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Abstract
Frozen audio-language models can transcribe
dysarthric speech worse when prompted with clin-
ical context than with audio alone. We study this
failure mode in Gemma-4-E2B on the Speech Ac-
cessibility Project (SAP) rated subset and trace
it to the residual stream. To test whether the
degradation is encoded in the model’s internal
state rather than in the audio representation it-
self, Matched Residual Patching (MRP) replaces
the final-input-token residual at a middle decoder
layer under the clinical prompt with the corre-
sponding audio-only residual and closes 57–60%
of the Word Error Rate (WER) gap bidirection-
ally. The repairable component lies mostly out-
side a sparse prompt-identity axis: ∼27 resid-
ual coordinates identify the prompt at 99.8% ac-
curacy, but patching them recovers only 1–10%
of the gap, while their 1,516-coordinate comple-
ment carries 40–59%. We then introduce Self-
Contrastive Residual Alignment (SCRA), a one-
pass inference-time edit that learns a low-rank
linear corrector for the prompt-induced residual
shift. At rank 128, SCRA matches the MRP ceil-
ing, closes 60% of the aggregate gap, and slightly
but significantly improves over the audio-only
baseline on difficult samples.

1. Introduction
Voice interfaces are largely unusable for the millions of
speakers with voice, speech, or language disorders (Hoff-
man et al., 2014; Jaddoh et al., 2025; Tobin et al., 2024).
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Native audio–text models (Chu et al., 2024; Gemini Team,
Google, 2024; Google DeepMind, 2026; Liu et al., 2026;
OpenAI, 2024) raise the prospect of context-conditioned
recognition: a frozen model that adapts to a speaker at in-
ference when given relevant language information (Wagner
et al., 2025). Clinical context is the natural candidate when
speech is impaired. Empirically, however, zero-shot evalu-
ations on dysarthric corpora report uneven and degrading
behavior under clinical prompting (Alsayegh & Masood,
2025; Moure et al., 2026), even when the context is accu-
rate. The largest damage falls on utterances the audio-only
baseline transcribes cleanly, so a useful repair must keep
clinical context available while preventing it from disrupting
audio-grounded recognition.

We study this failure mechanistically in Gemma-4-E2B
(Google DeepMind, 2026) on the SAP rated dataset (Zheng
et al., 2025), building on residual-stream analyses (Elhage
et al., 2021), activation patching and causal tracing (Conmy
et al., 2023; Geiger et al., 2021; Meng et al., 2022; Wang
et al., 2023), and task-vector style localizations (Hendel
et al., 2023; Todd et al., 2024). Our contributions are: (i) we
localize a repairable residual-stream state with MRP, clos-
ing 57–60% of the WER gap bidirectionally with a single
mid-stack patch; (ii) we show this state lies mostly outside
the sparse coordinates that identify the prompt condition —
a sparse/distributed split that explains why population-mean
steering fails at the same depth; (iii) we introduce SCRA,
a one-pass corrector that matches the MRP ceiling and
slightly improves over audio-only on the difficult samples
where clinical context would matter most.

2. Background
Speech recognition for atypical speakers. Articulation,
voice quality, and intelligibility vary substantially by speaker
and by underlying neurological condition (Tobin et al.,
2024), and human listeners routinely rely on contextual
information about the speaker to interpret ambiguous seg-
ments. Standard pipelines for non-normative automatic
speech recognition remain brittle for atypical speakers and
depend on speaker-dependent adaptation or personalized
fine-tuning of self-supervised speech encoders (Wagner
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et al., 2025), both of which require target-population data
that is expensive and difficult to collect at scale.

