later replaced by a con fleet wall.” 0.268

Similar Pronunciation 3:

The person says: “The airy was surrendered by a wooden lens, later rephrased by a concrete mall.” 0.172

Similar Meaning 1:

The person says: “The yard was enclosed by a timber fence, later swapped for a stone wall.” —0.331

Similar Meaning 2:

The person says: “The field was bordered by a wooden fence, which was later rebuilt in concrete.” —0.233

Similar Meaning 3:

The person says: “A wooden fence once circled the property, but it was replaced by a solid wall.” —0.478

Wrong 1:

The person says: “Man in red tshirt and baseball cap viewed from above he is has a pile of posters.” —0.956

Wrong 2:

The person says: “Hash trees allow efficient and secure verification of the contents of large data structures.” —2.469

Wrong 3:

The person says: “Armand immigrated to the United States from France and sold hats as an occupation.” —1.981
Caption + Transcript Score

Correct: A middle-aged female voice, spoken at a normal pace, with a normal pitch and quality. The person says: “The area was 0.984
surrounded by a wooden fence, later replaced by a concrete wall.”

Wrong Caption + Correct Transcript 1:

A young female voice, spoken at a fast pace, with a high pitch and low recording quality. The person says: “The area was surrounded 0.170
by a wooden fence, later replaced by a concrete wall.”

Wrong Caption + Correct Transcript 2:

A middle-aged male voice, spoken at a slow pace, with a low pitch and normal quality. The person says: “The area was surrounded 0.205
by a wooden fence, later replaced by a concrete wall.”

Wrong Caption + Correct Transcript 3:

A young male voice, spoken at a fast pace, with a normal pitch and quality. The person says: “The area was surrounded by a wooden 0.018
fence, later replaced by a concrete wall.”

Correct Caption + Wrong Transcript 1:

A middle-aged female voice, spoken at a normal pace, with a normal pitch and quality. The person says: “Man in red tshirt and  —0.536
baseball cap viewed from above he is has a pile of posters.”

Correct Caption + Wrong Transcript 2:

A middle-aged female voice, spoken at a normal pace, with a normal pitch and quality. The person says: “Hash trees allow efficient — —1.737
and secure verification of the contents of large data structures.”

Correct Caption + Wrong Transcript 3:

A middle-aged female voice, spoken at a normal pace, with a normal pitch and quality. The person says: “Armand immigrated to the =~ —1.425
United States from France and sold hats as an occupation.”

Figure 10. Speech — Audio-caption and transcript retrieval results from PEay. The scores indicate the embedding similarity scores
between the [CLS-A] and [CLS-AT].
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