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Abstract001

Hallucinations—generating responses incon-002
sistent with the visual input—remain a criti-003
cal limitation of large vision-language models004
(LVLMs), especially in open-ended tasks such005
as image captioning and visual reasoning. In006
this work, we probe the layer-wise generation007
dynamics that drive hallucinations and propose008
a training-free mitigation strategy. Employing009
the Logit Lens, we examine how LVLMs con-010
struct next-token distributions across decoder011
layers, uncovering a pronounced commitment-012
depth gap: truthful tokens accumulate prob-013
ability mass on their final candidates earlier014
than hallucinatory ones. Drawing on this dis-015
covery, we introduce Context Embedding In-016
jection (CEI), a lightweight method that har-017
nesses the hidden state of the last input to-018
ken—the context embedding—as a ground-019
ing signal to maintain visual fidelity through-020
out decoding and curb hallucinations. Eval-021
uated on the CHAIR, AMBER, and MMHal-022
Bench benchmarks (with a maximum token023
length of 512), CEI outperforms state-of-the-024
art baselines across three LVLMs, with its dy-025
namic variant yielding the lowest overall hal-026
lucination rates. By integrating novel mech-027
anistic insights with a scalable intervention,028
this work advances the mitigation of halluci-029
nations in LVLMs. Data and code are available030
at https://anonymous.4open.science/r/031
CEI-HallucinationMitigation-2026/.032

1 Introduction033

Large vision–language models (LVLMs) (Bai et al.,034

2023; Chen et al., 2023b; Liu et al., 2023; Chen035

et al., 2024; Dai et al., 2023; Ye et al., 2024)036

have rapidly advanced general-purpose multimodal037

understanding by pairing strong vision encoders038

(e.g., CLIP (Radford et al., 2021)) with large039

language models (e.g., LLaMA (Touvron et al.,040

2023)). They excel at image captioning, visual041

question answering, and medical report genera-042

tion (Chen et al., 2023a; Wu et al., 2023; Hart-043

sock and Rasool, 2024). Recent systems further 044

scale in capability and robustness across diverse 045

image resolutions and inputs, expanding their ap- 046

plication (Wang et al., 2024b; Liu et al., 2024b). In 047

spite of these strengths, LVLMs remain suscepti- 048

ble to hallucination—producing text that deviates 049

from the image—undermining reliability in applica- 050

tions that demand factuality and faithfulness, such 051

as autonomous driving and medical report genera- 052

tion (Keskar et al.; Hartsock and Rasool, 2024). 053

Extensive research has sought to analyze hallu- 054

cinations in LVLMs. Prior work attributes them to 055

interacting factors, with analyses predominantly fo- 056

cusing on attention mechanisms. Studies highlight 057

biased cross-attention to a few image patches (Woo 058

et al., 2024; Zhu et al., 2025), attention drift during 059

long generations (Fazli et al., 2025; Zhou et al., 060

2024), and attention aggregation patterns such as 061

“anchor/summary” tokens (Huang et al.; Zhang 062

et al., 2024) as key contributors. Despite these 063

findings, the layer-wise progression of token pre- 064

diction—how models accrue probability mass on 065

their final decision set—remains unexplored. 066

Meanwhile, various mitigation strategies have 067

been proposed, including data optimization (e.g., 068

negative samples), architectural enhancements 069

(e.g., improved alignment modules), and decoding 070

optimizations (e.g., contrastive schemes) (Huang 071

et al., 2025). Inference-time interventions, such 072

as contrastive decoding (Leng et al., 2023; Favero 073

et al., 2024; Zhu et al., 2024) and attention cali- 074

bration (Fazli et al., 2025; Liu et al., 2024c), have 075

gained traction for their low cost and generaliz- 076

ability. However, these methods often achieve in- 077

consistent performance in open-ended generative 078

scenarios, such as image captioning with perfor- 079

mance degrading as sequence length increases due 080

to accumulated errors and drift from visual ground- 081

ing (Fazli et al., 2025). 082

To address these gaps, instead of characterizing 083

hallucinations via post-hoc cues such as raw atten- 084
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tion maps or dataset-level correlations, we apply085

