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Abstract

Language-specific LoORA experts make multi-
lingual ASR parameter-efficient, but they also
turn language choice into a latent inference-
time decision when labels are absent or un-
reliable. We study this decision as a route-
level failure mode in LoRA-adapted Whis-
per and evaluate E7 as an auditable prior in-
tervention: a probe-transcript language prior
supplies the final-route override at the pre-
specified A = 1.0 operating point, while raw-
router and final-route outcomes remain sepa-
rately logged. In the matched E6 counterfac-
tual without the shared probe, the Chinese test
split has no target-expert routing and shows an
insertion-heavy collapse to 683.33 CER; ap-
plying the E7 prior override recovers 99.87%
Chinese target routing and reduces CER to
7.03. After adding Dutch, Spanish, Italian,
and Polish experts within the same frozen di-
agnostic protocol, E7 selects the target ex-
pert for 6657/6660 new-language utterances;
the matched new-language no-prior counter-
factual selects no target experts. Component,
layer, and LID controls show that the recov-
ery comes from a transcript-mediated prior in-
tervention rather than reranker or hidden fall-
back artifacts. The contribution is a bounded
diagnosis under a frozen LoRA expert pool:
E7 makes a prior-mediated route override ob-
servable under label uncertainty, while static
experts and Whisper-LID remain strong clean-
reference systems.

1 Introduction

Modern multilingual ASR systems must support
existing languages while adding new ones without
retraining a full model for each deployment. Whis-
per and large multilingual representation learn-
ers provide strong cross-lingual initialization (Rad-
ford et al., 2023; Babu et al., 2022; Zhang et al.,
2023). Still, efficient adaptation remains delicate:
full fine-tuning is costly, and adding languages can
perturb existing behavior. LoRA reduces this cost

by freezing the base model and learning low-rank
updates (Hu et al., 2022). Recent ASR work uses
shared LoRA experts or experts tied to language,
speaker, and accent factors (Song et al., 2024; Li
et al., 2025; Bagat et al., 2025). When language la-
bels are absent or untrusted, however, the system
must still infer which expert to use.

This selection step can fail more severely than
the recognizer itself. In our matched counterfac-
tual without a shared probe, Chinese utterances
are routed to the wrong expert and produce an
insertion-heavy CER collapse. Aggregate WER
or CER alone cannot distinguish route choice, de-
coder looping, and expert quality. We therefore
study expert selection as a latent decision and pair
ASR error rates with route diagnostics: target-
route distributions, prior sweeps, oracle gaps, and
output-length checks. This follows a broader
sparse-expert lesson: learned gates can develop
collapse pathologies and often need stabilization
(Shazeer et al., 2017; Chi et al., 2022; Fedus et al.,
2022; Zoph et al., 2022; Zuo et al., 2022).

We study Shared-Probe Prior Intervention as a
frozen diagnostic protocol for a fixed LoRA ex-
pert pool. E7 obtains an auxiliary shared-adapter
probe transcript, estimates a language prior, and
at the reported A = 1.0 operating point uses this
prior as the final selected-expert route while re-
taining raw encoder-router scores for audit. Un-
like a clean LID gate, the protocol separates the
failed raw route, the auditable prior intervention,
and the final expert choice; the object of study
is utterance-level routing collapse, not a new full-
capacity MoE architecture.

Our key contributions are as follows:

* We identify expert-routing collapse as a dis-
tinct failure mode in LoRA expert inference
without trusted language labels; in a matched
counterfactual, Chinese test utterances never
select the Chinese expert.



* We introduce a route-audit protocol that pairs
WER and CER with target-route rates, expert
distributions, oracle gaps, and output-length
checks to separate routing failure from ordi-
nary recognition error.

* We bound the shared-probe prior with reten-
tion and onboarding tests, prior sweeps, con-
trols, and LID comparisons, reporting accu-
racy, latency, and auditability trade-offs.

The contribution is therefore a routing-collapse
diagnosis and auditability study, not a leaderboard-
style ASR comparison.

2 Related Work

2.1 Multilingual ASR

Whisper, XLS-R, and USM show the value of mul-
tilingual pretraining at scale (Radford et al., 2023;
Babu et al., 2022; Zhang et al., 2023). Work on
parameter-efficient extension asks how to add lan-
guages without full retraining (Liu et al., 2024).
We focus on frozen Whisper-LoRA experts, where
the central question is how to select language-
specific updates when the language label is un-
available or untrusted.

