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ABSTRACT

Corrective feedback can be particularly useful near the
moment of the error, which often requires the diagnosis to
reach the dialogue model while the learner is still speaking.
We couple a time-aligned mispronunciation detection signal
into a full-duplex speech LLM through a residual channel that
carries the signal frame by frame, so the model can begin re-
sponding shortly after a word is flagged and speak the correc-
tion incrementally. With the offline detector, sentence-level
detection F1 is nearly unchanged. The channel relays 83.7%
of detector diagnoses, and 43.5% of its feedback matches hu-
man annotation, compared with 48.4% for an adapted turn-
end text handoff. Unlike text handoff, it neither waits for
the turn end nor adds sequence positions. Median first-audio
latency is 516 ms after the flagged word end. The model’s
PASS verdict also reduces the false interruption rate (FIR)
from 55.0% to 39.8% on a native-speech stress test, although
no reduction is observed on the smaller in-domain clean L2
subset.

Index Terms— mispronunciation detection and diag-
nosis, computer-assisted pronunciation training, full-duplex
spoken dialogue, speech large language models

1. INTRODUCTION

In 1994, Project LISTEN could already follow a child read-
ing aloud, notice a mispronunciation, and intervene [1]. In
the decades since, mispronunciation detection and diagnosis
(MDD) has advanced from goodness of pronunciation (GOP)
scoring [2] through end-to-end CTC models [3]] to detectors
built on self-supervised speech representations [4} 15} 6], in-
cluding training-free retrieval over them [7]]. More recently,
audio LLMs [8,19] can be prompted to comment on pronunci-
ation directly, and full-duplex speech LLMs [10, [11} [12} [13]]
listen while they speak, opening the prospect of a humanlike
tutor. Timing, however, has not kept pace. LLM-based tu-
tors typically wait for the learner to finish before respond-
ing, even when the underlying model is full-duplex and could
speak while the learner is still talking.

Much progress in the field has been measured by how ac-
curately the detector finds errors [14} [15]. Yet detection is
only part of tutoring. The LLM can add natural-language
explanation and the judgment of whether to intervene. We
ask how the two can form a single interactive system. One
straightforward design is turn-based, with the diagnosis pro-
duced after the sentence ends and written into the prompt as
text. What this design gives up is timing. Corrective feedback
supports L2 pronunciation development [16, [17], and teach-
ers routinely give it orally within the interaction, in response
to the error [18,/19]]. A turn-based tutor, by contrast, can only
respond once the sentence has ended.

Rather than waiting for the sentence to end, in this paper
we propose a tutoring system that keeps the diagnosis time-
aligned and couples it into a full-duplex speech LLM while
the learner is still speaking. An MDD detector, a WavLM
encoder [[6] with phone-level classification heads, follows
the learner’s speech and flags mispronounced words as they
occur. Its diagnosis enters the LLM, adapted with low-rank
adaptation (LoRA) [20] on a frozen backbone, through a
zero-initialized residual channel rather than through the text
prompt.

Our contributions are twofold. First, we propose a time-
aligned diagnostic channel that adds the detector’s per-frame
state to the residual stream of the host and, at the end of a
flagged word, names the word and its phone-level error. Be-
cause the channel is added to the residual stream rather than
to the token sequence, a diagnosis reaches the model shortly
after the word ends without waiting for the sentence to fin-
ish, rebuilding the text prompt, occupying sequence positions,
or displacing learner audio. Second, we build and evaluate
the complete tutoring loop, in which the LLM decides from
its first token whether to intervene or stay silent and speaks
through incremental text-to-speech (TTS). Beyond detection
F1, we report the false interruption rate (FIR), the content
correctness of the feedback against human annotation. To
our knowledge, this is the first system to couple time-aligned
MDD diagnostics into a full-duplex speech LLM through a
residual channel that occupies no sequence positions.
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Fig. 1. Our residual coupling system. The detector emits
a streaming state for every candidate word and one flag, at
the end of the flagged word. Four inputs share three zero-
initialized projections and are summed into the host’s residual
stream before the decoder stack.

2. PROPOSED SYSTEM

Fig. |1} illustrates the architecture: an MDD detector, a resid-
ual channel that carries its per-frame diagnostic state, and a
full-duplex speech LLM that hosts the dialogue. VoiceChat’s
built-in incremental TTS (not shown) voices the response.

