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Qualitative comparison of GAMA with other baselines on 
instances from CompA-R-test. 
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Instruction: 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
workshop setting?

Response: The repeated and consistent
presence of impact sounds of similar

intensity suggests a systematic, ongoing
process, indicating a steady and active

work pace in the workshop.

Instruction: 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
workshop setting?

Response: The repeated and consistent
presence of impact sounds of similar

intensity suggests a systematic, ongoing
process, indicating a steady and active

work pace in the workshop.

Caption: Metal clanks as a man
speaks in the background, suggesting

a workshop environment with ongoing
hammering and train passing by.

Audio Events: [(Mechanisms-0.0-10.0),
(Male speech, Man speaking-0.02-0.53),
(Generic impact sounds-0.228-0.709),

(Thump, thud-6.307-6.48), ...]

Training Set
Instruction: 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
workshop setting?

Response: The repeated and consistent
presence of impact sounds of similar

intensity suggests a systematic, ongoing
process, indicating a steady and active

work pace in the workshop.
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Results

Evaluation examples of complex reasoning

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 / 3.4 3.3 / 3.4 3.6 / 3.7 3.5 / 3.5 3.6 3.6 3.5 3.6 3.8 3.6 3.7
LTU 3.5 / 4.0 3.2 / 3.3 3.4 / 3.5 3.4 / 3.6 3.5 3.7 3.5 3.6 3.5 3.6 3.5
SALMONN 2.6 / 2.8 2.4 / 2.3 2.0 / 2.2 2.3 / 2.4 2.4 2.5 2.7 2.5 2.8 3.1 2.9
Pengi 1.8 / 1.6 1.5 / 1.4 1.3 / 1.2 1.5 / 1.4 1.7 1.5 1.4 1.5 2.6 2.8 2.7
AudioGPT 1.3 / 1.4 1.6 / 1.5 1.4 / 1.7 1.4 / 1.5 1.6 1.5 1.5 1.5 2.7 2.9 2.8
LTU w/ CompA-R 3.5 / 4.0 3.2 / 3.3 3.4 / 3.5 3.6 /3.6 3.5 3.7 3.5 3.6 3.7 3.8 3.8
GAMA (ours) 3.6 / 3.9 3.8 / 4.0 3.3 / 3.6 3.6 / 3.8 3.7 3.6 3.5 3.6 3.6 3.8 3.7
GAMA-IT (ours) 4.3 / 4.5 3.9 / 4.1 3.9 / 4.3 4.0 / 4.3 4.0 4.2 3.8 4.0 4.3 4.1 4.2

Table 3: Comparison of GAMAwith 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.

version of GAMA (rationale in Appendix C).
Evaluation Datasets and Metrics. Evaluation
metrics used for all evaluation datasets are men-
tioned in Table 3 and detailed statistics about each
dataset is mentioned in Section H.2. For clas-
sification, zero-shot evaluation refers to datasets
GAMA that have never been seen during training;
weak zero-shot evaluation refers to datasets GAMA
that have not been seen in training but are sourced
from the same project as part of the training data,
and seen datasets refer to datasets GAMA has been
trained on. Similar to Deshmukh et al. (2023);
Gong et al. (2024), we first caption the audio and
retrieve the most similar label using SentenceBERT.
We employ either accuracy (Acc), Micro-F1 (Mi-
F1), or Mean Average Precision (mAP) for classifi-
cation evaluation. For captioning, we also propose
dense captioning, which evaluates a model for its
capability to identify every event in the audio and
the context of its occurrence with respect to other
events in the audio (more in Section 4). For evalua-
tion, we randomly select a subset of 500 samples
from AudioCaps and Clotho. We also employ hu-
man evaluation for OpenAQA, CompA-R-test, and
dense captioning. For human evaluation, we ask
human annotators to score the caption on a scale
of 1-5 and report the score averaged across the 3.
More details on recruitment and background of an-
notators can be found in Appendix D. Finally, due
to human evaluation being prohibitively expensive,
we also propose an automated evaluation methodol-
ogy for complex open-ended AQA on CompA-R-
test. We evaluate model responses using text-only
GPT-4, where we provide it with the audio caption
generated in Section 3.2 and the gold-standard au-
dio event with timestamps (prompt in Appendix B).