Logit Lens (nostalgebraist, 2020)—a mechanistic086

interpretability technique—to directly track how087

token preferences form across decoder layers dur-088

ing decoding. This analysis unveils a profound089

commitment-depth gap: truthful tokens stabilize090

probability mass on their final candidates earlier091

across decoder layers than hallucinatory ones, of-092

fering mechanistic insights into the roots of hal-093

lucination in LVLMs. Building on this discovery,094

we introduce Context Embedding Injection (CEI),095

a novel model-agnostic, training-free method that096

continually aligns the hidden states of generated097

tokens with a visual grounding signal—the context098

embedding—extracted from the initial input pro-099

cessing, thereby sustaining fidelity in open-ended100

generation. Our contributions are threefold:101

• An empirical analysis, via the Logit Lens,102

demonstrating that truthful tokens consolidate103

predictions earlier across decoder layers than104

hallucinatory ones.105

• A novel mitigation method, Context Embed-106

ding Injection (CEI), for sustained visual107

alignment in open-ended generation.108

• Consistent improvements over baselines on109

generative hallucination benchmarks such110

as CHAIR, AMBER, and MMHal-Bench111

(GPT4-evaluated).112

2 Related Work113

2.1 Large Vision-Language Models114

Large vision-language models (LVLMs) extend115

LLMs with visual inputs via a vision encoder (e.g.,116

CLIP (Radford et al., 2021), ViT (Dosovitskiy et al.,117

2021)), an alignment module (e.g., linear projec-118

tion (Liu et al., 2023, 2024b) or Q-former (Dai119

et al., 2023; Zhu et al., 2023)), and an autoregres-120

sive LLM backbone (e.g., LLaMA (Touvron et al.,121

2023), Vicuna (Zheng et al., 2023)). Recent fami-122

lies (Liu et al., 2024b; Wang et al., 2024b; Ye et al.,123

2024) scale data/model size and improve visual to-124

kenization and positional fusion (e.g., multi-scale125

inputs and M-RoPE (Liu et al., 2024b; Wang et al.,126

2024b)), yielding broad gains across captioning127

and VQA. Despite these advances, LVLMs remain128

prone to hallucination, limiting reliability in safety-129

critical settings (Bai et al., 2025).130

2.2 Hallucination Mitigation in LVLMs 131

LVLM hallucinations are outputs that deviate from 132

the image (e.g., fabricated objects/attributes/rela- 133

tions), commonly linked to linguistic priors, dataset 134

bias, and modality misalignment (Bai et al., 2025; 135

Li et al., 2023b; Liu et al., 2024a). Existing mit- 136

igation methods span fine-tuning (Gunjal et al., 137

2024; Jiang et al., 2024; Kim et al., 2023), post- 138

hoc correction (Yin et al., 2023; Zhou et al., 2024), 139

and decoding-time approaches (Leng et al., 2023; 140

Huang et al., 2024; Suo et al., 2025; Fazli et al., 141

2025; An et al., 2025; Yang et al., 2025). Decoding- 142

time methods are especially attractive since they 143

require no retraining; prominent examples include 144

contrastive decoding variants that compare origi- 145

nal vs. perturbed inputs to promote visual ground- 146

ing (e.g., VCD (Leng et al., 2023), M3ID (Favero 147

et al., 2024), IBD (Zhu et al., 2024)) as well as 148

attention-centric calibration of cross-modal interac- 149

tions (e.g., AGLA (An et al., 2025), CAAC (Fazli 150

et al., 2025)). In contrast, our method intervenes 151

in the embedding space, continually aligning token 152

representations with a visual grounding signal. For 153

a more comprehensive discussion of related work 154

and additional references, see Appendix D. 155

3 Preliminary Insights 156

To effectively mitigate hallucinations in large 157

vision-language models (LVLMs), a nuanced un- 158

derstanding of the underlying generation dynamics 159

is essential. A key question is: what internal sig- 160

nals and structural patterns distinguish truthful 161

generations from hallucinatory ones? Motivated 162

by recent advances in mechanistic interpretability, 163

we apply targeted mechanistic probes to decoder 164

layers to address this question, revealing the inter- 165

nal signals responsible for divergence from visual 166

information. In Section 3.1, we identify a reusable 167

grounding signal embedded in the initial decoding 168

step, and in Section 3.2, we uncover a systematic 169

commitment-depth gap between truthful and hallu- 170

cinatory tokens—insights that directly inform our 171

subsequent intervention strategy. 172

3.1 Initial Decoding Step as a Grounding 173

Signal 174

We hypothesize that the hidden state of the last in- 175

put token—the context embedding—encodes query- 176

aligned visual information, steering the logit distri- 177

bution of the first generated token toward image- 178

grounded content while serving as a reusable an- 179
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Figure 1: Context embedding semantic alignment.
Box plot of centered cosine similarities cos(c̃, w̃) be-
tween the centered context embedding c̃ and centered
target token embedding w̃. Blue and orange boxes de-
note truthful and hallucinatory tokens respectively.

chor to sustain visual fidelity throughout decoding.180

To test this, we evaluate the semantic alignment181

between the context embedding and target tokens182

using the generative captioning split of the AM-183

BER dataset (Wang et al., 2024a), which provides184

annotations for truthful and hallucinatory objects.185

Using InstructBLIP (Dai et al., 2023), we gener-186

ate captions, extract target tokens, and compute187

centered cosine similarities cos(c̃, w̃) between the188

centered context embedding c̃ and centered token189

embeddings w̃ (following Muennighoff et al., 2023190

to account for anisotropy).191

As shown in Figure 1, truthful tokens exhibit192

significantly higher mean cosine similarities than193

hallucinatory ones (95% CI excluding zero), con-194

firming the context embedding’s inclination toward195

grounded content. This aligns with Zhao et al.196

(2024), who leverage first-token hidden states for197

detecting hallucinations via lightweight probes. To-198

gether, these findings indicate that the context em-199

bedding is intrinsically more semantically aligned200

with visually supported tokens than with halluci-201

nated ones.202

3.2 Layer-wise Commitment in Truthful vs.203

Hallucinatory Tokens204

Prior research has shown that language models de-205

termine function words within mid-layers, main-206

taining stable predictions thereafter, while content207

words involve ongoing adjustments in later lay-208

ers (Zhu et al., 2024). Motivated by this, we ask if209

a similar disparity in commitment depth underlies210

the generation of truthful and hallucinatory tokens.211

Specifically, we investigate if truthful tokens accrue212

probability mass on their final decision set earlier213

than hallucinatory ones.214

Similar to the experimental pipeline from Sec-215

tion 3.1—which leverages the AMBER generative216

split (Wang et al., 2024a) for caption generation217

(a) (b)

Figure 2: Layer-wise commitment curves. Top-K
probability mass, MK(ℓ), of truthful (blue) and halluci-
natory (red) tokens across decoder layers, with shaded
bands indicating one standard deviation: (a) Instruct-
BLIP and (b) LLaVA-1.5.

(a) (b)

Figure 3: Average confidence in decision set. His-
togram of mean top-K probability mass, M̄K , of truth-
ful (blue) and hallucinatory (red) tokens for (a) Instruct-
BLIP and (b) LLaVA-1.5 (K = 40).

and target token identification—we perform, for 218

each truthful or hallucinatory token, a forward pass 219

on the prefix up to each target token to extract inter- 220

mediate hidden states hℓ at layer ℓ. We then apply 221

the Logit Lens (nostalgebraist, 2020) to map these 222

states to vocabulary distributions pℓ = σ(hℓE
⊤), 223

where E is the embedding matrix. 224

Let SK be the final decision set defined as top-K 225

tokens under the distribution pL. The layer-wise 226

top-K probability mass is defined as: 227

MK(ℓ) =
∑

w∈SK

pℓ(w), (1) 228

which measures how much probability layer ℓ as- 229

signs to the final decision set. To quantify the over- 230

all confidence of the model on the final decision set, 231

we compute the layer-wise average top-K mass: 232

M̄K =
1

L

L∑
ℓ=1

MK(ℓ). (2) 233

Across InstructBLIP (Dai et al., 2023), 234

LLaVA (Liu et al., 2023), and LLaVA-NeXT (Liu 235

et al., 2024b), truthful tokens show earlier 236

commitment (higher MK(ℓ) in mid-to-late layers, 237

ℓ ≈ 20–30; see Figure 2), with robust separation 238

for K ∈ [20, 80] (Appendix B). 239
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Furthermore, the distributions of mean top-K240

mass M̄K differ markedly between truthful and241

hallucinatory tokens (Figure 3): hallucinatory ones242

exhibit lower values, signaling delayed probabil-243

ity consolidation on final candidates, while truth-244

ful tokens accrue confidence earlier across layers,245

yielding stronger, more stable commitments.246

Truthful tokens commit earlier and accrue
higher cumulative confidence on their final
decision set, revealing a clear commitment-
depth gap between truthful and hallucina-
tory generations.

