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Abstract

Globalization and multiculturalism have produced numerous diverse dialects, such as Singaporean-
accented English and regional Mandarin speech. These speech variants remain significantly under-
represented even in high-resource language datasets. Consequently, standard spoken dialogue
systems frequently misidentify the user’s input language, compromising response accuracy regardless
of downstream language model capability. To address this, we propose a robust ASR framework
capable of handling dialectal variance with minimal computational overhead and lightweight training
costs. Our Convex Language Detection (CLD) framework integrates a convex neural network that
guarantees global optimality in polynomial time. This is solved efficiently using ADMM in JAX,
achieving sub-500ms inference latency. CLD offers strong convergence guarantees, stability across
runs, and reduced sample complexity. As a motivating case study, CLD significantly improves
transcription accuracy on bilingual inputs when integrated with Whisper encoders. These results
enable more inclusive multilingual interactions and highlight promising directions for convex
optimization methods in spoken dialogue systems.

1. Introduction

Spoken language dialogue systems are increasingly ubiquitous across all cultures, countries, and ap-
plications. The mainstream adoption of video-conferencing, Siri voice assistant [1], live transcription,
and voice navigation has driven much research into advancing state-of-the-art Automatic Speech
Recognition (ASR) models [43]. ASR is the crucial and common component in these systems, and
serves to transcribe input user speech into text for downstream large language models (LLMs) to
process. Without accurate transcription, even the most advanced LLMs cannot correctly interpret
user intent or generate accurate responses.

The widely adopted Whisper [29] ASR model series demonstrates strong ability to generalize to
many datasets and domains in a zero-shot setting, yet frequently misidentifies the input language
token due to user dialects and accents [15]. This occurs since ASR performance varies directly as a
function of speaker characteristics such as dialect [26], gender [41], and cultural background [24].
However, addressing this performance variability is critical for building communication systems that
are inclusive and accessible to a global audience [20]. For example, although the national language
of Singapore is English (the most dominant language in voice datasets [7]), the unique and prevalent
dialect of Singaporean accented English has led to the colloquial term "Singlish" [39]. The intonation
and prosody of Singlish is so distinct that it has been widely studied by linguists [14], [16], [31], yet
state-of-the-art ASR models often mistakenly transcribe Singaporean native English into an incorrect
language (such as Bahasa [21]).
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In this paper, we aim to take a step towards democratizing the accessibility of spoken dialogue
systems to robustly handle user speech input from multicultural backgrounds. The scope of this
work is defined by two resource-heavy languages: English and Mandarin, which are composed of
numerous distinctive regional dialects. We introduce the novel Convex Language Detection (CLD)
framework, which achieves global optimality in polynomial time, offers improved sample efficiency,
and improved generalization bounds. As a result, the CLD architecture of only ten neurons is able to
capture more signal with respect to user input speech sequences, than the standard linear detection
layer in existing Whisper models. This efficiency is crucial, since end-to-end speech dialogue models
require sub-500ms latency [25] to preserve realistic human response time. We further optimize for
fast training and iteration by implementing our method in JAX [8] and solving the optimization
problem with ADMM based techniques [12].

The following paper is presented as follows: Section 2 outlines related work, Section 3 introduces our
Convex Language Detection method, Section 4 provides main experimental results and theoretical
analysis, finally Section 5 summarizes conclusions and directions for future work.

2. Related Work

Multilingual ASR models with up to 1550 Million parameters and have been trained on 99+ languages
[29]. However the vast majority of these models perform the best on English, with performance
dropping significantly on lower resource languages [15]. This has recently encouraged much work
in the field of improving low-resource ASR performance. For example, the authors of [5], [18],
[34] propose using transfer learning via pretraining techniques to improve cross-lingual transfer.
This requires expansive amounts of speech data in existing high-resource languages but with text
transliterated to the target low-resource language. Essentially the mapping serves to encourage
increased sharing between the output spaces of both languages, yet the success of pretraining is
not well defined. The high-resource and low-resource language must share a certain amount of
unclear "basis similarity" in linguistics for this to be successful. During the course of pretraining on
extremely large datasets, the powerful base ASR model also experiences catastrophic forgetting [13],
leading to overall deterioration in performance.

