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Abstract001

Selecting an appropriate background music002
(BGM) that supports natural human conversa-003
tion is a common production step in media and004
interactive systems. In this paper, we introduce005
dialogue-conditioned BGM recommendation,006
where a model should select non-intrusive, fit-007
ting music for a multi-turn conversation that008
often contains no music descriptors. To study009
this novel problem, we present DialBGM, a010
benchmark of 1,200 open-domain daily dia-011
logues, each paired with four candidate mu-012
sic clips and annotated with human preference013
rankings. Rankings are determined by back-014
ground suitability criteria, including contextual015
relevance, non-intrusiveness, and consistency.016
We evaluate a wide range of open-source and017
proprietary models, including audio–language018
models and multimodal LLMs, and show that019
current models fall far short of human judg-020
ments; no model exceeds 35% Hit@1 when021
selecting the top-ranked clip. DialBGM pro-022
vides a standardized benchmark for developing023
discourse-aware methods for BGM selection024
and for evaluating both retrieval-based and gen-025
erative models.026

1 Introduction027

Background music (BGM) is widely used in028

movies, games, and interactive systems; it shapes029

atmosphere, guides attention, and strengthens emo-030

tional impact (Ansani et al., 2020). Despite its prac-031

tical importance, automatically selecting suitable032

BGM from textual dialogues remains largely un-033

addressed. In particular, to the best of our knowl-034

edge, there is no prior work that directly addresses035

dialogue-conditioned BGM recommendation, espe-036

cially when the textual content is not related to the037

music itself.038

Automation of BGM recommendation is intrin-039

sically difficult because it requires bridging lin-040

guistic context and musical attributes. Prior ef-041

forts in audio-text alignment have tackled music042

Large-Scale Music Clips Pool

1st Dialogue Turn

2nd Dialogue Turn

3rd Dialogue Turn

What’s so great
about you? You’re no
different from me.

So, that’s it for you?
Is that really enough

to break you?

Say that again! What
do you think you’ll
do after this?

Speaker 1

Speaker 2

All it takes is a start.
Don’t define my

worth. I’ll have it all.

4th Dialogue Turn

Matched BGM Track
(Mood & Context Aligned)

Figure 1: Dialogue-conditioned BGM recommenda-
tion. Given a multi-turn dialogue and a large-scale mu-
sic clip database, the system uses the dialogue as a con-
textual filter to rank candidates and selects the one that
best matches the dialogue as background music (BGM).

captioning and text-based music retrieval (e.g., 043

CLAP (Elizalde et al., 2023), MuseChat (Dong 044

et al., 2024)), but they often assume that the tex- 045

tual context contains sufficient clues like musical 046

characteristics (e.g., tags, artists, captions). In con- 047

trast, selecting a suitable BGM for multi-turn daily 048

dialogues is significantly more challenging. Un- 049

like general text-to-music retrieval, our input is 050

conversational text that often contains no music 051

descriptors, and our objective is background suit- 052

ability (e.g., fit and non-intrusiveness), not sim- 053

ply semantic correspondence. The speakers may 054

casually talk about various topics, such as vaca- 055

tion plans, shopping recommendations, or opinions 056

about food. The conversation may begin with ten- 057
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It’s my first time to come to 
Bangkok. Could you recommend 
some places for me?

Well, it depends on
what you have.

What do you mean?

It’s takes only one day and you 
could experience almost all the 
famous spots in the city, I don’t 
think you would like to miss it.

Sound persuasive. How 
much will you charge for
it?

50 dollars per person.

That’s reasonable. Will you 
take care of meals for the 
day?

Of course. Please take it easy.

I see. May I know the 
schedule?

Why not?

This music is instrumental. The
tempo is fast with a spirited didgeridoo ha-
rmony. The music is droning, rhythmic, d-
eep and rich with the rhythmic tapping / cl-
apping. This is street busking with ambient
sounds of people talking, bicycle bells and
feet scuffling. The music is droning, hypn-
otic, meditative, trance and engaging.

<audio1>

This is an instrument showcase jam.
There is an electric guitar with a mellow
sound strumming simple chords. The atm-
osphere is easygoing. Parts of this piece ca-
n be used as an advertisement jingle. It co-
uld also be sampled for use in beat-making.

<audio4>

This music is an energetic instru-
mental. The tempo is fast with a regional
string instrument playing the lead with ha-
nd percussion like a small hand drum, tam-
bourine and shaker beats. The music is
lively, cheerful, happy, youthful, buoyant,
enthusiastic, sunnyand celebratory with a
peppy dance groove. This music is Folk
dance music.

<audio3>

The song is an instrumental. The
tempo is medium with a maestro percussi-
onist performing a solo drum solo in front
of a live audience. The song is exciting and
gripping. The audio quality is poor.

<audio2>

Multi-turn Dialogue Music Candidates & Human Ranking

Example A: Bangkok Tour Dialogue & BGM Candidates

Our school has a link on its
website for apartments.

Can I share an apartment with 
someone?

Some of the ads in the paper 
are from people looking for 
roommates

Are apartments expensive 
in this city?

Would you have time to go 
look at apartments with me?

You can get that type of 
apartment for around fifteen 
hundred dollars a month.

I want a two-bedroom 
apartment.

I love apartment hunting. 
I’ll be happy to go with you.

This music is a lively instrumental.
The tempo is fast with an infectious accor-
dion harmony, rhythmic acoustic guitar,
violin harmony and keyboard accompany-
ment. The music is pleasant, happy, cheer-
ful, warm, sprightly, romantic, carefree,
upbeat and genial. This music sounds like
a movie soundtrack.

The song is an instrumental. The
tempo is medium with an electric guitar pl-
aying a dreamy solo with a keyboard acco-
mpaniment, string section harmony and rh-
ythmic percussion rhythm. The song is
passionate and emotional. The song is a
rock guitar instrumental.