247

4 Proposed Method248

We propose CEI, a training-free decoding interven-249

tion that reuses the context embedding to maintain250

outputs visually grounded (Figure 4). CEI extracts251

an image-conditioned context embedding before252

generation and re-injects it into the decoder dur-253

ing autoregressive decoding to anchor token pre-254

dictions to the original visual input. Section 4.1255

fixes the inference notation; Section 4.2 introduces256

Static CEI, which injects this fixed context into257

the last-input hidden state at a chosen layer with a258

constant weight α. Section 4.3 presents Dynamic259

CEI, where α is modified per token from M̄K when260

commitment is weak.261

4.1 Inference in Large Vision-Language262

Models263

The inference process in LVLMs comprises two264

main stages: input preparation and text generation.265

These stages facilitate autoregressive text genera-266

tion conditioned on multimodal inputs.267

Input preparation. The processor module trans-268

forms the raw inputs into a unified embedding269

space suitable for the autoregressive language de-270

coder.271

A vision encoder Ev extracts features from the272

input image I , which are then projected into the273

textual embedding space via an alignment mod-274

ule (e.g., linear projection or Q-former) to yield275

visual tokens V = [v1, . . . , vNv ] ∈ RNv×d, where276

d is the embedding dimension. The text tokenizer277

Et embeds the input sequence q = [P ; y<t] =278

[q1, . . . , qNq ], where P is the prompt and y<t279

are previously generated tokens, producing Q =280

Et(q) ∈ RNq×d.281

The multimodal input is then formed by concate-282

nation: 283

X = [V ;Q] ∈ R(Nv+Nq)×d. (3) 284

Text generation. The decoder, with L layers, 285

processes X autoregressively. At step t, hidden 286

states evolve as H(ℓ) = f (ℓ)(H(ℓ−1)) where ℓ = 287

1, . . . , L, f (ℓ) being the ℓ-th transformer layer, and 288

H(0) = X . The final hidden state at the last posi- 289

tion, h(L)t ∈ Rd, aggregates contextual information 290

from the entire sequence for predicting the next to- 291

ken. This state is projected back to the vocabulary 292

space via the unembedding matrix E⊤ ∈ Rd×|V|: 293

to yield logits: 294

zt = h
(L)
t E⊤, (4) 295

followed by a softmax results in a probability dis- 296

tribution over the vocabulary V: 297

pθ(yt | x, p, y<t) = softmax(zt). (5) 298

A decoding strategy (e.g., greedy selection, nu- 299

cleus sampling, or beam search) selects the next 300

token ŷt, which is appended to the sequence for the 301

subsequent iteration. This autoregressive process 302

continues until a termination criterion is met. 303

4.2 Static Context Embedding Injection 304

Building on the insights from Section 3.1, we 305

propose Context Embedding Injection (CEI), a 306

training-free method to enhance visual grounding 307

in LVLMs during autoregressive generation. We 308

define context embedding as the hidden state at 309

the last prompt token in the final decoder layer, 310

which directly yields the logits for the first gener- 311

ated token. This representation preserves the full 312

information of the initial logit distribution while be- 313

ing amenable to blending with subsequent hidden 314

states. CEI leverages context embedding in subse- 315

quent decoding steps to reinforce visual alignment 316

throughout the generation process. 317

Let the prompt be tokenized into Np tokens. 318

The multimodal input for the initial forward pass 319

(before generation) is then X0 = [V ;P ] ∈ 320

R(Nv+Np)×d. Prior to generation, we perform an 321

initial forward pass on the multimodal input X 322

to extract the context embedding c from the last 323

decoder layer at the last input position Q: 324

c = h
(L)
Nv+Np

. (6) 325

During decoding, we inject this fixed signal at a 326

chosen layer ℓinj ∈ 1, . . . , L using a constant mix- 327

ing weight α ∈ [0, 1]. For each step t, 328

h̃
(ℓinj)
t = (1− α)h

(ℓinj)
t + α c. (7) 329
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Figure 4: CEI overview. An initial forward pass over the image–prompt input extracts a fixed context embedding c
from the final decoder layer at the last prompt position (top). During autoregressive decoding, this pre-computed
signal is injected at a chosen decoder layer via a weighted average mechanism, guiding generation toward the
original image-conditioned context and improving visual grounding (bottom). Blue, green, and brown squares
denote the embeddings of image tokens, prompt tokens, and previously generated tokens, respectively.

The blended hidden state h̃
(ℓinj)
t is thereby aligned330

more closely with the context embedding. This331

alignment propagates through subsequent layers,332

influencing the next-token distribution and promot-333

ing fidelity to the input image. Static CEI computes334

c once (before decoding) and applies uniform injec-335

tion across all tokens, incurring only a lightweight336

vector blending operation without requiring addi-337

tional training. The hyperparameters α and ℓinj are338

tuned for each LVLM.339

While Static CEI effectively reinforces visual340

grounding, it applies a uniform injection across all341

decoding steps. In practice, however, not all tokens342

are equally image-dependent: function tokens pri-343

marily support linguistic fluency, whereas content344

tokens (e.g., objects, attributes, actions) are more345

tightly coupled to the visual input. This mismatch346

motivates a dynamic formulation that adapts the347

injection strength at the token level.348

4.3 Dynamic Context Embedding Injection349

The analysis in Section 3.2 reveals that hallucina-350

tory tokens exhibit lower mean top-K probability351

mass M̄K compared to truthful ones, indicating352

delayed commitment and a higher risk of deviation353

from visual grounding. We leverage this signal to354

extend static CEI by dynamically modulating the355

injection weight αt per generation step t.356

At each step t, we first compute M̄K via a probe357

forward pass as explained in Section 3.2. We then358

map it to αt using a half-cosine schedule: 359

αt = min(αmax cos(
π

2
.
M̄K

β
), 0). (8) 360

This schedule ensures low M̄K values that signal 361

high hallucination risk, enforce stronger injection 362

(higher α) for better alignment. While risk de- 363

creases rapidly as M̄K rises; β also indicates the 364

cutoff where injection tapers off. The blended hid- 365

den state is then formed as in static CEI, but with 366

the adaptive αt: 367

h̃
(ℓinj)
t = (1− αt)h

(ℓinj)
t + αt c. (9) 368

A second forward pass is subsequently performed 369

with the adjusted injection weight to predict the 370

next token. Dynamic CEI thus adapts the injection 371

online based on generation dynamics, enhancing 372

robustness without requiring additional training. 373

5 Experiments and Results 374

5.1 Experimental Setup 375

Models. Following the experimental protocols 376

used in recent works on LVLM hallucination, we 377

evaluate the proposed CEI method on three widely 378

used 7B-parameter LVLMs: InstructBLIP (Dai 379

et al., 2023), LLaVA-1.5 (Liu et al., 2023), and 380

LLaVA-NeXT (Liu et al., 2024b). The CEI frame- 381

work is designed to be model-agnostic, enabling 382

integration with diverse LVLMs. Detailed experi- 383

mental configurations and implementation specifics 384

are provided in Appendix A. 385
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Benchmarks. We focus on generative bench-386

