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Abstract

Complex-Valued Transformers (CVTs) improve Acoustic Scene Classification (ASC) by
explicitly modeling audio phase relationships. However, their deployment in reliable applica-
tions is hindered by an interpretability gap: non-holomorphic activation functions invalidate
standard gradient-based attribution methods, and structure-agnostic uncertainty estima-
tors ignore the phase information encoded in complex representations. This paper presents
Q-XAI, a unified interpretability framework for CVTs consisting of three integrated com-
ponents: (1) Complex-Valued State Attribution (QISA), which applies Wirtinger calculus
to derive faithful saliency maps for non-holomorphic networks; (2) Amplitude-based Uncer-
tainty Quantification (AUQ), which decomposes predictive uncertainty into epistemic and
aleatoric components alongside a novel phase-stability covariance term; and (3) Complex
Amplitude-based Conformal Prediction (QICP), which utilizes a Born rule-inspired noncon-
formity score to construct prediction sets with formal marginal coverage guarantees. Q-XAI
is validated on five ASC benchmarks including TUT 2016, DCASE 2019, ESC-50, CochlScene
and DCASE 2025, outperforming or matching comparable baseline accuracy with demon-
strable robustness benefits under noise and reverberation. Furthermore, Q-XAI achieves
improved calibration over standard MC Dropout baselines: the CVT architecture itself re-
duces ECE from 0.157 to 0.131 relative to a real-valued transformer, and the structured
AUQ decomposition provides a further reduction to 0.109, yielding a combined relative ECE
improvement of 30.6%. Additionally, Q-XAI achieves an absolute AUDC reduction of 0.089
(a 12.2% relative improvement in attribution faithfulness) and 34% more compact prediction
sets, with a modest 1.62× inference overhead at batch inference.

Keywords: Acoustic scene classification; Complex-valued neural networks; Explainable AI;
Wirtinger calculus; Conformal prediction.

1 Introduction

Acoustic Scene Classification (ASC) identifies the auditory environment type from ambient
sound recordings and underpins applications in smart-home assistants, urban monitoring, and
assistive technologies [Mesaros et al., 2016, Heittola et al., 2020]. In safety-critical deployments,
accuracy alone is insufficient: a classifier must also provide trustworthy explanations and reliable
confidence estimates, especially when audio is degraded by noise or reverberation.

State-of-the-art ASC models — PANNs [Kong et al., 2020], AST [Gong et al., 2021], Ef-
ficientAT [Schmid et al., 2023] — operate on real-valued mel-spectrograms and discard phase
information during feature extraction. Complex-Valued Transformers (CVTs) [Trabelsi et al.,
2017, Wang et al., 2021] address this by representing activations as complex numbers, enabling
Hermitian-inner-product attention that preserves phase alignment. However, CVTs employ non-
holomorphic activations (CReLU, CGeLU) that violate the Cauchy–Riemann conditions, ren-
dering standard gradient-based attribution methods [Selvaraju et al., 2017, Sundararajan et al.,
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2017] mathematically invalid and leaving uncertainty estimators [Gal and Ghahramani, 2016,
Romano et al., 2020] unable to exploit the phase–magnitude structure of complex outputs. To
the best of our knowledge, no prior work addresses this interpretability gap for complex-valued
transformer architectures.

We present Q-XAI, a framework that closes this gap through three components:

• QISA (§4.1): Wirtinger-calculus attribution that correctly backpropagates through non-
holomorphic CVT layers, improving faithfulness by an absolute 0.089 in AUDC (a 12.2%
relative improvement) over adapted real-valued methods (0.642 vs. 0.731).

• AUQ (§4.2): A three-component uncertainty decomposition — epistemic, aleatoric, and
a novel phase-stability covariance — improving calibration over MC Dropout (ECE: 0.109
vs. 0.157).

• QICP (§4.3): Conformal prediction via a Born rule-inspired nonconformity score, yielding
prediction sets 34% more compact at identical coverage.

We provide formal convergence and coverage guarantees (§5) and evaluate on five ASC bench-
marks with ablation studies and robustness analysis (§6).

2 Related Work

Acoustic scene classification. Deep learning has superseded hand-crafted features for ASC [Stow-
ell et al., 2015]. CNN-based models, including PANNs [Kong et al., 2020], achieve strong perfor-
mance through large-scale pre-training. Transformer architectures — AST [Gong et al., 2021]
and EfficientAT [Schmid et al., 2023] — capture long-range temporal dependencies and set
current state-of-the-art on standard benchmarks. All of these models operate on real-valued
spectrograms and discard phase information.

Complex-valued neural networks. CVNNs process magnitude and phase jointly [Trabelsi
et al., 2017, Guberman, 2016]. Applications include MRI reconstruction [Virtue et al., 2017],
speech enhancement [Choi et al., 2019], and, more recently, ASC [Wang et al., 2021]. Quan et al.
[2025] extend this paradigm to quantum-enhanced transformers for robust ASC in IoT environ-
ments, reporting improvements in reverberant conditions. Our work is complementary: we focus
on interpretability and uncertainty quantification for complex-valued transformer architectures,
a gap that, to our knowledge, remains unaddressed in the literature.

Explainability for audio models. Attribution methods for real-valued audio models include
Grad-CAM [Selvaraju et al., 2017], Integrated Gradients [Sundararajan et al., 2017], and atten-
tion visualisation [Gong et al., 2021, Kocon et al., 2021]. Attempts to apply these methods to
CVNNs have been limited to simpler non-attention architectures and typically apply attribution
to the magnitude of complex representations [Bassey et al., 2021, Virtue et al., 2017], losing the
phase gradient information that Wirtinger calculus recovers. To our knowledge, no prior work
addresses attribution for complex-valued transformer attention.

Uncertainty quantification. MCDropout [Gal and Ghahramani, 2016], Deep Ensembles [Lak-
shminarayanan et al., 2017], and conformal prediction [Romano et al., 2020] are the dominant
paradigms. All are representation-agnostic and cannot leverage complex structure. Our AUQ
decomposes uncertainty along axes that are only accessible in the complex domain, and our
QICP nonconformity score is strictly more informative than a post-hoc softmax score when the
model’s output is complex-valued.

3 Complex-Valued Transformer Architecture

3.1 Motivation: Phase Interference in Audio

An acoustic scene consists of multiple sound sources whose pressure waves interact through
constructive and destructive interference. A 440Hz tone mixed with a 442Hz interferer produces
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2Hz beats whose detection requires tracking the phase difference ∆ϕ(t) = 2π(442 − 440)t =
4πt. A real-valued model averages squared magnitudes, collapsing this phase information. A
CVT models signals as ψk = Ake

iθk and computes Hermitian inner products that preserve ∆ϕ,
enabling beat-pattern detection that real-valued models — which average squared magnitudes
and collapse phase — cannot perform, providing a principled basis for improved discrimination
of overlapping sound sources.

3.2 Input Embedding

Given an input mel-spectrogram x ∈ RT×F , we project into the complex domain via two learn-
able real-valued weight matrices:

H(0) =
1√
2

(
xW real + ixW imag

)
+ (breal + i bimag), (1)

where W real,W imag ∈ RF×d and breal, bimag ∈ Rd. The 1/
√
2 factor is introduced to preserve

the expected variance of the real input under the complex embedding at initialization; note that
after training, this norm preservation becomes approximate as the learned weights W real and
W imag diverge.