In-context conditioning in audio-language models.
Audio-native multimodal models (Chu et al., 2024; Gemini
Team, Google, 2024; Google DeepMind, 2026; Liu et al.,
2026; OpenAI, 2024) open a different route: a single frozen
model that adapts to a speaker at inference using natural-
language information about them. In-context learning is
well studied for text but remains underexplored for speech
and audio, where existing work focuses mostly on few-
shot prompting of downstream NLP tasks rather than on di-
rect conditioning of the audio-recognition pathway. Recent
zero-shot evaluations on dysarthric corpora report limited
or degrading benefits from clinical prompting (Alsayegh &
Masood, 2025; Moure et al., 2026), even when the context is
accurate and matched to the speaker. We take this degrading
regime as our phenomenon and ask what changes inside the
model can explain it.

Mechanistic interpretability for multimodal failure
modes. Mechanistic interpretability has produced a broad
toolkit for transformer analysis, including residual-stream
analyses (Elhage et al., 2021), activation patching and causal
tracing (Conmy et al., 2023; Geiger et al., 2021; Meng et al.,
2022; Wang et al., 2023), and task-vector style localizations
(Hendel et al., 2023; Todd et al., 2024). These tools have
been developed largely in text-only language models, and
their application to audio-language models is much less ex-
plored. We extend them here to a multimodal failure mode
of a frozen audio-LM, with the explicit goal of identifying
intervention sites that can be exploited at inference time
without retraining.

3. Setup and Behavioral Effect
Model and dataset. Gemma-4-E2B (Google DeepMind,
2026) is a 35-layer audio-LM with hidden dimension 1,536
and a 4:1 local-to-global attention pattern (global layers
{4, 9, 14, 19, 24, 29, 34}, local sliding window 512). We
evaluate the 11,218 SAP rated-subset utterances from 437
speakers (Parkinson’s, ALS, cerebral palsy, Down syn-
drome) for which matched outputs exist across every prompt
condition. WER follows the SAP normalization proto-
col (Radford et al., 2022; Zheng et al., 2025) with per-
utterance clipping at 1.0; Difficult Samples are utterances
with WERP0 ≥ 0.1 (58% of corpus), where only audio is
presented to the model. All comparisons are paired at the
utterance level.

Prompt grid. Prompts are aligned with a previous work
on evaluating Audio-LM on the SAP dataset (Moure et al.,
2026). P0 is audio-only with a generic prompt which asks
for transcription; P1 adds the diagnosis; P2 adds the full

clinical profile (etiology + per-sample 1–7 clinician ratings
+ listening guidance); P2a is a length-doubled rephrasing.
Length-matched fillers replace the clinical block with non-
clinical text (instruction-only repetition; random pseudo-
text). A wrong-content control keeps the P2 structure but
uses ratings from another speaker via etiology rotation.

Clinical context degrades the frozen model; the trigger
is prompt structure. Aggregate WER rises from 0.327
(P0) to 0.395 (P2), a paired increase of +0.068 (SE≈0.001
speaker-clustered) concentrated on items P0 transcribes
cleanly (Figure 1B). Three controls localize the trigger.
(i) Random-text filler reaches WER 0.375 and reproduces
most of the easy-sample damage. (ii) Instruction-only filler
of the same length lands at 0.322, indistinguishable from
P0, ruling out length. (iii) Wrong-content P2 reaches 0.399,
statistically indistinguishable from correct P2, indicating
clinical-content accuracy does not contribute effectively to
the gap. Per-speaker damage ∆2=(P2−P0) further cor-
relates with ∆rand=(random−P0) at r≈0.6 (Figure 1C),
consistent with a shared speaker-level susceptibility to non-
instructional prompt content. Finally, under matched LoRA
fine-tuning the same model reaches WER 0.196 at P2 and
0.200 at P0, both below frozen P0, indicating the failure is
one of integration rather than of clinical content itself.