marks that assess faithfulness in open-ended gener-387

ation. Specifically, we adopt the CHAIR (Rohrbach388

et al., 2018), AMBER (Wang et al., 2024a), and389

MMHal-Bench (Sun et al., 2023) benchmarks. We390

set the maximum number of new tokens to 512 for391

all benchmarks to allow uninterrupted, free-form392

generations, as hallucinations often occur in the393

later stages of decoding.394

Metrics. For CHAIR, we report CHAIRi and395

CHAIRs, which quantify object hallucinations at396

the instance and sentence levels, respectively. For397

AMBER, we report CHAIR and HAL, which mea-398

sure hallucination frequency and response-level399

occurrence, along with COVER, which evalu-400

ates completeness and informativeness. Lower401

CHAIR/HAL and higher COVER indicate bet-402

ter grounding. For MMHal-Bench, we report Score403

and HalRate which measure the quality of the re-404

sponses and hallucination rates.405

Baselines. We compare CEI against five training-406

free hallucination mitigation techniques. Con-407

trastive decoding methods include VCD (Leng408

et al., 2023), AvisC (Woo et al., 2024), and409

M3ID (Favero et al., 2024), which leverage con-410

trastive strategies, alongside OPERA (Huang et al.),411

a beam-search variant penalizing overconfident to-412

kens for visual grounding, and CAAC (Fazli et al.,413

2025), an attention-calibration approach.414

Implementation Details. Baseline hyperparam-415

eters follow settings from their original publica-416

tions for consistency. For CEI, the critical hy-417

perparameters of dynamic CEI, αmax and β, gov-418

ern the mapping from M̄K to α, and are tuned419

per LVLM, yielding αmax = 0.4, 0.25, 0.17 and420

β = 0.7, 0.55, 0.35 for InstructBLIP, LLaVA-1.5,421

and LLaVA-NeXT, respectively. The injection422

layer is fixed at 10, as experimental analysis in-423

dicated that layers 10–15 yield the most substantial424

improvements in faithfulness. More implementa-425

tion details in Appendix A. Data and code can be426

found at https://anonymous.4open.science/427

r/CEI-HallucinationMitigation-2026/.428

5.2 Evaluation Results429

CHAIR. The Caption Hallucination Assess-430

ment with Image Relevance (CHAIR) bench-431

mark (Rohrbach et al., 2018) quantifies object432

hallucinations in image captioning by comparing433

objects mentioned in generated captions against434

ground-truth annotations from the MSCOCO 2014 435

dataset (Lin et al., 2015). We report two standard 436

metrics: CHAIRi, the proportion of hallucinated 437

objects among all mentioned objects, and CHAIRs, 438

the fraction of captions containing at least one hal- 439

lucinated object, with lower values indicating su- 440

perior performance. Following established proto- 441

cols (Huang et al.), we evaluate on 500 randomly 442

selected images from the MSCOCO validation set, 443

prompting models with “Please describe this im- 444

age in detail.” To capture hallucinations that often 445

emerge in extended sequences, we set the maxi- 446

mum new tokens to 512, allowing uninterrupted 447

generation. 448

As summarized in table 1, both Static CEI 449

and Dynamic CEI reduce object hallucination on 450

CHAIRi and CHAIRs for nearly all metrics com- 451

paring to the baseline methods while Dynamic CEI 452

attains the lowest average CHAIR across mod- 453

els. The overall improvements of Dynamic over 454

Static CEI align with its risk-aware adaptation, 455

which adjusts intervention the commitment depth. 456

Overall, these results indicate that reusing the pre- 457

generation context to steer decoding is effective for 458

curbing object hallucinations in image captioning. 459

AMBER. AMBER (Wang et al., 2024a) provides 460

an LLM-free evaluation of LVLM hallucination. 461

We use its generative split, where models pro- 462

duce free-form descriptions scored by three met- 463

rics: CHAIR (frequency of objects mentioned but 464

not present), HAL (fraction of responses contain- 465

ing any hallucination across objects/attributes/rela- 466

tions), and COVER (fraction of image-grounded 467

objects that are mentioned). Lower CHAIR/HAL 468

and higher COVER indicate better faithfulness 469

and completeness. We adopt the official prompts 470

and scoring and set max new tokens to 512 to allow 471

uninterrupted generations. 472

Table 2 reports results on AMBER’s genera- 473

tive task. As shown, Dynamic CEI consistently 474

achieves the lowest hallucination rates across mod- 475

els, outperforming all baseline methods on both 476

CHAIR and HAL while maintaining a compara- 477

ble COVER score, indicating improved faithful- 478

ness without sacrificing completeness. Despite its 479

simplicity, Static CEI also surpasses most baselines 480

and performs comparably with CAAC, the strongest 481

attention-based mitigation method. In contrast, con- 482

trastive decoding approaches such as VCD and 483

M3ID attain higher COVER values—reflecting 484

broader descriptive coverage—but exhibit substan- 485
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Table 1: Performance on CHAIR Benchmark

Method LLaVA-1.5 InstructBLIP LLaVA-NeXT
Cs↓ Ci↓ Cs↓ Ci↓ Cs↓ Ci↓

base 55.2 17.6 55.6 16.6 33.0 9.4
+ OPERA 44.6 12.8 46.4 14.2 39.4 11.8
+ VCD 57.8 16.3 60.8 17.9 41.6 9.9
+ AvisC 60.4 17.2 71.0 20.1 34.8 9.3
+ M3ID 56.2 16.4 72.8 21.1 42.0 12.4
+ CAAC 39.2 10.4 37.4 10.8 30.6 8.1

+ Stat. CEI 35.2 13.8 32.4 8.5 26.0 7.6
+ Dyn. CEI 34.0 10.9 32.2 8.7 26.4 7.3

Table 2: Performance on AMBER Benchmark Across
Different LVLMs

CHAIR↓ HAL↓ COVER↑

InstructBLIP 12.8 53.5 52.7
+ OPERA 9.7 40.5 51.2
+ VCD 10.8 46.6 53.4
+ M3ID 10.4 47.3 51.7
+ AvisC 10.1 46.8 51.2
+ CAAC 7.0 30.9 51.9