<audio4>

This is an instrumental percussion
piece. There is a wide variety of percussion
instruments. There is a marimba playing a
playful melody. The acoustic drums and
steel percussion provide the remainder of
the rhythmic background. The atmosphere
is lively and energetic. This piece could be
used in the soundtrack of a comedy movie
or TV show.

<audio3>

The song is an instrumental. The
tempo is medium with subtle jazz drumm-
ing, keyboard accompaniment, groovy bass
line and an electric guitar playing lead. The
song is relaxing and groovy. The song is a
live jazz instrumental performance with
poor audio quality.

<audio2>

Multi-turn Dialogue Music Candidates & Human Ranking

Example B: Apartment Hunting Dialogue & BGM Candidates

When do you need an apartment, 
where do you look for one?

Do you need a single 
apartment, or is this for 
two people?

Rank:

C

Rank:

D

Rank:

A

Rank:

B

Rank:

D

Rank:

C

Rank:

A

Rank:

B

<audio1>

Figure 2: DialBGM examples. Each dataset instance consists of a multi-turn dialogue paired with four candidate
background music (BGM) clips, along with human preference rankings indicating which clip best matches the
conversational atmosphere. Each music clip is presented with its corresponding caption and human-annotated rank.

sion and resolve warmly; it may convey sarcasm,058

embarrassment, or excitement through interaction059

patterns rather than explicit sentiment or musical060

words. Notably, this application has practical sig-061

nificance for AI-driven media creation (e.g., adding062

soundtracks to dialogues in games, virtual reality,063

or storytelling applications) and for conversational064

agents that aim to enhance user experience with065

adaptive background ambience.066

In this paper, we introduce a new task, dialogue-067

conditioned BGM recommendation, which re-068

quires selecting suitable background music for069

multi-turn conversations without explicit music070

descriptors. To support this task, we present the071

DialBGM benchmark (see Figure 1). DialBGM072

pairs open-domain multi-turn dialogues with candi-073

date music clips, utilizing human preference rank-074

ings to evaluate nuanced matching. Specifically,075

each dialogue is paired with four candidate BGM076

clips, and the task is to rank the four music clips by077

how well they fit the dialogue (see Figure 2). We078

systematically curate the candidate pool and em-079

ploy human annotators to rank clips. The resulting080

dataset provides a ground truth ranking for each di-081

alogue’s quartet of music options, which supports082

retrieval/ranking-based evaluation and serves as a 083

testbed for generative models. 084

Our experiments show that standard audio–text 085

retrieval pipelines, such as summarizing the dia- 086

logue and retrieving music by caption similarity 087

in a shared embedding space, remain inadequate 088

for dialogue-conditioned BGM recommendation. 089

Across a wide range of open-source and propri- 090

etary models, no method achieves a Hit@1 score 091

above 35%, highlighting a considerable gap rela- 092

tive to human judgments. These findings motivate a 093

benchmark that explicitly targets complex dialogue 094

understanding, rather than generic audio–text se- 095

mantic alignment. 096

Our main contributions are as follows: 097

• New Benchmark Dataset: We present Dial- 098

BGM, the first dataset that focuses on match- 099

ing multi-turn dialogues to background music. 100

The dataset contains 1,200 daily dialogues, 101

each paired with four music candidates and 102

human preference rankings. We will release 103

DialBGM publicly for research. 104

• Dataset Construction Pipeline: We provide 105

a scalable pipeline that combines music fil- 106
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tering, query rewriting, and embedding-based107

