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Abstract. From-scratch audio classification on weakly labeled data is essential
for resource-constrained and domain-specific settings where large pretrained
models are unavailable or prohibitively costly. We adopt multi-branch feature
fusion as the core approach and compare CNN, Inception, Transformer, and
Mamba architectures on the AudioSet balanced training split. Multi-branch fu-
sion (per-feature encoders, merged before the head) improves all four architec-
tures by 17-33% mAP. Five-fold CV shows Inception significantly outperforms
the Transformer; Transformer and Mamba reach comparable multi-branch per-
formance (p = 0.19), with preliminary results suggesting feature fusion may be
at least as important as sequence model choice in this regime.

1. Introduction

Weakly labeled audio classification (also called audio tagging), where only clip-level la-
bels are available without precise temporal annotations and no temporal event bound-
aries are predicted, is a central challenge in audio machine learning [Zhang et al. 2025].
Large-scale AudioSet [Gemmeke et al. 2017] has become the standard benchmark, but
top-performing methods rely on large-scale pretraining on the full AudioSet or other large
corpora [Kong et al. 2020, Gong et al. 2021]. This paper asks what most drives from-
scratch weakly supervised audio classification, i.e., the acoustic feature representation or
the sequence model. We test the hypothesis that fusing complementary acoustic features
through a multi-branch architecture consistently improves classification across architec-
tural families, and that this feature-level effect is at least as influential as the sequence
model; we also examine how frame length affects each family and which performs best
from scratch. We use the AudioSet balanced training split [Gemmeke et al. 2017] (16,306
clips, 527 classes), a curated subset of the full 2M-clip set with approximately uniform
class representation, enabling a controlled architectural comparison under consistent data
conditions; note that results on this split are not directly comparable to published Au-
dioSet benchmarks, which use a fixed ~18k evaluation set.

Beyond its role as a benchmark task, weakly supervised audio classifica-
tion underpins scalable multimedia data management: large-scale audio reposito-
ries, e.g., surveillance archives, biodiversity monitoring, and industrial streams, re-
quire automated annotation to enable indexing, retrieval, and domain-specific analytics
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[Moreira Souza et al. 2025]. Classifiers that operate without expensive pretraining are
therefore a prerequisite for practical data pipelines in resource-constrained or domain-
specific scenarios, motivating the from-scratch focus of this study.

Prior work shows that log-mel spectrograms, MFCC, chroma, ZCR, and RMS
energy capture complementary aspects of audio, and no single representation cov-
ers all discriminative dimensions of sound events [Mohmmad and Sanampudi 2024,
Mu et al. 2024, Turab et al. 2022]. Three architectural families have been ap-
plied to audio: convolutional (CNN and Inception-style [Szegedy et al. 2015]),
self-attention  (Transformer [Vaswani et al. 2017]), and selective state-space
(Mamba [Gu and Dao 2023]), yet, to our knowledge, no controlled from-scratch
comparison exists for weakly labeled data on the AudioSet balanced training set.

Our contributions are threefold: (i) multi-branch fusion improves all four archi-
tectures by 17-33% mAP, with the choice among feature subsets having marginal impact;
(i1) five-fold CV shows Inception significantly outperforms Transformer (p = 0.002), in-
dicating that convolutional inductive biases provide a consistent advantage over sequence
models when training from scratch; and (iii) Transformer and Mamba reach comparable
multi-branch performance (p = 0.19), suggesting that feature fusion may be at least as
important as sequence model choice on the AudioSet balanced training set.

2. Related Work

Baselines are representative, widely cited works spanning the relevant architectural fam-
ilies and pretraining regimes; a formal systematic review is beyond the scope of a
short paper, though our feature choices draw on a recent systematic review of the
field [Mohmmad and Sanampudi 2024].

AudioSet benchmarks. ~We report two representative baselines on the full
AudioSet: [Kong et al. 2020] introduced PANNSs, achieving mAP 0.431 with CNN14
trained from scratch; [Gong et al. 2021] introduced AST, reaching mAP 0.485 with Ima-
geNet+AudioSet pretraining. These settings are not directly comparable to our balanced-
only, from-scratch regime.