Even within high resource languages such as English and Mandarin, there exist many distinct dialects
which state-of-the-art ASR models struggle to identify correctly. The recent works of [22], [40], and
[38] aim to implement prosody-assisted speech systems, or bidirectional Long-Short-Term Memory
networks to better model acoustic context. With the the rise in popularity of spoken dialogue models,
other researchers [30] have focused on more clearly identifying the challenges ASR models face with
low-resource languages. These methods all share the common weakness of being heavily dependent
on large fine-tuning datasets with a learning rate that is typically ten times smaller than standard
supervised fine-tuning learning rates [42], [23], [10].

Instead of relying heavily on pretraining, fine-tuning, or gathering more data: our key insight is
that the existing Whisper ASR models have already been trained on 680 000+ hours of speech-
transcription data [29]. Therefore instead of relying on traditional resource intensive techniques, we
focus on implementing a fast and efficient language detection modification layer embedded inside the
Whisper architecture that is capable of robustly and accurately mapping input dialects to respective
languages. Since our method utilizes a convex reformulation of a multi-layer perceptron (MLP),
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we can achieve global optimality in polynomial time without incurring any additional latency at
inference time. Additional discussion on related work continues in Appendix B.

3. Convex Language Detection Algorithm

In this section we introduce the Convex Language Detection (CLD) architecture for ASR models.
Section 3.1 provides preliminaries on two-layer ReLU networks, Section 3.2 introduces the equivalent
convex optimization reformulated neural network (cvxNN), and Section 3.3 present its integration
within the language detection framework.

3.1. Two-layer ReLU Networks

Let = € R represent the input, ©; € R™*9, ; € R™ represent weights of the first and last layers
respectively, and (-); = max{-, 0} represent the ReLU activation function. The classic two-layer
ReLU network is then given by:

m
(©1;7)462;, (1)
j=1
Given targets y € R", the network in (1) seeks optimality by minimizing the non-convex loss
function:

/B m
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where £ : R™ — R is the loss function, X € R™*? is the data matrix, and 3 > 0 is the regularization
strength. (2) presents a challenging non-convex optimization problem, with necessary iterations of
hyperparameter grid-search for successful training. This approach becomes exceedingly expensive
as we scale to high-dimensional audio and speech datasets, which are inherently slower to train and
more resource-intensive [32]. Therefore our goal is to maintain these expressive capabilities while
still preserving the computational advantages of convex optimization.

3.2. Equivalent Convex Reformulation

Given that m > m*, for some m > n + 1, (2) yields a convex reformulation with same optimal
value as the original non-convex problem [28]. This is based on enumerating the actions of all
possible ReLLU activation patterns on data matrix X, which act as separating hyperplanes represented
by diagonal matrices. For fixed X, the set of all possible ReLLU activation patterns may then be
expressed as:

Dy = {D — diag (1(Xv > 0)):v € Rd} .

The cardinality of Dx grows as |Dx| = O (r(n/r)"), where r := rank(X) [28]. Since the
exponential size of Dx [28] make its complete enumeration impractical, we work with a subset
based on sampling P patterns from Dx:

P
min /¢ (ZDX y) +BZ||WH2+||U%’H2 3)
i=1
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It can be shown under mild conditions that (3) has the same optimal solution as (2) [27]. The recent
work of [19] also proves that the difference is negligible even when they are not equal. Therefore we
work with the tractable convex framework in (3) and no information is lost.

3.3. Integration with Spoken Language Systems

Recent work of [12] has demonstrated the successful application of cvxNN on high-dimensional
text-based LLMs. Therefore we aim to extend this approach on larger-scale spoken dialogue systems,
by extracting the hidden features from the encoder of Whisper ASR. The Convex Language Detection
(CLD) algorithm is formally presented below, where ¢ represents the language label, ¢ represents the
decoded transcript,  is the input audio waveform, and {(z;,y;)}%., represents the training set.