+ Stat. CEI 6.1 31.7 53.4
+ Dyn. CEI 5.6 30 51.9

LLaVA-1.5 11.3 48.1 50.4
+ OPERA 7.3 29.5 47.5
+ VCD 8.2 37.3 51.9
+ M3ID 7.2 41.4 57.3
+ AvisC 11.0 48.0 52.5
+ CAAC 6.0 25.0 48.7

+ Stat. CEI 6.4 27.3 48.6
+ Dyn. CEI 5.9 25.0 48.1

LLaVA-NeXT 9.3 51.3 60.6
+ OPERA - - -
+ VCD 10.5 57.2 63.5
+ M3ID 12.4 59.8 61.4
+ AvisC 9.2 50.4 61.1
+ CAAC 8.8 47.5 60.5

+ Stat. CEI 10.0 47.4 57.8
+ Dyn. CEI 8.6 46.6 60.4

tially elevated hallucination rates, undermining486

their overall reliability. These results demonstrate487

that CEI offers a balanced and robust mitigation488

strategy for open-ended generation tasks.489

MMHal-Bench MMHal-Bench (Sun et al.,490

2023) targets hallucination in multimodal queries491

through 96 adversarially designed image-question492

pairs spanning 8 categories (e.g., object attributes,493

counting, spatial relations, adversarial objects) and494

12 COCO meta-categories. Questions elicit de-495

tailed responses, evaluated via GPT-4 (augmented496

with image annotations and human-generated an-497

swers for text-only API compatibility), which498

rates for hallucinations with 94% human agree-499

ment. GPT-4 scores the responses according500

to hallucination-level and informativeness. This501

judge-based protocol enables nuanced assessment502

Table 3: Performance comparison on MMHal-Bench
(GPT4-evaluated) across different LVLMs. Scores
(Sc ↑) and Hallucination Rates (HR ↓) are reported for
InstructBLIP, LLaVA-1.5, and LLaVA-NeXT.

InstructBLIP LLaVA-1.5 LLaVA-NeXT
Method Sc↑ HR↓ Sc↑ HR↓ Sc↑ HR↓

base 1.84 0.64 1.59 0.72 3.08 0.47
+ OPERA 2.10 0.58 2.41 0.57 – –
+ VCD 1.75 0.64 1.96 0.64 2.82 0.57
+ M3ID 1.70 0.65 2.14 0.61 2.83 0.57
+ AvisC 2.03 0.59 2.19 0.59 3.07 0.48
+ CAAC 2.25 0.64 1.67 0.64 2.92 0.53

+ Stat. CEI 2.16 0.57 2.46 0.56 3.10 0.49
+ Dyn. CEI 2.21 0.57 2.42 0.57 3.07 0.47

across diverse error types, at the cost of an addi- 503

tional model in the loop. 504

As shown in Table 3, across the three LVLMs 505

evaluated on MMHal-Bench, the proposed dy- 506

namic CEI consistently achieves the lowest hal- 507

lucination rates, outperforming all baselines. This 508

reduction in hallucinations is accompanied by com- 509

petitive informativeness scores, yielding the high- 510

est overall performance in terms of balanced hallu- 511

cination mitigation and response quality. Notably, 512

static CEI ranks as the second-best method overall, 513

demonstrating robust gains over prior techniques 514

while highlighting the incremental benefits of dy- 515

namic adaptation in context embedding injection. 516

5.3 Hyperparameter Study 517

We analyze the influence of the scheduler and the 518

two key parameters, α and β, on hallucination re- 519

duction. 520

Figure 7a compares our half-cosine mapping 521

against a linear alternative. The half-cosine sched- 522

uler decays more gradually for low M̄K values, 523

thereby sustaining stronger corrections where com- 524

mitment is weakest. In contrast, the linear sched- 525

uler declines too rapidly, attenuating interventions 526

for low-confidence tokens and yielding elevated 527

hallucination rates: for InstructBLIP, it produces 528

4.6% higher CHAIRs and 1.7% higher CHAIRi 529

scores relative to half-cosine, with similar dispari- 530

ties observed across other LVLMs. 531

For cosine scheduler α controls the maximum 532

injection strength. Small values under-correct, 533

while large values produce over-correction that 534

suppresses truthful tokens. As shown in Fig- 535

ure 7b, α = 0.17 yeilds lower hallucination rates 536

for LLaVA-NeXT compared with α = 0.15 and 537

α = 0.20. 538

Additionally, we observe that β determines the 539

7



Figure 5: Image captioning comparison. Comparing
generated captions via the baseline methods and our
CEI on a sample image.

Figure 6: Branched decoding analysis. We generate
the caption with CEI until CEI changes the top token.
Then, we branch into a short greedy decoding (no CEI)
to visualize how the caption would have unfolded with-
out intervention. As shown, CEI redirects the hallucina-
tory continuation to a grounded one.

mean top-K mass at which injection vanishes. Too540

small a β keeps injection active even during confi-541

dent steps (leading to over-correction), whereas too542

large a value disables correction prematurely. For543

LLaVA-NeXT, β ≈ 0.35–0.40 offers the optimal544

hallucination reduction (Figure 7b).545

5.4 Qualitative Evaluation546

To complement the quantitative results, we con-547

duct a qualitative evaluation of our method by com-548

paring its generated captions against those from549

baseline models on representative samples from550

the AMBER benchmark. Figure 5 illustrates one551

such example: while baselines induce more halluci-552

nations (e.g., handbag, red suitcase, two suitcases),553

our approach suppresses these erroneous concepts554

and remains faithful grounding to the image.555

To better understand how CEI mitigates halluci-556

nations, we conduct an analysis based on branched557

decoding. During generation under CEI, whenever558

(a) (b)

Figure 7: (a) comparison of linear and cosine scheduler.
(b) Impact of α and β on CHAIRs for LLaVA-NeXT.

