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Abstract. Accurate dialogue description in audiovisual video caption-
ing is crucial for downstream understanding and generation tasks. How-
ever, existing models generally struggle to produce captions that faith-
fully reflect spoken content and speaker dynamics. To mitigate this lim-
itation, we propose DiaDem, a powerful audiovisual video captioning
model capable of generating captions with more precise dialogue de-
scriptions while maintaining strong overall performance. We first design
a dedicated pipeline to synthesize high-quality dialogue-aware audiovi-
sual captions for supervised fine-tuning (SFT), and then introduce a
difficulty-partitioned two-stage reinforcement learning (RL) strategy to
further enhance dialogue descriptions. To enable systematic evaluation of
dialogue description capabilities, we present DiaDemBench, a compre-
hensive benchmark designed to evaluate models across diverse dialogue
scenarios, focusing on both speaker attribution accuracy and utterance
transcription fidelity in audiovisual captions. Extensive experiments on
DiaDemBench reveal even commercial models still exhibit substantial
room for improvement in dialogue-aware captioning. Notably, DiaDem
not only outperforms the Gemini series in dialogue description accuracy
but also achieves competitive performance on general audiovisual cap-
tioning benchmarks, demonstrating its overall effectiveness. Our project
is available at https://diadem-captioner.github.io/.

Keywords: Audiovisual · Dialogue · Caption

1 Introduction

Audiovisual joint video captioning has recently garnered increasing attention [43,
50]. Compared to visual-only video captioning [6,45,59,64], incorporating audi-
tory signals enables models to generate more comprehensive and human-aligned
⋆ Work done during the author’s internship at Kling Team, Kuaishou Technology.
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Man with long dark 
hair in a red shirt: 
“And why would I do 
that?”

Man with a mustache 
and goatee in a black 
jacket: “Smoke signals.”

Man with long dark 
hair in a red shirt: 
“Should I ride ahead?”

Man in a light-colored 
hat and striped shirt: 
“Why, so you can join 
them?”

GT Dialogues
On the left is a young man wearing a striped shirt… In the center sits an older man with a mustache… On the
right is a man with long dark hair… As the men gaze out toward the landscape, the man on the right speaks
first: “Smoke signals.” The man in the center then asks: “Should I ride ahead?” The young man on the left
turns his head slightly towards the man on the right and asks: “Why, so you can join them?” The camera then
cuts to a close-up of the man on the right. He maintains responds calmly: “And why would I do that?”

Gemini-3-Pro

The man on the left is young, wearing a light-colored hat… The man in the center is older, with a mustache…
The man on the right has long dark hair… The man on the right speaks: “Smoke signals. Should I ride ahead?”
The man in the center replies sarcastically: “Why, so you can join them?” The camera zooms in slightly on
the man on the right as he responds: “And why would I do that?”

Gemini-2.5-Pro

The audio opens with… A man speaks in a calm, observational tone, stating, “Smoke signals.” Another man
responds with a hopeful and slightly questioning voice, “Should I ride ahead?” The camera cuts to a medium
shot of three men sitting on horseback… The camera zooms in slightly, focusing on the man on the right as he
turns his head to speak. He replies with a low, dismissive, and slightly cynical tone, “Why, so you can join
them?” The camera zooms in for a close-up on the face of the man on the right. He continues to look up and
to the right. He retorts with a sharp, incredulous, and defiant voice, “And why would I do that?”

AVoCaDO

The man on the left is wearing a light-colored striped shirt and a dark vest, the man in the middle is in a dark
suit, and the man on the right is in a dark coat with a red shirt and a long ponytail. They are having a
conversation discussing “Smoke signals” and whether the man on the right should “ride ahead” to join them.
The man on the right responds with a question, “And why would I do that?”

UGC-VideoCaptioner

REF Score on DiaDemBench
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Fig. 1: Qualitative and quantitative analysis of dialogue description capabilities
in existing models. In the generated audiovisual captions, speaker attributions
are color-coded as incorrect, ambiguous, and correct. The REF score quantifies
speaker–utterance attribution accuracy, while the captioning examples offer qualita-
tive evidence, jointly indicating substantial room for improvement in current models.

textual descriptions [7,25]. High-quality audiovisual captions not only facilitate
effective alignment across audio, visual, and textual modalities during pretrain-
ing [48,61], but also provide critical support for downstream audiovisual under-
standing and generation tasks [15,36,60].

Despite notable progress in audiovisual video captioning, most existing mod-
els and benchmarks primarily prioritize descriptive completeness [43, 50], while
overlooking a critical dimension in audiovisual scenarios: the accuracy of dialogue
description, encompassing precise utterance transcription and correct speaker at-
tribution. As illustrated in Fig. 1, current models consistently struggle to discern
“who said what” in challenging multi-party dialogue scenarios. However, faith-
ful speaker-utterance identification and attribution in audiovisual captioning are
indispensable for accurately capturing characters’ intentions, inferring interper-
sonal dynamics, and reconstructing the narrative’s logical structure.