4 Results and Analysis

Quantitative Results. Table 1 compares GAMA
with other baselines on the foundational au-

dio processing tasks of classification and cap-
tioning. For zero-shot classification evalua-
tion on VocalSound (VS) (Gong et al., 2022),
TUT 2017 (TUT) (Mesaros et al., 2018), Bei-
jing Opera (BJO) (Tian et al., 2014), GTZAN
(GTZ) (Park et al., 2022) and Medley-solos-DB
(MDB) (Lostanlen et al., 2018), GAMA outperforms
our baselines by 2%-67%. For weak zero-shot eval-
uation on ESC-50 (Piczak, 2015) and DCASE2017
Task 4 (DCASE) (Mesaros et al., 2017), GAMA out-
performs our baselines by 1%-66%. Finally, for
in-domain evaluation on VGGSound (VGG) (Chen
et al., 2020), FSD50K (FSD) (Fonseca et al., 2021),
AudioSet (AS) (Gemmeke et al., 2017) and NSynth
(NS) (Engel et al., 2017) GAMA outperforms our
baselines by 1%-84%. GAMA sees the steepest drop
in performance when the AST and Aggregator are
removed (i.e., only Auio Q-Former is employed).

Table 2 presents a comparison between GAMA

and other LALMs on the audio entailment task
introduced by Deshmukh et al. (2024), which eval-
uates the deductive reasoning abilities of LALMs.
GAMA achieves the highest overall F1 score, outper-
forming all other models, with SALMONN being
its closest competitor. On the right side of Table 2,
GAMA is compared to other LALMs in terms of ob-
ject hallucination performance. Using POPE-style
evaluation with random sampling, GAMA demon-
strates the best results, achieving the highest accu-
racy and F1 score among all models.

Table 3 compares GAMA-IT with other base-
lines on AQA (open-ended and complex open-
ended) and dense captioning. GAMA outperforms
all our baselines on all settings. GAMA shows abso-
lute improvement of 4% - 50% on OpenAQA, 8%
- 58% on CompA-R-test and 8% - 30% on Dense
Captioning. Similar to the tasks in Table 1, per-
formance on benchmarks suffers the most when
without the Audio Q-Former (when only the AST
and Aggregator are employed). Audio Q-Former
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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 30.0 48.4 29.6 47.5 24.0 30.2 22.7 16.4 25.0 44.0 5.8 29.4 - - - -
CLAP (Wu* et al., 2023a) 89.1 31.3 47.1 35.6 48.0 26.3 30.8 25.2 18.9 26.3 46.9 6.2 36.0 - - - -
CompA-CLAP 90.1 30.6 49.5 35.8 48.2 29.5 31.5 24.9 17.0 26.1 46.2 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 32.4 74.2 16.9 50.8 17.5 39.8 30.2 41.3 41.6 69.1 13.4 41.1 14.7 9.8 12.3 32.3
LTU 81.7 37.5 53.3 19.9 67.8 50.3 43.9 28.0 41.8 9.9 74.2 18.3 42.4 16.9 11.7 15.8 25.1
SALMONN 16.4† 18.0† 16.9† 7.8† 25.0† 23.3† 22.1† 16.2† 33.7† 10.1† 28.8† 13.4† 17.9 8.3 7.6 8.0 23.1†

Pengi 80.8† 29.6† 46.4† 18.4† 47.3† 16.6† 35.8 39.2 46.0 11.9 93.0 11.5 39.7 12.7 7.0 9.9 63.6
AudioGPT 41.3 20.9 35.8 14.9 21.6 5.6 18.8 40.9 15.6 11.9 28.5 12.7 22.4 6.9 6.2 6.6 33.4
GAMA (ours) 82.6 38.4 52.4 21.5 69.5 52.2 47.8 63.9 99.5 13.8 85.6 19.2 53.9 18.5 13.5 16.0 71.6

Table 1: Comparison of GAMA with baselines on evaluation datasets described on close-ended general audio and music
understanding benchmarks. GAMA outperforms most ALMs on most settings. † and # indicate zero-shot and weak zero-shot,
respectively. Note: Qwen-Audio-Chat does not provide training details. We also mark baseline values which are zero-shot.