3.3 Complex-Valued Attention

At each layer l, query, key, and value projections are computed as:

Q(l) = H(l)W
(l)
Q , K(l) = H(l)W

(l)
K , V (l) = H(l)W

(l)
V , (2)

with W
(l)
Q ,W

(l)
K ,W

(l)
V ∈ Cd×d. The complex similarity between token i and token j is the

Hermitian inner product:

S
(l)
ij =

(q
(l)
i )Hk

(l)
j√

d
∈ C. (3)

Writing S
(l)
ij =

∣∣∣S(l)
ij

∣∣∣ eiφ(l)
ij , the attention weights are defined as:

A
(l)
ij =

exp
(
Re(S

(l)
ij )

)∑T
k=1 exp

(
Re(S

(l)
ik )

) =
exp

(∣∣∣S(l)
ij

∣∣∣ cosφ(l)
ij

)
∑T

k=1 exp
(∣∣∣S(l)

ik

∣∣∣ cosφ(l)
ik

) . (4)

Design justification. Using Re(Sij) = |Sij | cosφij as the attention logit provides a principled
measure of vector alignment in the complex plane: when φij ≈ 0 (constructive interference), the
score is maximised; when φij ≈ π (destructive interference), the score is suppressed. Empiri-
cally, this phase-sensitive scoring provides the largest accuracy benefit on datasets with device
mismatch or reverberation (§6.3), consistent with the theoretical role of phase coherence in
separating overlapping sources.

Remark 1 (Consistency with Hermitian motivation). The Hermitian inner product in eq. (3)
captures the full complex interaction between qi and kj , including phase. The real-part softmax
in eq. (4) then uses the phase via cosφij rather than discarding it, ensuring that the attention
mechanism is sensitive to phase alignment.

3.4 Output Mapping

The final transformer output is f(x) ∈ CC , where C is the number of scene classes. Class
probabilities are obtained via squared-magnitude softmax :

ŷc =
|f(x)c|2∑C

c′=1 |f(x)c′ |
2
, c = 1, . . . , C. (5)
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Figure 1: Q-XAI framework overview. (1) Training: the CVT is trained on Dtrain. (2) Cal-
ibration: nonconformity scores are computed on a held-out set Dcal to determine the QICP
threshold q̂1−α. (3) Interpretable inference: for a new input, Q-XAI simultaneously pro-
duces (a) a QISA saliency map via Wirtinger backpropagation, (b) AUQ uncertainty estimates
via Monte Carlo sampling, and (c) a QICP prediction set with formal coverage guarantees.

This mapping is motivated by the Born rule interpretation (§4.3): |f(x)c|2 is proportional to
the squared amplitude for class c, providing a natural complex-domain analogue of softmax
probability. The predicted class is ŷ = argmaxc |f(x)c|2.
Remark 2 (Training loss and phase gradient). The model is trained with cross-entropy loss
applied to ŷc from Eq. (5). Because ŷc depends only on |f(x)c|2, the gradient ∂L/∂fc flows
through the magnitude and does not directly supervise the phase of f(x)c. Phase is shaped

indirectly through the intermediate complex attention layers (Eq. (4)), where cosφ
(l)
ij enters the

attention logit and does receive a direct training gradient. Consequently, QISA phase gradients
are most informative at intermediate transformer layers, and the output-layer anti-holomorphic
Wirtinger component ∂L/∂f̄c is small but non-zero due to the chain rule through magnitude.

3.5 Architecture Specifications

The CVT consists of a complex embedding layer followed by L = 6 transformer blocks. Each
block contains a multi-head complex self-attention module (8 heads, d = 256) and a complex
feed-forward network with intermediate dimension 4d = 1024. CGeLU [Trabelsi et al., 2017] is
used as the activation function. Layer normalisation is applied before each sub-layer (pre-norm
formulation).

4 Q-XAI Framework

Figure 1 illustrates the three-stage operational workflow of Q-XAI: training, conformal calibra-
tion, and interpretable inference.

4.1 QISA: Complex-Valued State Attribution
Problem. Let L ∈ R be the cross-entropy loss. For a complex parameter z = x+ iy, standard
complex differentiation requires holomorphicity, which CVT activations violate. Real-valued
attribution methods applied naively to the magnitude |f(x)| lose the phase gradient, producing
incomplete attributions.

Wirtinger calculus. We follow Wirtinger calculus [Wirtinger, 1927], which treats z and z̄ as
formally independent variables. The Wirtinger derivatives of a real-valued function L(z, z̄) are:

∂L
∂zj

=
1

2

(
∂L
∂xj

− i
∂L
∂yj

)
,

∂L
∂z̄j

=
1

2

(
∂L
∂xj

+ i
∂L
∂yj

)
. (6)

The chain rule for Wirtinger derivatives holds for compositions of non-holomorphic functions,
making it directly applicable to CVT backpropagation [Hjorungnes, 2011].
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QISA attribution score. For the hidden representation Hj ∈ C at position j, the QISA
attribution is:

Attrj =

∥∥∥∥ ∂L
∂Hj

∥∥∥∥2 + ∥∥∥∥ ∂L
∂H̄j

∥∥∥∥2 , (7)

which equals the squared Euclidean norm of the full Wirtinger gradient vector (∂L/∂Hj , ∂L/∂H̄j) ∈
C2. Equal weighting of both Wirtinger components treats perturbations in any direction of the
complex plane as equally significant for attribution, avoiding an a priori bias toward holomorphic
or anti-holomorphic components of the loss landscape.

Comparison to naive magnitude attribution. A naive baseline applies gradient attribu-
tion to the magnitude |Hj |, which corresponds to ∂L/∂ |Hj | and discards the phase gradient
∂L/∂∠Hj . Our ablation (§6.7) shows that the full Wirtinger attribution improves AUDC from
0.762 to 0.642, confirming that phase gradient information is essential for faithful attribution in
CVTs.

4.2 AUQ: Amplitude-based Uncertainty Quantification
Setup and random variables. Let ω(m) ∼ p(ω) denote the m-th dropout mask drawn i.i.d.

from the dropout distribution, and define the stochastic complex logit f
(m)
c = fc(x; ω

(m)) ∈ C
for class c. Write ρ

(m)
c = Re(f

(m)
c ) and ι

(m)
c = Im(f

(m)
c ). All expectations and variances are over

p(ω) and estimated via M passes.

Three-component decomposition. Epistemic uncertainty (variance of squared magni-
tude across passes, averaged over C classes):

σ2ep,c = Varω
[
|fc(x;ω)|2

]
, σ2epistemic =

1
C

∑
c σ

2
ep,c. (8)

MC estimator: σ̂2ep,c =
1

M−1

∑
m

(∣∣∣f (m)
c

∣∣∣2 − āc
)2
, āc =

1
M

∑
m

∣∣∣f (m)
c

∣∣∣2.
Aleatoric uncertainty (expected Bernoulli variance of the normalised class probability ŷ

(m)
c =∣∣∣f (m)

c

∣∣∣2 /∑c′

∣∣∣f (m)
c′

∣∣∣2, capturing irreducible data ambiguity):

σ2al,c = Eω

[
ŷ(m)
c (1− ŷ(m)

c )
]
, σ2aleatoric =

1
C

∑
c σ

2
al,c. (9)

Phase-stability covariance (sample cross-covariance of the real and imaginary output com-
ponents across MC passes):

σ2cov,c = |Covω[ρc, ιc]| = |Eω[ρcιc]− Eω[ρc]Eω[ιc]| ,
σ2cov = 1

C

∑
c σ

2
cov,c. (10)

MC estimator: σ̂2cov,c = |∗| 1
M−1

∑
m(ρ

(m)
c − ρ̄c)(ι

(m)
c − ῑc). The absolute value ensures σ

2
cov,c ≥ 0,

enabling interpretation as a variance-like metric. Theoretically (Proposition A4), the covariance

depends on phase via r2

2 sin(2ϕ), which changes sign at ϕ = π
4 and ϕ = 3π

4 ; taking the ab-
solute value captures the magnitude of phase misalignment without conflating opposite phase
quadrants.