Algorithm 1: Convex Language Detection (CLD)
Whisper encoder £; decoder D

Training (offline):
for i < 1to N do
‘ hi < E(x;) // Extract hidden states
end
Train cvxNN on {(h;, y;) } using ADMM with variables (v, w, u) and penalty p
while not converged do

. P P
(v, w) = argmin (S, DyH(vy —wy).y) + B (vl + Iwplla) + 51113
u < u + (primal residual)
end

Store trained convex detection head fcvx

Inference (online):

h < &(x) // Encoder Stage
1§ < arg max fcvx(h) // Lightweight forward pass
Append g as the initial language token to D

t « D(x; init token = ) // Decoder Stage

return (7, 1)

4. Main Experiments and Analysis

This section presents our experimental results and analysis. We observe that while the standard Word
Error Rate (WER) metric [17] often yields similar scores across configurations, human evaluation
reveals dramatic differences in model performance. This discrepancy arises since automated metrics
for spoken dialogue systems serve only as an approximation of true user experience. Appendix
A.2 details our datasets, Section 4.1 presents a theoretical analysis of optimization and statistical
generalization, and Section 4.2 summarizes our evaluation results. We benchmark the CLD algorithm
against two baselines: the unmodified Whisper-Small (244M parameters) and a standard ASR
pipeline augmented with a trained two-layer MLP for bilingual language detection.
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4.1. Optimization and Statistical Generalization

To formalize the optimization and generalization properties of the CLD module, we demonstrate
that increasing the number of sampled activation patterns P in Eq 3 incurs only a logarithmic cost
in sample complexity. Consequently, we can over-parameterize P to maximize expressivity while
controlling capacity through the encoder radius R and the effective norm bound B (governed by
the parameter [3). This provides a theoretical guarantee that CLD maintains controlled capacity and
resists overfitting, even in low-sample regimes. Appendix C gives the proof of Theorem 1 below.
Recall that CLD module is trained by solving the convex reformulation in Eq 3. Let (z;, ;) Z]\L 1
denote the training samples and h; = E(z;) € R denote the corresponding Whisper encoder states.
Let H € RV*? be the matrix whose i-th row is h;-r. The convex CLD module (with P sampled
activation patterns) can be written as:

P
fow(h) = Z (v — wp, Dyh),  with parameters (v, wy) € K, C R%.
p=1

Formally, during training the parameters {(vp, wp)}f;:l are obtained by solving the convex problem:

(Upva)f::l

P P
min A3 DyH (@, —w,), y) + B (luplls + llwpll2),
p=1 p=1

where y € R¥ is the vector of language labels and 3 > 0 is the regularization parameter. For a
predictor f, ., define the population and empirical risks as:

N
L(fv,w) = IE(h,y) [e(fv,w(h)v y)]a ﬁN(fv,w) = % Z g(fv,w(hi)y yi) .
=1

Theorem 1 (Sample complexity of CLD) Assume that the encoder states are uniformly bounded
as ||hill2 < R for all i € [N], and consider the class of CLD predictors

P P
Fo = {fow + Fowl) =D (05 =0y Dol - (lvplla + oy ll2) < B,

p=1 p=1

Let ((-,-) be convex in its first argument, 1-Lipschitz in that argument, and bounded in [0, 1]. Then
there exists a universal constant C > 0 such that, with probability at least 1 — § over the training set
draw,

A RB
- < 2=
L(fv,w) LN(fv,w) > C \/N <\/10gP + \/log(l/é))
simultaneously for all f, ., € FB.