candidate retrieval, followed by human rank-108

ing. We define clear annotation criteria (rele-109

vance, non-intrusiveness, and consistency) to110

improve annotation reliability.111

• Baseline and Analysis: We evaluate a wide112

range of models, including embedding-based113

retrieval baselines (e.g., CLAP (Elizalde114

et al., 2023)) and recent multimodal LLMs115

(e.g., Qwen2.5-Omni (Xu et al., 2025), Gem-116

ini 2.5 (Comanici et al., 2025), Music117

Flamingo (Ghosh et al., 2025)), and show that118

all exhibit a substantial gap to human prefer-119

ence.120

2 Related Work121

2.1 Audio-Language Models and Cross-Modal122

Retrieval123

Cross-modal retrieval between audio and text has124

advanced through contrastive learning approaches.125

CLAP (Elizalde et al., 2023) learns shared embed-126

dings through contrastive learning, enabling zero-127

shot audio-text retrieval and classification. LAION-128

CLAP (Wu et al., 2023) scales this approach with129

a large-scale dataset and feature fusion, achieving130

strong performance on audio-text retrieval bench-131

marks. ParaCLAP (Jing et al., 2024) extends this132

framework to paralinguistic attributes such as emo-133

tion and speaking style. While these models capture134

acoustic characteristics, they are trained on short135

audio clips with brief captions, and their ability136

to align music with multi-turn dialogue context137

remains unexplored.138

Beyond retrieval, large audio-language models139

(LALMs) have emerged for audio reasoning tasks.140

Audio Flamingo (Kong et al., 2024) supports few-141

shot learning and multi-turn dialogue, while Mu-142

sic Flamingo (Ghosh et al., 2025) specializes in143

music understanding via chain-of-thought reason-144

ing. Qwen2-Audio (Chu et al., 2024) provides both145

voice chat and audio analysis modes, trained on146

diverse audio, including speech, music, and en-147

vironmental sounds. More recently, omni-modal148

models such as GPT-4o (Hurst et al., 2024), Gem-149

ini 2.5 (Comanici et al., 2025), Qwen2.5-Omni (Xu150

et al., 2025), and Phi-4-Multimodal (Abouelenin151

et al., 2025) integrate text, image, audio, and video152

understanding into unified architectures. Despite153

recent progress, music understanding itself remains154

challenging, with models struggling to capture nu-155

anced content (Kang and Herremans, 2025).156

2.2 Conversational Music Recommendation 157

Traditional music recommendation relies on collab- 158

orative filtering or content-based approaches that 159

focus on user listening history. Early work, such as 160

MusicRoBot (Zhou et al., 2018), combined knowl- 161

edge graphs with chatbots for context-aware music 162

recommendation. Talk the Walk (Leszczynski et al., 163

2023) generates synthetic conversational data by 164

performing biased random walks on playlist graphs, 165

addressing data scarcity in conversational recom- 166

mendation. MuseChat (Dong et al., 2024) combines 167

video understanding with dialogue-based refine- 168

ment, explaining why specific tracks match visual 169

content. TalkPlay (Doh et al., 2025a,b) formulates 170

recommendations as an LLM-driven agentic task, 171

invoking external tools such as SQL queries and 172

dense retrieval based on user profiles and dialogue 173

history. 174

These systems target explicit user preferences or 175

playlist continuation. In contrast, DialBGM focuses 176

on implicit affective alignment: selecting BGM that 177

matches the emotional trajectory of a conversation 178

without explicit user requests, requiring models to 179

interpret subtle mood cues rather than executing 180

database queries. 181

2.3 Datasets for Audio-Text Research 182

High-quality paired datasets have driven progress 183

in audio-language research (Sakshi et al., 2024). 184

For general audio captioning, AudioCaps (Kim 185

et al., 2019) provides 46k human-annotated cap- 186

tions, while Clotho (Drossos et al., 2020) of- 187

fers crowdsourced descriptions for 6k environmen- 188

tal sound clips. WavCaps (Mei et al., 2024) fur- 189

ther scales this effort to 400k clips using weakly 190

labeled web data. In the music domain, Mus- 191

icCaps (Agostinelli et al., 2023) provides 5.5k 192

clips with professionally written captions. LP- 193

MusicCaps (Doh et al., 2023) extends this to 2.2M 194

samples using LLM-generated pseudo-captions. 195

MTG-Jamendo (Bogdanov et al., 2019) offers 196

large-scale music tagging annotations, while Song 197

Describer (Manco et al., 2023) provides free-form 198

textual descriptions for music retrieval. 199

For emotion-aware dialogue, DailyDialog (Li 200

et al., 2017) contains 13k conversations with 201

emotion and dialogue act labels. EmpatheticDi- 202

alogues (Rashkin et al., 2019) provides 25k di- 203

alogues grounded in emotional situations, and 204

MELD (Poria et al., 2019) offers multimodal emo- 205

tion annotations from TV drama conversations. 206

3



Despite the availability of these resources, no207

existing dataset bridges multi-turn dialogue under-208

standing with music selection. DialBGM addresses209

this gap by pairing dialogues with human-ranked210

BGM candidates, enabling evaluation of affective211

alignment between conversational context and mu-212

sical accompaniment.213

3 DialBGM Dataset214

We present the DialBGM dataset, constructed215

through a reproducible semi-automatic pipeline.216

The pipeline consists of two high-level phases: an217

automatic construction phase (Stages 1–3) and a218

human annotation phase (Stage 4), as illustrated in219

Figure 3. To bridge the modality gap between dia-220

logue and music, our pipeline incorporates multiple221

refinement steps, as described below.222

3.1 Task Definition and Evaluation Metrics223

Task Definition. We formulate background mu-224

sic selection as a conditional ranking task. Given a225

multi-turn dialogue context d and a candidate set of226

music tracks M = {m1,m2,m3,m4}, the model227

must predict a ranking permutation R. The candi-228

date set M is carefully designed to contain tracks229

with varying semantic relevance to the dialogue.230

The ground truth is a human-annotated ranking G231

from 1 (best) to 4 (worst). This formulation allows232

us to evaluate whether the model can distinguish233

relative preferences rather than simply retrieving a234

single item.235

Evaluation Metrics. We adopt four metrics to236

quantify alignment between model predictions and237

human judgments. Hit@1 measures strict top-1238

accuracy by checking if the model’s top predic-239

tion matches the human-annotated Rank-1. MRR240

(Mean Reciprocal Rank) evaluates the rank position241

of the ground-truth top item in the predicted rank-242

ing. To assess overall ranking quality with graded243

relevance, the nDCG@4 metric maps human rank-244

ings to relevance scores via a 3-2-1-0 scheme. Fi-245

nally, Kendall’s τb captures ordinal consistency be-246

tween model and human rankings. Table 1 summa-247

rizes the formulas.248

Handling Tied Predictions. Empirically, LLMs249

and multimodal models frequently produce tied250

scores. To mitigate this ambiguity, we adopt tie-251

aware variants: Hit@1 assigns 1/k for k-way ties,252

while MRR, nDCG@4, and Kendall’s τb incorpo-253

rate probabilistic expectations or tie-corrected de-254

nominators.255

Metric Formula

Hit@1 I(top(R) = top(G))

MRR 1
N

∑N
i=1

1
ranki

nDCG DCG
IDCG , DCG =

∑4
i=1

reli
log2(i+1)

Kendall’s τb
P−Q√

(P+Q+Tx)(P+Q+Ty)

Table 1: Evaluation metrics for DialBGM benchmark.
We employ tie-aware variants to handle equal scores. N
denotes the number of samples. For Kendall’s τb, P and
Q denote concordant and discordant pairs, and Tx, Ty

denote ties.