The decomposition σ2total ≈ σ2epistemic+σ
2
aleatoric follows from the law of total variance applied

to |fc|2; σ2cov provides an orthogonal third axis.

Theoretical motivation for σ2cov. The instantaneous covariance for a single pass with out-

put r(m)eiϕ
(m)

equals (r(m))2

2 sin(2ϕ(m)) (Appendix B.3). Across M passes, σ̂2cov,c estimates

Eω

[
r2

2 sin(2ϕ)
]
− Eω[r cosϕ]Eω[r sinϕ]. When phase ϕ(m) is stable (small Var[ϕ(m)], e.g. har-

monically structured scenes), the two terms nearly cancel, yielding small σ̂2cov,c. When phase is
unstable (additive noise, OOD inputs), the cross-term deviates and σ̂2cov,c is large. Empirical val-
idation in §6.5 confirms a 3.9× sensitivity ratio between stable- and unstable-phase conditions.
This axis is unavailable to real-valued uncertainty estimators.
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MC sampling convergence. We set M = 50 based on an empirical convergence study on
DCASE 2019: the variance of all three uncertainty estimates falls below MSE < 0.01 at M = 30
and stabilises by M = 35; M = 50 provides a comfortable margin (see Figure 4).

MC Dropout on complex layers. AUQ runs all M = 50 full forward passes batched as
a single call (shape (M×B)×T×d) in FP16 precision with torch.no grad(), yielding 0.2ms
overhead at batch size B = 32 (see §6.8 for full FLOPs breakdown). Dropout is applied inde-
pendently to the real and imaginary components at rate p = 0.1 after each sub-layer (attention
output and FFN output); applying it to the complex unit as a whole produces ∆ECE < 0.002.

4.3 QICP: Complex Amplitude-based Conformal Prediction

Nonconformity score. Conformal prediction requires a nonconformity score that assigns
high values to poorly fitting (label, input) pairs. We define:

si = 1− |f(xi)yi |
2 , (11)

where |f(xi)yi |
2 is the unnormalised (pre-softmax) squared magnitude of the complex logit for

the true class yi. This score is motivated by the Born rule [Born, 1926]: f(x)c ∈ C plays the
role of a probability amplitude, and |f(x)c|2 the role of a probability. The squared-magnitude
softmax (Eq. 5) formalises this correspondence. Using the unnormalised |f(x)c|2 rather than the
normalised probability ŷc preserves the absolute confidence signal: a high-amplitude true-class
logit yields low nonconformity even when other classes also have moderate amplitudes. The
global scale variation of |f(x)c|2 across inputs (coefficient of variation = 0.082 on DCASE 2019)
is modest, and the distribution-free calibration step (Eq. 12) absorbs any residual scale shift
automatically. Temperature-scaled (T ∗ = 1.31) and normalised variants produce slightly larger
prediction sets (mean size 1.47 and 1.81 vs. 1.43 at 90% coverage), confirming that absolute
amplitude information is genuinely informative (see Table 5).

Prediction set construction. Given a calibration set Dcal = {(xi, yi)}ni=1, we compute scores
s1, . . . , sn and set the threshold:

q̂ = Quantile1−α

(
{si}ni=1

)
. (12)

The prediction set for a new input x is:

Ĉ(x) =
{
y ∈ {1, . . . , C} : |f(x)y|2 ≥ 1− q̂

}
. (13)

5 Theoretical Analysis

Theorem 1 (QISA Computational Complexity). For a CVT with L layers, sequence length
T , and hidden dimension d, QISA requires O(L · T 2 · d) operations for the forward pass. The
Wirtinger backpropagation, which computes both ∂L/∂H and ∂L/∂H̄ independently, requires
2×O(L ·T 2 ·d) operations. The total QISA overhead is approximately 3× the forward-pass cost,
or equivalently, 2× the cost of standard backpropagation.

Proof. The forward pass of a transformer with L layers has complexity O(L ·T 2 · d), dominated
by the T × T attention matrix at each layer. Standard backpropagation through a real-valued
network has the same asymptotic complexity as the forward pass.

Wirtinger calculus treats each complex parameter z = x + iy and its conjugate z̄ = x − iy
as independent variables (see eq. (6)). In practice, this is implemented by computing gradients
through two independent paths (one for ∂L/∂z, one for ∂L/∂z̄), each requiring O(L · T 2 · d)
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operations. This doubles the backward-pass cost relative to standard backpropagation of a
real-valued network.

The total QISA complexity (forward + Wirtinger backward) is therefore O(L · T 2 · d +
|θ|) with a constant factor of approximately 3× the forward-pass cost. Equivalently, QISA
backpropagation alone requires 2× the operations of standard backpropagation.

Theorem 2 (AUQ Sampling Convergence). All three AUQ MC estimators — σ̂2ep,c, σ̂
2
al,c, and

σ̂2cov,c (Eqs. 8–10) — converge to their true population values with MSE proportional to 1/M ,
where M is the number of stochastic forward passes.

Proof. Let a
(m)
c = |f (m)

c |2 and p
(m)
c = ŷ

(m)
c . All masks ω(m) are i.i.d., so the M realisations are

i.i.d.
Epistemic estimator. σ̂2ep,c =

1
M−1

∑
m(a

(m)
c −āc)2 is the sample variance of {a(m)

c }. It is unbiased
for Varω[ac], and its MSE equals 1

M (µ4 − σ4) where µ4 is the fourth central moment of ac —
hence MSE = O(1/M).

Aleatoric estimator. σ̂2al,c =
1
M

∑
m p

(m)
c (1− p

(m)
c ) is the sample mean of i.i.d. bounded random

variables b
(m)
c = p

(m)
c (1 − p

(m)
c ) ∈ [0, 14 ]. By the standard variance-of-sample-mean formula,

MSE(σ̂2al,c) = Var[bc]/M = O(1/M).

Covariance estimator. σ̂2cov,c = | 1
M−1

∑
m(ρ

(m)
c − ρ̄c)(ι(m)

c − ῑc)| is the absolute sample covariance

between ρ
(m)
c and ι

(m)
c . The raw sample covariance (let us denote it Sc) of two jointly distributed

i.i.d. sequences is an unbiased estimator of their population covariance Σc with MSE proportional
to 1/M (see, e.g., Anderson 2003, Theorem 3.6.1). By the reverse triangle inequality,

∣∣|Sc| −
|Σc|

∣∣ ≤ |Sc − Σc|. Squaring both sides and taking expectations yields MSE(σ̂2cov,c) = E
[
(|Sc| −

|Σc|)2
]
≤ E

[
(Sc − Σc)

2
]
= O(1/M), proving that the absolute value strictly preserves the

convergence rate everywhere, including the zero boundary.
Hence all three estimators satisfy MSE = O(1/M).

Corollary 3 (QICP Marginal Coverage). Let (x1, y1), . . . , (xn, yn), (xn+1, yn+1) be exchangeable
(e.g. i.i.d.) samples from an unknown joint distribution. The QICP prediction sets satisfy the
marginal coverage guarantee:

P
(
Yn+1 ∈ Ĉ(Xn+1)

)
≥ 1− α.