The bound depends logarithmically on the number of sampled activation patterns P. The main
complexity term is primarily controlled by the encoder radius R, the sample size IV, and the effective
norm bound B. Since standard KKT conditions imply B = O(1//3), increasing the regularization
parameter (3 directly tightens the generalization bound without altering the convex landscape. These
theoretical properties translate into two distinct practical advantages for spoken dialogue systems:
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1. Global Optimality: Since the CLD training objective is convex, any local minimum is
global. Unlike traditional non-convex MLPs, which are sensitive to initialization and optimizer
trajectories, CLD converges to a global optimal solution (up to numerical precision). This
supports the observed empirical stability and performance in Section 4.2.

2. Sample Efficiency: Theorem 1 guarantees that sample complexity scales with \/log P. This
implies we can increase the expressiveness of the CLD module (by increasing P) without
requiring a proportionally large increase in expensive labeled audio data. This is critical for
speech and regional dialect applications, where annotated corpora are scarce and challenging to
curate. In our setting, the encoder radius R is implicitly bounded by the Whisper architecture.

4.2. Human Feedback and Discussion

Numerical results are presented in Appendix A.1. Notably, in all cases varying runs on the same
architecture (despite varying configurations) often produce similar WER. Therefore we perform
evaluation and validate our results with real human testers based locally in Singapore and the Peoples
Republic of China. Testers were instructed to assume the position of a general guest in a hospitality
setting requesting an item. This ensures a precise and consistent conversational domain across all
models. One example of vanilla Whisper-Small’s output is below:

Concierge: Hello Mr. Kevin Fong, this is Lucy at the front desk. How may I help you?
Guest: Baru keadaan seperti seorang seorang seorang seperti seorang, seorang seorang
berada di dalamnya.

Concierge: I apologize, we’ll send someone up right away. Do you need anything else?
Guest: No, thank you.

Notably, although the human evaluator was a local Singaporean person speaking naturally in his
native English, the Whisper ASR model detected and transcribed this incorrectly into Bahasa.
Experiments with concatenating the trained MLP model for bilingual language detection increased
performance accuracy, as errors became constrained between English and mistakenly transcribed
Mandarin characters (and vice versa). However a new type of error arose from the MLP detection
head: local accents and dialects introduced errors such as transcribing the user speaking ‘Both hot and
cold settings’ to ‘Both hood and coat setting’. In contrast, our CLD algorithm produced the fastest
and most accurate results: with both minimal WER and the smallest numbers of wrong language
detections. Table 1 presents numerical results of real human evaluation across three models.

5. Conclusion and Future Work

We introduce the Convex Language Detection (CLD) framework, a theoretically grounded approach
for robust language identification in bilingual spoken dialogue systems. CLD proves the practical
advantages of principled convex optimization in the non-convex landscape of deep learning. The
motivating application of CLD for bilingual language detection under dialectal variation demonstrates
the practical advantages of our optimization framework in real world settings. We achieve superior
sample efficiency and guaranteed global optimality, as demonstrated in CLD’s consistent results
while mitigating expensive hyperparameter grid-search. Future work will explore scaling CLD to
larger speech frameworks across challenging and realistic multi-dialect multi-cultural settings, as
well as deeper evaluations to assess computational efficiency.
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Appendix A. Metrics and Datasets
A.1. Evaluation Metrics

This section provides tables of experimental results corresponding to Section 4. Real human blind
evaluation was conducted with five human participants in Singapore speaking native English (EN) and
ten human participants in People’s Republic of China speaking native Mandarin (ZH). All persons
were consenting members of the [11] team. With respect to individual privacy, please contact the
authors directly for individual names of human samples and correspondence. The CLD-augmented
ASR model consistently received the highest human satisfaction with the lowest error rates.

Method Total Test Prompts Wrong Language Word Error Rate in
Transcribed Transcription (WER)
Default
EN 595 59 -
ZH 300 148 -
MLP
EN 450 22 81
ZH 450 5 14
CLD (ours)
EN 450 12 26
ZH 450 2 14

Table 1: Human evaluation across three models: Whisper-small using its Default automatic language
detection layer, MLP-augmented Whisper-small for enhanced language detection, and the
CLD-augmented Whisper-small architecture.