4. Localizing a Repairable Residual State
We use MRP as a causal diagnostic: for each utterance,
replace an internal state under one prompt with the corre-
sponding state from the same utterance under the alterna-
tive prompt. Rescue swaps P2 →P0, induction swaps P0
→P2. Concretely, a forward hook fired once during prefill
replaces the residual-stream output of layer ℓ at the final
prompt-token position before it enters layer ℓ+1; subse-
quent autoregressive decoding proceeds from the modified
KV cache. Following work that localizes high-level behav-
ior to mid-stack residuals (Geva et al., 2021; Hendel et al.,
2023; Meng et al., 2022; Todd et al., 2024), we target four
candidate layers spanning both attention kinds: L14, L19,
L24 (global) and L21 (local sliding-window).

A single final-input residual patch closes most of the gap.
At L19, replacing the P2 state with the matched P0 state
reduces WER from 0.395 to 0.354 (60% gap closure); the
reverse patch raises WER from 0.327 to 0.366 (57%). The
same internal state mediates a majority of the behavioral gap
in both directions. The effective band is broad: L19, L21,
and L24 give nearly identical rescue performance (within
0.001 WER), while the earlier global layer L14 is weaker
(Figure 2D). The effect spans both attention kinds and holds
within each etiology (52–66% per-etiology gap closure, no
reversals). Position is sharp: shifting the patched position
back even one token kills the effect (Figure 2B), and the
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Figure 1. Behavioral effect of clinical context. (A) Per-condition aggregate WER with speaker-clustered ±SE caps. P2 and random-text
filler raise WER above the P0 floor; instruction-only filler reproduces P0. (B) Per-utterance WER damage ∆(cond− P0) profiled by
P0-difficulty bucket, with ±SE bands. P2 and random-filler damage is concentrated on items P0 transcribes cleanly; instruction filler is at
or below zero across the range. (C) Per-speaker damage under P2 vs. random filler, Pearson r≈0.6 across n=437 speakers: vulnerability
is shared across non-instructional prompt content, not diagnosis-specific.
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Figure 2. Last-input residual diagnostics. (A) Centroid distance ∥µP0(k) − µP2(k)∥2 over the last ∼30 input tokens accumulates
and saturates at the patching target k=0 at every layer. (B) Position sweep at L19: patching is causally active only at k=0. (C)
Feature-coordinate decomposition at L19: full residual swap recovers 60%/57% (rescue/induce); the top-K=20 probe coordinates that
identify the prompt recover only 10%/1%; their 1,516-coordinate complement carries 59%/40%. (D) Layer sweep of single-position
last-input patching: L19/L21/L24 close 53–62% of the gap; the early-mid global layer L14 lags. Hatching marks the local-attention layer
(L21). Whiskers are ±SEM across speakers.

audio-end state alone does not move WER.

The repairable state is outside the sparse prompt-
identity axis. At the final-input position, the prompt con-
dition is almost perfectly identifiable from a sparse residual
axis. An L1-logistic probe trained under 5-fold speaker-
disjoint cross validation (CV) distinguishes P0 from P2
at 99.8% accuracy using ∼27 active coordinates, and the
population-mean directions across P1, P2, P2a are tightly
aligned (pairwise cosines 0.91–0.99). One might therefore
expect those coordinates to mediate the WER gap. How-
ever, using the probe coefficients as a coordinate mask (no
refit), patching only the top K=20 probe coordinates re-
covers just 10% (rescue) and 1% (induction), while patch-
ing the complementary 1,516 coordinates recovers 59%
and 40% (Figure 2C). The residual state therefore carries

two separable signals: a sparse axis-aligned component
that identifies which prompt was used, and a distributed
component, orthogonal to it, that carries most of the be-
havioral effect. Consistent with this geometry, two natu-
ral low-dimensional interventions at the same depth fail:
additive steering along the population-mean direction d̂P2

recovers ≤ 7% at L19/L21/L24, and a mass-preserving
rescaling (Wang et al., 2023) of audio-attention at the L21
dilution peak does not move WER. The mediator is per-
sample and high-dimensional, not a fixed direction or an
attention-magnitude effect. Methodologically, this disso-
ciation matters: a near-perfect linear probe for the prompt
condition does not localize the residual coordinates that me-
diate behavior, and population-mean direction analyses miss
the per-utterance distributed mediator entirely. Probe targets
and patching targets need not coincide.
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Figure 3. MRP and SCRA on the full corpus (top row) and Difficult Samples (WERP0 ≥ 0.1, 58% of corpus, bottom). (A,D) Cached
MRP α-sweep at four mid-stack layers; L19/L21/L24 within 0.001 WER at α=1. (B,E) Per-etiology rescue at α=1 with P0 and P2
brackets. (C,F) Single-pass corrector vs. MRP α=1: rank 128 matches the reference at all three trained layers.