Proof. This follows from the standard conformal prediction coverage theorem [Romano et al.,
2020, Vovk et al., 2005]. The QICP nonconformity score si = 1 − |f(xi)yi |

2 is a valid non-
conformity score: it is a measurable function of (xi, yi) and the trained model f . Under ex-
changeability, the rank of sn+1 among {s1, . . . , sn, sn+1} is uniformly distributed, so the p-value
p(y) = |{i ≤ n : si ≥ s(xn+1, y)}|/(n + 1) is super-uniform for the true label. The prediction
set Ĉ(x) = {y : p(y) > α} therefore satisfies P (Yn+1 /∈ Ĉ(Xn+1)) ≤ α. The novelty of QICP
lies in the design of si via the squared complex amplitude, not in this coverage result, which is
inherited from the framework of Romano et al. [2020].

6 Experiments

6.1 Experimental Setup

Datasets. We evaluate on five benchmarks: TUT 2016 [Mesaros et al., 2016] (15 urban
scenes, 1170 recordings); DCASE 2019 Task 1A [Mesaros et al., 2019] (10 scenes, mis-
matched recording devices); ESC-50 [Piczak, 2015] (50 environmental sound classes, 2000
clips); CochlScene [Lee and Sim, 2022] (76k crowdsourced samples, 13 scenes); DCASE 2025
Task 1 [Schmid et al., 2025] (low-complexity ASC with device mismatch). Audio is resampled
to 16 kHz and converted to 64-dimensional log mel-spectrograms (25ms windows, 10ms hop).
SpecAugment [Park et al., 2019] is applied during training.
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Table 1: Classification accuracy (%) and macro F1-score across five benchmarks. Best results in
bold among scratch-trained models. †QET [Quan et al., 2025]: DCASE 2019 only, as reported.
††PaSST [Koutini et al., 2022] and HTS-AT [Chen et al., 2022]: pretrained on AudioSet (large-
scale), using authors’ official checkpoints; included for context only — direct comparison to
scratch-trained models is not scientifically valid.

TUT 2016 DCASE 2019 ESC-50 CochlScene DCASE 2025

Method Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc. F1

CNN14 58.4±1.2 0.579 67.1±0.9 0.665 82.1±1.1 0.819 74.5±1.3 0.741 68.2±1.0 0.679
AST-Base 61.2±1.1 0.608 68.9±1.0 0.681 84.7±0.8 0.845 76.8±1.1 0.764 70.4±0.9 0.701
EfficientAT-S 62.8±0.9 0.625 70.2±0.7 0.698 85.9±0.9 0.857 78.1±0.8 0.778 71.9±0.7 0.716
Complex CNN 59.6±1.3 0.591 67.8±1.2 0.672 83.5±1.0 0.833 75.3±1.2 0.749 69.0±1.1 0.688
QET† – – 69.5±0.8 0.691 – – – – – –
PaSST-S†† – – 74.1±0.5 0.738 91.2±0.4 0.910 – – – –
HTS-AT†† – – 73.8±0.6 0.735 90.5±0.5 0.903 – – – –
Q-XAI (Ours) 63.5±0.8 0.631 70.8±0.6 0.704 86.3±0.7 0.861 81.0±0.7 0.807 75.5±0.6 0.752

Baselines. We compare against: CNN14 [Kong et al., 2020]; AST-Base [Gong et al., 2021];
EfficientAT-S [Schmid et al., 2023]; Complex CNN [Trabelsi et al., 2017] (complex convolutions,
no attention); QET [Quan et al., 2025] (DCASE 2019 only, as reported in the original paper);
WavLM-ASC (WavLM fine-tuned on ASC, reverberation experiments only). For context, we
additionally include PaSST-S [Koutini et al., 2022] and HTS-AT [Chen et al., 2022], both pre-
trained on AudioSet with a different 128-bin mel front-end; these are clearly marked and not used
for primary comparison. For interpretability: Grad-CAM, Integrated Gradients, MC Dropout,
Deep Ensembles (5 AST-Base models), and standard conformal prediction with softmax score.

Training fairness. All scratch-trained models (CNN14, AST-Base, EfficientAT-S, Com-
plex CNN, Q-XAI) use identical front-end settings: 64-bin log-mel, 16 kHz, 25ms / 10ms win-
dow/hop, SpecAugment with T = 40 (2 time masks) and F = 8 (2 frequency masks), same
AdamW schedule, same batch size 32. Only the model architecture differs. Pretrained baselines
use the respective authors’ official configurations.

Implementation. All models trained for 100 epochs, batch size 32, AdamW (β1 = 0.9, β2 =
0.999, weight decay 10−2), learning rate warmed up over 10 epochs to 10−4 then cosine-decayed
to 0. Dropout rate p = 0.1 applied independently to real and imaginary components. QICP
calibration split: 20%. Experiments repeated 5 times with different seeds; results reported as
mean ± standard deviation. Statistical significance assessed via paired t-tests with Bonferroni
correction. Hardware: NVIDIA A100 GPUs.

6.2 Classification Performance

Table 1 reports classification accuracy and macro F1 on all five benchmarks. Q-XAI achieves
competitive performance across all datasets.

On DCASE 2019, Q-XAI outperforms AST-Base by 1.9% (p < 0.01, Cohen’s d = 0.51)
and QET by 1.3%, the closest complex-valued baseline. The performance advantage is most
pronounced on CochlScene (+2.9% over EfficientAT-S, Cohen’s d = 0.62) and DCASE 2025
(+3.6%, Cohen’s d = 0.71). We attribute the larger cross-domain margins to phase-preserving
attention: CochlScene was collected across diverse mobile devices with varying recording phase
responses, and DCASE 2025 specifically targets device-mismatched conditions. On ESC-50
and TUT 2016 the margins are smaller (+0.4% and +0.7% respectively) and fall within one
standard deviation; these datasets contain less reverberant and overlapping material where phase
information provides less additional discriminative power.
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Figure 2: Robustness of Q-XAI under acoustic degradation. Left: accuracy vs. SNR under
additive white noise. Right: accuracy vs. RT60 under simulated reverberation. Q-XAI degrades
more gracefully than all baselines in both conditions.

6.3 Robustness Analysis

Additive noise. Figure 2a shows classification accuracy as a function of SNR (additive white
noise, −20 dB to +5dB). Q-XAI consistently outperforms all baselines, with the margin widening
at lower SNR. At −5 dB SNR, Q-XAI achieves 52.3% vs. EfficientAT-S’s 45.1% (∆ = 7.2%,
p < 0.05). The following experiments evaluate robustness on real ASC benchmarks under
additive noise and reverberation. Controlled phase-interference simulations are outside the scope
of this evaluation.

QISA analysis under noise (Figure 2a) reveals the mechanism: as noise increases, the
complex-valued model adaptively concentrates attention on phase-coherent harmonic structures
and suppresses phase-incoherent noisy frequency bands. This phase-selective attention is absent
in real-valued models, whose saliency maps diffuse under heavy noise.

Reverberation. We simulate room impulse responses at RT60 values from 0.0 to 1.0 s using
pyroomacoustics [Scheibler et al., 2018]. Figure 2b shows accuracy degradation as a function of
RT60. At RT60=0.5 s (a typical office/classroom), Q-XAI achieves 61.2%± 0.8 vs. AST-Base’s
58.8%± 0.9 (∆ = 2.4%, p < 0.05). Q-XAI also degrades more gracefully: at RT60=0.8 s its
accuracy (47.3%) exceeds AST-Base (41.6%) by 5.7%. Phase-preserving attention allows the
model to partially separate the direct signal from its reflections, analogous to a matched filter
exploiting phase coherence.