2.2 LoRA Experts

LoRA adapts a frozen model with compact low-
rank updates, avoiding full model copies (Hu
et al., 2022). In ASR, LoRA-Whisper uses one
adapter per language (Song et al., 2024); LoRA
language experts and LoRA-MoLE fuse or dis-
till monolingual experts for inference without a
trusted language label (Li et al., 2025). HLoRA
uses LID-posterior LoRA routing in a CTC ASR
stack (Zheng et al., 2026), and mixture-of-LoRA
work extends the idea to speaker or accent spe-
cialization (Zhao et al., 2024; Bagat et al., 2025).
Layer-aware and rank-level LoRA variants study
where sharing and specialization should occur dur-
ing adaptation (Xu et al., 2026; Mei et al., 2026);
our focus is routing-time diagnosis under label un-
certainty.

2.3 Language Routing and MoE

Sparse MoE systems route each input to a small
set of experts (Shazeer et al., 2017; Fedus et al.,
2022), but representation collapse, training stabil-
ity, and transfer stability remain central design is-
sues (Chi et al., 2022; Zoph et al., 2022; Zuo et al.,

2022). In ASR, LR-MOoE uses shared LID rout-
ing to dispatch language-specific experts (Wang
et al,, 2023). BLR-MOoE separates router con-
fusion from ASR confusion through router aug-
mentation and expert pruning (Ma et al., 2025),
and Switch Conformer combines sparse language
experts with universal phonetic experts (Mimura
etal., 2025). Selective-invocation work shows that
LID routing can add cost and suffer from misclas-
sification (Xue et al., 2025).

2.4 Diagnostics and Evaluation

Layer-wise analyses show that acoustic and lin-
guistic information changes with depth in speech
representations (Pasad et al., 2021). Confidence
and calibration diagnostics matter when ASR de-
cisions depend on posterior scores (Woodward
et al., 2020; Guo et al., 2017), and NLP signifi-
cance guidance motivates paired tests with com-
pact route-audit diagnostics (Dror et al., 2018).
Recent work also highlights multilingual ASR
metric pitfalls, beyond-WER Whisper diagnostics,
and group-fairness disparities in multilingual ASR
(Manohar and Pillai, 2024; Liang et al., 2025; Zee
et al., 2024).

3 Setup and Route Audit

3.1 LoRA Expert Pool

The experiments use Whisper-small as the back-
bone. Language-specific LORA experts use rank
32, alpha 64, dropout 0.05, and updates to q_proj
and v_proj in encoder and decoder attention.
Each adapter has 3,538,944 trainable parameters
(3.54M in tables), verified from PEFT. The E7
shared-probe adapter uses the same counted unit.
E4 uses one shared multilingual LoRA adapter,
E5 uses static language-specific experts, and new-
language onboarding inserts one added expert per
new language.

3.2 Expert Selection

E6 and E7 build on the ES experts by adding
inference-time routing. Given an utterance, the
system extracts encoder features, scores candi-
date experts, and decodes with the selected LoRA
expert. E6 removes the shared-probe prior and
serves as the matched no-prior counterfactual; E7
applies the prior intervention introduced below.
Because E7 applies a text-based classifier to the
probe transcript and fixes A = 1.0, we describe
it as an audit-path route override with an auxil-
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Figure 1: Shared-probe prior intervention and route diagnostics. The raw router remains separately logged, while the probe-
derived prior supplies the final route at the audit operating point and the audit path logs route-level evidence.

iary transcript-LID prior. Unlike the Whisper-LID
comparator, E7 exposes raw route, prior interven-
tion, and final route traces; its value is diagnostic
visibility under label uncertainty, not replacing ex-
plicit LID in clean accuracy or latency.

3.3 Collapse Diagnostics

The diagnostics use selected-expert summaries,
target-route rates, oracle gaps, and output-length
checks, with cached route traces for collapse re-
runs. We organize them around the EI-E7 lad-
der. E1-E4 are non-routed or shared-adapter refer-
ences, ES is the clean-label static-expert reference,
E6 isolates the learned encoder router without the
shared-probe prior, and E7 applies the prior while
keeping the expert pool fixed.

We label a case as routing collapse only when
route evidence and recognition symptoms agree:
target routing is missing or badly degraded, one
wrong expert dominates the selected-expert his-
togram, and oracle or length diagnostics show that
a better route was available. If target routing is re-
stored but error remains, we treat the residual as
post-routing ASR headroom, not another collapse
signal.