Transformer vs. CNN. [Schmid et al. 2023] show that Transformer-to-CNN
knowledge distillation recovers most of the Transformer’s quality at lower cost on the full
AudioSet, consistent with our finding that CNNs outperform Transformers under limited
data.

Mamba for audio. [Gu and Dao 2023] introduced Mamba, a selective state-
space model that matches Transformer performance while avoiding quadratic atten-
tion; [Yadav and Tan 2024] applies it to audio with self-supervised pretraining on Au-
dioSet. To our knowledge, no prior work compares Mamba against Transformers and
CNNs in a from-scratch, weakly supervised setting.

Multi-branch fusion. MFF-EINV?2 [Mu et al. 2024] achieves SOTA performance
by fusing spectral/spatial/temporal scales of a multichannel spectrogram using EINV2
for sound event localization and detection on DCASE challenge data. In contrast, our
approach fuses complementary acoustic feature types, includes Inception and Mamba in
the comparison, and trains entirely from scratch on AudioSet balanced training set.
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3. Experimental Setup

We evaluate four architectural families across four frame lengths, seven acoustic fea-
tures, and single- vs. multi-branch configurations. The following subsections describe
the dataset and features, the model architectures and training protocol, and the evaluation
methodology.

3.1. Dataset and Features

We use the AudioSet balanced training split: 16,306 clips, each 10 s at 44,100 Hz, with
527 weakly labeled classes (multi-label, binary).

Seven acoustic features are extracted per clip, selected for their
established and complementary roles in weakly labeled audio classifica-
tion [Mohmmad and Sanampudi 2024]: log-mel spectrogram (40 bands, frequency
content over time), MFCC (13 coefficients, spectral characteristics), chroma (12 bins,
pitch-class content), ZCR (signal noisiness), RMS energy (amplitude dynamics), statis-
tical features (mean/std/max/min/25th and 75th-percentile of audio frame amplitudes),
and spectral centroid (brightness). Each feature is computed at four frame lengths
(analysis window sizes, no overlap): w128, w256, w512, and w1024 (128-1024 ms;
5,644-45,158 samples per frame at 44,100 Hz), yielding T" ~ 80 down to 10 frames per
10s clip—longer frames give finer spectral but coarser-resolution time steps. Feature
extraction uses non-overlapping frames (hop = frame length) to limit the computational
and memory footprint of the per-feature multi-branch pipeline; standard overlap strategies
(e.g., 50% hop) would increase the effective training-frame density and may improve
performance, and are left for future work. Spectral centroid spans several orders of
magnitude across clips, so it is per-clip standardized (zero mean, unit variance) before
model input to prevent scale dominance over other features.

3.2. Architectures

All models are trained from scratch with binary cross-entropy loss, Adam optimizer
(learning rate 103, batch size 32, up to 200 epochs), and early stopping (patience =
5, monitor = validation loss)!. Transformer and Mamba additionally use linear warmup
(0 — 1073 over 400 steps) to prevent gradient instability during the early phase of training
from random initialization; convolutional models converge reliably without it.

CNN. Lightweight baseline: spectral features (F' > 2, e.g. log-mel, MFCC) use
two Conv2D blocks (16 and 32 filters, 3x3, ReLU, 2x2 max-pooling); scalar features
(F =1,e.g. ZCR, RMS) use two Conv 1D blocks (32 and 64 filters, kernel 3, max-pooling
2). GlobalAveragePooling collapses each branch before the shared head.

Inception-style CNN [Szegedy et al. 2015]. Two naive Inception modules stacked
with max-pooling between them, each with four parallel branches (Conv 1x 1, Conv 3x 3,
Conv 5x5, and MaxPool 3x3 followed by Conv 1x1) concatenated channel-wise. The
naive variant (without the dimensionality-reduction 1x1 bottlenecks) limits parameter
count on 16,306 clips; GlobalAveragePooling aggregates the frame sequence.