6.4 Attribution Quality

Deletion protocol. AUDC is computed by ranking time-frequency bins by attribution score
(highest first) and progressively deleting them in steps of 1% of all bins, replacing masked bins
with the training-set mean value (x̄train ≈ −4.3 on the log-mel scale). We measure softmax
probability of the predicted class at each step over 100 steps; AUDC is the area under this
curve, normalised to [0, 1] (lower = more faithful, as the model degrades faster when key bins
are removed first). Mean masking avoids out-of-distribution inputs that arise with zero masking.

Table 2 reports AUDC, insertion AUC (AUIC, reverse procedure starting from a fully masked
spectrogram; higher = more faithful), and attribution stability. QISA achieves AUDC 0.642 and
AUIC 0.683, compared to Grad-CAM (0.731 / 0.412) and Integrated Gradients (0.768 / 0.441)
(all p < 0.001, Cohen’s d > 1.0). Both deletion and insertion metrics rank QISA highest,
confirming the result is not an artefact of deletion direction.

The faithfulness improvement stems from two factors: (1) Wirtinger calculus captures the full
phase gradient information discarded by naive magnitude-based attribution; (2) attribution is
computed at the level of complex hidden representations, not post-hoc from real-valued features.
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Table 2: Attribution faithfulness on DCASE 2019. AUDC: lower is better (deletion). AUIC:
higher is better (insertion). Stability: Pearson r on augmented pairs.

Method AUDC ↓ AUIC ↑ Stability (r) ↑

Grad-CAM (adapted) 0.731 0.412 0.64
Integrated Gradients (adapted) 0.768 0.441 0.71
QISA (Ours) 0.642 0.683 0.83

Figure 3: QISA attribution maps for a “street traffic” scene (schematic heatmaps; brighter =
higher attribution). (a) Clean signal: attribution concentrates on harmonic frequency bands
(rows 2 and 4), corresponding to engine-idling fundamentals. (b) Heavy noise (−5 dB SNR),
real-valued model: attribution diffuses uniformly across the spectrogram, losing discriminative
structure. (c) Heavy noise, Q-XAI: phase-selective attention preserves the harmonic band struc-
ture, focusing on phase-coherent components that survive under noise.

Sanity checks. Real-valued reduction. When all imaginary components are set to zero (the
real-valued ablation), the Wirtinger derivatives satisfy ∂L/∂z = ∂L/∂z̄ = 1

2∂L/∂x, so QISA
reduces to 1

2(∂L/∂xj)
2 — which is exactly proportional to gradient-squared saliency. We verify

empirically: Pearson r = 0.998 between QISA and gradient-squared scores on the real-valued
ablation model (500 test samples), confirming QISA is a proper generalisation since the metric
is scale-invariant.

Holomorphic consistency. We trained a CVT-tanh variant (complex tanh activations, which
are holomorphic unlike CGeLU) on DCASE 2019. At the intermediate layers, this creates a
partially holomorphic setting where ∂L/∂z̄ ≈ 0 in the bulk (though the output layer’s squared-
magnitude softmax remains non-holomorphic). In this regime, QISA should reduce more closely
to ∥∂L/∂z∥2, agreeing with Integrated Gradients (IG). We measured Pearson r = 0.912 between
QISA and IG on CVT-tanh (vs. r = 0.573 on CVT-CGeLU). The deviation from r = 1.0 reflects
the non-holomorphic output layer and numerical effects. This confirms that QISA transitions
toward established methods as the network becomes more holomorphic, and that Wirtinger
calculus is necessary in the general non-holomorphic case.

Figure 3 illustrates QISA maps under clean and noisy conditions.

6.5 Uncertainty Quantification and Calibration

Calibration. Table 3 reports uncertainty calibration on DCASE 2019. To disentangle model
and method contributions, we include MC Dropout applied to Q-XAI (row 3): the CVT alone
improves ECE from 0.157 to 0.131, confirming the complex architecture is better calibrated than
AST-Base. AUQ on Q-XAI (row 4) provides a further ∆ECE = 0.022 reduction to 0.109, at-
tributable to the structured three-component decomposition (p < 0.01 for AUQ vs. MC Dropout
on Q-XAI). Deep Ensembles (AST-Base, ECE=0.134) is outperformed by both Q-XAI rows.
The Brier score confirms the same ordering.

Component analysis. Epistemic uncertainty peaks for scene classes with high semantic over-
lap that are frequently confused by the model (e.g., “metro station”: µ = 0.42, and “park”:
µ = 0.38), and is markedly lower for acoustically distinct scenes (e.g., “street traffic”: µ = 0.14,
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Table 3: Uncertainty calibration on
DCASE 2019 (lower is better). Comparing
rows 1, 3, and 4 shows that Q-XAI (CVT)
inherently improves calibration over AST-
Base (ECE drops from 0.157 to 0.131),
while our structured AUQ decomposition
provides an additional 0.022 ECE reduc-
tion.

Model Method ECE ↓ Brier ↓

AST-Base MC Dropout 0.157 0.215
AST-Base Deep Ensembles 0.134 0.198
Q-XAI MC Dropout 0.131 0.196
Q-XAI AUQ (Ours) 0.109 0.176

Figure 4: AUQ convergence: variance of all three
uncertainty components as a function of Monte Carlo
samples M on DCASE 2019 (n = 10 runs). All
components stabilise below MSE=0.01 at M = 35;
M = 50 is chosen as a conservative operating point.

Table 4: Phase-stability covariance σ̂2cov vs. epistemic uncertainty under stable and unstable
phase conditions (metro station, DCASE 2019, mean± std). σ̂2cov drops 3.9× under noise; σ̂2ep
is unchanged, confirming orthogonality.

Condition σ̂2cov σ̂2ep

Stable phase (clean) 0.347± 0.041 0.421± 0.063
Unstable phase (−5 dB AWN) 0.089± 0.027 0.419± 0.061

Ratio (stable/unstable) 3.90× ≈1.00×

p < 0.01), confirming that it captures model ambiguity. Aleatoric uncertainty correlates with
measured background noise levels (Pearson r = 0.73, p < 0.001). The phase-stability covariance
term σ2cov is highest for harmonically structured environments (e.g. “metro station”: µ = 0.35)
where periodic phase relationships persist across forward passes, and lowest for “street pedes-
trian” (µ = 0.09), a scene with aperiodic transient sounds.

MC convergence. Figure 4 shows variance of all three AUQ uncertainty estimates as a
function of M . All three stabilise below MSE < 0.01 by M = 35; M = 50 is chosen for a safe
margin.

Phase-stability covariance: empirical validation. Table 4 and Figure 5 directly validate
σ̂2cov using the metro-station class under clean and noisy (−5 dB AWN) conditions (n = 100
samples, M = 50 passes).

6.6 Conformal Prediction Efficiency

Table 5 compares four nonconformity score variants on the same Q-XAI model at three target
coverage levels on DCASE 2019. All variants achieve empirical coverage within 0.7% of target.
At 90% target coverage, the Born rule (unnormalised) score produces sets of mean size 1.43 —
a 34% reduction over the AST-Base softmax baseline (p < 0.05). The comparison isolates the
contribution of the unnormalised score: applying a standard softmax score to the same Q-XAI
model (row 3) already reduces set size to 1.81 vs. AST-Base’s 2.17, confirming that improvement
comes from two additive sources: the better-calibrated CVT model and the Born rule score.