To enable systematic and fine-grained evaluation of dialogue description ca-
pabilities in audiovisual captioning, we first introduce DiaDemBench, which
comprises 1,039 manually annotated videos featuring diverse dialogue settings,
covering single- and multi-shot scenes, varying speaker counts, and challenging
scenarios with overlapping speech, thereby providing a comprehensive testbed for
evaluating both utterance transcription fidelity and speaker attribution accuracy
in audiovisual captioning. As shown in Fig. 1, even advanced open-source and
commercial models still exhibit substantial room for improvement in speaker-
utterance matching, with a notable performance gap persisting between open-
source and commercial models.
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To address this issue, we further propose DiaDem, an audiovisual video
captioning model capable of producing more precise utterance transcription and
speaker attribution, while preserving the completeness of other audiovisual de-
tails. Building upon AVoCaDO [7], which possesses strong capability in holis-
tic audiovisual captioning, DiaDem is enhanced through targeted post-training
to improve dialogue understanding. Specifically, leveraging the complementary
strengths of different models, we design a dedicated pipeline to construct a
training corpus comprising 70K high-quality audiovisual captions with precise
dialogue descriptions, together with 15K general-purpose captions from non-
dialogue scenes for SFT, equipping the model with foundational dialogue de-
scription skills while maintaining its general captioning performance. Further-
more, we manually annotate 3K dialogue-centric samples and incorporate them
into a difficulty-partitioned two-stage RL (specifically, GRPO) strategy, further
strengthening the model’s ability to transcribe utterances and attribute them to
the correct speakers in audiovisual captions. Experimental results show that Di-
aDem not only outperforms the Gemini series in dialogue description accuracy,
but also achieves competitive performance in general audiovisual captioning.

Our contributions are summarized as follows:
– We propose DiaDem, a powerful audiovisual video captioning model that de-

livers superior dialogue description capability compared to the Gemini series,
while achieving competitive general audiovisual captioning quality.

– We introduce DiaDemBench, the first benchmark designed to evaluate the ac-
curacy of dialogue descriptions in audiovisual models, covering both utterance
transcription and speaker attribution.

– We design a post-training strategy that first integrates the complementary
strengths of different models to synthesize dialogue-aware captions for SFT,
followed by a difficulty-partitioned two-stage RL strategy to sharpen more
precise dialogue description and boost the overall captioning performance.

2 Related Works

2.1 Audiovisual Video Captioning with MLLMs

With the rapid advancement of audiovisual understanding models [10,19,20,32,
40, 42, 44, 57], audiovisual captioning models and benchmarks have also evolved
accordingly. For instance, video-SALMONN-2 [43] introduces MrDPO to mit-
igate information loss and hallucinations, and proposes a testset that evalu-
ates captions based on the accuracy and completeness of atomic events. UGC-
VideoCaptioner [50] enhances captioning performance by distilling knowledge
from Gemini-2.5-Flash [12] combined with reinforcement learning, and further
introduces UGC-VideoCap, a benchmark where a judge model scores captions
across multiple dimensions. AVoCaDO [7] adopts a two-stage post-training strat-
egy that explicitly emphasizes the temporal alignment of audiovisual events to
improve caption fidelity. Qwen3-Omni-Captioner [25] designs an agentic data
generation and cleaning pipeline to construct high-quality caption corpora, and
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proposes Omni-Cloze, which evaluates caption quality via a cloze-style multiple-
choice proxy task.

However, existing works primarily focus on the completeness of descriptive
content, often neglecting the accuracy of dialogue descriptions in audiovisual
scenarios, which is critical for downstream understanding and generation tasks.
To bridge this gap, we propose DiaDem, a captioning model that generates
audiovisual captions with dialogue accuracy surpassing that of the Gemini series.
Additionally, we introduce DiaDemBench, a benchmark speci�cally designed to
evaluate the accuracy of dialogue descriptions in audiovisual captions.

2.2 Speaker Diarization and Recognition

In the audio-only domain, traditional speaker diarization frameworks [8,26] typ-
ically consist of multiple components, including Voice Activity Detection (VAD)
to identify speech segments, speaker embedding extraction to capture distinc-
tive speaker characteristics, and clustering to group embeddings for speaker
identi�cation. Subsequent studies have further incorporated Automatic Speech
Recognition (ASR) modules to obtain speaker identities along with their utter-
ances [13,14,35,47,63]. However, due to the accumulation of errors across modu-
lar pipelines, later works have explored post-processing with LLMs [17,33,46] or
adopted end-to-end approaches to mitigate error propagation [21,22,24,58,62].

In audiovisual settings, although visual information is incorporated, early
studies primarily focus on providing speaker IDs paired with speaking times-
tamps [5, 9, 11, 23, 37, 51, 52], or leveraging auxiliary visual cues (e.g. lip move-
ments) to enhance speech recognition under noisy conditions [1, 16, 27, 31, 34].
However, these approaches often overlook the alignment between speaker de-
scriptions and utterance content, a crucial aspect of joint audiovisual under-
standing. In contrast, DiaDem integrates both audio and visual modalities to
generate high-quality audiovisual captions with accurate speaker descriptions
and precise utterance recognition.

