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Abstract001

Contextual automatic speech recognition002
(ASR) with Speech-LLMs is typically trained003
with oracle conversation history, but relies004
on error-prone history at inference, causing005
a train–test mismatch in the context channel006
that we term contextual exposure bias. We007
propose a unified training framework to im-008
prove robustness under realistic histories: (i)009
Teacher Error Knowledge by using Whisper010
large-v3 hypotheses as training-time history,011
(ii) Context Dropout to regularize over-reliance012
on history, and (iii) Direct Preference Opti-013
mization (DPO) on curated failure cases. Ex-014
periments on TED-LIUM 3 (in-domain) and015
zero-shot LibriSpeech (out-of-domain) show016
consistent gains under predicted-history decod-017
ing. With a two-utterance history as context,018
SFT with Whisper hypotheses reduce WER019
from 5.59% (oracle-history training) to 5.47%,020
and DPO further improves to 5.17%. Un-021
der irrelevant-context attacks, DPO yields the022
smallest degradation (5.17% → 5.63%), in-023
dicating improved robustness to misleading024
context. Our code and models are published025
on https://anonymous.4open.science/r/026
Contextual_Speech_LLMs-3210.027

1 Introduction028

Automatic Speech Recognition (ASR) has evolved029

rapidly (Ma et al., 2025), progressing from tradi-030

tional architectures like CTC (Graves et al., 2006),031

AED (Chan et al., 2016), and RNN-T (Graves et al.,032

2013) to robust pre-trained models such as HuBert033

(Hsu et al., 2021), Whisper (Radford et al., 2023),034

and Whistle (Yusuyin et al., 2025; Li et al., 2022).035

While the recent emergence of Speech-LLMs (Cui036

et al., 2024) has further expanded multimodal capa-037

bilities, effectively incorporating contextual cues—038

a problem known as Contextual ASR (Aleksic et al.,039

2015; Hall et al., 2015)—remains a critical chal-040

lenge across these paradigms to compensate for041

ambiguous acoustic evidence.042

In conventional ASR systems, the utilization of 043

contextual information primarily follows two core 044

paradigms: Shallow Fusion and Deep Fusion (Fang 045

et al., 2025). Shallow Fusion functions essentially 046

as an inference-stage ensemble strategy. Enhances 047

the accuracy of recognition within specific contexts 048

by utilizing an external language model to score 049

the hypotheses generated by the acoustic model 050

(McDermott et al., 2019; Ravi et al., 2020; Guo 051

et al., 2023). In contrast, Deep Fusion involves a 052

more fundamental architectural innovation. This 053

approach encodes contextual information into vec- 054

tor embeddings that are directly integrated into the 055

internal components of end-to-end models. Conse- 056

quently, this enables the model to learn joint repre- 057

sentations of acoustic features and contextual cues 058

during the training phase (Toshniwal et al., 2018; 059

Wang et al., 2024; Tang et al., 2024; Huang et al., 060

2024b,a; Kolokolov et al., 2024; Shi et al., 2024; 061

Sudo et al., 2024). Such as Contextual RNN-T 062

(Jain et al., 2020) demonstrated the effectiveness 063

of attending to metadata embeddings for rare word 064

recognition, while Hou et al. (Hou et al., 2022) 065

extended this by integrating dialogue history into 066

streaming RNN-T encoders. Hori et al. (Hori et al., 067

2020) explored Transformer-based architectures 068

for long-context modeling, highlighting the impor- 069

tance of cross-utterance dependencies. 070

Benefiting from the robust contextual reasoning 071

of LLMs, recent research has prioritized embed- 072

ding contextual cues into Speech-LLMs prompts 073

(Chen et al., 2024; Yang et al., 2024; Shen et al., 074

2025; Lakomkin et al., 2024; Cheng, 2024; Lei 075

et al., 2025; Koshkin et al., 2024; Fang et al., 2025; 076

Gong et al., 2024; Zhou et al., 2025). Approaches 077

vary from using textual metadata like titles and 078

descriptions (Lakomkin et al., 2024) to incorpo- 079

rating specific entity lists (Chen et al., 2024) and 080

multi-modal auxiliary inputs (Yang et al., 2024). 081

Notably, Lakomkin et al (Lakomkin et al., 2024) 082

also examined the model’s resilience to contextual 083
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perturbations. Building on this trend, Retrieval-084