A.2. Datasets

Although multilingual voice-transcript datasets exist, such as Mozilla Common Voice [3] and
Google Fleur [9], there are few datasets for regional dialects and accents. Therefore in order to
produce the most accurate results for our experimentation, we utilize the direct dataset from the
Info-communications and Media Development Authority (IMDA) of Singapore [2]. Through IMDA,
we were given access to National Speech Corpus (NCS): the first Singapore English corpus which
aims to become a valuable resource for researchers and developers working on Al technology in
Singapore and South East Asia. After cleaning the 2TB NCS dataset into matching voice-transcript
pairs, we were left with 2576 training data samples. We augment these via the following techniques:
Time stretching, volume gain, pitch shift, and recorded background noise (via MUSAN [33]) are
used to simulate real-world variability and improve robustness. This yields approximately 4500
training data samples for Singlish. We then match this with an equivalent 4500 training data samples
for Mandarin from the Common Voice (v16) dataset.

11
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Appendix B. Related Work

Other researchers [30] have focused on more clearly identifying the challenges ASR models face
with low-resource languages, such as Xhosa or Marathi. Limited training data is a dominant issue,
and authors [4] have worked on building partnerships to preserve and document linguistics by
remotely engaging local participants to record themselves, identifying more recording opportunities,
and categorizing challenges of ASR in deeply multicultural communities. This has uncovered
valuable implications for collaborations across ASR and Human Computer Interface (HCI) that
advance important discussions, while collecting more diverse speech datasets. Although promising,
this approach also brings up new questions on the ethics of analyzing community voice recordings
through platforms such as WhatsApp [6], and is slow to provide clearly annotated data from numerous
low-resource languages.

Appendix C. Proof of Main Results

In this section we formally provide the proof of Theorem 1. Recall that for a predictor f we write
N
. 1
L(f) =By L), 9)].  Ln(f) =55 D 0(f (i) wi),
i=1
and let Fp denote the class of CLD predictors defined in Theorem 1.

Lipschitz contraction. Let S = {(h,v:)}Y; denote the training sample and define

®(8) := sup (L(f) = Ln(f))-
feFB

We first bound its expectation in terms of the empirical Rademacher complexity of Fp. For a fixed

sample (h1, ..., hy), the empirical Rademacher complexity of Fp is
1 N
Ry(Fp) :=E; | sup — eif(hi) | h1,..., AN,
( ‘|5 ; if (hi)
where €1, ..., e are independent Rademacher variables taking values in {£1}.

By the standard symmetrization lemma for bounded losses [36], we have

Es[®(S)] = Es

fsg}) (L(f)—ﬁN(f))] < 2Es Ry(fo Fa),

where £ o Fp := {(h,y) — L(f(h),y) : f € Fp}.
We apply the Lipschitz contraction inequality. Since £(-,y) is 1-Lipschitz in its first argument
and bounded in [0, 1], the contraction property of Rademacher averages implies

Ry(lo Fp) < Rn(Fp).

Combining the two yields
ES[(I)(S)] < C1Eg [RN(.FB)} “)

for some universal numerical constant C; > 0. Thus, to control the expected generalization gap it
suffices to bound Ry (Fg).

12
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Rademacher complexity of the CLD class. We now bound Ry (Fg) for the specific CLD
architecture. Fix a realization of the encoder states {h; } * , and the activation pattern matrices
{Dp}pzl. For any (vp, wp){;:l we therefore write

P

P
Fow() = (v —wy, Dph), > (lvpllz + wyll2) < B,
p=1

p=1

and let u;, := v, — w,. By the triangle inequality,

P P
D luplle < D7 (lwplle + [lwyll2) < B
p=1 p=1

thus the constraint on (v, w;,) induces the constraint 25:1 lupll2 < B.
Conditioned on (h;)_;, the empirical Rademacher complexity of F is