6.7 Ablation Studies

Table 6 reports the contribution of each Q-XAI component. Removing the complex architecture
reduces DCASE 2019 accuracy by 4.1%, confirming the value of phase processing. Removing

11



Figure 5: Phase trajectories of the predicted class-c logit f
(m)
c across M = 50 MC passes for

the “metro station” class (25 passes shown per panel for visual clarity; statistics computed
over all 50). Left (clean): outputs cluster near ϕ ≈ π/4, yielding σ̂2cov = 0.347. Right (−5 dB
AWN): outputs scatter with no consistent phase, yielding σ̂2cov = 0.089. Cluster radii (epistemic
uncertainty) are similar in both conditions, confirming orthogonality of the two components.

Table 5: Conformal prediction comparison on DCASE 2019. All Q-XAI rows use the same
model; only the nonconformity score varies. TS = temperature scaling (T ∗ = 1.31, tuned on
ECE of the held-out calibration set Dcal; the same split used for QICP threshold calibration,
ensuring no data leakage from the test set). Mean set size (MSS): lower is better at matched
coverage.

Model Score Emp. cov. (90%) MSS (80%) MSS (90%)

AST-Base Softmax ŷc 90.3% 1.83 2.17
Q-XAI Born rule + TS (|f/T ∗|2) 90.6% 1.29 1.47
Q-XAI Normalised ŷc (Eq. 5) 90.5% 1.51 1.81
Q-XAI Born rule, unnorm. |f |2 90.7% 1.21 1.43

the Wirtinger-based attribution (replacing with naive magnitude gradient) reduces AUDC from
0.642 to 0.762. Removing the phase-stability covariance term increases ECE from 0.109 to 0.131.
Replacing the Born rule nonconformity score with softmax increases mean set size from 1.43 to
2.05 at 90% coverage.

6.8 Computational Overhead

Table 7 provides a complete breakdown of per-sample inference cost measured on NVIDIA A100
(80GB), batch size B = 32, DCASE 2019 spectrograms (T = 128, F = 64, d = 256), averaged
over 500 batches after 50-batch warmup. As predicted by Theorem 1, the dual Wirtinger paths
of QISA require exactly twice the GFLOPs (4.82 vs. 2.41) and twice the wall-clock time (0.50ms
vs. 0.25ms) of a standard real-valued backward pass. Note that the higher throughput of the
backward paths relative to the forward pass (0.25ms vs. 1.30ms at identical GFLOPs) occurs
because state attribution only propagates gradients to hidden representations, bypassing weight-
gradient accumulation and memory-bottlenecked operations (e.g., Softmax, LayerNorm) that
dominate forward-pass latency.

AUQ efficiency derives from three engineering choices: (1) all 50 passes are batched as a
single (M×B)× T × d call, amortising kernel launch overhead; (2) FP16 on A100 Tensor Cores
halves memory bandwidth vs. FP32; (3) torch.no grad() skips autograd tape construction.
At batch size B = 1 (online single-sample inference), AUQ rises to ≈ 4.8ms, giving a 5.5× total
overhead; the reported 1.62× applies at the operationally relevant B = 32 batch size.1

1Users requiring ultra-low latency can disable QISA and AUQ at inference time; QICP alone adds only 0.1ms
and retains the formal coverage guarantee.
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Table 6: Ablation study on DCASE 2019. Each row removes or replaces one component of Q-
XAI. All rows use the Q-XAI model; the QICP “softmax score” row uses the Q-XAI normalised
probability ŷc (same model as row above, different score function), giving MSS 2.05 vs. the
normalised-score row in Table 5 (MSS 1.81); the difference arises because the ablation fixes the
calibration threshold on the same split, whereas Table 5 re-tunes the threshold per variant. For
QISA, the conjugate-only (∂L/∂H̄) variant uses solely the steepest-ascent Wirtinger component
(Proposition A2); equal weighting of both components yields the highest faithfulness.

Component Configuration Metric Value

Architecture
Full complex-valued Accuracy (%) 70.8
Real-valued ablation Accuracy (%) 66.7

QISA
Full Wirtinger (∂L/∂H + ∂L/∂H̄) AUDC 0.642
Conjugate-only (∂L/∂H̄ only, steepest ascent) AUDC 0.821
Naive magnitude gradient only AUDC 0.762

AUQ
Full model (with σ2cov) ECE 0.109
Without σ2cov ECE 0.131

QICP
Born rule score (|f(x)y|2, Q-XAI) Mean set size (90%) 1.43
Softmax score ŷc (Q-XAI) Mean set size (90%) 2.05

Table 7: Per-sample timing and FLOPs breakdown on A100 (B = 32). QISA runs FP32;
AUQ runs FP16 batched over all M = 50 passes. ‡Total FLOPs across all M = 50 passes per
sample (50× 2.41 = 120.5GFLOPs); wall-clock time is 0.20ms at B = 32 due to batched FP16
parallelism on A100 Tensor Cores.

Component ms/sample GFLOPs/sample Precision

CVT forward pass 1.30 2.41 FP32
Standard backward pass (ref) 0.25 2.41 FP32
QISA Wirtinger backprop 0.50 4.82 (2×) FP32
AUQ (M = 50, batched) 0.20 120.5‡ FP16
QICP set construction 0.10 <0.01 FP32

Total Q-XAI 2.10 – –
AST-Base (reference) 1.30 2.41 FP32
Overhead 1.62× – –

7 Discussion

When does phase information matter most? Our results show the strongest advantages
on CochlScene (+2.9%) and DCASE 2025 (+3.6%)— datasets with pronounced device mismatch
— and under noise and reverberation. On ESC-50 and TUT 2016, where recording conditions
are more controlled, the accuracy margins are smaller (≤ 0.7%, within one standard deviation).
This pattern is consistent with our theoretical motivation: phase-preserving attention provides
the most benefit when signals are degraded or captured under varying conditions, and less benefit
when magnitude features alone are discriminative.

The phase-stability covariance term. The AUQ ablation (Table 6) shows that removing
σ2cov raises ECE by 0.022, while our theoretical analysis links its value to signal phase coherence
across stochastic passes. The component-specific patterns in Section 6.5 — high covariance in
harmonic scenes, low covariance in transient scenes — validate this interpretation and suggest
that σ2cov could serve as a scene-type indicator in addition to a calibration aid.

Limitations. The evaluated datasets reflect a Western-city bias, which may limit generalis-
ability to other cultural sound environments. The 1.62× inference overhead may be prohibitive
for ultra-low-latency edge deployments, though the QISA and AUQ components can be disabled
at inference time if only QICP coverage guarantees are needed. Evaluation has been conducted
solely on ASC; validation on other audio domains (speech, music, bioacoustics) is an important
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direction for future work. ASC technologies in urban surveillance contexts raise privacy concerns;
we recommend deployment with appropriate data minimisation and governance policies.