Detector. The detector consists of a WavLM-large en-
coder [6] followed by two classification heads over the en-
coder’s final hidden states. The slot head treats each refer-
ence phone as a slot and classifies its force-aligned frames as
correct, deleted, or substituted by one of 39 phonemes. Its
labels come from aligning the human phoneme annotation
to the reference sequence. In contrast, the CTC head is a
phone recognizer trained with CTC against the annotated re-
alized phoneme sequence. At inference it is decoded freely
and compared with the reference to obtain substitution and
deletion rates.

A word-level logistic regression fuses the outputs of the
two heads. For each word, its ten-dimensional input com-
prises summary statistics of phone-level GOP scores [2], error
posteriors from the slot head, phone substitution and deletion
rates, and the number of reference phones. The regression
produces a badness score b, with a higher value indicating a
greater likelihood of mispronunciation. A word is marked as
a flagged word when its score exceeds a threshold selected on
the development set. Its end time is denoted ;.

Speech-LLM backbone. VoiceChat-11B [13] (the host)
serves as the speech-dialogue backbone and receives the
same learner-audio stream as the MDD detector. Its coaching
prompt is fixed and contains the reference sentence. The host
processes audio in 80 ms frames indexed by ¢. Let u; be
its own fused input at frame ¢, that is, what would reach its
decoder with no channel attached.

Residual coupling. The residual channel carries four

inputs to the host, three derived from the detector and one
session-level constant. Each is written frame by frame, pro-
jected, and added to the residual stream before the decoder
(Fig. [1.

Symbolic event. The channel looks up, in the host’s frozen
embedding table, pronunciation error, the word in-
dex, the intended phoneme, and the phoneme judged as actu-
ally produced, and sums their embeddings with position en-
codings. Let the sum be c; € R¥ where H is the host’s
embedding dimension.

Word identity. e; € R is the mean embedding, taken
from the same table, of the subword tokens into which the
host tokenizer splits the flagged word.

State stream. For each candidate word, the detector sub-
mits a state once shortly after the word end. It writes four val-
ues sfet € R4, namely its badness and three GOP z-scores,
which remain held until the next submission. The three GOP
z-scores preserve the detector’s confidence in the underlying
judgment, information that badness compresses away.

LI lanes. The learner’s native language is encoded as a
six-way one-hot vector s** € {0,1}5, a session-level con-
stant held on every frame and all zeros for native speakers
(TIMIT-400).

Three zero-initialized projections [21]], W,, W,, € RE>*H
and W, € R¥*19 map the four inputs into the host’s embed-
ding space, with the state stream and the L1 lanes concate-
nated into a single (4 4 6)-dimensional vector. The projected
inputs are added to the residual stream as

hy =w + Weey + W [sf || s"] + Wyer, (1)

where || denotes concatenation. Since the channel is frame-
wise, the diagnosis need not be serialized into the dialogue
prompt or delayed until the turn ends.

Response. Two stages decide whether the learner is inter-
rupted. The first is the detector’s badness threshold described
above. The host applies the second. Its response begins with
a verdict token, INTERVENE when a correction is needed
and PASS when it is not. The tutor stays silent only when
P(PASS) > 0.5 and b < (. Thus the host can withdraw a
flag below the badness ceiling 5. An INTERVENE response
continues into a correction naming the flagged word and both
phones. This correction is passed incrementally to the TTS
while the model is still receiving the learner’s audio.

3. EXPERIMENTS

3.1. Datasets

Our data split follows the commonly used partition of L2-
ARCTIC [22]]. We use the six annotated speakers NJS, TLV,
TNI, TXHC, YKWK, and ZHAA as the test set. This set
contains 900 manually annotated utterances. Across the re-
maining 18 speakers, we use a total of 2,159 utterances for
training and 540 for development. We tune all model choices



and thresholds on the training and development sets and eval-
uate on the test set.

To measure the FIR, we need an evaluation pool that is
clean by construction. L2-ARCTIC contains only 70 error-
free test utterances, which is too small for this purpose. We
therefore add TIMIT-400, a set of 400 utterances from the
TIMIT test partition [23]. In this set, the manual phone tran-
scriptions agree with the canonical pronunciations through-
out, so it contains no pronunciation errors by construction.

3.2. Experimental Setup

Detector. The detector encoder and the two heads are trained
in two stages. The first stage uses the 4,620 TIMIT sen-
tences, and the second uses the L2-ARCTIC training split.
We use learning rates of 10~° for the encoder and 10~3 for
the heads, accumulate gradients over 8 sentences, train for up
to 25 epochs, and stop after 6 epochs without improvement.
The word-level logistic regression is standardized, uses bal-
anced class weights, and is fitted on the 20,333 words in the
training split. The badness threshold, tuned on the develop-
ment set, is 0.46.