3 DiaDemBench

3.1 Overview

DiaDemBench is designed to comprehensively evaluate the accuracy of dialogue
descriptions in audiovisual video captions, focusing on two critical yet under-
represented dimensions in existing benchmarks: correct speaker attribution and
precise utterance transcription. To enable quantitative assessment along these
axes, we introduce a suite of tailored evaluation metrics, namely the REF score
for speaker attribution and the ASR score for transcription �delity. Moreover,
we collect a representative set of dialogue-centric videos spanning diverse sce-
narios, accompanied by manually curated annotations to ensure both coverage
and reliability in evaluation.
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3.2 Evaluation Protocol

The accuracy of dialogue descriptions comprise two key aspects: correct speaker
attribution and precise utterance transcription. Since speaker attribution is mean-
ingful only when the corresponding utterance is accurately transcribed, we adopt
a two-stage evaluation protocol. Speci�cally, we �rst align the predicted dialogue
tuples and ground-truth tuples, where each tuple comprises a speaker description
and the associated spoken content. Alignment is performed based on utterance
similarity matching, yielding the utterance transcription accuracy score, denoted
as ASR. Subsequently, within the successfully matched tuple pairs, we evaluate
speaker consistency to obtain the speaker reference accuracy score, denoted as
REF. The detailed procedure is described below.

Given the structural variability of dialogue descriptions in audiovisual cap-
tions, we �rst employ Gemini-2.5-Pro as a parser to extract and structure the
dialogue information from each caption into a sequence of tuples. Let P =
[p1; p2; : : : ; pM ] denote the predicted dialogue sequence and G = [g1; g2; : : : ; gN ]
denote the ground-truth dialogue sequence, where M and N are the respective
sequence lengths. For any dialogue tuple xi 2 P [ G, we denote its utterance as
u(x i ) and its speaker as s(xi ).

To quantify the similarity between any pair of utterances u(p i ) and u(gj ),
where i 2 [1; M] and j 2 [1; N], we use the normalized edit distance:

Sim
�
u(pi ); u(g j )

�
= 1 �

ed
�
u(pi ); u(g j )

�

max
� �
�(u(p i )

�
� ;

�
�u(gj )

�
� � ; (1)

where ed(�) denotes the standard Levenshtein edit distance5 between two strings.
To achieve optimal matching between the two dialogue sequences, we aim to

identify subsequences of equal length from P and G such that (i) each matched
utterance pair exceeds a prede�ned similarity threshold 
, and (ii) the total
utterance similarity across all matched pairs is maximized. This problem can be
naturally formulated and solved via dynamic programming [3].

However, a naive one-to-one matching strategy, as used in AVoCaDO, fails to
account for segmentation inconsistencies between the predicted and ground-truth
dialogues, which may lead to counterintuitive matching results. As illustrated in
Fig. 2, in the left example, naive matching causes p2 to be omitted, whereas
merging adjacent utterances from the same speaker resolves the issue. However,
in the right example, naive matching aligns better with human intuition, while
forced merging prevents both p1 and p2 from being successfully matched due
to insu�cient similarity. Moreover, the segmentation of consecutive utterances
from the same speaker is inherently subjective and model-dependent, making it
hard to de�ne a canonical segmentation rule.

To alleviate the impact of segmentation variability, we propose an adaptive
merging strategy. Speci�cally, during dynamic programming, adjacent utterances
from the same speaker are dynamically merged whenever doing so improves
alignment �delity, yielding matches that better re�ect human intuition.
5 https://en.wikipedia.org/wiki/Levenshtein_distance
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Fig. 2: Illustration of potential segmentation inconsistencies between ground-truth an-
notations and model predictions. Regardless of whether adjacent utterances from the
same speaker are merged, suboptimal matching may still occur.

Formally, let F i;j denote the maximum cumulative utterance similarity achiev-
able between the �rst i elements of P and the �rst j elements of G. The recur-
rence relation, which incorporates adaptive merging, is de�ned as follows:

Fi;j =

8
>>>>>>><

>>>>>>>:

0; if i = 0 or j = 0;
max

�
Fi�1;j ; Fi;j�1

	
; if i > 0; j > 0; and �

�
P i

i�k+1 ; Gj
j�l+1

�
< 
;

for all 1 � k; l � W;

max
n

Fi�1;j ; Fi;j�1 ;

max
1�k; l�W

�
Fi�k;j�l + �(P i

i�k+1 ; Gj
j�l+1 )

	 o
; otherwise.

