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According to

you are allowed to use or

partially use the

information about the

following events present
in the audio:

[Shout, Yell, Giggle, Sigh]
(Audio Tags)

Paper and Code Input Audio
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Instruction Generation

i . Y
+ | Audio Events: [(Mechanisms-0.0-10.0), |

(Male speech, Man speaking-0.02-0.53), | !
(Generic impact sounds-0.228-0.709), |
J @

(Thump, thud-6.307-6.48), ...]
Caption: Metal clanks as a man +
speaks in the background, suggesting | | Exemplars

a workshop environment with ongoing
hammering and train passing by.

Training Set
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workshop setting?

________________________________________

Caption
Generation

Response: The repeated and consistent
presence of impact sounds of similar
intensity suggests a systematic, ongoing

process, indicating a steady and ac
\\work pace 1n the workshop.

Human
Verification

[ Test Set }

Pipeline for synthesizing CompA-R

nstruction: Analyze the temporal\\\
pattern of the impact sounds in the audio.
How does their frequency, duration, and

intensity contribute to understanding the ¢
intensity or pace of the work in this
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Results

Audio Understanding and Complex Reasoning Abilities
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ESC50% DCASE# VS TUT' BJO" VGG FSD NS; NS¢ GTZAN' MSD' AudioSet Classif. AudioCaps Clotho Cap. ClothoAQA

Model (Acc)  (Mi-FI) (Acc) (Ace) (Acc) (Acc) mAP) (ACC) (ACC) (ACC) (ACC) (mAP) Avg.  (SPICE) (SPICE) Avg.  (ACC)
Audio-Language encoder-based models. They are generalizable to unseen labels, but a pre-defined label set is required for inference.
AudioCLIP 69.4 - - - - - - - - - - - -
CLAP (Elizalde et al., 2023a)  82.6 300 484 29.6 475 240 302 227 164 250 440 5.8 29.4
CLAP (Wu* et al., 2023a) 89.1 31.3 47.1 356 480 263 308 252 189 263 469 6.2 36.0
CompA-CLAP 90.1 306 495 358 482 295 315 249 170 261 462 6.2 36.3
Audio-Language generation-based models. They directly output label names and do not need a pre-defined label set is needed at inference.
Qwen-Audio-Chat 71.7 324 742 169 508 175 398 302 413 416 69.1 134 41.1 14.7 98 123 323
LTU 81.7 37.5 533 199 678 503 439 280 41.8 99 742 183 42.4 16.9 11.7 158 251
SALMONN 164" 180" 169" 78" 250" 233" 221" 162" 337" 1017 288" 134" 179 83 76 80 231"
Pengi 80.8"  29.6" 4647 1847 473" 166" 358 392 460 119 930 115 397 127 70 99 636
AudioGPT 41.3 209 358 149 216 56 188 409 156 119 285 127 22.4 6.9 6.2 6.6 33.4
GAMA (ours) 82.6 384 524 215 695 522 478 639 995 138 8.6 192 53.9 18.5 13.5 160  71.6

Comparison of GAMA with baselines on evaluation datasets described on close-ended general audio

and music understanding benchmarks.

CompA-R-test (GPT-4/Human) OpenAQA Dense Captioning
Models Clarity  Correctness Engagement  Avg. | Clarity Correctness Engagement Avg. | AudioCaps Clotho Avg.
Qwen-Audio-Chat | 3.5/34  33/34 3.6/3.7  3.5/35 3.6 3.6 3.5 3.6 3.8 3.6 3.1
LTU 35/40 32/33 34735 34/36 | 35 3.7 3.5 3.6 3.5 3.6 3.5
SALMONN 26/28 24/23 20/22  23/24 | 24 2.5 2.7 2.5 2.8 3.1 2.9
Pengi 1.8/16 15/14 1.3/12 1.5/14 1.7 1.5 1.4 1.5 2.6 2.8 2.7
AudioGPT 1.3/14  16/15 14717 14715 1.6 1.5 1.5 1.5 2.7 29 28
LTU w/ CompA-R | 3.5/40  3.2/3.3 347135  3.6/3.6 3.5 3.7 3.5 3.6 3.1 3.8 3.8
GAMA (ours) 36/39 38/4.0 33/3.6  3.6/38 | 3.7 3.6 3.5 3.6 3.6 3.8 3.1
GAMA-IT (ours) |43/45 39/4.1 39/43 4.0/43 | 4.0 4.2 3.8 4.0 4.3 41 4.2

Comparison of GAMA with other baselines on open-ended AQA on OpenAQA, complex open-ended

AQA on CompA-R-test and Dense Captioning on 500 instances from AudioCaps and Clotho

Evaluation examples of complex reasoning

setting. Consider the presence and duration of car sounds.
\.

Question: Based on the given audio, infer the type of environment or

J

LTU

 the environment is a busy one.

(The audio clip suggests an urban or suburban environment with a mix of
residential and commercial areas. The presence of car sounds suggests that
HE : 3

% ﬁl’he given audio suggests that the environment or setting 1s a busy city\
O | street with a lot of car traffic. The audio also indicates that the car sounds
E are continuous and long-lasting. Therefore, it can be inferred that the audio
5 \is from a busy city street with a lot of car traffic. HE : 3,
4 )
2 . .
E It 1s gasoline.
L HE : 2
E 4 )
I . . .
< The environment is likely a race track.
=
g g HE : 35

Qualitative comparison of GAMA with other baselines on
instances from CompA-R-test.
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Question: Considering the correlation of the man's speech and the music, infer his possible connection to the
music playing in the scene.

\. /
. "The male speaker's speech adds a sense of authority and control to the event's atmosphere, as well as a sense
= of urgency or importance to the crowd's reactions. The speech also provides a contrast to the music and crowd
reactions, creating a dynamic and engaging soundscape that draws the listener's attention and emotions. HE : 2 |
- )
% The male speaker is interspersed with the music and crowd reactions to create a dynamic and engaging
S |atmosphere at the event. His speech adds energy and excitement to the event, keeps the audience engaged and
j involved, and helps create a memorable and enjoyable experience for all attendees.
7 HE : 1
\ L/
4 )
2 . .
= It 1S music.
A HE : 1
\ /
E 4 )
= The man 1s likely a guitarist or an instructor who 1s explaining the process of tuning a guitar
= HE : 5
&> SIS J