5. Self-Contrastive Residual Alignment

MRP identifies r
(ℓ)
P0 as the target a repair should approxi-

mate, but it requires a cached paired P0 forward pass and
is therefore a diagnostic, not a deployment method. We
introduce Self-Contrastive Residual Alignment (SCRA), an
inference-time edit that approximates this target without
paired data.

Edit and variants. All variants apply, at the final-input
token of layer ℓ,

r
(ℓ)
edit(α) = (1− α) r

(ℓ)
full + α r

(ℓ)
target, α ∈ [0, 1], (1)

through a forward hook fired once during prefill; decod-
ing then proceeds autoregressively from the modified KV
cache. The variants differ only in r

(ℓ)
target. MRP uses the

cached audio-only residual r(ℓ)P0 (diagnostic). SCRA2p runs
a second prefill on a stripped prompt pstrip (clinical block
removed) and uses r(ℓ)strip (two passes, no paired cache). The
full SCRA method replaces the second pass with a learned
estimate r

(ℓ)
target = r

(ℓ)
full − W (ℓ)r

(ℓ)
full, where W (ℓ) is fit by

ordinary least squares to predict r(ℓ)full−r
(ℓ)
P0 at the final-input

position under 5-fold speaker-disjoint CV. Rank-r maps are
obtained by SVD truncation, so a single decomposition per
fold yields every r ∈ {1, 32, 128, 1536}.

Validating the corrector against the matched-patch ceil-
ing. The cached MRP α-sweep is monotone at every
layer; L19/L21/L24 are within 0.001 WER at α=1 (Fig-
ure 3A,D), confirming a mid-stack band effect rather than
a single-layer effect. SCRA2p lands ∼0.010 WER above
its cached counterpart at every layer (41–47% gap closure),

so a paired P0 cache is not required to move WER substan-
tially. The learned single-pass corrector matches the cached
reference: at rank 128, all three trained layers are within
0.001 WER of MRP α=1 (Figure 3C). Per-etiology rescue
at α=1 lies between each etiology’s P0 and P2 brackets,
with no reversal (Figure 3B,E).

Deployment performance. On the full corpus, rank-
128 SCRA closes 60% of the aggregate P0–P2 gap. On
Difficult Samples (WERP0≥0.1, 58% of corpus), SCRA
reaches WER 0.547 vs. 0.551 under P0 and 0.570 under P2,
a small but statistically significant improvement over the
audio-only baseline (paired 95% CI [−0.0076,−0.0012]
for ∆(SCRA− P0)). The one-pass corrector therefore pre-
serves the full clinical-context prompt while matching or
slightly improving on audio-only performance on exactly
the items where additional context would be most valuable.

6. Limitations and Ethics
Our analysis is limited to a single frozen architecture, and
the SAP rated subset overrepresents Parkinson’s disease, so
per-etiology uniformity is most reliable for the larger groups.
Supervised LoRA adaptation removes the degradation en-
tirely, suggesting the limitation is one of training exposure
rather than architecture and consistent with cross-model evi-
dence (Moure et al., 2026). Clinical labels should be treated
as optional support rather than a requirement for access;
hallucinated correction toward fluent speech is especially
problematic in augmentative communication. Accessibility
for atypical speech is unlikely to follow automatically from
scaling (Hoffman et al., 2014; Jaddoh et al., 2025); targeted
training or inference-time intervention is required.
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