(2)

Here, Pb
a and Gb

a denote contiguous subsequences from index a to b in the pre-
dicted and ground-truth dialogue sequences, respectively. The hyperparameter
W controls the maximum merging window size, balancing matching accuracy
against computational e�ciency. The function �( ~P ; ~G) computes the utterance
similarity between two merged subsequences and is de�ned as:

�( ~P ; ~G) =

8
>><

>>:

�1; if 9 p i ; pj 2 ~P s.t. s(pi ) 6= s(pj )
or 9 gi ; gj 2 ~G s.t. s(gi ) 6= s(gj );

Sim
�

concatpi 2 ~P u(pi ); concatgj 2 ~G u(gj )
�

; otherwise.
(3)

Importantly, merging is restricted to adjacent utterances from the same speaker
to avoid introducing speaker ambiguity. Additional implementation details are
provided in Sec. A.5 of the supplementary material.

Upon completing utterance matching, we obtain the utterance accuracy score
Sutterance = F M;N and the corresponding adaptively merged matched subse-
quences P0 and G0. We then compute the speaker reference accuracy score
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Fig. 3: Overview of the data curation pipeline for DiaDemBench.

Sspeaker based on speaker consistency within each matched tuple pair. Specif-
ically, we use Gemini-2.5-Flash as the judge model, which, conditioned on the
video content v, assesses whether the speaker descriptions in each matched tuple
pair are consistent and assigns a binary score:

Sspeaker =
X

(p i ;g i )2(P 0;G 0)

Judge
�
s(pi ); s(gi ); v

�
: (4)

To ensure fair comparison across samples with varying dialogue lengths, both
Sspeaker and Sutterance are normalized. Let M0 and N 0 denote the lengths of the
adaptively merged sequences P0 and G0, respectively. The scores are bounded
in [0; min(M 0; N 0)], enabling the computation of precision (normalized by M0),
recall (normalized by N0), and the corresponding F1 score. These F1 scores serve
as our �nal evaluation metrics:

REF = F1(S speaker ; M 0; N 0); ASR = F1(S utterance ; M 0; N 0): (5)

Detailed comparisons with prior audio-only multi-speaker transcription met-
rics [28�30,41,49] are provided in Sec. A.6 of the supplementary material.

3.3 Data Curation

As shown in Fig. 3, our data curation pipeline begins with the collection of
movie clips and short-form videos from public user-generated content (UGC)
platforms, targeting materials with rich dialogue scenarios through metadata �l-
tering. Considering the context window limitations of many current models, raw
videos are segmented into clips no longer than 20 seconds using PySceneDetect6,
thereby ensuring speaker-related details can be captured at relatively high reso-
lution and frame rate. We then employ multiple open-source models to infer and
cross-validate key attributes of each clip, including speaker counts, visible people
counts, shot editing types and language information. Based on these attributes,
we �lter the clips and obtain 1,039 video segments with broad category coverage
and balanced distributions.

6 https://www.scenedetect.com/
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Fig. 4: Overview of the data annotation pipeline for SFT. ASR and REF refer to the
capabilities of utterance transcription and speaker attribution, respectively.

Each selected clip subsequently undergoes �ne-grained dialogue annotation.
To improve e�ciency, we �rst generate initial dialogue descriptions using Gemini-
2.5-Pro, which are then re�ned by human annotators to ensure both precise
utterance transcriptions and correct speaker attribution. To guarantee high an-
notation quality, a sample is accepted only when all three annotators reach con-
sensus, as veri�ed by a senior supervisor. Further details are provided in Sec. A.3
of the supplementary material.

4 DiaDem

4.1 Overview

After constructing DiaDemBench, we evaluate a wide range of models. The re-
sults in Tab. 1 indicate a notable performance gap persisting between open-
source and commercial models. To mitigate this, we propose DiaDem, a power-
ful audiovisual video captioning model that integrates a carefully designed data
annotation pipeline for SFT and a di�culty-partitioned two-stage RL strategy,
thereby achieving superior dialogue description capability.

4.2 Data Annotation Pipeline for SFT

Through our empirical case analysis, we observe complementary strengths be-
tween two Gemini variants: Gemini-2.5-Pro excels at transcribing utterances,
whereas, when given comparable transcription performance, Gemini-3-Pro ex-
hibits superior speaker attribution ability. Capitalizing on this observation, we
design a data annotation pipeline, as illustrated in Fig. 4.

First, Gemini-2.5-Pro is employed to generate raw dialogue descriptions with
high utterance �delity but relatively weak speaker attribution. These outputs are
then re�ned by Gemini-3-Pro, which corrects speaker attribution, yielding 70K
high-quality dialogue descriptions. In parallel, we utilize the holistic captioning
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capability of AVoCaDO to produce base audiovisual captions for these samples.
Gemini-3-Pro then integrates the re�ned dialogue descriptions into these base
captions, resulting in 70K high-quality audiovisual captions with more precise
dialogue descriptions. In addition, we annotate 15K non-dialogue videos to pre-
serve the model's general audiovisual captioning capability. Details regarding
the video sources are provided in Sec. B.1 of the supplementary material.