3.2 Automatic Dataset Construction Pipeline 256

Source Data. We leverage DailyDialog (Li et al., 257

2017), which provides ∼13,000 multi-turn dia- 258

logues with emotion and dialogue act labels, and 259

MusicCaps (Agostinelli et al., 2023), which offers 260

5,500 ten-second music clips with professionally 261

written captions. To the best of our knowledge, 262

DialBGM is the first dataset that pairs multi-turn 263

dialogues with human-ranked background music 264

candidates. 265

Stage 1: BGM Suitability Filtering. While Mu- 266

sicCaps provides high-quality audio-text pairs, not 267

all clips are appropriate as background music. 268

Background music should complement dialogue 269

without drawing excessive attention or conflicting 270

with speech. Therefore, clips containing vocals, 271

noise, or prominent sound effects are unsuitable. 272

We apply a rule-based exclusion filter based on key- 273

words in the MusicCaps aspect_list field, which 274

contains descriptive tags for each clip. Specifically, 275

we exclude clips containing vocal-related terms 276

(e.g., “vocal”, “speech”), noise descriptors (e.g., 277

“static”, “hiss”), and prominent sound effects (e.g., 278

“pop”, “knock”). This process yields ∼2,000 instru- 279

mental music clips suitable for background music 280

use. 281

Stage 2: Dialogue Caption Generation. Multi- 282

turn dialogues are typically verbose yet semanti- 283

cally sparse, creating a mismatch with concise mu- 284

sic captions. As a result, directly embedding raw 285

dialogue text leads to suboptimal retrieval quality. 286

To bridge this gap, we generate dense captions that 287

capture both narrative content and emotional tone. 288

We employ GPT-4o (Hurst et al., 2024) to dis- 289

till each dialogue into a single-sentence caption. 290

Rather than standard summarization, we adopt a 291

music-oriented annotation strategy that aligns di- 292
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Stage 1: Source Data &
BGM Suitability Filtering

DailyDialog
Source

(13k multi-turn
dialogues)

MusicCaps
Source

(5.5k clips &
captions)

BGM
Suitability
Filtering

(Rule-based)
Exclude
Vocals
Noise
Prominent

SFX

Filtered
Instrumental

Clips
(~2,000

candidates)

Stage 2: Dialogue
Caption Generation

LLM
Music-Oriented

Annotation
Prompt

(Strict constraints:
Core topic, mood
words, keywords,
BGM suggestion)

Dense
Dialogue
Captions

(Music
-oriened
abstracts)

Stage 3: Embedding
Score-Based

Candidate Selection

Text
Embedding

&
Cosine

Similarity
Ranking

1 + 3
Sampling
Strategy

(Top-1 + 3 
Random from

Top-10% 4 Candidate
Tracks per
Dialogue

Stage 4: Human Ranking Annotation

Expert Annotators
(>10 researchers,
Cross-validation)

Criteria:
1. Relevance
2. Non-intrusiveness
3. Consistency

Quality
Control

(Consensus
Check &
Filtering)

Final
DialBGM
Dataset
(1,200

dialogues,
4,800

dialogue-music
pairs)

Figure 3: Dataset construction. The DialBGM dataset is constructed through a four-stage pipeline, consisting of
(1) source data collection and rule-based BGM suitability filtering, (2) dialogue caption generation via an LLM, (3)
embedding score-based candidate selection, and (4) expert human ranking annotation with quality control.

alogue semantics with music descriptions. We in-293

struct the model to act as a background music se-294

lector, conditioning output on a BGM suggestion295

(style, instrument, tempo, energy). This helps the296

generated caption capture implicit mood cues that297

are often omitted in factual summaries. The full298

system prompt is provided in Appendix C.299

Stage 3: Embedding Score-Based Candidate Se-300

lection. Using the generated captions, we for-301

mulate BGM selection as a text-to-text semantic302

retrieval task, where the ∼13,000 dialogue cap-303

tions serve as queries against the corpus of 2,000304

BGM-filtered music captions. We employ Ope-305

nAI’s text-embedding-3-large1 to map both di-306

alogue and music captions into a shared high-307

dimensional vector space. Music clips are ranked308

for each dialogue based on cosine similarity be-309

tween their respective embeddings.310

To construct the final candidate set for human311

evaluation, we adopt a "1+3 Sampling" strategy, se-312

lecting four BGM candidates per dialogue: (1) the313

top-1 clip with the highest cosine similarity, and (2)314

three clips randomly sampled from the top-10% of315

the similarity ranking. This strategy allows all four316

candidates to remain relevant to the dialogue while317

providing sufficient acoustic contrast for meaning-318

ful annotation. In preliminary experiments, select-319

ing the top-4 by similarity alone yielded overly320

homogeneous candidate sets.321

1https://openai.com/index/
new-embedding-models-and-api-updates/

3.3 Human Ranking Annotation 322

Although embedding-based retrieval captures 323

surface-level semantic overlap, it commonly fails 324

to assess whether a track is appropriate for a given 325

conversation. Human annotation provides ground- 326

truth rankings that reflect judgment beyond textual 327

similarity. 328

Annotation Protocol. We recruit 12 researchers 329

with experience in speech and audio research as 330

annotators. Annotators are presented with dialogue 331

text and four BGM candidates, and instructed to 332

rank clips from 1 (best) to 4 (worst) based on suit- 333

ability as background music. 334

Annotation Criteria. Rankings are guided by 335

three criteria: (1) Relevance: alignment between 336

music mood/energy and dialogue semantics/emo- 337

tion; (2) Non-intrusiveness: suitability as back- 338

ground audio, where clips containing vocals, promi- 339

nent sound effects, or distracting elements are pe- 340

nalized; and (3) Consistency: a stable atmosphere 341

throughout the clip without abrupt changes that 342

disrupt dialogue flow. 343

Quality Control. Given the subjective nature of 344

music recommendation, disagreement among an- 345

notators is expected for some samples. We assess 346

inter-annotator agreement using Kendall’s coeffi- 347

cient of concordance (W ). Samples where W falls 348

below 0.25 or ranks in the bottom 10% of agree- 349

ment scores are excluded as low-consistency cases. 350

This filtering removes ∼15% of initial annotations, 351

yielding the final dataset of 1,200 dialogues. 352
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Dialogue Statistics

Total Dialogues 1,200
Avg. Turns per Dialogue 7.85
Avg. Words per Dialogue 85.98

Audio Statistics

Unique Audio Tracks 1,020
Avg. Duration (sec) 10.0
Avg. Instrument Families per Clip 2.63

Table 2: Statistics of the DialBGM.