Augmented Generation (RAG) has been proposed085

as a novel method to integrate Speech-LLMs (Shen086

et al., 2025; Li et al., 2024; Mu et al., 2025; Gourav087

et al., 2024). On the other hand, Step-Audio em-088

ploys a text-based context manager to maintain089

conversation history and support multi-turn inter-090

actions (Huang et al., 2025). The paper does not091

provide a separate analysis of the impact of histori-092

cal text on system performance.093

We study utterance-by-utterance contextual094

ASR, where each utterance is decoded sequentially095

using transcripts from previous turns as textual his-096

tory. In the training stage, the model can rely on097

oracle history, but in deployment, oracle history is098

unavailable and the model must condition on error-099

prone ASR hypotheses, yielding a distribution shift100

between training-time and inference-time context.101

We call this mismatch in the context channel con-102

textual exposure bias. While the challenge of uti-103

lizing imperfect context has been approached—for104

instance, via context dropout in speech translation105

(Hussein et al., 2024) or noise representation learn-106

ing in dialogue ASR (Lee et al., 2024) these meth-107

ods often rely on implicit regularization or auxiliary108

modules. They lack a direct mechanism to align the109

model’s generation preferences to explicitly reject110

contextual errors.111

To mitigate exposure bias in continuous-112

utterance ASR, we propose a unified training frame-113

work that integrates three complementary strate-114

gies. Teacher Error Knowledge: instead of using115

ground-truth history, we feed Whisper large-v3 de-116

coding hypotheses as training context, exposing the117

model to realistic “teacher errors” and better match-118

ing inference-time conditions. Context Dropout:119

we randomly mask the historical context with a120

fixed probability, reducing over-reliance on text121

history and encouraging acoustic-focused transcrip-122

tion, thereby alleviating history overfitting. Direct123

Preference Optimization (DPO): we further refine124

contextual generation by constructing preference125

pairs from selected hard negatives, explicitly train-126

ing the model to avoid negative behaviors and im-127

prove output quality. The main contributions of128

this paper are summarized as follows:129

• Leveraging contextual exposure bias to im-130

prove Speech-LLMs ASR: We identify con-131

textual exposure bias as a key failure mode132

in context-conditioned Speech-LLMs based133

ASR and, explicitly exploit this train-test mis-134

match as a guiding principle to design training 135

and alignment strategies that boost recogni- 136

tion performance under realistic, imperfect 137

historical context. 138

• Noise-aware training for imperfect context: 139

We propose a unified training framework that 140

aligns training with inference by (i) using a 141

strong teacher ASR system to generate realis- 142

tic, error-prone historical context during train- 143

ing (instantiated with Whisper large-v3 in our 144

experiments), (ii) applying context dropout to 145

regularize reliance on history, and (iii) using 146

DPO with preference pairs constructed from 147

contextual failure cases to reduce error ampli- 148

fication. 149

• Robustness under realistic and cross- 150

domain evaluation: Training with strong 151

teacher-generated historical context substan- 152

tially closes the oracle–inference gap, and 153

DPO further improves robustness by reducing 154

the model’s sensitivity to irrelevant or erro- 155

neous context, consistently yielding the best 156

in-domain and cross-domain performance un- 157

der realistic decoding conditions. 158

2 Method 159

2.1 Utterance-level Contextual ASR 160

We consider an utterance-level contextual ASR set- 161

ting, in which each utterance is recognized sequen- 162

tially and the transcripts of preceding utterances 163

are provided as textual context for the current de- 164

coding. 165

Formally, an input stream is segmented into a 166

sequence of utterances {Xt}Tt=1, where Xt denotes 167

the acoustic signal of the t-th utterance, and Yt de- 168

notes its reference transcript. For each utterance 169

t, the recognizer produces a hypothesis Ŷt condi- 170

tioned on the current acoustics Xt and an available 171

context Ct: 172

Ŷt ∼ pθ(Y |Xt, Ct) (1) 173

We define the textual context Ct as a function of 174

preceding utterances’ transcripts. In the simplest 175

case, Ct is the concatenation of the most recent N 176

utterance-level transcripts: 177

Ct = concat(St−N , · · · , St−1) (2) 178

where Si is the transcript used as history for utter- 179

ance i, and N controls the context window size 180
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Figure 1: Model architecture