We then perform SFT on AVoCaDO using the combined 85K dataset, equip-
ping the model with foundational dialogue description skills while maintaining
its general captioning performance.

4.3 Post-training with RL

Preliminary Group Relative Policy Optimization (GRPO) [39] has emerged
as a widely adopted RL algorithm, primarily due to its computational e�ciency
achieved by eliminating the need for a critic model in Proximal Policy Optimiza-
tion (PPO) [38]. Instead of estimating absolute value functions, GRPO leverages
relative rewards within a group of sampled responses to compute advantages.
Speci�cally, for each input query q, a group of G responses fo1; o2; :::; oG g is
sampled from the old policy � � old . The corresponding rewards fr1; r 2; :::; rG g are
then computed to derive the advantage Ai for each response oi :

A i =
r i � mean(fr 1; r 2; : : : ; rG g)

std(fr 1; r 2; : : : ; rG g)
: (6)

The current policy � � is then updated by maximizing the following objective:

J GRPO (�) = E fo i gG
i=1 �� � old (�jq)

"
1
G

GX

i=1

�
min

�
r i (�)A i ; clip

�
r i (�); 1 � "; 1 + "

�
A i

�
� � � D KL (� � jj� ref )

� #

;

(7)
where ri (�) = � � (o i jq)

� � old (o i jq) denotes the importance sampling ratio, � is the clipping
parameter that restricts policy updates within a trust region, � adjusts the
strength of the KL divergence penalty, and � ref is the reference policy model
employed to enhance training stability.

Di�culty-Partitioned Two-Stage RL Strategy Beyond SFT, we further
enhance DiaDem through RL, speci�cally GRPO, with 3K manually annotated
high-quality dialogue descriptions. We utilize the sum of REF and ASR scores
de�ned in Eq. 5 as the dialogue reward, combined with the checklist-based reward
and length-regularized reward from the base model, to serve as the overall reward
function for GRPO, which is detailed in Sec. B.2 of the supplementary material.

As shown in Eqs. 6 and 7, e�ective policy updates in GRPO rely on reward
variations across multiple rollouts of the same sample. However, our pilot experi-
ments reveal that for samples that are either overly simple or excessively di�cult,
dialogue reward scores exhibit minimal variance across repeated inferences. This
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Table 1: Model performance on DiaDemBench. N denotes the speaker count. �Over-
lap� refers to subsets with temporally overlapping speech and is mutually exclusive
with the groups de�ned by speaker count N. � For ARC-Qwen-Video-Narrator, speaker
and utterance information appears only in the thinking phase rather than the �nal
answer, thus we use the thinking content as the model's output for evaluation.

Model Size
Overall Single-shot (REF | ASR) Multi-shot (REF | ASR)

(REF | ASR) All N = 1 N = 2 N�3 Overlap All N = 1 N = 2 N�3 Overlap

Human (avg. of 3 authors) - 97.9 | 97.1 98.0 | 97.4 98.7 | 97.9 98.1 | 97.5 97.8 | 97.3 87.3 | 89.297.9 | 96.9 98.5 | 97.4 98.4 | 97.3 98.1 | 97.2 88.1 | 86.7

Gemini-2.5-Pro - 63.6 | 74.8 54.2 | 66.6 62.3 | 71.1 59.4 | 66.7 43.8 | 62.6 52.8 | 80.0 69.0 | 79.6 64.5 | 77.3 75.6 | 81.7 67.8 | 80.3 55.4 | 68.0
Gemini-3-Pro - 63.1 | 71.0 51.8 | 59.8 61.2 | 62.0 56.6 | 61.1 40.5 | 56.5 56.3| 68.6 69.7 | 77.5 70.5 | 80.7 71.6 | 77.0 68.5 | 76.8 57.2 | 65.1
Gemini-2.5-Flash - 58.5 | 73.3 48.2 | 64.1 55.7 | 65.3 51.9 | 66.2 39.4 | 60.6 56.7 | 77.864.3 | 78.6 64.5 | 78.4 68.3 | 78.4 62.3 | 80.348.4 | 62.4