Host. The host is fully frozen except for the three zero-
initialized channel projections and the LoRA adapters [20].
Because the host is a hybrid Mamba-—attention model whose
last eight layers contain no attention, we place rank-16
adapters on 20 linear modules in layers 48-55 and on at-
tention layers 30 and 39. The projections and adapters to-
gether contain 45.5M trainable parameters, 0.4% of the host.
We train for 3,000 steps with gradient accumulation over 8
samples and a learning rate of 10~4.

Each training sample pairs a sentence with the top-1
diagnostic event from the detector. Running the detector
on the annotated sentences from the 18 training speakers
yields 1,819 training samples. We also regenerate candidates
through 4-fold cross-fitting to improve robustness to detector
variation. We add 1,600 PASS samples from unannotated
L2-ARCTIC sentences to cover cases where pronunciation is
correct and no interruption is needed. These samples come
from cross-validation with multiple ASR systems and have no
human labels, so they may still contain residual pronunciation
errors. At inference, we use a badness ceiling of 5 = 0.8,
selected on the development set.

Metrics. The main metrics are Sent. F1, FIR, and Content.
For Sent. F1, a detection counts as correct only if the top-
1 flagged word is also marked as mispronounced in the hu-
man annotation. FIR is the share of TIMIT-400 native sen-
tences that trigger an interruption. Content measures whether
the feedback is correct, that is, the proportion of cases in
which the mispronounced word, target pronunciation, and ac-
tual pronunciation in the response match the human annota-
tion. Arrives and Seq. pos. describe timing and computational
cost. Arrives is the earliest time when the diagnosis becomes
available to the host, and Seq. pos. is the number of sequence

positions occupied by the diagnostic text. Relay is meaning-
ful only for A—D and O, which share the same detector. It de-
notes the proportion of responses that fully relay the detector
diagnosis and measures channel fidelity rather than diagnostic
correctness.

4. RESULTS

4.1. Diagnosis Path

Table [1| compares systems of several paradigms. Z1 and Z2
prompt general-purpose speech LLMs, the frozen host and
Qwen3-Omni-30B [9], for pronunciation assessment directly.
Their Content is only 0.5 and 3.8, and their Sent. F1 is 0.30
and 0.32. Their FIR scores also differ substantially, at 23.5
and 58.5, suggesting that their interruption decisions may de-
pend on factors beyond phoneme-level evidence. Z3 applies
instruction tuning to Z1 and improves performance, with F1
0.59 and Content 27.2, but remains 21 percentage points be-
low the detector-based template baseline (System A). One
possible reason is that the host acoustic encoder is oriented
toward semantics and lacks sufficient resolution for subtle
pronunciation deviations. Z4 uses a simpler approach. It
gives the learner’s ASR transcript from Parakeet-TDT [24]] to
Qwen2-7B [25] and asks it to compare the transcript with the
reference text. It can identify some word-level errors but can-
not report phoneme-level errors, and its Content is 0. Overall,
these results support the use of a dedicated detector in this
setting, even though faithfully relayed feedback is bounded
by detector accuracy.

With the detector serving as the source, the remaining
question is how its diagnosis should enter the host. B-D and
O share the same detector and the same host. Text handoff is
a natural option. B writes the detector result into the prompt
and lets the frozen host generate feedback, but its Content
score is only 9.8. C matches the template baseline’s Content
score of 48.4 after adaptation. The adapted LLM reproduces
the detector result, achieving a Relay score of 100. However,
B and C receive the diagnosis only at the end of the turn, as 58
prompt tokens, so the prompt must be rebuilt before feedback
can start. D uses VoiceChat’s function-call interface to insert
the same diagnosis as a tool result at the end of the flagged
word. Without adaptation, D reaches 14.2, higher than B,
suggesting that the function channel can convey diagnostic in-
formation. Adaptation could improve diagnostic fidelity, but
would not remove the sequence-position cost.

In D, each inserted token occupies an 80 ms step during
which learner audio is replaced by silence. Passing the same
diagnosis as C takes 70 steps (5.6s). O adds the diagnosis
to existing frames without consuming sequence positions, in-
serting silence, or rebuilding the prompt. It arrives shortly
after the end of a word, with Relay 83.7 and Content 43.5,
approximately 5 percentage points below C. Reading Relay
and Content together suggests that this gap may partly reflect



Table 1. Comparison with systems of different paradigms. SELF means the model diagnoses the audio itself. Sent. F1 on the
L2-ARCTIC test set. FIR on TIMIT-400. Relay and Content in %. Shaded: B-D forward every detector flag, so these values

equal the shared detector’s (A).