To aggregate rankings into a single consensus353

label, we apply Borda count scoring (Rank-1→3,354

Rank-2→2, Rank-3→1, Rank-4→0). Ties are re-355

solved hierarchically: (i) number of Rank-1 votes,356

(ii) number of Rank-2 votes, (iii) mean rank, and357

(iv) candidate ID for reproducibility.358

3.4 Dataset Statistics359

The DialBGM dataset consists of 1,200 dia-360

logues, each paired with four candidate music clips361

and human-annotated rankings, yielding 4,800362

dialogue-music pairs in total.363

Dialogue Characteristics. On average, each di-364

alogue contains 7.85 turns and 85.98 words, pro-365

viding richer context compared to single-sentence366

captions typically used in music retrieval tasks.367

Topics center on Daily Life & Lifestyle (68%),368

followed by Work & Career (19%), Relationships369

& Love (9%), and others (4%). Emotional tones are370

distributed across Neutral (41%), Positive (36%),371

Negative (14%), and Mixed (9%).372

Music Characteristics. The number of unique373

clips is 1,020, because audio clips can be assigned374

to multiple conversations as candidates. The genre375

distribution is diverse, led by Classical/Orchestral376

(15%), Electronic (11%), Jazz/Blues (10%), and377

Rock/Metal (10%), while a portion of tracks re-378

main unclassified or fall into minor categories. The379

instrument distribution is similarly varied, with380

Bass, Drums, and Guitar appearing most frequently381

across the clips.382

4 Experimental Results383

To validate the necessity of DialBGM and assess384

the capabilities of current AI systems, we evaluate a385

wide range of models, including contemporary mul-386

timodal LLMs, specialized audio-language models,387

and audio-text retrieval models (see Figure 4).388

Full Dialogue

Retrieval Models
LAION-CLAP,

CLAP, ParaCLAP

Audio 
Encoder

Text 
Encoder

Embedding Vectors 
& 

Similarity ScoreAudio
(1 Track)

Dialogue Summary
(GPT-4o)

Retrieval Models
LAION-CLAP,

CLAP, ParaCLAP

Audio 
Encoder

Text 
Encoder

Score for 1 Audio
Audio

(1 Track)

Audio
(1 Track)

Score for 1 Audio
Full Dialogue Prompt

Multimodal LLMs
Gemini 2.5, GPT-4o-audio, 

Qwen2.5-Omni, Phi-4-Multimodal
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Score for 1 Audio
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Multimodal LLMs

Dialogue Summary
(GPT-4o)

Audio
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Music Flamingo
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Score for 1 Audio
Prompt

Audio-Language LLMs
Audio Flamingo,
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Audio Caption
(Text)

Score for 1 Audio
Caption

Full Dialogue Prompt

Multimodal LLMs
Gemini 2.5 Pro, GPT-5-mini

Audio Caption
(Text)

Score for 1 Audio
Caption

Prompt

Multimodal LLMs
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(GPT-4o)
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Gemini 2.5 Pro, GPT-4o-audioAudio
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Figure 4: Tested input-model-output configurations.
Overview of the experimental settings (Tables 3–6), il-
lustrating the input compositions (audio track or audio
caption, full dialogue or GPT-4o dialogue summary, and
optional prompts), the model families (retrieval models,
multimodal LLMs, and audio-language LLMs), and the
corresponding outputs (embedding-based similarity or
scalar scores for each candidate).

4.1 Baseline Performance on DialBGM 389

Experimental results show a significant discrepancy 390

between model predictions and human annotations, 391

as the evaluated AI models exhibit consistently low 392

performance (Table 3). 393

Performance in Metrics. The best models select 394

the human top-ranked clip in only about one-third 395

of cases (Hit@1 ≈ 0.33-0.35), and MRR remains 396

below 0.60 (0.49-0.60) across settings. Although 397

nDCG is relatively high (0.74-0.80), Kendall’s τb 398

stays low (−0.04 to 0.18), indicating limited rank- 399

order agreement with human preferences. More- 400

over, using a one-line summary instead of the full 401

dialogue yields only marginal changes in these met- 402

rics, suggesting no substantial difference between 403

the two dialogue representations. 404

Qualitative Analysis. Models tend to overfit to 405

surface-level keywords, neglecting pragmatic con- 406

text. For instance, despite a speaker refusing a 407

"party" due to academic failure, models retrieve 408

"spirited" BGM, focusing on the word rather than 409
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Full Dialogue One-line Summary

Model Category Model Hit@1 MRR nDCG Kendall’s τb Hit@1 MRR nDCG Kendall’s τb

Multimodal LLMs

Gemini 2.5 Pro 0.3233 0.5851 0.7904 0.1745 0.3474 0.5958 0.7965 0.1808
Gemini 2.5 Flash 0.3293 0.5872 0.7905 0.1657 0.3228 0.5842 0.7912 0.1765
GPT-4o-audio† 0.3051 0.5629 0.7822 0.1515 0.3192 0.5732 0.7856 0.1625
Qwen2.5-Omni 0.3137 0.5742 0.7853 0.1739 0.3153 0.5740 0.7830 0.1674
Phi-4-Multimodal 0.2506 0.5206 0.7490 -0.0092 0.2622 0.5311 0.7550 0.0241

Audio-Language
Models

Audio Flamingo 0.2651 0.5359 0.7657 0.0945 0.2799 0.5441 0.7694 0.1004
Music Flamingo 0.2596 0.5306 0.7582 0.0598 0.2877 0.5518 0.7697 0.0965

Retrieval Models
CLAP 0.2392 0.5194 0.7529 0.0397 0.3033 0.5643 0.7795 0.1289
LAION-CLAP 0.2708 0.5378 0.7612 0.0531 0.2933 0.5570 0.7748 0.1092
ParaCLAP 0.2100 0.4924 0.7362 -0.0264 0.2158 0.4957 0.7356 -0.0442

Table 3: Performance of baseline models on the DialBGM Ranking task. †Accessed via the gpt-audio API.