video-SALMONN-2 7B 11.5 | 16.6 9.6 | 13.2 18.4 | 20.1 7.2 | 9.4 5.8 | 12.0 7.6 | 10.312.6 | 18.5 16.4 | 18.9 11.2 | 16.1 11.1 | 19.7 8.9 | 17.7
ARC-Qwen-Video 7B 11.7 | 17.2 8.2 | 12.4 16.1 | 15.3 7.0 | 13.2 4.0 | 9.9 0.0 | 5.5 13.4 | 19.6 17.5 | 25.0 15.3 | 20.4 9.3 | 15.8 0.0 | 2.8
HumanOmniV2 7B 15.3 | 21.5 16.2 | 22.7 18.2 | 24.4 17.6 | 25.7 13.4 | 18.8 11.0 | 12.714.7 | 20.6 19.9 | 22.7 13.2 | 20.7 12.8 | 19.8 8.6 | 12.7
OmniVinci 9B 17.1 | 25.2 14.4 | 23.6 12.7 | 19.0 21.8 | 29.8 8.1 | 20.7 0.0 | 0.0 18.5 | 26.0 23.9 | 31.8 17.6 | 25.2 16.8 | 24.2 2.9 | 9.0
Qwen2.5-Omni 7B 26.1 | 37.1 26.4 | 36.8 38.6 | 48.8 24.6 | 33.0 18.9 | 31.5 10.2 | 28.625.9 | 37.1 35.0 | 45.7 27.7 | 37.3 18.4 | 32.1 11.3 | 14.6
UGC-VideoCaptioner 3B 29.7 | 47.0 31.0 | 44.3 50.8 | 56.7 27.1 | 40.8 20.5 | 38.7 31.0 | 45.328.9 | 48.5 41.6 | 59.5 28.6 | 44.8 21.3 | 45.2 12.7 | 28.2
ARC-Qwen-Video-Narrator � 7B 32.8 | 48.5 29.0 | 41.2 43.5 | 51.9 30.0 | 41.7 17.5 | 33.2 4.6 | 7.8 34.7 | 52.5 42.4 | 62.1 37.8 | 52.9 27.6 | 47.9 0.8 | 2.9
Qwen3-Omni-Instruct 30B-A3B 36.8 | 47.5 32.0 | 40.6 43.0 | 47.8 33.3 | 42.7 23.8 | 34.5 0.0 | 0.0 39.2 | 51.0 46.7 | 57.0 39.6 | 50.5 35.1 | 49.2 19.3 | 25.3
AVoCaDO 7B 38.7 | 51.7 33.9 | 45.4 48.7 | 54.4 30.6 | 41.3 27.0 | 42.6 28.6 | 51.141.4 | 55.3 39.4 | 52.1 43.5 | 53.1 41.8 | 60.7 31.9 | 38.3
Qwen3-Omni-Captioner 30B-A3B 43.9 | 58.8 41.0 | 53.5 56.1 | 60.6 38.5 | 51.7 32.5 | 49.7 43.6 | 63.145.4 | 61.7 49.3 | 62.2 49.6 | 61.3 40.5 | 62.8 29.6 | 44.7

DiaDem (Ours) 7B 65.9 | 79.3 57.2 | 70.3 74.2 | 79.1 60.6 | 72.4 42.4 | 62.2 55.7 | 68.3 70.9 | 84.4 76.9 | 87.5 75.4 | 86.5 65.6 | 83.2 42.9 | 56.1

may lead to uninformative gradients that dilute the learning signal during pol-
icy optimization, thereby reducing training e�ciency. To mitigate this issue, we
�rst discard samples whose multiple rollouts yield nearly identical rewards due
to simplicity, and adopt a di�culty-partitioned two-stage training strategy to
progressively strengthen the model's ability to learn from challenging instances.

Speci�cally, in Stage 1, the model is trained on the entire �ltered dataset to
improve generalization across samples of varying di�culty. Prior to Stage 2, we
partition the �ltered dataset based on the average dialogue rewards and isolate a
subset of high-di�culty samples. In Stage 2, we double this high-di�culty subset
to further strengthen the model's performance on challenging cases. Further
implementation details are provided in Sec. B.2 of the supplementary material.

5 Experiments

5.1 Experimental Settings

We evaluate the dialogue description accuracy in audiovisual captioning of 14
representative models on DiaDemBench, including the Gemini series [12], video-
SALMONN-2 [43], OmniVinci [56], the ARC-Qwen-Video series [18], HumanOm-
niV2 [55], UGC-VideoCaptioner [50], AVoCaDO [7], the Qwen-Omni series [25,
53,54], as well as our proposed DiaDem.

In addition, we also assess the overall audiovisual captioning performance of
DiaDem on the video-SALMONN-2 testset [43] and UGC-VideoCap [50].

5.2 Experimental Results

Evaluation of Dialogue Description Quality Tab. 1 presents the perfor-
mance of various models on DiaDemBench in terms of their ability to accurately
describe dialogues in audiovisual captions. The results demonstrate that the
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Table 2: Model performance on the audiovisual video captioning benchmarks. Fol-
lowing AVoCaDO, we replace the judge model for the video-SALMONN-2 testset with
GPT-4.1 to ensure more reliable evaluation.