Dataset Model Acc↑ P↑ R↑ F1↑

ACE

Pengi-noenc 26.3 17.0 26.3 20.5
Pengi-enc 38.7 25.6 38.7 30.4
LTU-AS 36.3 37.7 36.3 33.3
Qwen-A 35.6 35.6 35.6 32.2
Qwen-AC 52.2 56.7 52.2 49.9
SALMONN 56.2 55.5 56.2 48.3
GAMA 52.5 65.3 52.5 49.3

POPE Model Acc↑ P↑ R↑ F1↑

Random

Qwen-Audio-Chat-7B 65.3 79.2 32.8 46.1
LTU-AS-7B 50.1 49.2 46.5 47.8
SALMONN-7B 56.3 90.0 14.1 24.4
SALMONN-13B 63.7 95.7 28.6 44.1
Specialized-LLaMA 65.5 60.9 82.7 70.1
Specialized-ChatGPT 77.1 69.3 96.6 80.7
GAMA 82.6 85.6 78.3 81.8

Table 2: (Left) Comparison of GAMA with other LALMs on deductive reasoning benchmark (Deshmukh et al., 2024). (Right)
Comparison of GAMA with other LALMs on objet hallucination benchmark (Kuan et al., 2024). We present scores for POPE-style
evaluation w/ random sampling. For both benchmarks, we compare Acc (Accuracy), P (Precision), R (Recall) and F1 scores.

3.4 Experimental Setup

Hyper-parameters. For the fine-tuning stage, we
follow the exact same hyper-parameter setup pro-
posed by Gong et al. (2024). However, we scale
down our batch sizes to 4, 2, 2, and 2 (due to com-
putational constraints) with an effective batch size
of 256 in all stages. For Instruction Tuning, we
employ a batch size of 2, an effective batch size of
256, and a learning rate of 1e-4. For both training
and evaluation, we sampled audio at 16kHz.

Ablations. To demonstrate the efficacy of indi-
vidual components of GAMA, we evaluate the fol-
lowing ablations: (i) w/ CLAP: We replace the
Audio Q-Former with a CLAP model, fine-tuned
with a similar experimental setup as the Audio Q-
Former. Since CLAP does not require AST features
and works stand-alone, the AST features were no
longer fed to CLAP in this ablation. All other com-
ponents are kept identical. (ii) w/ Last Layer Feats:
We replace the Multi-Layer Aggregator with the
last-layer features of the AST. Thus, the LLM only
receives the last layer features of AST as input,
and the AST features were not passed through the
Multi-Layer Aggregator. All other components
were kept identical. (iii) w/ Last Layers Feats +
Transformer: Identical to the previous ablation,
but now the last layer features of AST are passed
through an additional 4-layer transformer network

before it is fed to the LLM. (iv) w/o AST & Ag-
gregator: We remove AST and Multi-Layer Aggre-
gator features, i.e., the model does not receive the
direct AST features in any form. Thus, the LLM
is now only fed with features from Q-Former and
the Soft Prompt. Note that the Q-Former and the
Soft Prompt still use the AST to obtain audio fea-
tures and labels. All other components were kept
identical. (v) w/o Soft Prompt: We remove the soft
prompt features as input. All other components
were kept identical.
Baselines. We compare GAMA with i) generation-
based LALMs: LTU, Qwen-Audio, SALMONN,
Pengi and AudioGPT. We only employ the original
checkpoints open-sourced by the authors and do
not re-train the models due to compute constraints
(except LTU, which we retrain on our version of
OpenAQA, the same batch size as GAMA, and
with LLaMa-2 as the LLM). We do not compare
with Audio Flamingo (Kong et al., 2024) as the
checkpoint was not available at the time of writ-
ing the paper, and we are constrained by compute
for training it from scratch. ii) audio-language en-
coders: CLAP by Wu* et al. (2023b) and Elizalde
et al. (2023b), CompA-CLAP (Ghosh et al., 2024b),
AudioCLIP (Guzhov et al., 2021) and Audio Q-
Former. For dense captioning and close- and open-
ended AQA, we evaluate using GAMA-IT. For all
other tasks, we evaluate using the only fine-tuned