4 Shared-Probe Prior Intervention

4.1 Transcript Prior

The shared-probe path estimates the language ev-
idence used by the reported route override before
the final selected-expert decode. As shown in Fig-
ure 1, the raw router is trained from pooled Whis-
per encoder states from layers 6 and 8. We use
these middle layers because speech cues vary with
depth (Pasad et al., 2021) and the layer-pair con-
trol in Appendix Table A2 gives the best displayed
Base Avg' for the tested layer-6 setting. E7 ob-
tains a shared-adapter probe transcript and uses

langid.py 1.1.6 (Lui and Baldwin, 2012) to form
an auditable text-LID prior.

At the reported A = 1.0 operating point, the
shared probe supplies the deciding transcript-level
evidence, preserving a clean boundary between
raw router, probe prior, and final selected route.

4.2 Prior-Guided Selection

The encoder router remains logged for diagnosis,
but at the reported A = 1.0 operating point the fi-
nal E7 route is a logged intervention by the probe-
derived prior. Let g.(e | x) be the raw encoder-
router posterior for expert e, m(e) map expert e
to its language, p,,(¢ | =) be the probe-derived lan-
guage posterior for language ¢, and £ be the expert
set. E7 computes:

pp(¢ | ) = LangID(ProbeASR(z)),
ge(e | ) = softmax.(Router(z)),
pr(e| @) o< (1 =X)ge(e | ) + App(m(e) | z).

The final line is normalized over e € £. Reported
E7 runs fix A = 1.0 as a pre-specified audit point
rather than a tuned interpolation: the final route is
intentionally determined by the probe prior, while
the raw router remains logged. Table 5 reports the
frozen full-test sweep: weak prior fusion leaves
Chinese routing unusable, whereas the collapsed
route is avoided only once the probe prior dom-
inates. Intermediate rows are diagnostics, not
model-selection candidates; near-identical strong-
prior rows indicate a stable override regime.

4.3 Controls

E6 and E7 use the same router-training recipe: ex-
pert supervision, class-balanced sampling, temper-
ature scaling, and load-balancing regularization
following standard sparse-expert practice (Zoph
etal., 2022). The recipe is fixed across the compar-
ison and is not an independent contribution. The



Role Lang Training sources Train Eval Test

ZH AISHELL-1 150.9 + WenetSpeech S 100.1 250.9 18.1 10.0

Base EN  LibriSpeech 100.6 + GigaSpeech S 250.0 350.6 5.4 5.4

DE MLS 150.0 + VoxPopuli 274.5 4245 143 143
FR MLS 150.0 + VoxPopuli 215.6 365.6 10.1 10.1
NL MLS 50.0 + VoxPopuli 46.4 9.4 12.8 12.8
New ES MLS 49.9 + VoxPopuli 50.0 999 5.0 10.0
IT MLS 49.7 + VoxPopuli 50.0 99.7 5.0 25
PL MLS 50.6 + VoxPopuli 50.0 100.6 50 25

Table 1: Frozen data protocol after filtering. Durations are
shown in hours and rounded to one decimal. Base languages
support the collapse/diagnosis study; NL/ES/IT/PL are added
only for the extension experiment.

controls rule out three alternative explanations for
the observed recovery. First, the E6 and E7 bound-
ary isolates the shared-probe prior while keeping
the frozen experts and router recipe fixed. Second,
prior sweeps, layer-pair checks, hard and soft rout-
ing checks, and no-reranker checks test whether
the behavior comes from the logged prior interven-
tion rather than a tuned endpoint, a special router
layer, or hidden decoding fallback. Third, capac-
ity, resource, and Whisper-LID controls bound the
claim against stronger clean-label or explicit-LID
references. Together, these controls support a nar-
row conclusion: E7 provides an auditable prior in-
tervention for an observed routing collapse under
the frozen protocol.

S Experiments

5.1 Experimental Setup

Table 1 reports realized train, evaluation, and test
hours for each language from frozen project splits.
Chinese data come from AISHELL-1 (Bu et al.,
2017) and WenetSpeech (Zhang et al., 2022); En-
glish from LibriSpeech (Panayotov et al., 2015)
and GigaSpeech (Chen et al., 2021); German and
French from MLS (Pratap et al., 2020) and Vox-
Populi (Wang et al., 2021). The protocol fixes
data manifests and sampling seeds before training.
The main model runs use seed 42, as specified in
Section 5.2. Sources differ in domain, speaker
mix, and scale, so routing diagnostics are inter-
preted with WER and CER rather than as domain-
independent behavior. For subset-based MLS and
VoxPopuli data, speaker and duration distributions
and source ratios are frozen before final evalua-
tion. Main tables use only frozen test splits; de-
velopment and pilot diagnostic runs are excluded.
Leakage checks deduplicate splits by utterance ID,
audio path, and speaker ID.