(with N = 0 corresponding to the no-context base-181

line).182

A central aspect of this setting is that the quality183

of historical transcripts available at inference may184

differ from that used during training. In many ex-185

perimental setups, Si is taken to be the oracle tran-186

script Yi, yielding an oracle-context condition. In187

realistic deployment, however, the system does not188

have access to Yi and must instead rely on automat-189

ically generated hypotheses from upstream recog-190

nition of previous turns. We denote this predicted-191

context condition by setting Si = Ŷi, where Ŷi may192

contain recognition errors, relative to reference Yi.193

This discrepancy induces a distribution mis-194

match in the conditioning context between training195

and inference: training commonly conditions on196

oracle history, while inference conditions on im-197

perfect, model-generated history. In this work, we198

refer to this train–test mismatch in the contextual199

channel as contextual exposure bias. Importantly,200

this is a context-level mismatch: even if the model201

is trained with standard teacher-forcing for the cur-202

rent utterance, the historical context provided to203

the model at inference can be error-prone and may204

systematically differ from the oracle context used205

in training.206

In the remainder of the paper, we study how this207

contextual exposure bias affects contextual ASR208

in Speech-LLMs, and we develop training strate-209

gies that better align training-time context with210

inference-time conditions.211

2.2 Model Architecture212

We adopt a training framework consisting of an213

off-the-shelf speech encoder, a frozen LLM back-214

bone, and a trainable MLP projector for modality215

adaptation. We fine-tune the LLM with Low-Rank216

Adaptation (LoRA) (Hu et al.) in two stages: (i)217

a dedicated SFT LoRA module for SFT, and (ii) a218

separate DPO LoRA module for preference align- 219

ment. Following (Jiang et al., 2025), the DPO 220

stage introduces an additional, distinct LoRA block 221

rather than reusing the SFT adapter, enabling in- 222

dependent control of preference optimization. The 223

overall architecture is illustrated in Figure 1. 224

2.3 Training Methodology 225

We study contextual ASR under a realistic train– 226

test discrepancy: during training, the contextual 227

history is typically provided as oracle transcripts, 228

whereas at inference time the history must be ob- 229

tained from upstream ASR outputs and therefore 230

contains recognition errors. To bridge this gap, we 231

propose a training framework that (i) replaces or- 232

acle history with teacher-generated hypotheses to 233

simulate imperfect context during training, where 234

the teacher is a strong off-the-shelf ASR system (in- 235

stantiated as Whisper large-v3 in our experiments), 236

and (ii) regularizes the model’s reliance on history 237

to prevent error amplification when the context is 238

noisy or misleading. 239

2.3.1 Teacher Error Knowledge 240

To approximate inference-time conditions, we in- 241

troduce Teacher Error Knowledge, where the his- 242

tory transcripts Ŷ are taken from Whisper large-v3 243

decoded hypotheses instead of always using oracle 244

history 1. Concretely, we pre-decode the training 245

set with Whisper and store hypotheses Ŷ Whisper
i . 246

During training, we construct Ct using Whisper 247

large-v3 decoded hypotheses as the history source. 248

This exposes the model to realistic contextual noise 249

and encourages robustness to history errors. 250

We optimize the standard sequence negative log- 251

likelihood conditioned on the constructed context: 252

LSFT = −
∑
t

log pθ(Yt|Xt, Ct, P ) (3) 253

where P is the task prompt and θ denotes trainable 254

parameters. 255

2.3.2 Context Dropout 256

Even with noisy histories, the model may still over- 257

trust contextual text and become brittle when the 258

history is misleading.To further regularize context 259

usage, we apply Context Dropout during training: 260

with probability pdrop, we mask the textual history 261

Ct, while keeping the current utterance speech Xt 262

1Our method does not rely on a specific teacher model.
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unchanged:263