Model Hit@1 MRR nDCG Kendall’s τb
Gemini 2.5 Pro 0.3491 0.5978 0.8000 0.2003
GPT-5-mini 0.3474 0.5945 0.7991 0.2016

Table 4: Text-only performance using full multi-turn
dialogue as input.

Model Hit@1 MRR nDCG Kendall’s τb
Gemini 2.5 Pro 0.3422 0.5954 0.8003 0.2106
GPT-5-mini 0.3321 0.5866 0.7968 0.1991

Table 5: Text-only performance using the generated
summary caption as input.

the speaker’s distress. This highlights the persistent410

challenge of distinguishing superficial lexical cues411

from the true emotional narrative.412

4.2 Text-Only Modality Failure413

To investigate whether the bottleneck stems from414

audio processing or a lack of affective reasoning,415

we conducted a text-only ablation using Gemini 2.5416

Pro and GPT-5-mini (OpenAI, 2025). We paired417

music text captions with either full dialogues or418

LLM-generated summaries, asking models to rank419

candidates based solely on textual descriptions.420

As shown in Tables 4 and 5, performance in the421

text-only setting is similarly poor across both input422

variations. Even when the dialogue was condensed423

into a summary caption, which aligns the textual424

modalities, proprietary LLMs still fail to accurately425

match dialogue representations to the correspond-426

ing music descriptions. This failure suggests that427

the challenge of DialBGM is not solely an audio428

perception issue. It reveals a deeper deficiency in429

affective reasoning: models struggle to bridge the430

discrepancy between the narrative content of a dia- 431

logue and the descriptive "atmosphere" of music. 432

4.3 Limitations of Advanced Prompting 433

In experiments with multimodal LLMs (e.g., GPT- 434

4o-audio, Gemini 2.5), we examine whether ad- 435

vanced prompting techniques improve the mod- 436

els’ performance. Contrary to expectations, these 437

complex prompting strategies often degrade per- 438

formance compared to simple zero-shot baselines. 439

Please see Appendix A for more details. 440

Chain-of-Thought (CoT). Step-by-step reason- 441

ing prompts (Wei et al., 2022) (e.g., “analyze the di- 442

alogue emotion, analyze the audio mood, then com- 443

pare”) frequently induce hallucinations, where the 444

model fabricates audio attributes to justify its deci- 445

sion. This behavior suggests that affective dialogue- 446

conditioned BGM matching does not reliably bene- 447

fit from explicit logical decomposition. 448

Few-Shot Example and Guideline. Few-shot 449

demonstrations (Brown et al., 2020) with human- 450

labeled scores and explicit guidelines (Relevance, 451

Non-intrusiveness, Consistency) do not yield con- 452

sistent improvements. Models often overfit to su- 453

perficial cues from the demonstrations rather than 454

learning the intended criteria, indicating limited 455

robustness without task-specific adaptation. 456

Joint Ranking (Four-Track Comparison). We 457

test joint reranking to mitigate noise from scor- 458

ing candidates independently, where the model re- 459

ceives all four clips and returns a single global 460

ordering. However, this formulation does not pro- 461

vide reliable gains. For GPT-4o-audio, improve- 462

ments over single-candidate scoring are marginal, 463
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Model Hit@1 MRR nDCG Kendall’s τb
Gemini 2.5 Pro 0.3204 0.5848 0.7924 0.1783
GPT-4o-audio 0.3058 0.5695 0.7849 0.1690

Table 6: Joint reranking results where all four audio
candidates are provided simultaneously.

whereas the performance of Gemini 2.5 Pro de-464

grades under the same setting despite identical dia-465

logue context and candidate sets.466

Overall, advanced prompting techniques, includ-467

ing CoT, few-shot instruction, and joint reranking,468

do not reliably improve performance and may even469

degrade it for some models.470

4.4 Inter-Model Preference Alignment471

While the previous results demonstrate a gap be-472

tween model predictions and human judgments,473

a natural follow-up question is whether different474

models share similar internal ranking criteria. To475

investigate this, we compute pairwise Kendall’s τb476

correlation across rankings produced by all evalu-477

ated models under the full dialogue and audio input478

setting. Figure 5 visualizes the resulting correlation479

matrix.480

Architectural Clustering. Models with similar481

architectures exhibit higher agreement, forming dis-482

tinct preference clusters. Multimodal LLMs (Gem-483

ini 2.5 Pro, Gemini 2.5 Flash, GPT-4o-audio, and484

Qwen2.5-Omni) show moderate positive correla-485

tions with one another (τb ≈ 0.28–0.37), suggest-486

ing shared inductive biases derived from compara-487

ble pretraining objectives and model scale. In con-488

trast, the Flamingo-based models (Audio Flamingo489

and Music Flamingo) show strong intra-family490

agreement (τb ≈ 0.35) but weak alignment with491

the LMM cluster (τb < 0.2).492

Divergence of Retrieval Models. CLAP and its493

variants (LAION-CLAP, ParaCLAP) exhibit near-494

zero or negative correlation with the LMM cluster495

(τb < 0.1), consistent with their reliance on static496

audio-text embedding similarity rather than affec-497

tive reasoning.498

Lack of Consensus. Despite the observed clus-499

tering, overall agreement remains low (τb < 0.4500

even for the most similar pairs). This absence of a501

shared preference structure across models under-502

scores the difficulty of dialogue-conditioned BGM503

recommendation and suggests that current systems504
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1.00 0.37 0.31 0.36 0.05 0.08 0.05 0.10 0.05 -0.11