5.2 Implementation Details

All experiments used one NVIDIA A40 GPU. The
stack is PyTorch 2.1, Hugging Face Transformers
4.36, PEFT 0.6, Datasets 2.16, and langid.py
1.1.6 (Lui and Baldwin, 2012). Main LoRA runs
use effective batch size 32, learning rate le-4
with 500 warm-up steps and cosine decay to le-
6, AdamW with weight decay 0.01, 20 epochs
with patience-3 early stopping, rank 32, alpha 64,
dropout 0.05, gradient clipping at 1.0, and seed 42
unless an ablation states otherwise.

For E7, the probe transcript is decoded with
the shared LoRA adapter using one beam and
automatic decode-language selection. langid is
restricted to the candidate expert languages; at
A = 1.0, the final argmax is determined by the
probe-derived prior, while the raw router posterior
is logged only for audit. Decoder-side posterior-
weighted language conditioning (weight 0.2) and
confidence floors (0.60 base, 0.45 extension) were
fixed before test decoding and are not the inter-
polation weights in Table 5. The independent
frozen rerun that reproduced the E7 Base Avg' is
reported only as a reproducibility check; all predic-
tion records store raw-route probabilities, probe
priors, final selected experts, and decoding hashes.

5.3 Systems

Table 2 defines the controlled base-language com-
parison. The rows separate system family, expert-
selection rule, and stored-parameter cost: raw
Whisper-small and full fine-tuning baselines, a
shared multilingual LoRA, gold-language static
LoRA experts (E5), Ours w/o shared-probe (E6),
Ours with the shared-probe prior (E7), and a
Whisper-LID gate that maps detect_language
to an E5 expert. Under fixed data, expert pools,
and decoding settings, the table tests whether
routing decisions—rather than corpus or decoder
changes—explain the E6/E7 gap. E6 stores the four
E5 language experts plus the 9.2K encoder router;
E7 adds one 3.54M shared-probe LoRA adapter,
so its stored count is 3.54M x5 + 9.2K rather than
3.54Mx4 + 9.2K. Resource, capacity, component,
layer, and stress controls are reported in the ap-
pendix.

5.4 Metrics

Decoding is controlled separately from expert se-
lection. All main comparisons use the recorded
offline Whisper-small snapshot, beam size 5, fixed



ID System Selector Stored Params ZH EN DE FR Avg’
El Whisper-small raw no - 20.57 34.77 13.26 16.83 21.36
E2 Full-FT multilingual shared model 240.6M 8.58 6.52 11.04 10.77 9.23
E3 Full-FT monolingual gold language 240.6M x 4 8.58 523 10.81 10.10 8.68
E4 Shared multilingual LoRA shared adapter 3.54M 8.82 4.67 12.75 12.46 9.67
ES5 Static LoRA experts gold language 3.54M x4 6.85 5.55 11.34 11.40 8.79
E6* Ours w/o shared-probe encoder router 3.54M x4 +9.2K 683.33 5.54 33.91 11.49 183.57
E7 Ours: shared-probe prior shared-probe prior 3.54M x5 +9.2K 7.03 5.55 11.73 11.38 8.92
LID Whisper-LID + E5 expert Whisper-LID gate 3.54M x4 6.86 5.55 11.79 11.38 8.90

Table 2: Base-language clean-test results under the frozen protocol. ZH uses CER; EN/DE/FR use WER; Base Avg' is an
unweighted descriptive average. Bold marks the best value among leaderboard/reference rows, excluding the E6 diagnostic
row. ¥ marks the seed-42 full-test no-shared-probe collapse; full-test seed-43/44 checks are discussed in Section 8.

task setting, language-token policy, text normaliza-
tion, generation temperature, and decoding con-
figuration hashes stored with the result JSONs.
Static experts, routed experts, and the Whisper-
LID comparator therefore differ in adapter/expert
selection, not in ASR decoding hyperparameters
or oracle prompt information. All reported scores
use frozen manifests and splits unless stated other-
wise. ZH uses CER; all other languages use WER.
Within a language, WER, CER, and oracle gaps
are corpus-level micro averages over the displayed
split. Base Avg' and New-language Avg are un-
weighted macro summaries across languages, not
pooled cross-script ASR metrics. Paired bootstrap
tests, where reported, resample aligned utterance-
level predictions. Oracle gap is a route-audit mar-
gin, not an additional deployment setting: for each
utterance, we compare the transcript produced by
the selected expert with the lowest-error transcript
among the same per-utterance candidate set of
available experts. The reported Gap is the selected-
route corpus error minus this per-utterance best-
available corpus error, using the same metric scale
as the table row (CER points for ZH and WER
points otherwise). The target-language expert is
therefore an operational proxy for the intended
route rather than an absolute gold route, and we
call collapse only when target routing is missed
together with a large oracle gap or output-length
pathology.