the intervention alters the model’s top-token selec- 559

tion, we temporarily branch into a short greedy 560

decoding (without CEI) to observe how the model 561

would have continued if CEI did not intervene. This 562

allows us to visualize the downstream impact of a 563

single token swap, which is often not immediately 564

obvious at the next step alone. A key observation 565

is that CEI most often intervenes at the onset of 566

prospective hallucinatory phrases, preemptively 567

redirecting the generation toward grounded contin- 568

uations. For instance, as depicted in Figure 6, the 569

low average top-K probability mass (M̄K = 0.11) 570

associated with the token “There” triggers a strong 571

injection weight (α = 0.38), swapping it for “The” 572

and thereby sidestepping the ensuing hallucinatory 573

elaboration. 574

Find more qualitative examples in appendix C. 575

6 Conclusion 576

This work bridges analysis and mitigation of hal- 577

lucination in large vision–language models. Our 578

layer-wise study revealed that truthful tokens com- 579

mit earlier across decoder layers than hallucina- 580

tory ones, highlighting commitment depth as an 581

interpretable signal of visual faithfulness. Leverag- 582

ing this finding, we proposed Context Embedding 583

Injection (CEI), a lightweight, training-free inter- 584

vention that continually aligns decoding with an 585

image-conditioned context derived from the first 586

generation step. The dynamic CEI variant further 587

adjusts guidance strength online using the mean 588

Top-K mass, improving robustness for long-form 589

outputs. Across CHAIR, AMBER, and MMHal- 590

Bench benchmarks, CEI achieves consistent reduc- 591

tions in hallucination while maintaining compara- 592

ble coverage, demonstrating its effectiveness and 593

generality. Future work may extend this framework 594

to multi-image or video grounding, explore inte- 595

gration with contrastive decoding, and investigate 596

commitment-aware steering for other multimodal 597

reasoning tasks. 598
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Limitations599

While our study demonstrates the effectiveness of600

CEI for reducing hallucinations in LVLMs, several601

limitations remain. We discuss them here to clarify602

the scope of our claims and to encourage future603

work.604

Computational Overhead. Dynamic CEI intro-605

duces additional inference cost by requiring a606

probe forward pass at each decoding step. This607

results in two forward passes per token, which608

may limit its applicability in latency-sensitive set-609

tings. However, this overhead is comparable to610

that of many existing hallucination-mitigation tech-611

niques—such as contrastive decoding methods612

(e.g., VCD, M3ID, AvisC)—which also require du-613

plicate forward passes. Moreover, our static variant614

of CEI incurs only a single additional forward pass615

per instance while achieving substantial improve-616

ments and outperforming most baselines across617

benchmarks. We primarily view dynamic CEI as a618

diagnostic tool for studying adaptive interventions,619

with runtime optimizations left for future work.620

Evaluation Scope and Generalization. Our ex-621

periments focus on three widely used, COCO-style622

hallucination benchmarks, leaving open questions623

about how CEI generalizes to more specialized do-624

mains (e.g., medical imaging, autonomous driving).625

Although we do not evaluate on domain-specific626

benchmarks, MMHal-Bench includes adversarial627

visual reasoning examples that extend beyond sim-628

ple captioning and require more complex ground-629

ing behavior. On this benchmark, CEI consistently630

outperforms existing mitigation methods, suggest-631

ing that the underlying mechanism is not narrowly632

tailored to captioning alone. Nonetheless, evaluat-633

ing CEI in domain-specific settings with distinct634

visual distributions remains an important direction635

for future work.636

Dependence on Token-Level Hallucination La-637

bels for Analysis. Our preliminary insights and638

mechanistic analyses rely on externally provided639

truthful and hallucinatory token labels from an-640

notated datasets. This dependency may limit the641

range of settings in which similar analyses can be642

performed. Importantly, these annotations are used643

only for analysis and do not play any role during644

inference or in the CEI mechanism itself; CEI re-645

mains fully unsupervised and model-agnostic at646

inference time. The use of annotated benchmarks647

is standard practice in hallucination research, par- 648

ticularly for probing internal model dynamics, but 649

extending these analyses to unannotated or partially 650

annotated settings is a promising avenue. 651

White-Box Access Requirement. CEI oper- 652

ates by modifying hidden states and requires ac- 653

cess to internal representations and the unem- 654

bedding matrix. This limits direct applicability 655

to closed-source LVLMs accessible only through 656

black-box APIs. However, this requirement is 657

shared by nearly all mechanistic or decoding-time 658

hallucination-mitigation techniques—including at- 659

tention modification methods and contrastive de- 660

coding approaches. Our focus in this work is to 661

advance understanding and control of open LVLMs, 662

which provide the transparency necessary for re- 663

producibility and for deeper investigation of hallu- 664

cination phenomena. 665

Ethics Statement 666

We use publicly available benchmarks and follow 667

their licenses. Our mitigation aims to reduce fac- 668

tual errors; however, faithful yet harmful content 669

remains a societal risk and should be filtered by 670

downstream safety layers. 671

Potential Risks 672

While our goal is to reduce hallucinations, the 673

method does not guarantee correctness and could 674

lead to over-trust if used in high-stakes settings. 675

Moreover, improvements in coherence and per- 676

ceived grounding may be misused to produce more 677

convincing misleading content. We therefore posi- 678

tion this work as a research contribution and rec- 679

ommend pairing it with application-specific safe- 680

guards (e.g., human oversight and domain valida- 681

tion) in downstream deployments. 682

AI Assistance Disclosure 683

We used several AI language models to help edit 684

and paraphrase text for clarity and grammar and as 685

programming assistance. All technical content, ex- 686

periments, and claims were verified by the authors. 687
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A Additional Experimental Details917