0.37 1.00 0.28 0.33 0.06 0.11 0.15 0.11 0.04 -0.07

0.31 0.28 1.00 0.37 0.00 0.13 0.18 0.09 -0.00 -0.03

0.36 0.33 0.37 1.00 0.13 0.18 0.24 0.09 0.03 -0.09

0.05 0.06 0.00 0.13 1.00 0.03 0.02 0.06 0.02 -0.01

0.08 0.11 0.13 0.18 0.03 1.00 0.35 0.03 0.03 0.03

0.05 0.15 0.18 0.24 0.02 0.35 1.00 0.04 0.03 -0.04

0.10 0.11 0.09 0.09 0.06 0.03 0.04 1.00 0.16 0.04

0.05 0.04 -0.00 0.03 0.02 0.03 0.03 0.16 1.00 0.06

-0.11 -0.07 -0.03 -0.09 -0.01 0.03 -0.04 0.04 0.06 1.00

Model Agreement (Kendall -b)

Figure 5: Pairwise Kendall’s τb correlation matrix of
ranking predictions from different models. Brighter
boxes indicate the higher agreement in ranking.

do not converge on a stable notion of BGM suit- 505

ability for conversational context. 506

5 Conclusion and Future Work 507

Summary of Contributions. In this work, we 508

introduced DialBGM, a novel benchmark dataset 509

for dialogue-conditioned BGM recommendation. 510

We established a systematic construction pipeline 511

combining LLM summarization, rule-based filter- 512

ing, and embedding-based candidate selection, fol- 513

lowed by human annotation. We also defined a 514

comprehensive evaluation protocol using standard 515

ranking metrics (Hit@1, MRR, nDCG, τb). 516

Current Limitations and Future Directions. 517

Our experiments confirmed that selecting appro- 518

priate background music for a conversation is in- 519

herently difficult. The results demonstrate that even 520

the most advanced multimodal systems remain far 521

from human preferences in this task. The failure 522

of advanced prompting strategies (CoT, few-shot) 523

and the poor performance in text-only settings sug- 524

gest that this capability does not emerge zero-shot 525

from existing pretraining, necessitating specialized 526

training data and tasks. Future work will leverage 527

DialBGM to train specialized adapters for audio- 528

language models or to develop new pretraining 529

objectives that explicitly model the alignment of 530

"mood" between dialogue and music. 531
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Limitations532

Despite the systematic construction and evaluation533

of the DialBGM benchmark, several limitations534

remain that future work should address.535

Scale and Diversity of Data. While DialBGM536

provides high-quality, human-verified rankings, the537

dataset size (1,200 dialogues) is relatively small538

compared to large-scale pretraining corpora. Con-539

sequently, the dataset is more suitable as an evalua-540

tion benchmark or a resource for fine-tuning, rather541

than for training LALMs from scratch. In addition,542

music candidates are restricted to the MusicCaps543

dataset, which implies that DialBGM may reflect544

biases present in MusicCaps.545

Subjectivity of Annotations. Although strict546

evaluation criteria are applied to achieve a high547

level of inter-annotator agreement, the suitability548

of BGM remains inherently subjective. For a given549

dialogue, a single or objectively "correct" music550

track rarely exists, and the rankings in DialBGM551

therefore reflect annotator consensus, which may552

not comprehensively capture the full spectrum of553

valid artistic interpretations.554

Ethics Statements555

This work introduces DialBGM, a dataset556

for dialogue-conditioned BGM recommendation.557

Since DialBGM does not involve human subjects558

or contain personal or sensitive information, we559

believe there exist minimal ethical concerns. How-560

ever, the utilization of music-related resources may561

require consideration of intellectual property rights562

in downstream applications, making it important563

to comply with copyright and relevant licensing564

terms. Overall, DialBGM is provided as a research565

resource that does not raise direct societal concerns566

and is constructed to facilitate progress in context-567

aware multimedia AI.568
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A Additional Experimental Results for740

Advanced Prompting741

Chain-of-Thought (CoT). Table 7 reports re-742

sults obtained without CoT prompts under the same743

evaluation setting. When compared to the CoT-744

based results in Table 3, performance differences745

remain minor across all metrics, indicating that ex-746

plicit reasoning decomposition does not provide747

consistent gains.748

Model Hit@1 MRR nDCG Kendall’s τb
Gemini 2.5 Pro 0.3712 0.6193 0.8103 0.2544
GPT-4o-audio 0.3142 0.5695 0.7837 0.1578

Table 7: Results without Chain-of-Thought prompting.

Few-Shot Examples and Guidelines. Table 8749

presents results using few-shot demonstrations with750

human-labeled scores and explicit guidelines (Rel-751

evance, Non-intrusiveness, Consistency). Relative752

to the corresponding baseline in Table 3, the dif-753

ferences remain small, suggesting that this form754

of example-based instruction does not reliably im-755

prove performance.756

Model Hit@1 MRR nDCG Kendall’s τb
Gemini 2.5 Pro 0.3443 0.5976 0.7941 0.1758
GPT-4o-audio 0.2949 0.5553 0.7769 0.1365

Table 8: Results with few-shot demonstrations and ex-
plicit guidelines.