C̃t =

{
∅, with pdrop,

Ct, otherwise
(4)264

The SFT objective is then computed conditioned265

on C̃t. This mechanism prevents the model from266

depending on history as a shortcut and encourages267

it to retain strong speech information, while still268

allowing it to benefit from context when available.269

2.3.3 Preference Optimization on Hard270

Negatives with DPO271

While SFT with noisy history improves overall272

robustness, we observe that a small subset of failure273

cases can still be triggered. To explicitly suppress274

such undesirable behaviors, we further apply DPO275

on curated hard negatives.276

For each selected utterance, we construct a pref-277

erence pair (Y +, Y −) under the same inputs X =278

(Xt, Ct, P ), where Y + is the ground-truth and Y −279

is the inference transcript of the model. DPO op-280

timizes the policy to assign higher likelihood to281

Y + than Y − without requiring an explicit reward282

model. Following the standard DPO formulation,283

we minimize:284

∆θ = log πθ(Y
+ | X)− log πθ(Y

− | X) (5)285
286

∆r = log πr(Y
+ | X)− log πr(Y

− | X) (6)287
288

m = β (∆θ −∆r) (7)289
290

LDPO = − log σ(m) (8)291

In our experiments, we set the reference policy πr292

to the SFT checkpoint (frozen), β is a temperature293

coefficient that controls the strength of preference294

sharpening, in this work, we use β = 0.1, and σ(·)295

is the sigmoid function. Here, ∆θ and ∆r measure296

the log-likelihood gaps between the preferred and297

dispreferred responses under the current policy πθ298

and the reference policy πr, respectively, and m299

scales their difference to form the DPO objective300

(Ouyang et al., 2022; Rafailov et al., 2023).301

In our implementation, we use a separate LoRA302

block for DPO to decouple preference optimization303

from the main SFT adaptation (Jiang et al., 2025)304

as in Figure 1.305

3 Experiment Setup306

3.1 Models and Modules307

We build our system on an in-house Speech-LLMs308

training framework. We adopt the Whisper large-309

v3 (Radford et al., 2023), discard the decoder and310

only use the encoder as a feature extractor. Based 311

on previous work on Speech-LLMs, which has 312

shown that LLMs with SFT significantly outper- 313

form vanilla pre-trained models in speech recogni- 314

tion tasks (Ma et al., 2025), we choose vicuna-7B- 315

v1.5 (Zheng et al., 2023) with LoRA adapter as the 316

LLM for our system. Unless otherwise specified, 317

we keep the Whisper large-v3 encoder frozen and 318

train a lightweight MLP projector together with 319

LoRA parameters. We report WER as the primary 320

metric. 321

3.2 Datasets 322

We conduct both training and in-domain evalua- 323

tion on the TED-LIUM 3 (Hernandez et al., 2018) 324

dataset following an utterance-level segmentation. 325

Each utterance is paired with its reference tran- 326

script, and contextual history is constructed from 327

preceding utterances within the same session. We 328

use the official splits for train, dev and test. 329

To assess cross-domain generalization, we evalu- 330

ate on LibriSpeech (Panayotov et al., 2015) without 331

any additional training. We report results on test- 332

clean and test-other. 333

3.3 Training Protocol 334

We train our system in three stages. All experi- 335

ments are conducted on 4 NVIDIA A100 GPUs. In 336

the first Stage, we train a context-free base model 337

by freezing the Whisper large-v3 encoder and Vi- 338

cuna v1.5-7B, and optimizing only the MLP pro- 339

jector with a standard ASR objective. This stage 340

establishes a reliable alignment between speech 341

and text, which serves as a stable initialization for 342

subsequent contextual training. For this stage, the 343

batch size is set to 6, the learning rate to 1e-4, and 344

the warmup step to 1000. 345

In the second stage, we perform SFT of the 346

Speech-LLMs using paired speech–text data un- 347

der the Utterance-level Contextual ASR setting. 348

During SFT, we replace oracle history with these 349

Whisper hypotheses to expose the model to history 350

noise. Importantly, Whisper is only used offline 351

to construct Teacher Error Knowledge for training; 352

our inference doesn’t require Whisper as an aux- 353

iliary component. To further reduce over-reliance 354

on the history channel, we apply Context Dropout, 355

which randomly masks the provided textual history 356

with probability p = 0.5 (and keeps the rest of 357

the training pipeline unchanged). This regularizer 358

forces the model to remain grounded in acoustic in- 359

formation when the history is missing or unreliable. 360
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In this stage, the batch size is set to 6, the learning361