Models. We evaluate CEI on three widely used918

7B-parameter LVLMs: InstructBLIP (Dai et al.,919

2023), LLaVA-1.5 (Liu et al., 2023), and LLaVA-920

NeXT (Liu et al., 2024b). All models are loaded921

via transformers 4.47 in 16-bit floating-point pre-922

cision with no additional finetuning. CEI is applied923

in a model-agnostic manner by modifying hidden924

states at a chosen decoder layer and passing them925

through the original output head. For each LVLM,926

the injection layer and CEI hyperparameters are se-927

lected via a small grid search on held-out images.928

Benchmarks and Metrics. CHAIR. Following929

Rohrbach et al. (2018), we use the COCO-based930

CHAIR setup to evaluate object hallucinations in931

image captioning. Ground-truth object annotations932

are derived from COCO labels, and generated cap-933

tions are mapped to object names via lemmatiza-934

tion and synonym lists. We report the standard935

instance-level936

CHAIRi =
|Ohall|
|Oall|

937

where Ohall and Oall are hallucinated and all men-938

tioned objects, and sentence-level939

CHAIRs =
|Shall|
|Sall|

940

where Shall is the set of captions with at least one941

hallucination. Lower values indicate fewer halluci-942

nations.943

AMBER. AMBER (Wang et al., 2024a) is an944

LLM-free hallucination benchmark with dense hu-945

man annotations covering object existence, halluci-946

nation targets, and salient objects. In the generative947

setting, models are asked to describe the image;948

noun phrases are extracted and matched to anno-949

tated objects and hallucination targets using the950

AMBER ontology. We report three metrics: (i)951

CHAIR, defined as the average fraction of hallu-952

cinated object mentions per response; (ii) Hal, the953

proportion of responses with any hallucination; and954

(iii) Cover, which measures response informative-955

ness as the fraction of annotated objects correctly956

mentioned in each caption, averaged over all exam-957

ples. Thus, lower CHAIR/Hal and higher Cover958

indicate better grounding.959

MMHal-Bench. MMHal-Bench (Sun et al., 960

2023) consists of adversarial visual reasoning ques- 961

tions designed to elicit hallucinations under chal- 962

lenging prompts. Responses are scored on a dis- 963

crete 0–5 scale by a factually augmented evaluation 964

pipeline. We follow the official protocol and report 965

Score =
1

N

N∑
n=1

sn 966

and hallucination rate 967

HalRate =
1

N

N∑
n=1

I[sn < 3], 968

where sn is the score for question n and N is the 969

total number of questions. Higher Score and lower 970

HalRate correspond to better performance. For 971

all benchmarks, we allow up to 512 new tokens to 972

avoid truncating long generations, as hallucinations 973

frequently occur in later decoding steps. 974

Baseline Methods. We compare CEI with five 975

training-free hallucination mitigation methods: 976

• OPERA (Huang et al.) modifies beam search 977

by penalizing over-confident beams and real- 978

locating probability mass based on a retrospec- 979

tion signal. This encourages generations that 980

remain consistent with visual evidence rather 981

than language priors. We use the official im- 982

plementation with the authors’ recommended 983

hyperparameters for each LVLM. 984

• VCD (Leng et al., 2023) (Visual Contrastive 985

Decoding) constructs contrastive candidate 986

paths by perturbing the visual input and com- 987

paring logits between original and perturbed 988

runs. Tokens whose probability is not robust 989

to visual changes are down-weighted during 990

decoding, reducing visually unsupported con- 991

tinuations. We adopt the configuration pro- 992

vided in the AvisC repository. 993

• AvisC (Woo et al., 2024) extends contrastive 994

decoding by introducing adaptive penalties 995

that focus on visually grounded paths. It 996

dynamically adjusts the contrastive strength 997

during decoding to discourage hallucina- 998

tions while preserving fluency. We use the 999

authors’ recommended hyperparameters for 1000

each model. 1001
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• M3ID (Favero et al., 2024) uses multi-modal1002

contrastive signals to identify and suppress1003

tokens that are weakly supported by visual1004

features. By contrasting predictions under dif-1005

ferent visual conditions, it targets hallucina-1006

tions that arise from over-reliance on language1007

priors. We follow the default settings in the1008

official codebase.1009

• CAAC (Fazli et al., 2025) (Confidence-Aware1010

Attention Calibration) calibrates self-attention1011

maps to re-balance attention to image tokens1012

based on token-level confidence. It aims to1013

counteract the skew where the decoder ignores1014

visual features in favor of language statistics.1015

All baselines are evaluated using their official1016

implementations, and we retain the decoding pa-1017

rameters (e.g., temperature, top-p) recommended1018

in the original papers to ensure fair comparison.1019

CEI Hyperparameters and Grid Search. For1020

dynamic CEI, we tune three hyperparameters per1021

LVLM: the maximum injection weight αmax, the1022

cutoff parameter β in the mean top-K mass sched-1023

uler, and the injection layer. We perform a coarse1024

grid search over a small set of layers and a few can-1025

didate values of αmax and β spanning low, medium,1026

and high intervention regimes. The final settings1027

are:1028

• InstructBLIP: αmax = 0.40, β = 0.70, in-1029

jection layer = 10.1030

• LLaVA-1.5: αmax = 0.25, β = 0.55, injec-1031

tion layer = 10.1032

• LLaVA-NeXT: αmax = 0.17, β = 0.35, in-1033

jection layer = 10.1034

Static CEI uses the same injection layer but re-1035

places the dynamic schedule with a fixed injection1036

weight derived from the average effective α in the1037

dynamic setting.1038

Hardware and Runtime. All experiments are1039

run on a single server with 4×NVIDIA H1001040

40 GB GPUs and 512 GB system RAM. We par-1041

allelize evaluation across images and models. A1042

full AMBER run (512-token limit) takes roughly1043

12 hours for InstructBLIP and 10 hours for LLaVA-1044

1.5, while CHAIR and MMHal-Bench evaluations1045

are somewhat faster due to smaller dataset sizes.1046

Runtime differences are mainly driven by model1047

architecture and average caption length.1048

(a)

(b)

Figure 8: Box plot of (a) cosine similarities cos(c,w),
and (b) dot product ⟨c,w⟩ between the context embed-
ding c and target token embedding w. Blue and orange
boxes denote truthful and hallucinatory tokens respec-
tively.

Reproducibility. We fix random seeds, use con- 1049

sistent preprocessing and prompt templates across 1050

models, and share decoding parameters across 1051

baselines and CEI variants. We plan to release 1052

code, evaluation scripts, and configuration files (in- 1053

cluding all CEI hyperparameters and grid-search 1054

ranges) to facilitate reproducibility. 1055

B Context Embedding as a Grounding 1056

Signal 1057

To substantiate the hypothesis that the hidden state 1058

of the final prompt token—hereafter the context 1059

embedding—serves as a semantic grounding sig- 1060

nal, we conduct an intrinsic analysis measuring its 1061

alignment with truthful and hallucinatory tokens. 1062

This embedding corresponds to the final-layer hid- 1063

den state of the last input position (image + query) 1064

in the decoder, which is directly unembedded to 1065

produce the logits of the first generated token. The 1066

experiment aims to determine whether this repre- 1067

sentation is inherently more aligned with truthful 1068

words that describe the image faithfully, thereby 1069

justifying its use as a grounding signal in our Con- 1070

text Embedding Injection (CEI) framework. 1071

Experimental setup. We perform the analysis 1072

using captions generated by InstructBLIP on the 1073

AMBER benchmark (Wang et al., 2024a), which 1074

provides human-annotated word-level labels distin- 1075
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guishing truthful and hallucinatory objects. Each1076