Transformer [Vaswani et al. 2017]. Two-layer encoder with Multi-Head Self-
Attention (dynoqer = 64, 4 heads, dyy = 128), post-layer normalization, and residual

'Implemented in TensorFlow 2.15 with Keras.
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connections. Fixed sinusoidal positional encoding [Vaswani et al. 2017] is used rather
than learned embeddings because the from-scratch setting provides insufficient data to
learn reliable position representations.

Mamba [Gu and Dao 2023]. Two MambaBlock layers with input-dependent pa-
rameters B, C, A, ZOH discretisation of A and B, causal depthwise Conv1D, and SiLLU
gating; pre-layer normalization with residual connections follows [Gu and Dao 2023].
Our TensorFlow implementation uses tf.scan in place of the CUDA-parallel scan;
one additional SiLLU activation is applied to the x branch before the causal convolution, a
minor deviation from [Gu and Dao 2023] that was not ablated.

Multi-branch fusion. One encoder per feature type; branch outputs (after Glob-
alAveragePooling) are concatenated and fed through a shared Dense(128) head with
Dropout(0.3). Single-branch experiments use the same builder with a single input fea-
ture, keeping the head identical so that gains reflect feature complementarity rather than
capacity.

3.3. Evaluation

Primary metric: mAP (mean Average Precision), the mean across classes of the area
under each class’s precision—recall curve, which is the standard for AudioSet compar-
isons [Gong et al. 2021, Schmid et al. 2023]. Single-run results use the first fold of a
5-fold multilabel stratified split (80% train, 20% test); 10% of the training portion is held
out for early-stopping validation. Cross-validation uses all five folds of the same split;
statistical tests use paired t-tests, p is the two-tailed p-value. Class imbalance is handled
only by the multilabel-stratified split (no resampling or reweighting). All experiments use
a fixed seed (RANDOM _SEED = 42) for reproducibility?.

Our 5-fold CV partitions only the balanced training split, so absolute mAP is not
directly comparable to AudioSet’s standard ~18k evaluation set (evaluation on it is left
for future work). Results are reported for the best configuration per architecture selected
across frame lengths and feature subsets; this selection may introduce a degree of opti-
mism bias.

4. Results

We organize the results around three questions: whether multi-branch fusion consistently
helps, which architectural family performs best from scratch, and whether the choice of
sequence model matters at this data scale.

Table 1 reports the best mAP for each architecture with one feature (1-feat.) and
with multiple features (multi-feat.); both use the same multi-branch builder. Parameter
counts (#P,/#P,,) are reported for the exact configurations associated with the best single-
and multi-feature results. CV results are reported as mean =+ std where available.

Multi-branch Inception achieves the best result, with a single-run peak of mAP
0.141 (Logme1+MFCC+chroma_wl128).

4.1. Finding 1: Multi-Branch Fusion Improves All Architectures

Multi-branch feature fusion yields consistent gains across all architecture families: +27%
for CNN (0.097 — 0.123), +17% for Inception (0.115 — 0.135), +28% for Transformer

2Code is publicly available at: https://github.com/ander-hg/multibranch-sed.
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Table 1. Best mAP per architecture on AudioSet balanced. Single-feature
uses log-mel; w; = best single-feature window; Features and w;; = best
multi-feature configuration. { single-run; i 5-fold CV mean =+ std; 2 log-
mel+MFCC+chroma.

Arch. #P,/#P;; 1-feat. w; Multi-feat. Features w,
CNN 77k/95k  0.097F 256 0.123 +0.006F 2 128
Inception 159k/482k 0.1157 128 0.135 4+ 0.004% all-7 128
Transformer 146k/599k 0.085"7 256  0.109 £ 0.005%  all-7 128
Mamba 137k/534k  0.086" 128 0.114 4+ 0.003" all-7 256

(0.085 — 0.109), and +33% for Mamba (0.086 — 0.114).

A feature sweep (CNN, Inception) shows three features (log-
mel+MFCC+chroma) edge all-7 in single runs, but 5-fold CV ties them for CNN
(0.123 £ 0.006 vs. 0.122 £ 0.005) and reverses for Inception (all-7: 0.135 + 0.004 vs.
0.133 £ 0.003). Any multi-feature set substantially outperforms a single feature; the
specific subset has a marginal, architecture-dependent impact.