rate is 1e-4, and the warmup step is 1000.362

In the third stage, we refine the model on a subset363

of challenging examples, termed ’hard negatives’,364

which are identified by decoding the training set365

using the optimal model from Stage 2 and selecting366

instances with a WER exceeding 20%. On this367

specific subset, we conduct a comparative analy-368

sis of two refinement strategies: an additional SFT369

pass and DPO, where the latter utilizes preference370

pairs to explicitly mitigate error propagation un-371

der noisy-history conditions. To implement these372

strategies, we introduce a dedicated LoRA module373

distinct from the previous SFT phase while keeping374

the model backbone frozen. In this stage, for the375

additional SFT, the batch size is 6; for DPO, the376

batch size is 2, the accumulate grad is 16. Both377

strategies use 0 warmup steps and learning rate is378

1e-5.379

3.4 Inference Details380

During the inference phase, we employ beam381

search decoding to balance generation quality and382

diversity. Specifically, we set the beam width to383

4 and the maximum generation length to 200 to-384

kens. To ensure deterministic and reproducible385

evaluation, we disable sampling strategies (set-386

ting do_sample=False, top_p=1.0, and tempera-387

ture=1.0). We also maintain neutral penalty settings388

with both repetition_penalty and length_penalty set389

to 1.0.390

Inference-time LoRA strength adjustment. We391

introduce an explicit inference-time strength factor392

γ to control the contribution of the DPO LoRA393

adapter, while keeping the LoRA rank and scaling394

hyperparameters fixed across training and infer-395

ence.396

LoRA formulation. Let WLLM denote the frozen397

base LLM weights. We attach two LoRA adapters:398

an SFT adapter and a DPO adapter. The resulting399

effective weight matrix used in the forward pass is:400

W = WLLM +
α

r
∆WSFT + γ

α′

r′
∆WDPO (9)401

where ∆WSFT and ∆WDPO are low-rank updates402

(e.g., ∆W = BA) learned in the SFT and DPO403

stages, respectively, and α
r (resp., α′

r′ ) controls the404

magnitude of the injected LoRA features (Hu et al.).405

In our implementation, we use the same rank and406

scaling for both adapters, i.e.,407

r = r′, α = α′ (10)408

specifically, r = 8 and α = 32, so the only addi- 409

tional degree of freedom for the DPO adapter at 410

inference is γ. 411

Training vs. inference. During DPO training, 412

we set γ = 1, so the DPO adapter is applied with 413

its full strength: 414

Wtrain = WLLM +
α

r
∆WSFT +

α

r
∆WDPO (11) 415

At inference, we keep r and α unchanged and in- 416

stead tune γ < 1 to soften the effect of the DPO 417

adapter: 418

Winfer = WLLM+
α

r
∆WSFT+γ

α

r
∆WDPO (12) 419

In our experiments, we set γ = 0.25, which ef- 420

fectively reduces the DPO adapter strength by 4× 421

compared to training, while leaving the learned 422

parameters and all other LoRA hyperparameters 423

intact. 424

Why adjust γ at inference. Empirically, we ob- 425

serve that the DPO-tuned adapter can be overly ag- 426

gressive during decoding, occasionally exhibiting 427

reward over-optimization (i.e., the model exploits 428

preference signals at the expense of coherent and 429

faithful generation) (Gao et al., 2023). Introducing 430

γ provides a simple and stable knob to control the 431

influence of DPO at test time: lowering γ mitigates 432

over-optimization and helps preserve the general- 433

ization and fluency of the underlying base model, 434

while retaining most of the robustness gains from 435

preference alignment. 436

4 Result and Analysis 437

4.1 Main Result 438

We verify the effectiveness of our proposed frame- 439

work on the TED-LIUM 3 dataset. Table 1 presents 440

the WER comparisons between baselines and our 441

proposed methods. To ensure a fair comparison un- 442

der realistic deployment conditions, we primarily 443

focus on the settings where Coninf is hypotheses, 444

meaning the model must rely on predicted history 445

rather than oracle transcripts. 446

Impact of Context and Training Strategies: 447

The comparison with the baseline without context 448

(7.89%) reveals that incorporating context does not 449

inherently guarantee performance improvements; 450

it depends heavily on the training strategy. As 451

shown in Table 1, the configuration with Contrain 452

as Whisper large-v3 generated context without con- 453

text dropout (0 Dropout) yields a WER of 8.15% 454
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N Coninf/Contrain
0 Dropout WER (%)↓ 0.5 Dropout WER (%)↓

TED Test-clean Test-other LS-Ave. TED Test-clean Test-other LS-Ave.
0 - / - 7.89 4.79 9.83 7.310 - - - -

1

GT / GT 5.6 4.49 10.36 7.425 7.89 4.31 9.68 6.995
hyp / GT 5.85 4.54 10.63 7.585 7.47 4.74 9.94 7.340
hyp / Whisper 5.62 4.67 9.46 7.065 7.21 5.37 9.96 7.665

+ DPO 5.69 4.71 9.57 7.140 5.32 4.56 9.38 6.970
+ SFT2 5.76 4.67 9.49 7.080 7.26 5.14 9.30 7.220

2

GT / GT 6.73 4.10 8.36 6.230 5.66 4.10 8.37 6.235
hyp / GT 6.89 4.85 9.88 7.365 5.59 5.15 9.10 7.130
hyp / Whisper 8.15 5.57 12.00 8.785 5.47 5.14 9.50 7.320

+ DPO 5.07 4.87 9.51 7.190 5.17 4.84 9.19 7.015
+ SFT2 6.90 4.55 11.17 7.860 6.10 5.43 9.66 7.545

3

GT / GT 7.35 4.24 8.29 6.265 10.42 4.89 10.36 7.625
hyp / GT 7.05 5.03 10.68 7.855 12.62 5.28 10.93 8.105
hyp / Whisper 10.06 5.36 10.69 8.025 7.87 5.93 10.39 8.160

+ DPO 5.98 5.60 9.96 7.780 5.18 4.73 9.36 7.045
+ SFT2 9.30 5.22 10.49 7.855 8.01 6.11 10.20 8.155

4

GT / GT 8.54 4.26 9.01 6.635 9.22 4.75 10.23 7.490
hyp / GT 7.74 4.87 11.07 7.970 10.87 4.75 10.23 7.490
hyp / Whisper 87.37 4.66 10.81 7.735 7.81 4.75 9.82 7.285

+ DPO 4.93 4.79 9.97 7.380 5.69 4.79 9.25 7.020
+ SFT2 113.95 4.90 11.34 8.120 9.16 4.75 9.83 7.290

5

GT / GT 8.72 5.46 9.49 7.475 9.57 4.90 10.04 7.470
hyp / GT 10.34 5.08 10.76 7.920 8.19 5.36 11.29 8.325
hyp / Whisper 135.57 4.59 10.87 7.730 8.5 4.95 9.33 7.140

+ DPO 5.34 4.67 9.85 7.260 4.96 4.55 9.24 6.895
+ SFT2 72.55 4.90 10.57 7.735 8.51 5.23 9.33 7.280

Table 1: WER comparison on TED-LIUM 3 and out-of-domain Librispeech dataset across different context
window sizes (N ). The column Coninf / Contrain specifies the source of history used during inference and training,
respectively. hyp denotes using the model’s own predictions as history during inference. Regarding training
configuration, GT uses ground-truth history, while Whisper indicates the model was trained using context decoded
by Whisper to simulate historical errors. + DPO and + SFT2 are additional fine-tuning stages applied to the SFT
model.