6 Results

6.1 Collapse and Prior Recovery

Table 2 reports clean base-language results includ-
ing the E6 routing-collapse diagnostic. E6 shows
an extreme Chinese failure and elevated German
error, while the E7 prior path recovers recognition
quality near strong clean references. E5 remains
slightly better on Base Avg' (8.79 vs. 8.92), and
Whisper-LID is also highly competitive (8.90).

) E6: no probe E7: probe R
Lang Metric Diag

Err Target Gap Err Target Gap

ZH CER 683.33 0.00 409.65 7.03 99.87 1.00 collapse—prior fix
EN WER 554 100.00 2.76 555 99.96 2.77 stable
DE WER 3391 69.42 2527 11.73 99.53 3.19 partial —prior fix
FR WER 1149 99.51 1.89 11.38 100.00 1.80 stable

Table 3: Route-level collapse diagnostics. Target is the per-
centage of utterances assigned to the target-language expert,
and Gap is the selected-route corpus error minus the per-
utterance best-available candidate corpus error in points; low
E6 Target with a large Gap indicates routing failure, while
high E7 Target with a small Gap indicates prior-mediated re-
covery.

Per-language paired tests show that E7 has
higher error than ES on ZH and DE, no reliable
EN difference, and a small FR gain. Thus the
clean-test result is best read as a successful prior-
mediated route recovery near strong label-aware
references, not as an accuracy win over static ES.
We therefore do not make a formal non-inferiority
claim against ES; the claim is prior-mediated route
recovery with a small clean-label cost. An inde-
pendent frozen rerun reproduced the E7 Base Avg’
value.

Table 3 is included to make the mechanism
claim explicit rather than to add another leader-
board. For each language, it asks whether E6’s er-
ror is accompanied by missed target-expert routing
and a large oracle gap, and whether the E7 prior
path recovers target routing before the remaining
recognition error is interpreted. This connects Ta-
ble 2’s aggregate scores to a route-level diagnosis.

Table 3 shows why the Chinese failure should
be read as routing collapse rather than ordinary
ASR degradation: the no-probe route misses the
target expert and leaves a large oracle gap, while
the shared-probe prior recovers target selection
and leaves only small residual gaps. German
shows a milder version of the same mechanism.
Thus the table turns the aggregate error pattern
into a route-level diagnosis: the main E6 failure
is wrong expert selection, while residual E7 errors
mainly reflect post-routing ASR limits.



6.2 New-Language Onboarding

Table 4 reports the eight-language onboarding
view with both base- and new-language blocks.
The base-language entries are rerun or retained ref-
erences for the expanded onboarding protocol: E4
is retrained as the shared LoRA reference for the
eight-language setting, ES5 is the gold-language ex-
pert reference, and E7 reruns the expanded routed
pool. Thus the block is a retention and protocol-
alignment check rather than a replacement for the
four-language leaderboard in Table 2. Under the
expanded expert pool, E7 keeps Base Avg' at 8.92,
indicating no measurable base-language degrada-
tion in this frozen protocol.

On new languages, E7 selects the target ex-
pert for 6657/6660 utterances. In WER, it is de-
scriptively lower than E4 on all four added lan-
guages, reducing macro WER from 15.64 to 12.76
and nearly matching static experts (12.73). Paired-
bootstrap checks show that the E7-E4 gains are
reliable for IT and PL (p < 0.001) and small for
NL and ES; the E7-ES comparison is mostly tied
except for a small Spanish gap favoring ES (p =
0.022). Appendix Table Al gives the matched
no-prior counterfactual: without shared-probe, no
added language selects its target expert and macro
WER rises to 79.05. Raw Whisper-small remains
strongest on NL and ES, so the claim is targeted
routing stability and retention rather than uniform
low-resource superiority.

7 Analysis and Ablations

This section keeps two reviewer-facing diagnos-
tics in the body: the prior sweep and the route
visualization. The appendix collects paired tests,
new-language counterfactuals, layer and capacity
checks, component checks, latency, and Whisper-
LID stress results.