Model Size
SALMONN-2 testset UGC-VideoCap

Miss # Hall. # Total # Audio " Visual " Detail " Avg. "

Gemini-2.5-Pro - 18.1 13.3 31.3 69.5 74.7 73.7 72.6
Gemini-3-Pro - 21.4 14.2 35.6 69.7 75.6 74.3 73.2
Gemini-2.5-Flash - 19.3 13.9 33.3 69.1 75.8 74.0 73.0

Qwen2.5-Omni 7B 41.7 15.4 57.1 46.9 66.1 60.0 57.7
Qwen3-Omni-Instruct 30B-A3B 32.0 13.6 45.6 67.5 74.8 72.3 71.5
Qwen3-Omni-Captioner 30B-A3B 31.0 16.6 47.6 69.0 75.5 72.3 72.5
UGC-VideoCaptioner 3B 31.6 17.0 48.6 61.4 58.4 57.5 59.1
video-SALMONN-2 7B 21.2 17.6 38.8 61.8 71.4 68.5 67.2
AVoCaDO 7B 21.1 16.2 37.3 73.0 74.6 71.8 73.2

DiaDem (Ours) 7B 21.1 15.5 36.5 75.4 76.8 74.6 75.6

closed-source Gemini series substantially outperforms all previous open-source
models in both speaker attribution and utterance transcription. However, a con-
siderable gap with human performance remains. Among previous open-source
models, the Qwen3-Omni series achieves leading results. AVoCaDO also attains
competitive performance due to its holistic audiovisual captioning capabilities.

Notably, our proposed DiaDem, empowered by e�ective data construction
and training strategies, surpasses the best-performing Gemini series by 2.3% in
overall speaker attribution and by 4.5% in utterance transcription, and demon-
strates consistent superiority in both single-shot and multi-shot scenarios. Nev-
ertheless, under more challenging conditions such as scenes involving three or
more speakers or overlapping speech, DiaDem still slightly lags behind Gemini,
which constitutes one of our key directions for future improvement.

A detailed analysis and discussion of model behaviors across diverse dimen-
sions of DiaDemBench is provided in Sec. A.2 of the supplementary material.

Evaluation of Overall Captioning Quality To verify whether DiaDem
improves dialogue description capability without compromising other aspects
of audiovisual captioning, we evaluate its overall performance on two bench-
marks speci�cally designed to measure holistic audiovisual captioning quality:
the video-SALMONN-2 testset and UGC-VideoCap, as summarized in Tab. 2.

The results show that, while substantially enhancing dialogue description
accuracy, DiaDem does not degrade other aspects of audiovisual captioning. On
the contrary, it further improves the captioning quality of the base model and
even outperforms the strongest Gemini-series model on UGC-VideoCap by 2.4%.

5.3 Ablation Studies

Ablation on the Post-training Pipeline To evaluate the contribution of
each component in our post-training pipeline, we conduct a series of ablation
experiments, with results summarized in Tab. 3.
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Table 3: Ablation study on our post-training pipeline.

Model
DiaDem-

Bench
SALMONN-2

testset #
UGC-

VideoCap

AVoCaDO (base model) 38.7 | 51.7 37.3 73.2

Staged Post-training Recipe
+ SFT 59.3 | 74.0 42.0 74.8

+ GRPO-Stage-1 64.7 | 77.6 38.4 74.7
+ GRPO-Stage-2 (DiaDem) 65.9 | 79.3 36.5 75.6

GRPO Variants
+ GRPO w/o staged training 64.5 | 78.2 37.5 74.8
+ GRPO w/o easy �ltering 63.2 | 78.2 37.7 74.5
+ GRPO w/o dialogue reward 60.1 | 74.3 37.0 75.2

w/o GRPO
+ SFT using GRPO data 59.2 | 73.6 42.4 75.0

Bene�ting from our high-quality dialogue-aware audiovisual captioning data
construction strategy, the SFT stage substantially enhances the base model's
ability to describe dialogues and also improves overall audiovisual caption qual-
ity on UGC-VideoCap. However, on the video-SALMONN-2 testset, performance
degrades to a level comparable to the SFT version of the base model without
GRPO, which scores 41.4 in the original paper. We hypothesize that this degra-
dation arises from a mismatch in training paradigms, where SFT may override
the performance gains established during the earlier GRPO stage. Subsequent
application of our di�culty-partitioned two-stage GRPO e�ectively mitigates
this issue, yielding steady improvements in both dialogue description accuracy
and general audiovisual captioning performance.

To further dissect the design choices within the GRPO stage, we conduct
additional ablations: (i) �w/o staged training� merges data from both stages
into a single training phase; (ii) �w/o easy �ltering� disables the �ltering mech-
anism that discards overly simple samples; and (iii) �w/o dialogue reward� re-
moves our proposed dialogue reward. All three variants underperform the full
di�culty-partitioned two-stage GRPO to varying degrees, thereby validating the
e�ectiveness of our training strategy.

Additionally, to investigate whether the performance gains from GRPO are
merely attributed to the increased data volume, we adapt the SFT data con-
struction pipeline outlined in Sec. 4.2 to convert the human-annotated dialogue
descriptions in the GRPO dataset into dialogue-aware audiovisual captions for
additional SFT. However, this modi�cation even leads to a slight performance
drop relative to the original SFT model, indicating that the gains from GRPO
primarily stem from the reward design and staged training strategy, rather than
from exposure to more data.

Ablation on the Enhanced Dialogue Reward As discussed in Sec. 3.2, we
identify key limitations of the dialogue reward used in AVoCaDO and propose
targeted enhancements to address them. To validate the e�ectiveness of these
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Table 4: Ablation on our enhanced dialogue reward.