γ
TED-LIUM 3 (WER %) ↓ LibriSpeech (WER %) ↓

Attacks/o Attacks/w Gap ↓ Test-clean Test-other Ave.
0 5.47 7.93 2.46 5.14 9.50 7.320
0.0625 5.37 7.13 1.76 5.12 9.31 7.215
0.125 5.11 5.76 0.65 5.02 9.53 7.275
0.1875 5.06 5.69 0.63 4.70 9.08 6.890
0.25 5.17 5.63 0.46 4.84 9.19 7.015
0.375 5.55 5.73 0.18 4.85 9.63 7.240
0.5 8.39 8.67 0.28 6.44 12.14 9.290
0.625 53.26 57.15 3.89 27.11 28.96 28.035

Table 2: Impact of DPO LoRA scaling factor (γ) during inference. TED-LIUM 3 Gap denotes the WER degradation
caused by irrelevant context attacks. “Attacks/o" refers to relevant context inference, while “Attacks/w" refers to
irrelevent context randomly selected from the test set.
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at N = 2, which underperforms the context-free455

baseline. This degradation indicates that without456

regularization, the model may overfit to noisy his-457

tory or become overly reliant on it. In contrast, the458

model trained with 0.5 Dropout effectively lever-459

ages the context. Under the same configuration460

(N = 2, Whisper history), it achieves a WER461

of 5.47%, significantly surpassing the No Con-462

text baseline. Consequently, we identify the model463

trained with Whisper large-v3 generated context464

and 0.5 dropout model as our best-performing SFT465

model, which serves as the robust baseline for sub-466

sequent optimization.467

Sensitivity to Regularization and Exposure468

Bias: We analyze how different training data469

sources affect the model’s sensitivity to context470

dropout. As shown in Table 1, the baseline trained471

with ground-truth context (Contrain = GT) exhibits472

an inconsistent preference for dropout rates de-473

pending on the context length. Specifically, for474

N = 1, 3, 4, the model performs better without475

dropout (0 Dropout), whereas for N = 2, 5, it re-476

quires 0.5 Dropout to achieve optimal results. This477

fluctuation suggests that models with Contrain =478

GT are structurally unstable, requiring context-479

length-specific hyperparameter tuning to avoid per-480

formance degradation (e.g., using the wrong 0.5481

Dropout at N = 3 leads to a high WER of 12.62%).482

In contrast, our model using Whisper training con-483

text (Contrain = Whisper) shows a clear and consis-484

tent pattern for sequential tasks. While 0 Dropout485

is preferred for the shortest context (N = 1), for all486

multi-turn scenarios (N ≥ 2), 0.5 Dropout consis-487

tently yields superior performance and is essential488

for stability. Comparing the optimal configurations,489

our method (Contrain = Whisper with 0.5 Dropout)490

achieves the best overall performance at N = 2491

(5.47% vs. GT’s best 5.59%). Furthermore, unlike492

the ground-truth baseline which oscillates between493

needing and rejecting regularization, our method494

provides a reliable strategy (p = 0.5) that ensures495

robustness across varying context lengths, avoid-496

ing the catastrophic failures seen in unregularized497

Whisper models.498

Improvement with DPO: To further suppress499

recognition errors, we refine each SFT checkpoint500

using the “hard negatives” mined by the same501

strategy, comparing additional SFT (SFT2) against502

DPO. Table 1 shows that SFT2 is not a reliable503

refinement strategy: it often provides negligible504

gains and frequently degrades performance (e.g., at505

N = 2 with 0.5 dropout, TED WER increases from506

5.47% to 6.10%). In contrast, DPO consistently 507

improves WER across almost all configurations 508

(9 out of 10), with particularly large gains under 509

longer context windows where error accumulation 510

is more severe (e.g., 7.87%→5.18% at N = 3, 0.5 511

dropout; 8.50%→4.96% at N = 5, 0.5 dropout). 512

We attribute this to the fact that SFT only forces 513

the model to mimic the ground truth, whereas DPO 514

explicitly optimizes the model to prefer the ground 515

truth over its erroneous hypotheses, yielding more 516

stable improvements. 517

4.2 Cross-Domain Generalization 518

To assess out-of-domain generalization, we evalu- 519

ate all models on LibriSpeech (test-clean/test-other) 520

in a zero-shot setting using utterance-level decod- 521

ing, where the inference history is formed by the 522

model’s own hypotheses. As shown in Table 1, 523

SFT with noisy history does not reliably improve 524

cross-domain transfer: the hyp/Whisper SFT model 525

at N=2 with 0.5 dropout achieves 7.32% LS-Ave., 526

which is essentially on par with the no-context base- 527

line (7.31%), and increasing the context window 528

can even degrade performance (e.g., 8.16% at N=3, 529

0.5 dropout). 530

In contrast, DPO consistently improves robust- 531

ness across multiple context window sizes. For 532

example, DPO reduces LS-Ave. from 7.32% to 533

7.015% at N=2 (0.5 dropout), and from 8.16% 534

to 7.045% at N=3 (0.5 dropout). The best out- 535

of-domain result is obtained with N=5 and 0.5 536

dropout, where DPO achieves 6.895% LS-Ave., 537

outperforming both the no-context baseline and 538

the corresponding SFT baselines. This finding 539

suggests that DPO effectively mitigates domain- 540

specific overfitting. By penalizing the repetition 541

of history errors and hallucinations through pref- 542

erence learning, the model learns to better balance 543

contextual cues with acoustic evidence, leading to 544

superior generalization on unseen out-of-domain 545

data. 546

4.3 Impact of DPO Inference Scaling 547

To determine the optimal inference strategy for 548

the DPO module, we analyze the sensitivity of the 549

LoRA scaling factor γ. As shown in Table 2, there 550

is a critical trade-off derived from the DPO sig- 551

nal strength. While γ = 0.1875 yields the best 552

clean accuracy, increasing γ to 0.25 significantly 553

enhances robustness, reducing the performance 554

drop under attack (TED Gap) to 0.46%. This con- 555

firms that a stronger DPO weight helps the model 556
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N Coninf / Contrain
0 Dropout WER (%)↓ 0.5 Dropout WER (%)↓