7.1 Prior Strength

Table 5 makes the prior boundary explicit on the
frozen full-test split. The target-route block uses
one column per language, so the override thresh-
old is visible directly rather than through an or-
dered language list. Weak interpolation leaves
Chinese routing unusable, whereas usable rout-
ing returns once the probe prior dominates. We
keep A = 1.0 as the named E7 point because it
was the pre-specified, probe-prior-dominated oper-
ating point: after diagnosing raw-router collapse,
the final route is chosen from the probe-derived

prior rather than from a test-set-tuned mixture.
The intermediate rows are frozen diagnostics, not
model-selection candidates; the strong-prior rows
only show that the override is not sensitive to the
endpoint choice.

7.2 Probe Visualization

Chinese e English e German French
L6 gold labels L6 E6 selected L6 E7 selected
fg it d "E“ E d eg it d
@ [ 4 @
e o !
L8 gold labels L8 E6 selected L8 E7 selected

| ¢ |
i i

Shared L6/L8 counts: E6 0/572/179/249; E7 250/250/250/250

Figure 2: 2 x 3 t-SNE diagnostic over 250 samples per
base language from Whisper layers 6 and 8. Columns show
gold labels, E6 selected experts, and E7 selected experts; the
shared count line reports selected-expert counts in legend or-
der.

Figure 2 visualizes the shared-probe prior inter-
vention as a qualitative route audit: gold-label pan-
els show language structure, while E6/E7 panels
contrast route decisions before and after the probe
prior. It supports routing-collapse diagnosis and
prior-mediated recovery, not perfect language sep-
arability.

7.3 Cost and Control Boundary

Appendix Table A3 quantifies the cost side of the
trade-off. Whisper-LID is the stronger clean de-
ployment reference when only accuracy and la-
tency are considered: Table 2 gives Base Avg'
8.90 for Whisper-LID and 8.92 for E7, while Ta-
ble A3 reports 904.3 versus 3538.2 ms/utterance.
The distinction is diagnostic scope. Whisper-
LID directly maps an utterance to an ES expert,
whereas E7 keeps the raw-router failure, probe-
prior intervention, final route, and route-level diag-
nosis in the same auditable trace. We therefore do
not present E7 as a faster or stronger LID gate; its
role is to make the collapse and the prior-mediated
repair observable under the frozen protocol.

8 Error Analysis

The error analysis separates three mechanisms that
a single aggregate score would obscure. Table 3



Base languages New languages

ID System Selector Stored Params

ZH EN DE FR Avgl NL ES IT PL Avg
El Whisper-small raw no - 20.57 34.77 1326 16.83 21.36 16.80 7.56 17.36 17.77 14.87
E4 Shared multilingual LoORA  shared adapter 3.54M 7.60 5.83 1421 12.54 10.05 17.70 8.04 17.66 19.15 15.64
E5 Static LoRA experts gold language 3.54Mx 8 6.85 5.55 11.34 1140 8.79 17.56 7.85 11.76 13.75 12.73

E7 Ours: shared-probe prior

shared-probe prior 3.54Mx9 +9.2K 7.02 5.55

11.73 11.38 892 17.61 7.94 11.78 13.70 12.76

Table 4: Eight-language onboarding results. ZH uses CER; all other language columns use WER. The E4 base-language cells
are from the shared-LoRA rerun in the eight-language onboarding protocol, so they are not intended to duplicate the four-
language E4 row in Table 2. ES is the gold-language expert reference, and E7 is rerun with the expanded expert pool. Base
Avg' is a descriptive mixed average over ZH CER and EN/DE/FR WER; New Avg is macro WER over NL/ES/IT/PL. Stored
Params counts retained LoRA adapters plus the router; — marks no additional stored adapter/router.

Recognition error Target route (%)
Prior Setting by
ZH EN DE FR Avg’ ZH EN DE FR
Raw router 0.00 683.33 5.54 33.91 11.49 183.57 0.0 100.0 69.4 99.5
Fusion 0.25 683.33 5.54 13.58 11.47 178.48 0.0 100.0 96.1 99.6
Fusion 0.50 615.48 5.55 11.77 11.41 161.05 17.0 100.0 99.5 99.8
Fusion 0.75 7.03 5.55 11.75 11.38 8.93 99.9 100.0 99.5 100.0
E7 1.00 7.03 5.55 11.73 11.38 8.92 99.9 100.0 99.5 100.0

Table 5: Shared-probe prior sweep on the frozen full-test split. ZH uses CER; EN/DE/FR use WER. Splitting target-route
rates by language shows the prior-strength boundary directly: Chinese remains collapsed through A = 0.50 and enters the
strong-prior recovery regime at A = 0.75. E7 fixes A = 1.0 as a probe-prior-dominated operating point rather than selecting a

tuned interpolation.