Seq. Sent. FIR Relay  Content

System Backbone Diagnosis Adapted  Arrives  pos. F1 (%)  (det.) (human)
Z1 Prompted host VoiceChat-11B SELF X - - 030 235 - 0.5
Z2  Prompted audio LLM Qwen3-Omni-30B SELF X - - 032 585 - 3.8
Z3  Self-diagnosing host VoiceChat-11B SELF v - - 0.59 35.8 - 27.2
Z4  ASR cascade Qwen2-7B ASR mismatch X turn end - 0.30 18.8 - 0.0
A Template read-out - MDD - word end - 0.699 55.0 100.0 48.4
B Text handoff VoiceChat-11B MDD X turn end 58 18.5 9.8
C  Text handoff VoiceChat-11B MDD v turn end 58 0.699 55.0 100.0 48.4
D  Function-channel text VoiceChat-11B MDD X wordend 70 27.2 14.2
(0] Residual channel (ours) VoiceChat-11B MDD v word end 0 0.694 39.8 83.7 435

Table 2. Channel ablation for system O on flagged test utter-
ances. % of responses matching the detector’s word, phone
pair, or both.

Symbolic  State
Setup event stream Word Phone Both
LoRA only X X 762 295 28.0
+ symbolic event  pulse X 809 716 63.0
+ state stream pulse v 829 80.2 70.7
‘pulse »hold ~ hold v/ 825 859 750
+ L1 lanes hold v 823 88.0 755
+ word identity hold v 91.6 884 829

imperfect transmission of the detector diagnosis. Among the
LLM paths, O alone combines word-end delivery and feed-
back correctness close to the template baseline with zero ad-
ditional sequence positions.

O keeps Sent. F1 nearly unchanged (0.699 for the detector
alone vs. 0.694) and, through the host’s PASS verdict, reduces
FIR on TIMIT-400 from 55.0% to 39.8%. This reduction is
observed only on the out-of-domain native-speech set. On
the 70 clean sentences in the L2 test set, the FIR of O remains
unchanged at 62.9%.

4.2. Channel Composition

Table [2| reports ablations of the channel components for sys-
tem O. Evaluation uses flagged test sentences, a different sub-
set from that used in Table[I] scored against the detector diag-
nosis. The LoRA-only baseline receives audio and the refer-
ence sentence and is forced to act as its own detector. It names
the correct word in 76.2% of responses, but only 29.5% cor-
rectly state what is wrong. Adding the symbolic event raises
Phone from 29.5% to 71.6%, and the detector state stream
adds another 8.6 points.

The symbolic event can be written as a pulse lasting four
frames from its submission, after which it returns to zero,
or as a hold, kept from its submission until the detector’s
next submission so that it stays present while the response

is generated. Switching from pulse to hold raises Phone by
another 5.7 percentage points, and the L1 lanes by 2.1. Fi-
nally, adding the word embedding on the same frames raises
the word identification rate to 91.6%. The channel therefore
mainly improves attribution, that is, the ability to point out
what is wrong.

4.3. Streaming Latency

The latency from the flagged word end to the first audio frame
equals detector latency plus speaking latency. The streaming
detector keeps listening for a right-context window (R-CTX)
after each word end before submitting. On the development
set, increasing R-CTX from 0 to 320ms shifts the median
submission from 120 to 400 ms and raises agreement, the
fraction of submitted words whose streaming flag and phone
pair match the offline full-utterance reading, from 0.789 to
0.857. The gain is mainly in the first 80 ms, adding 4.4 points,
while the next 240 ms adds only 2.4 points. We therefore set
the working point to 80 ms. On a single A100 (80 GB) GPU,
it gives a median submission of 180 ms and a chunkwise real-
time factor (RTF) of 0.24. Table [T] uses the offline detector
while in this streaming setting, O reaches Sent. F1 0.605 and
Content 35.8%. After the detector submits, the median la-
tency to the first audio frame is 336 ms and the p90 is 379 ms.
That is, feedback onset is at about 516 ms after the flagged
word end.

5. CONCLUSIONS

We presented a residual channel that injects time-aligned
pronunciation diagnostics into a full-duplex speech LLM
frame by frame, so corrective feedback can begin shortly
after the flagged word ends without occupying sequence po-
sitions. Against human annotation, its feedback correctness
stays within 5 percentage points of an adapted text baseline
that copies the diagnosis verbatim, with detection F1 nearly
unchanged. False interruptions decrease on out-of-domain
native speech but not on in-domain clean L2 utterances.
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