Attacks/o Attacks/w Gap ↓ Attacks/o Attacks/w Gap ↓

1
hyp / GT 5.85 8.32 2.47 7.47 8.82 1.35
hyp / Whisper 5.62 6.27 0.65 7.21 7.09 -0.12

+ DPO 5.69 5.5 -0.19 5.32 5.23 -0.09

2
hyp / GT 6.89 8.43 1.54 5.59 9.23 3.46
hyp / Whisper 8.15 10.37 2.22 5.47 7.93 2.46

+ DPO 5.07 6.59 1.52 5.17 5.63 0.46

3
hyp / GT 7.05 7.64 0.59 12.62 10.19 -2.43
hyp / Whisper 10.06 11.18 1.12 7.87 9.53 1.66

+ DPO 5.98 6.24 0.26 5.18 5.31 0.13

4
hyp / GT 7.74 9.75 2.01 10.87 13.15 2.28
hyp / Whisper 87.37 8.8 -78.57 7.81 8.82 1.01

+ DPO 4.93 5.44 0.51 5.69 7.58 1.89

5
hyp / GT 10.34 11.83 1.49 8.19 10.41 2.22
hyp / Whisper 135.57 10.74 -124.83 8.5 11.34 2.84

+ DPO 5.34 6.20 0.86 4.96 5.51 0.55

Table 3: Robustness analysis against irrelevant context attacks on TED-LIUM 3. We evaluate model resilience by
replacing the historical context with randomly sampled irrelevant context.

reject misleading context. However, excessive scal-557

ing (γ > 0.375) causes reward over-optimization.558

We therefore select γ = 0.25 to prioritize stability559

and error suppression.560

4.4 Robustness to Irrelevant Context561

To verify whether the model genuinely compre-562

hends the contextual information, we conduct a563

robustness attack test. In this experiment, we re-564

place the ground-truth history with semantically565

irrelevant context randomly sampled from the TED566

dataset during inference. A robust contextual ASR567

model should be able to identify the irrelevance568

of the context and back off to the acoustic signal,569

thereby minimizing performance degradation.570

We compare the performance degradation of571

the proposed method against the standard oracle-572

trained baseline. As reported in Table 3, the DPO573

optimized model exhibits remarkable resilience.574

Across all context window sizes (N = [1, 5]) and575

both dropout settings (0 and 0.5), although the576

degradation gap (Attacks/w − Attacks/o) of DPO577

is not always the smallest, the DPO refined model578

consistently achieves the lowest attacked WER.579

Overall, these results suggest that incorporating580

noisy teacher history and context dropout, together581

with DPO refinement, helps suppress performance582

degradation when the provided history is unreli-583

able.584

4.5 Data Selection and Inference Scaling for 585

DPO 586

We conducted an ablation study on the WER selec- 587

tion threshold (based on the N = 2, 0.5 dropout 588

SFT model). As shown in Table 4 in Appendix 589

A, our method is remarkably robust to data strict- 590

ness, yielding consistent gains across all thresholds 591

without requiring precise tuning. Furthermore, the 592

optimal inference scaling γ remains stable in all 593

of these configurations, consistent with Sec. 4.3. 594

This shows that the optimal inference strategy is ef- 595

fectively decoupled from the data curation process, 596

significantly simplifying deployment. 597

5 Conclusion 598

In this work, we address contextual exposure bias 599

in Speech-LLMs by proposing a unified training 600

framework that integrates Teacher Error Knowl- 601

edge, context dropout, and DPO. We demonstrate 602

that training with Teacher Error Knowledge ef- 603

fectively bridges the train-test gap, significantly 604

outperforming oracle-trained baselines. Crucially, 605

context dropout proves to be a decisive factor for 606

stability; it prevents the model from over-relying 607

on textual history. Furthermore, DPO explicitly 608

suppresses error propagation, yielding superior in- 609

domain performance and robust cross-domain gen- 610

eralization. Collectively, our approach establishes 611

a reliable paradigm for long-form ASR under real- 612

istic, imperfect conditions. 613
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Limitations614