Seed N Target (%) Route hist. H CER Gap
42 7176 0.00 EN:7176 0.5583 683.33 409.65
43 7176 0.00 DE:7176 0.5104 2096.19 1554.36
44 7176 0.00 EN:2649/FR:4527 0.5856 1693.67 1147.79

Table 6: Full-test E6 Chinese seed replication. Table 3 es-
tablishes the seed-42 route-level mechanism; this table tests
whether the zero-target Chinese collapse persists across seeds.
Target is the percentage routed to the Chinese expert; Route
hist. is the selected wrong-expert histogram; Gap is the ora-
cle CER gap in points. The replicated finding is zero target
routing, while the wrong expert and CER magnitude are seed-
dependent symptoms.

diagnosed the seed-42 route-level mechanism; Ta-
ble 6 below asks whether the zero-target Chinese
collapse is specific to that seed. The remaining
subsections then separate residual post-routing er-
ror from language/source limits.

8.1 Routing Collapse

Table 6 shows that all three E6 Chinese runs as-
sign 0.00% of 7176 utterances to the Chinese ex-
pert. The replicated fact is the absent target route;
the dominant wrong expert and CER/gap mag-
nitude are seed-dependent symptoms. This pat-
tern is not consistent with a global label-map per-
mutation: EN and FR remain stable in Table 3,
E5 static experts decode the same manifests un-
der trusted labels, and E7 restores Chinese target
routing using the same expert indices. Seed-42
logs instead suggest a miscalibrated boundary: ZH
is sent to EN despite H = 0.558, top-1 proba-
bility 0.752, top-2 margin 0.504, and coarse ZH
posterior mass 0.018. This suggests, but does
not prove, calibration pressure from class balance
plus script/domain mismatch. The seed-42 Chi-

nese trace is also insertion-heavy: the mean pre-
dicted/reference character-length ratio is 6.70, and
711/7176 utterances exceed a ratio of 6. After E7
applies the prior override, the ratio returns to 1.00
with no utterance above 6, so E6 is a controlled
no-prior diagnostic rather than a competing ASR
system.

8.2 Post-Routing Error

The E7-ES gap is modest but systematic on some
languages: +0.18 CER on ZH, -0.00 WER on EN,
+0.40 WER on DE, and -0.02 WER on FR. The ZH
and DE increases are reliable under paired boot-
strap, EN is indistinguishable, and FR is slightly
lower for E7. This is not coarse language-ID fail-
ure: E7 selects the German expert for 3378/3394
German utterances and the French expert for all
2426 French utterances. The remaining gap is
therefore residual recognition cost after inferred
expert selection; ES remains the trusted-label up-
per baseline.

8.3 Language Limits

Stable expert selection is not uniform ASR im-
provement. Raw Whisper-small is strongest on
Dutch and Spanish (16.80/7.56 WER versus E7
17.61/7.94), while Italian and Polish benefit more
from expert onboarding (E7 11.78/13.70 versus
raw 17.36/17.77 and E4 17.66/19.15). We there-
fore report per-language scores and retention sum-
maries rather than claiming SOTA multilingual
ASR or uniform gains.



9 Conclusion

This paper identifies expert-routing collapse as a
distinct failure mode in LoRA expert ASR and pro-
vides a frozen diagnostic protocol for measuring
it. E7 uses a pre-specified probe-transcript prior
override to recover stable target routing in the ob-
served collapse setting and after four-language ex-
pert expansion, while logging raw-router behavior,
prior-sweep behavior, selected-expert traces, and
oracle/length diagnostics. The evidence shows
that the main failure is not weak expert capac-
ity or ordinary ASR variance, but a latent expert-
selection decision that can silently dominate recog-
nition quality. By formulating the raw router, tran-
script prior, and final route as separate quantities,
the method makes this decision observable under
the evaluated protocol.

Limitations

The claim remains deliberately constrained. E7 is
a prior-dominated audit path, not evidence that the
raw learned router alone is reliable or that auxil-
iary LID evidence can be removed. Clean-label
static experts and Whisper-LID remain strong ref-
erences, new-language gains are uneven, and the
audit path adds substantial latency (Table A3:
3538.2 ms/utterance versus 867.3 ms for E5 and
904.3 ms for Whisper-LID). The hard-vs-soft and
no-reranker controls also show that aggregate im-
provements can come from less interpretable fall-
back behavior, so route transparency is part of the
evaluation target rather than an optional diagnos-
tic.

Future work should reduce probe cost through
caching or selective invocation, learn confidence-
aware prior weighting, and test learned audio-LID
and matched-hour controls before extending the
claim beyond the evaluated languages and cor-
pora.