4.2. Finding 2: Convolutional Architectures Outperform Sequence Models

Figure 1 (left) compares MB-Inception and MB-Transformer at both frame lengths using
5-fold CV. At w128, Inception (0.135 %= 0.004) significantly outperforms the Transformer
(0.109 % 0.005; paired t-test t = 7.54, p = 0.002). All five folds show Inception >
Transformer (differences 0.016-0.037), confirming the effect is not an artifact of fold
assignment. The same ordering holds at w256 (p = 0.005).
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Figure 1. Left: 5-fold CV mAP (mean + std) for MB-Inception and MB-Transformer
at w128 and w256; Inception significantly outperforms the Transformer at
both frame lengths (**p < 0.01). Right: mAP vs. frame length per architec-
ture (all 7 features); Inception peaks at w128, CNN at w256, and sequence
models show no significant preference.

We interpret this gap via the task structure: AudioSet clips are 10s, but the dis-
criminative signal is typically localized to short events. Local convolutional receptive
fields capture these directly, whereas global self-attention over 7' ~ 10-80 frames must
learn to ignore much of the sequence without pretraining to guide it.
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Frame-length analysis (Figure 1, right; all-7 features) reinforces this: Inception
peaks at w128 (CV p = 0.041) and degrades monotonically at coarser frames, while
CNN peaks at w256; both sequence models show no significant frame-length preference
(Transformer CV p = 0.207).

4.3. Finding 3: Sequence Model Architecture Shows No Clear Advantage at This
Scale

At the multi-branch level, Mamba (0.114 + 0.003) and Transformer (0.109 4 0.005) yield
similar results (p = 0.19), a difference that is not statistically significant. This suggests
that, at this data scale, feature fusion may be at least as important as sequence model
choice.

5. Discussion

Within our from-scratch, balanced-split setting, the consistent superiority of con-
volutional architectures aligns with [Schmid et al. 2023]: with only 16,306 training
clips and no pretraining, the Transformer may lack the data volume to learn effec-
tive attention patterns. This does not imply Transformers are inferior for audio in
general—AST [Gong et al. 2021] and BEATs [Chen et al. 2022] reach state-of-the-art
with pretraining—but convolutional inductive biases provide a stronger prior under
data-limited conditions. Whether the gap to Inception would narrow with Mamba-
specific optimizations (e.g. CUDA-parallel scan) or more data remains an open ques-
tion [Gu and Dao 2023].

6. Limitations and Future Work

The low absolute mAP (0.110-0.141) relative to CNN14’s 0.431 [Kong et al. 2020] re-
flects three compounding factors: (i) a ~100x smaller training set (16,306 vs. ~2M
clips); (i) non-overlapping frame extraction, reducing effective frame density; and (iii)
lightweight model capacity chosen to limit overfitting. Parameter counts (Table 1) are our
only efficiency proxy; training time, memory, and inference latency are unmeasured, so
the resource-efficiency motivation is a design rationale, not a demonstrated result.

Future directions include: evaluation on the standard AudioSet test set; pretrained
baselines (PANNs, VGGish); overlapping frame strategies; profiling of training time,
memory, and inference latency to substantiate the efficiency motivation; interpretability
analyses (e.g. attention and error breakdowns) to test the convolutional-bias explanation;
and scaling to the full ~2M-clip split.

7. Conclusion

We compared CNN, Inception, Transformer, and Mamba for from-scratch weakly labeled
audio classification on AudioSet balanced. Multi-branch feature fusion consistently im-
proves all architectures (17-33% mAP), robust to the specific feature subset chosen.
Five-fold cross-validation confirms that Inception significantly outperforms the Trans-
former (p = 0.002), convolutional inductive biases providing a decisive advantage at
this scale. Transformer and Mamba show no significant gap (p = 0.19); this prelimi-
nary comparison suggests feature fusion may be at least as important as sequence-model
choice here.
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