While our proposed framework effectively miti-615

gates contextual exposure bias and enhances robust-616

ness in Speech-LLMs, several limitations remain617

to be addressed in future work.618

First, Multi-Speaker Overlap. Our current ex-619

perimental setup assumes sequential, turn-based620

speech (as found in TED-LIUM 3 and Lib-621

riSpeech). We have not evaluated the model’s622

performance in scenarios involving overlapping623

speech or "cocktail party" environments. Since624

Speech-LLMs process audio as a single sequence,625

handling simultaneous speakers with heavy overlap626

likely requires specialized architectural modifica-627

tions or data curation strategies that are beyond the628

scope of this work.629

Second, Limited Diversity of Teacher Error630

Sources. Although Teacher Error Knowledge is631

a model-agnostic concept that can, in principle, be632

instantiated with hypotheses from arbitrary ASR633

systems, our current implementation relies on a634

single teacher model (Whisper large-v3) to gener-635

ate erroneous contextual knowledge. Consequently,636

the simulated errors exposed during training are bi-637

ased toward the error characteristics of this teacher,638

and may not exhaustively represent the diverse fail-639

ure modes of Speech-LLMs or the wide range of640

acoustic distortions encountered in unconstrained641

environments.642
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WER (%) Threshold γ
TED-LIUM 3 (WER %) ↓ LibriSpeech (WER %) ↓

Attacks/o Attacks/w Gap ↓ Test-clean Test-other Ave.

5

0 5.47 7.93 2.46 5.14 9.50 7.320
0.0625 5.40 7.02 1.62 5.11 9.32 7.215
0.125 5.43 7.34 1.91 5.18 9.41 7.295
0.1875 5.04 6.76 1.72 5.09 9.70 7.395
0.25 5.23 5.99 0.76 5.18 9.51 7.345
0.375 6.21 6.42 0.21 5.49 10.19 7.840
0.5 9.18 9.63 0.45 8.58 14.65 11.615
0.625 50.40 50.97 0.57 69.98 70.66 70.320

10

0 5.47 7.93 2.46 5.14 9.50 7.320
0.0625 5.40 7.10 1.70 5.11 9.30 7.205
0.125 5.32 6.91 1.59 5.19 9.61 7.400
0.1875 5.04 6.63 1.59 5.04 9.67 7.355
0.25 5.27 6.00 0.73 4.62 9.50 7.060
0.375 6.29 6.38 0.09 5.06 10.22 7.640
0.5 10.22 10.87 0.65 8.65 14.96 11.805
0.625 85.55 89.97 4.42 88.93 85.49 87.210

15

0 5.47 7.93 2.46 5.14 9.50 7.320
0.0625 5.40 7.43 2.03 5.12 9.30 7.210
0.125 5.15 6.63 1.48 5.21 9.58 7.395
0.1875 5.12 5.91 0.79 4.98 9.46 7.220
0.25 5.07 5.67 0.60 4.77 9.27 7.020
0.375 5.79 6.14 0.35 5.04 9.84 7.440
0.5 8.27 8.84 0.57 6.99 12.89 9.940
0.625 33.58 35.59 2.01 22.72 27.96 25.340

20

0 5.47 7.93 2.46 5.14 9.50 7.320
0.0625 5.37 7.13 1.76 5.12 9.31 7.215
0.125 5.11 5.76 0.65 5.02 9.53 7.275
0.1875 5.06 5.69 0.63 4.70 9.08 6.890
0.25 5.17 5.63 0.46 4.84 9.19 7.015
0.375 5.55 5.73 0.18 4.85 9.63 7.240
0.5 8.39 8.67 0.28 6.44 12.14 9.290
0.625 53.26 57.15 3.89 27.11 28.96 28.035

25

0 5.47 7.93 2.46 5.14 9.50 7.320
0.0625 5.39 7.40 2.01 5.13 9.33 7.230
0.125 5.28 6.00 0.72 5.21 9.57 7.390
0.1875 5.08 5.68 0.60 4.70 9.18 6.940
0.25 5.28 5.34 0.06 4.84 9.33 7.085
0.375 5.74 6.04 0.30 5.12 10.01 7.565
0.5 10.26 10.50 0.24 8.25 14.64 11.445
0.625 31.01 30.48 -0.53 28.03 35.84 31.935

30

0 5.47 7.93 2.46 5.14 9.50 7.320
0.0625 5.32 7.38 2.06 5.14 9.28 7.210
0.125 5.12 6.06 0.94 5.14 9.48 7.310
0.1875 5.00 5.51 0.51 4.70 9.54 7.120
0.25 4.97 5.39 0.42 4.74 9.28 7.010
0.375 4.97 5.20 0.23 4.83 9.33 7.080
0.5 5.49 5.78 0.29 5.11 10.00 7.555
0.625 8.77 9.11 0.34 8.16 14.73 11.445

Table 4: Impact of Hard Negatives threshold and DPO LoRA scaling factor (γ) during inference. TED-LIUM 3 Gap
denotes the WER degradation caused by irrelevant context attacks.

12


	Introduction
	Method
	Utterance-level Contextual ASR
	Model Architecture
	Training Methodology
	Teacher Error Knowledge
	Context Dropout
	Preference Optimization on Hard Negatives with DPO


	Experiment Setup
	Models and Modules
	Datasets
	Training Protocol
	Inference Details

	Result and Analysis
	Main Result
	Cross-Domain Generalization
	Impact of DPO Inference Scaling
	Robustness to Irrelevant Context
	Data Selection and Inference Scaling for DPO

	Conclusion
	Data Selection and Inference Scaling for DPO