Model
DiaDem-

Bench
SALMONN-2

testset #
UGC-

VideoCap

GRPO w/ the problematic dialogue reward in AVoCaDO
Stage-1 63.5 | 76.9 40.1 74.6
Stage-2 63.7 | 77.2 37.1 74.9

GRPO w/ our enhanced dialogue reward
Stage-1 64.7 | 77.6 38.4 74.7
Stage-2 (DiaDem) 65.9 | 79.3 36.5 75.6

improvements, we conduct an ablation study, with results presented in Tab. 4.
The results indicate that our enhanced dialogue reward consistently outperforms
the original formulation across both stages of GRPO training, yielding not only
more accurate dialogue descriptions but also enhanced overall audiovisual cap-
tioning performance.

Ablation on the Judge Model In the main experiments, we use Gemini-
2.5-Pro to extract structured dialogue descriptions from audiovisual captions,
followed by Gemini-2.5-Flash to assess the consistency of speaker descriptions
within matched dialogue tuple pairs. To account for scenarios where closed-
source model APIs are unavailable, and to further assess the generalizability of
our evaluation protocol with respect to the choice of judge model, we replace the
Gemini series models with Qwen3-VL-32B [2] and report the results in Tab. 5.

Table 5: Ablation study on the judge model. � In the
main experiments, we use two Gemini series models
to balance cost and accuracy. In this ablation, both
Gemini models are replaced with Qwen3-VL-32B.

Model
Gemini Series � Qwen3-VL-32B

REF | ASR REF | ASR

Gemini-2.5-Pro 63.6 | 74.8 59.7 | 71.5
Gemini-3-Pro 63.1 | 71.0 61.3| 69.1
Gemini-2.5-Flash 58.5 | 73.3 58.0 | 71.5

video-SALMONN-2 11.5 | 16.6 11.0 | 15.5
Qwen2.5-Omni 26.1 | 37.1 24.8 | 34.6
UGC-VideoCaptioner 29.7 | 47.0 30.5 | 45.0
ARC-Qwen-Video-Narrator 32.8 | 48.5 27.6 | 35.3
Qwen3-Omni-Instruct 36.8 | 47.5 36.7 | 46.2
AVoCaDO 38.7 | 51.7 36.5 | 50.3
Qwen3-Omni-Captioner 43.9 | 58.8 43.8 | 58.7

DiaDem (Ours) 65.9 | 79.3 63.4 | 78.3

The experimental results
reveal that, although the ab-
solute scores produced by dif-
ferent judge models exhibit
minor �uctuations, which may
stem from inherent model-
speci�c biases, the relative
ranking remains largely con-
sistent, with the Pearson cor-
relation [4] achieving 0.995
(p < 0:001) for the REF met-
ric and 0.983 (p < 0:001) for
the ASR metric. This indi-
cates that our evaluation pro-
tocol is robust to the choice of
judge model. As long as the
judge model possesses strong
capabilities and can deliver
stable and fair judgments, it
is suitable for integration into



14 X. Chen et al.

Fig. 5: On the left, we present an illustration of an audiovisual video caption
with accurate dialogue descriptions generated by DiaDem, featuring both cor-
rect speaker attribution and precise utterance transcription, as well as other
general audiovisual details. On the right, we showcase four representative dialogue
scenarios from DiaDemBench that are commonly challenging for existing models to
produce accurate dialogue descriptions, with the aim of providing insights for future
advancements in audiovisual video captioning models.

DiaDemBench. Additionally, aggregating judgments from diverse judge models
can help mitigate individual model biases, thereby yielding a more reliable and
robust evaluation, albeit at an increased computational cost.

Table 6: Correlation with human judge-
ment.

Model
Gemini Human

REF | ASR REF | ASR

Gemini-2.5-Pro 63.6 | 74.8 3.46 | 3.81
Gemini-3-Pro 63.1 | 71.0 3.38 | 3.64

AVoCaDO 38.7 | 51.7 1.83 | 2.19
Qwen3-Omni-Captioner 43.9 | 58.8 1.96 | 2.33

DiaDem (Ours) 65.9 | 79.3 3.71 | 4.06

Furthermore, to verify that the
ranking aligns with human judgment,
we randomly sample 200 instances
and manually score model outputs
using a �ve-level scoring scheme: 5
for accuracy > 95%, 4 for accuracy
> 80%, 3 for accuracy > 60%, 2
for accuracy > 40%, and 1 for ac-
curacy � 40%. As shown in Tab. 6,
the capability rankings obtained from
human evaluation on both the REF
and ASR metrics are highly consistent
with those produced by the Gemini-
assisted automatic evaluation, yield-
ing Pearson correlation coe�cients of 0.994 and 0.982, respectively.

5.4 Qualitative Analysis

In the left panel of Fig. 5, we present an illustrative example of a dialogue-aware
audiovisual video caption generated by DiaDem. The result demonstrates Di-
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