Joint Ranking (Four-Track Comparison). Ta-757

ble 6 reports results for joint reranking, where the758

model receives all four candidate clips simultane-759

ously and outputs a single global ordering. Consis-760

tent with Section 4.3, joint reranking does not yield761

reliable improvements across models.762

B Data Collection Interface763

To facilitate efficient data collection, we imple-764

ment a lightweight web-based annotation tool using765

Gradio. For each dialogue-music candidate set, the766

interface presents (i) the full multi-turn dialogue767

context and (ii) four candidate audio tracks. Anno-768

tators listen to the candidates and assign a complete769

ranking from 1 (best) to 4 (worst) according to the770

task definition (selecting background music that771

best supports the dialogue).772

C LLM Prompt for Dialogue Caption 773

Generation 774

To bridge the modality gap between multi-turn dia- 775

logues and concise music descriptions, we prompt 776

an LLM to produce a single-sentence caption that 777

encodes (i) the core topic of the dialogue, (ii) 778

the implied conversational mood, (iii) salient key- 779

words, and (iv) a brief background-music (BGM) 780

suggestion. 781

System Prompt: Dialogue-to-Caption for
BGM Retrieval

You are an expert annotator for background
music selection. Given a two-speaker
multi-turn dialogue, write exactly ONE
natural sentence in English that covers:
the core topic, 3–5 mood words, 3–5
concise keywords, and a short BGM suggestion
(style/instrument/tempo/energy). Do not use
lists, line breaks, quotes, or brackets.
Keep the sentence between 20 and 35 words.

782

User Prompt

Read the dialogue below and produce exactly
ONE sentence in English.
Rules: - Include the core summary, and
weave 3–5 mood words naturally (no
brackets). - Include 3–5 concise keywords,
comma-separated, while keeping the sentence
natural. - Provide a brief BGM suggestion
(style/instrument/tempo/energy) within the
same sentence. - No line breaks, no lists,
and no quotes/brackets/braces. - Output one
sentence only.
Dialogue: {DIALOGUE}

783

D LLM Evaluation Prompt 784

For data construction, we also employ a structured 785

prompt that elicits a continuous [0.0, 10.0] suitabil- 786

ity score for how well a candidate track functions 787

as background music for a given dialogue. 788

The prompt explicitly discourages central- 789

tendency scoring, prioritizes technical interference 790

checks (e.g., masking around speech frequencies), 791

and enforces a strict JSON-only output format for 792

reliable downstream parsing. It further specifies an 793

internal (non-disclosed) scoring rubric that com- 794

bines (A) acoustic technicality, (B) emotional/con- 795

textual fit, and (C) pacing/rhythm using a weighted 796

formula, with additional constraints for prominent 797

vocals/lyrics and poor technical compatibility. The 798

full system prompt used in our experiments is pre- 799

sented in the box below. 800
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Figure 6: Screenshot of the Gradio-based data collection interface. The tool displays the dialogue and allows
annotators to rank four BGM candidates (Candidates A–D) before proceeding to the next turn.
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System Prompt for BGM Evaluation

"You are a legendary Chief Audio Director and film music critic with 30+ years of experience in
Hollywood. You are strict, detail-obsessed, and you do not compromise on quality.
Your task: judge how well the given candidate track works specifically as BACKGROUND MUSIC (BGM)
for the dialogue context.
IMPORTANT RULES: 1) Reject central tendency: ’okay’ is a lazy answer. Use the full 0–10 scale.
Great matches deserve high scores; distracting or contradictory choices deserve low scores. 2)
Technical interference first: before artistic taste, check for physical clashes. - Frequency
masking risk: would the music likely intrude into speech intelligibility (roughly 1–4 kHz)? -
Level balance risk: would the music likely overpower or compete with the dialogue? - If the
track contains prominent vocals/lyrics, treat it as a Fatal Error for BGM under dialogue. 3)
Narrative synchronization: the music must support the dialogue’s emotional arc and setting. 4)
Think step-by-step internally, but DO NOT reveal your reasoning.
Return ONLY a JSON object and nothing else.
Score how well this track fits as BACKGROUND MUSIC (BGM) for the given dialogue context.
OUTPUT REQUIREMENTS (STRICT): - Return ONLY one JSON object with exactly one key: score. - score
must be a NUMBER in [0.0, 10.0] with EXACTLY ONE decimal place. - Do NOT output an integer.
Always include one decimal place. - Use 0.1 granularity; avoid repeating the same score unless
truly indistinguishable.
To avoid score clustering, compute the final score using this internal procedure (do NOT output
the steps): Step A — Acoustic Technicality (0.0–10.0, one decimal): Evaluate masking risk (busy
midrange, sharp leads, dense percussion), perceived loudness competition, and how well it can sit
under speech without needing aggressive ducking. Step B — Emotional & Contextual Fit (0.0–10.0,
one decimal): Match mood, tension, warmth, setting, and emotional arc implied by the dialogue.
Step C — Pacing & Rhythm (0.0–10.0, one decimal): Match energy/tempo to implied speech rate and
scene pacing; penalize off-beat urgency/sleepiness.
Final score rule (compute numerically, then round to ONE decimal): base = 0.2*A + 0.5*B + 0.3*C If
prominent vocals/lyrics are present (Fatal Error), then score = min(base, 2.0). If A < 3.0, then
score must not exceed 3.0. subtle fit differences (e.g., slightly too busy -> -0.2; exceptionally
well-undercored -> +0.2). Then clamp to [0.0, 10.0] and round to 1 decimal."

Figure 7: The full system prompt used for LLM-based BGM evaluation. The prompt incorporates a weighted scoring
mechanism (0.2× Technicality + 0.5× Fit + 0.3× Pacing) and explicit penalty rules for vocal interference.
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