Ethical Considerations

This work uses public ASR corpora under their
released research licenses and collects no new
speech. AISHELL-1, WenetSpeech, LibriSpeech,
GigaSpeech, MLS, and VoxPopuli are used only
through frozen manifests and documented splits;
no attempt is made to identify speakers. Per-
language scores, routing histograms, stress behav-
ior, and latency limits are reported because recog-
nition quality can vary across languages, domains,
speakers, and acoustic conditions. These diag-

nostics are not fairness guarantees: multilingual
ASR can show group-level and intersectional per-
formance disparities, so deployment requires addi-
tional group-aware auditing (Zee et al., 2024). The
experiments are limited to Whisper-small adapta-
tion and small LoRA experts, and we report pa-
rameter counts, storage requirements, and batch-1
latency so that readers can assess the method’s re-
source footprint.
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A Supplementary Checks

This appendix answers likely reviewer questions
while keeping the main text focused on the routing-
collapse story. Table Al gives the matched no-
prior counterfactual for the new languages, show-
ing whether the new-language gains come from
target-expert routing rather than expert quality
alone. Table A2 compactly reports the key con-
trol evidence for likely artifact explanations: layer
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choice, reranker behavior, explicit LID substitu-
tion, expansion to eight experts, and stored capac-
ity. Table A3 states the resource trade-off so the
audit path is not mistaken for a low-latency de-
ployment claim. Table A4 stress-tests the clean
Whisper-LID reference under degraded audio, ad-
dressing whether an explicit LID gate makes the
routing study unnecessary.

B New-Language Counterfactual

Table Al isolates routing from expert quality for
the added languages. It reports the matched no-
prior counterfactual that the main text summarizes
but does not need to tabulate in the body.

Lang N Noprior No-prior route E7 E7 route
NL 3075 94.14 en:2982/de:93 17.61  nl:3074/en:1
ES 2385 56.22 en:1784/de:536/fr:65 7.94  es:2384/en:1
IT 594 5340  en:441/fr:146/de:7 11.78  it:593/en:1
PL 606 11246 en:549/de:57 13.70 pl:606

Macro - 79.05 0 target 12.76 6657/6660 target

Table Al: New-language no-prior counterfactual. Without
the shared-probe prior, no added language selects its target
expert; E7 restores 6657/6660 target routes.

C Controls, Cost, and Stress

Table A2 summarizes the non-core controls by
concern, check, and route-audit takeaway, so the
appendix supports the method-boundary claims
without expanding each check into a separate ta-
ble.

Concern Check Takeaway

Layer pair 6/8=6/10 AvgJr 8.92 Later pairs degrade (~9.9)
Hard gate Ang 8.93; min route 99.50% Not a soft-routing artifact
No reranker Ang 8.71; default <21.80%  Fallback-heavy; audit routes
Explicit LID Ang 8.84; min route 99.50% Strong clean reference
8-expert E7 Ang 8.92; min route 99.53% Base routing is preserved
Capacity Rank-128 AvgT 9.37 Capacity alone insufficient

Table A2: Non-core controls on the frozen base-language
split. Each row changes only the named factor and states the
reviewer concern it addresses; Avg' follows Section 5.4.

Table A3 exists to make the cost boundary ex-
plicit: E7 is an audit-time prior intervention with
added probe computation, not a speed or storage-
efficiency claim.

Active params Runtime
System Stored
Fast Audit Fast  Audit
E2 full FT 240.6M 240.6M 240.6M - -
E4 shared LoRA 3.54M 3.54M 3.54M - -
ES experts 14.16M 3.54M 3.54M 867.3 867.3
Whisper-LID 14.16M 3.54M 3.54M 904.3  904.3

E7 routed 17.70M+9.2K 3.54M+9.2K 7.08M+9.2K 2173.0 3538.2

Table A3: Resource and latency costs. Stored and Active are
parameter counts; Runtime is batch-1 ms/utterance.

Table A4 qualifies the strong clean Whisper-
LID reference under short/noisy speech. It is a
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stress diagnostic, not a claim that E7 replaces ex-
plicit LID on clean accuracy or latency.

Stress W-LID Avg E7 Avg W-LID acc. E7 target route

short1s+SNRO 122.03 122.89 70.95 50.83
short2s+SNR10 85.69 84.99 95.36 91.06
short5s+SNR20  52.17 52.51 99.95 99.76

Table A4: Whisper-LID stress diagnostic under degraded au-
dio. Scores use Base Avg'; W-LID acc. and E7 target route
are macro percentages.
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