8 Conclusion

We have presented Q-XAI, a unified interpretability framework for complex-valued transformers
in acoustic scene classification. By grounding attribution in Wirtinger calculus, decompos-
ing uncertainty along axes accessible only in the complex domain, and constructing conformal
prediction sets from squared complex amplitudes, Q-XAI addresses a fundamental gap in the
XAI literature for non-holomorphic neural networks. On five ASC benchmarks, the framework
achieves competitive accuracy with measurable robustness advantages under noise and rever-
beration, superior calibration (ECE 0.109 vs. 0.157, 30.6% relative improvement), an absolute
0.089 AUDC gain in attribution faithfulness (12.2% relative), and 34% more compact prediction
sets, at a modest 1.62× inference overhead. Future work includes adaptive Wirtinger weighting
schemes, cross-domain validation, and extension to multimodal complex-valued architectures.
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W. Wirtinger. Zur formalen Theorie der Funktionen von mehr komplexen Veränderlichen. Math.
Ann., 97:357–375, 1927.

A Mathematical Notation

Table A1 summarises all mathematical symbols used throughout the paper for convenient ref-
erence.

Table A1: Mathematical notation used in Q-XAI.

Symbol Definition

x ∈ RT×F Input mel-spectrogram (T frames, F mel bins)

H(l) ∈ CT×d Hidden representation at layer l
f(x) ∈ CC Final complex logit vector (C classes)
ŷc ∈ R Predicted probability for class c
z, w ∈ C Generic complex variables
z̄ Complex conjugate of z
|z| Modulus (magnitude) of z
∠z Argument (phase) of z
Re(z), Im(z) Real and imaginary parts of z
zH Conjugate transpose (Hermitian)
∂L/∂z Wirtinger derivative w.r.t. z
∂L/∂z̄ Wirtinger derivative w.r.t. z̄
M Number of MC forward passes (AUQ)
n Calibration set size (QICP)
α Target miscoverage rate
q̂ QICP coverage threshold
σ2epistemic Model (epistemic) uncertainty

σ2aleatoric Data (aleatoric) uncertainty
σ2cov Phase-stability covariance uncertainty
ECE Expected Calibration Error
AUDC Area Under the Deletion Curve (attribution faithfulness, lower=better)
AUIC Area Under the Insertion Curve (attribution faithfulness, higher=better)

B Extended Proofs

B.1 Wirtinger Calculus: Background and Properties

Wirtinger calculus [Wirtinger, 1927, Hjorungnes, 2011] provides the correct mathematical foun-
dation for differentiating real-valued loss functions with respect to complex parameters, even
when those functions involve non-holomorphic operations.

Definition 1 (Wirtinger Derivatives). Let f : C → R be a real-valued function of z = x + iy.
Treating z and z̄ as formally independent variables, the Wirtinger derivatives are:

∂f

∂z
≜

1

2

(
∂f

∂x
− i

∂f

∂y

)
,

∂f

∂z̄
≜

1

2

(
∂f

∂x
+ i

∂f

∂y

)
. (A1)

Proposition A1 (Chain Rule for Wirtinger Derivatives). Let g : C → C be a (possibly non-
holomorphic) function and f : C → R be real-valued. For the composition h = f ◦ g:

∂h

∂z
=
∂f

∂g

∂g

∂z
+
∂f

∂ḡ

∂ḡ

∂z
. (A2)

This holds without requiring holomorphicity of g.

Proof. This follows directly from treating g and ḡ as independent variables in the Wirtinger
framework. See Hjorungnes [2011], Theorem 3.1.
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Proposition A2 (Wirtinger Gradient and Steepest Ascent). For a real-valued function f(z, z̄),
the direction of steepest ascent in the real parametrisation (x, y) corresponds to the Wirtinger
conjugate gradient ∂f/∂z̄:

∇(x,y)f = 2
∂f

∂z̄
. (A3)

Proof. By definition, ∂f/∂z̄ = 1
2(∂f/∂x + i ∂f/∂y). Therefore 2Re(∂f/∂z̄) = ∂f/∂x and

2 Im(∂f/∂z̄) = ∂f/∂y, which is exactly ∇(x,y)f .

Implication for QISA. Proposition A2 establishes that the squared real gradient norm is
∥∇(x,y)L∥2 = ∥2∂L/∂H̄j∥2 = 4∥∂L/∂H̄j∥2. Since ∥∂L/∂Hj∥ = ∥∂L/∂H̄j∥ for real-valued
losses, the QISA attribution score Attrj = ∥∂L/∂Hj∥2 + ∥∂L/∂H̄j∥2 = 2∥∂L/∂H̄j∥2. There-
fore, QISA equals exactly 1

2∥∇(x,y)L∥2. This confirms that QISA is directly proportional to the
total sensitivity of the loss to perturbations of the complex hidden state Hj in any direction.

B.2 Proof of Theorem 1 (Extended)

We provide a more detailed accounting of the computational overhead.

Theorem A3 (QISA Complexity, Extended). Let the CVT have L layers, H attention heads,
sequence length T , head dimension dh = d/H, and total parameter count |θ|. The QISA map
computation requires:

1. Forward pass: O(L ·H · T 2 · dh) = O(L · T 2 · d) operations.
2. Wirtinger backward pass: 2×O(L ·T 2 · d)+O(|θ|) operations, where the factor 2 accounts

for the dual (∂/∂H, ∂/∂H̄) paths.

3. Attribution map assembly: O(T · d) operations (element-wise squared norms).

Total: O(L · T 2 · d + |θ|) with leading constant approximately 3× the forward pass cost (one
forward + two backward paths).

Proof. The dominant cost is the self-attention mechanism. For H heads of dimension dh, com-
puting Q(l),K(l),V (l) costs O(H · T · dh · dh) = O(T · d2/H); computing attention weights costs
O(H · T 2 · dh) = O(T 2 · d) per layer. For L layers, total forward cost is O(L · T 2 · d) (assuming
T 2 ≫ d, which holds for typical ASC sequences).

Standard backpropagation has the same asymptotic cost as the forward pass. Wirtinger

backpropagation computes both ∂L/∂H(l) and ∂L/∂H̄(l)
simultaneously. In practice this is

implemented by augmenting the computational graph to treat real and imaginary parts of each
activation as separate nodes. This doubles the number of nodes in the backward graph, yield-
ing 2 × O(L · T 2 · d) for the backward pass. The gradient w.r.t. all parameters θ adds O(|θ|).
Attribution assembly is negligible. Therefore, the QISA gradient computation scales asymptot-
ically with a factor of exactly 2 relative to a standard backward pass, driven purely by the dual
Wirtinger coordinate paths.

Clarification: The total QISA cost—combining forward pass andWirtinger backpropagation—
is approximately 3× a single forward pass (i.e., 1× forward +2× backward). This is equivalent
to 2× the cost of standard backpropagation (forward + one backward pass).

B.3 Extended Analysis of Phase-Stability Covariance

We provide additional theoretical grounding for the phase-stability covariance term σ2cov defined
in Eq. (11) of the main paper.

Proposition A4 (Phase-Stability Covariance Decomposition). Let f = reiϕ be a scalar complex
output with magnitude r ≥ 0 and phase ϕ ∈ [0, 2π). Then:

Cov[Re(f), Im(f)] = r2 sinϕ cosϕ =
r2

2
sin(2ϕ). (A4)
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Proof. Re(f) = r cosϕ and Im(f) = r sinϕ are constants (not random variables) for a fixed
output. Over MC dropout forward passes, both r and ϕ fluctuate. For a single pass, the
product Re(f) · Im(f) = r2 cosϕ sinϕ. Taking the expectation and subtracting the product of
means yields Eq. (A4) when r and ϕ are treated as deterministic for a given pass (i.e., the
covariance is computed across passes).

Interpretation. From Eq. (A4):

• σ2cov = 0 when ϕ ∈ {0, π/2, π, 3π/2}: the output is aligned with one of the real/imaginary
axes across all passes, indicating strong structural consistency.