[ N P
1
Rn(Fp)=E Bl NS — wy, Dyhs)
s, (gl 1)< BN; pz::l
i | F N
= E. sup —
|5, luplb<B N ;< g >

For each pattern p define the random vector

N
Ap = Z&'Dphi S Rd.
i=1
Then we can rewrite
1 P
— E. sup Z(up, Ap)

Ry(Fp) =
N IS, lluplle<B 2=

For any feasible family {u, }5:1 we have, by Cauchy—Schwarz and the ¢1 /¢, Holder inequality,

P P
>y A ZuupuzuA lo < (X luwllz) max, [4plle < B mas |14,
1 1 <p<
Therefore we can conclude
Ry(Fz) < o B.| max |4, )
NWB) =N 1gla<XP 20

By assumption, | k|2 < R for all ¢ and each D, is a diagonal matrix with entries in {0, 1}.
Therefore

”DpthQ S HhZHZ S R foralli,p.

13
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Define z; , := D,h;. Then A, = vaz 1 €i%i,p 1s a sum of independent, mean-zero random vectors
with ||z p|l2 < R.
For any fixed p and any unit vector u € S¢1,

N
(u, Ap> = Z eiu, Zi7p>'
1=1

Each term ¢;(u, z; ) is mean-zero and bounded in absolute value by R. A standard moment
generating function bound (or Hoeffding’s inequality) implies that (u, A,) is sub-Gaussian with
parameter at most R\/N ,1.e.

2
) forall ¢t > 0.

By covering the unit sphere with a finite e-net and using the fact that || A, |2 = supj,,=1(u, 4p),
we obtain the classical bound for maxima of finitely many sub-Gaussian vectors [37], [35]:

Eg[ max HAI,HQ} < C3R\/NlogP, ©6)
1<p<P
for some universal constant Cs > 0. Substituting (6) into (5) yields the bound
RB
RN(.FB) S CQﬁ\/lOgP. (7)

Since the right-hand side depends on (h;) only through the uniform norm bound ||h;||2 < R, (7)
holds for every sample S.
Combining (4) and (7) gives

RB
Eg[®(S)] < C — /log P 8
s[®(9)] < \/N\/ g ®)
for some universal C' > 0.

Utilizing McDiarmid’s inequality. Consider the function

A

©(S) = sup (L(f) — Ln(f))

feFB

as a function of the N independent random variables (h1,y1),. .., (hy,yn). If we change a single
sample (h;,y;) to (R}, y;) while keeping all other points fixed, then for any fixed f we have

1

[L(:8) = En(58)] = ¢ |60 (), ) — L) )] < -

because ¢ takes values in [0, 1]. Taking the supremum over f € Fp and noting that L( f) does not
depend on the empirical sample, we obtain

, 1
[©(5) - o()| < -

14



CONVEX NEURAL NETWORKS FOR ROBUST ASR LANGUAGE DETECTION

Thus ®(.5) satisfies a bounded-differences condition with parameters ¢; = 1/N for all i. McDi-
armid’s inequality yields, for any ¢ > 0,

212 5
— > < —_ | = — .
]P’(<I>(S) Eg[®(S)] > t) < exp( ZZ]\LI cf) exp(—2Nt%)
Setting t = ﬁ log(1/4§) and rearranging, we obtain that with probability at least 1 — 4,
log(1/4)
d(S) < Eg[®(S —,
(5) < Es[B(S)] + /5
Combining this with (8) gives
A RB log(1/0)
sup (L(f) — Ln(f)) < C—=+/logP + {/ ———=.
fG-FB( ) w{ )) vIN 2N

Since the bound holds uniformly over f € Fp, it holds in particular for any fixed CLD predictor
fvw € Fp. Absorbing constants into C' and collecting terms yields the stated form of Theorem 1,
namely

Do) = Enlfow) < €72 (Vg P + Vio(1/3).

up to a change of the universal constant C' > 0. This completes the proof of Theorem 1. i
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