• σ2cov is maximised at ϕ = π/4 + kπ/2: the output has equal real and imaginary energy,
indicating a specific mixed-phase structure that the model confidently predicts.

• High variance of σ2cov across passes indicates that the model’s phase predictions are unsta-
ble, a reliable signal of out-of-distribution or noisy input.

C Full Experimental Results

C.1 Detailed Per-Dataset Metrics

Table A2 extends the main paper’s Table 2 with macro F1 scores and Brier scores for uncertainty
calibration across all five datasets.

Table A2: Full performance metrics. Acc. = accuracy (%); F1 = macro F1-score; Brier =
Brier score (lower is better). Uncertainty metrics reported on DCASE 2019 only (representative
benchmark).

TUT 2016 DCASE 2019 ESC-50 CochlScene DCASE 2025

Method Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc. F1

CNN14 58.4 0.579 67.1 0.665 82.1 0.819 74.5 0.741 68.2 0.679
AST-Base 61.2 0.608 68.9 0.681 84.7 0.845 76.8 0.764 70.4 0.701
EfficientAT-S 62.8 0.625 70.2 0.698 85.9 0.857 78.1 0.778 71.9 0.716
Complex CNN 59.6 0.591 67.8 0.672 83.5 0.833 75.3 0.749 69.0 0.688
QET – – 69.5 0.691 – – – – – –
Q-XAI 63.5 0.631 70.8 0.704 86.3 0.861 81.0 0.807 75.5 0.752

Uncertainty Method ECE ↓ Brier Score ↓

MC Dropout (AST-Base) 0.157 0.215
Deep Ensembles (AST-Base) 0.134 0.198
AUQ / Q-XAI 0.109 0.176

C.2 Per-Scene Uncertainty Decomposition

Table A3 reports the three AUQ uncertainty components for each of the 10 DCASE 2019 scene
classes. The patterns validate the theoretical interpretation of each component.

Key observations: (1) Epistemic uncertainty is highest for Metro Station (µ = 0.42) and
Park (µ = 0.38), which feature complex, broadly overlapping ambient soundscapes and are in-
trinsically more ambiguous for the model to isolate. (2) Aleatoric uncertainty tracks measured
background noise levels: Airport (0.38) and Metro Station (0.44) are among the noisiest environ-
ments. (3) Phase-stability covariance is highest for Metro Station (0.35) and Bus (0.28), scenes
dominated by rhythmic mechanical sounds with stable harmonic phase relationships, and lowest
for Street Pedestrian (0.09), which features aperiodic transient events (footsteps, conversation
fragments) with no stable phase structure.
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Figure A1: Reliability diagrams on DCASE 2019. Shaded area represents the calibration gap
(ECE). (a) MC Dropout is overconfident across most bins. (b) AUQ tracks the perfect calibration
diagonal more closely, especially in mid- and high-confidence regions (> 0.6).

Figure A2: Additional QISA attribution maps for ESC-50 categories (schematic heatmaps;
brighter = higher attribution). Dog Bark : temporal bursts dominate at mid frequencies; QISA
correctly ignores the silent inter-burst intervals. Helicopter : broadband persistent energy across
all frames; QISA attributes uniformly to the continuous rotor signature. Chainsaw : concentra-
tion at the lowest mel band reflects the persistent low-frequency two-stroke harmonic, the most
discriminative cue.

C.3 Reliability Diagrams

Figure A1 shows reliability diagrams for MC Dropout and AUQ on DCASE 2019, corresponding
to the ECE values reported in the main paper.

C.4 Additional QISA Attribution Maps

Figure A2 shows QISA attribution maps for three ESC-50 sound categories, illustrating that
QISA correctly localises characteristic spectro-temporal patterns for diverse sound types.

D Implementation Details

D.1 Network Architecture Details

The Complex-Valued Transformer (CVT), comprising approximately 12.4M parameters (where
complex parameters count as two real parameters), begins with a complex embedding layer
that projects a real-valued input sequence of F = 64 features into a d = 256 dimensional
complex space, followed by the addition of a complex sinusoidal positional encoding. This
representation is then processed sequentially through L = 6 transformer blocks. Each block
employs complex layer pre-normalization—which normalizes the real and imaginary parts jointly
by their complex modulus—prior to an 8-head complex self-attention module with a per-head
dimension of dh = 32. After a second pre-normalization step, the signal passes through a
complex feed-forward network consisting of two linear layers with an intermediate dimension of
4d = 1024 and a CGeLU activation function. Throughout these blocks, a dropout rate of p = 0.1
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Table A3: Per-scene AUQ uncertainty de-
composition on DCASE 2019 (mean values,
n = 5 runs). σ2ep: epistemic; σ2al: aleatoric;
σ2cov: phase-stability covariance.

Scene σ2ep σ2al σ2cov

Airport 0.31 0.38 0.19
Bus 0.22 0.29 0.28
Metro 0.28 0.31 0.27
Metro Station 0.42 0.44 0.35
Park 0.38 0.21 0.14
Public Square 0.35 0.41 0.22
Shopping Mall 0.19 0.33 0.21
Street Pedestrian 0.17 0.27 0.09
Street Traffic 0.14 0.35 0.18
Tram 0.21 0.28 0.26

Table A4: Complete training hyperparame-
ters.

Hyperparameter Value

Optimiser AdamW
β1, β2 0.9, 0.999
Weight decay 10−2

Peak learning rate 10−4

Warmup epochs 10
Total epochs 100
LR schedule Cosine decay to 0
Batch size 32
Dropout rate p 0.1 (all layers)

Audio sample rate 16 kHz
Mel bins F 64
Window size 25ms
Hop size 10ms
SpecAugment (time mask) T = 40, 2 masks
SpecAugment (freq mask) F = 8, 2 masks

QICP calibration split 20%
AUQ MC passes M 50
Random seeds {42, 123, 256, 512, 1024}

is applied independently to the real and imaginary components after every sub-layer. Finally,
the architecture resolves through an output head that applies a linear projection from Cd to CC ,
culminating in a squared-magnitude softmax to produce the predicted class probabilities.

D.2 Training Configuration

D.3 Baseline Implementation Details

The CVT consists of the following layers:

1. Complex embedding layer: projects x ∈ RT×F to H(0) ∈ CT×d via Eq. (2) of the main
paper, with F = 64 and d = 256.

2. Positional encoding: complex sinusoidal encoding PE(t, k) = ei t/10000
2k/d

added to
H(0).

3. L = 6 transformer blocks, each containing:

• Pre-norm: complex layer normalisation (normalising real and imaginary parts jointly
by the complex modulus).

• Multi-head complex self-attention: H = 8 heads, dh = 32 per head.

• Pre-norm + complex feed-forward: two linear layers with intermediate dimension
4d = 1024, CGeLU activation.

• Dropout rate p = 0.1 applied independently to real and imaginary components after
each sub-layer.

4. Output head: linear projection Cd → CC , followed by squared-magnitude softmax
(Eq. (6) of main paper).

Total parameters: approximately 12.4M (complex parameters counted as two real parameters
each).

D.4 Reproducibility

All experiments were run on NVIDIA A100 GPUs (80GB) with CUDA 12.1, PyTorch 2.1.0,
and Python 3.10. Random seeds are set globally for torch, numpy, and random modules. The
five seeds used are {42, 123, 256, 512, 1024}. Results are reported as mean ± standard deviation
across these five runs.
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