generated caption is tokenized, and the annotations1077

are aligned to the corresponding subword tokens.1078

For multi-token words, we average the represen-1079

tations across their constituent sub-tokens. The1080

representation of a token w is taken from the un-1081

embedding matrix of the language head (WU ), i.e.,1082

the column vector used to map hidden states to1083

logits for token y. This choice ensures that all sim-1084

ilarity measures are computed in the same space1085

the model uses for generation, where the context1086

embedding c naturally resides.1087

Metrics. We report three complementary mea-1088

sures of alignment: (1) the raw dot product ⟨c,w⟩,1089

which reflects the model’s true logit-space affin-1090

ity for each token; (2) the raw cosine similarity1091

cos(c,w) = c⊤w
∥c∥ ∥w∥ , capturing purely directional1092

alignment; and (3) the centered cosine similarity1093

cos(c − µ,w − µ), where µ is the mean token1094

embedding vector across the vocabulary. The lat-1095

ter mitigates anisotropy in transformer embedding1096

spaces, following the post-processing approach of1097

Muennighoff et al. (2023). These complementary1098

metrics allow us to disentangle whether truthful1099

tokens align with c due to directional consistency,1100

overall magnitude, or both.1101

Results. Across all metrics, truthful tokens ex-1102

hibit stronger alignment with the context embed-1103

ding than hallucinatory tokens. As shown in Fig-1104

ure 1, the centered cosine similarities of truthful1105

tokens are substantially higher, and the mean dif-1106

ference between the two classes is significantly1107

positive (95% CI excluding zero). Similar trends1108

hold for the raw cosine and dot-product measures1109

(Figure 8), demonstrating that the context embed-1110

ding both points toward and activates truthful token1111

directions in the model’s output space. These find-1112

ings provide direct empirical evidence that the con-1113

text embedding is semantically grounded and not1114

an arbitrary choice: it naturally encodes visually1115

faithful information, aligning closely with truthful1116

tokens. This supports its role as a grounding sig-1117

nal for CEI and aligns with prior observations that1118

early decoding representations encode truthfulness1119

cues (Zhao et al., 2024).1120

C Additional Qualitative Examples1121

In this section, we provide an extended set of quali-1122

tative examples to further illustrate the behavior of1123

our method across a diverse range of images from1124

(a)

(b)

Figure 9: Examples showing how injection eliminates
a hallucinatory statement and realigns the generated
sequence with the input image. The captions are gener-
ated with InstructBLIP and once a token swap occurs
we branch into a greedy decoding for 20 tokens to vi-
sualize how the sequence would have unfolded hadn’t
CEI intervened.

the AMBER benchmark. For each example, we 1125

display the input image alongside captions gener- 1126

ated by the baseline models and by our approach. 1127

Hallucinatory tokens are highlighted for ease of 1128

comparison. 1129

Across examples, we consistently observe the 1130

same pattern noted in the main text: baseline mod- 1131

els often fail to mitigate hallucinations in long gen- 1132

erated sequences and sometimes even introduce 1133

objects, attributes, or relations that are not visually 1134

grounded. In contrast, our method reliably sup- 1135

presses these hallucinations while preserving the 1136

correct visual details. 1137

We include a variety of challenging scenarios— 1138

cluttered scenes, small objects, atypical viewpoints, 1139

and visually ambiguous contexts (Figure 10, Fig- 1140

ure 11). 1141

To further elucidate the intervention mechanism 1142

of CEI, we also include examples of branched de- 1143

coding analyses here (Figure 9). As described in 1144

the main text, these analyses involve generating 1145

captions under active CEI influence until a top- 1146

token swap occurs (identified by contrasting the 1147

first forward pass with no injection and second for- 1148

ward pass), at which point we temporarily suspend 1149

the intervention to pursue a short “greedy” decod- 1150

14



ing path (without CEI) for 5–10 subsequent tokens.1151

This branching reveals counterfactual trajectories,1152

highlighting how CEI redirects generation away1153

from hallucinatory continuations toward faithful1154

descriptions. A recurring observation is that inter-1155

ventions typically occur at the onset of prospective1156

hallucinatory phrases, preemptively averting down-1157

stream errors.1158

D Related Work1159

D.1 Large Vision-Language Models1160

Large vision-language models (LVLMs) represent1161

a significant advancement in multimodal AI, ex-1162

tending the capabilities of large language models1163

(LLMs) by integrating visual processing. Typi-1164

cally, LVLMs consist of a vision encoder (e.g.,1165

CLIP (Radford et al., 2021), ViT (Dosovitskiy1166

et al., 2021)) to extract image features, an align-1167

ment module such as a linear projection (Liu et al.,1168

2023, 2024b) or Q-former (Dai et al., 2023; Zhu1169

et al., 2023) to map these features into the lan-1170

guage model’s embedding space, and an LLM1171

backbone (e.g., LLaMA (Touvron et al., 2023),1172

Vicuna (Zheng et al., 2023)) for autoregressive gen-1173

eration conditioned on both visual and textual in-1174

puts. This architecture enables LVLMs to handle1175

diverse tasks, including image captioning, visual1176

question answering (VQA), object detection, and1177

multi-modal reasoning (Chen et al., 2023a; Wu1178

et al., 2023), by concatenating visual tokens with1179

text embeddings for unified processing. Recent1180

families (Liu et al., 2024b; Wang et al., 2024b; Ye1181

et al., 2024) scale model and data while improv-1182

ing visual tokenization (dynamic resolution, multi-1183

scale inputs (Liu et al., 2024b; Wang et al., 2024b))1184

and positional fusion (e.g., M-RoPE (Wang et al.,1185

2024b)), enabling broad capability gains across1186

captioning, VQA, and free-form assistance. How-1187

ever, LVLMs are prone to hallucination which un-1188

dermines their reliability in safety critical applica-1189

tions (Bai et al., 2025).1190

D.2 Hallucination Mitigation in LVLMs1191

Hallucinations in large vision-language models1192

(LVLMs) refer to the generation of content that de-1193

viates from the visual input, such as fabricating non-1194

existent objects, attributes, or relations. They are1195

often attributed to over-reliance on linguistic priors,1196

training data biases, or modality misalignment (Bai1197

et al., 2025; Li et al., 2023b; Liu et al., 2024a).1198

Mitigation approaches mainly fall into three cate-1199

gories: fine-tuning (Gunjal et al., 2024; Jiang et al., 1200

2024; Kim et al., 2023), post-hoc correction (Yin 1201

et al., 2023; Zhou et al., 2024), and decoding-time 1202

techniques (Leng et al., 2023; Huang et al., 2024; 1203

Suo et al., 2025; Fazli et al., 2025; An et al., 2025; 1204

Yang et al., 2025). 1205

Decoding-time methods stand out for their effi- 1206

ciency and applicability without retraining. Con- 1207

trastive decoding (CD) (Li et al., 2023a; Chuang 1208

et al., 2024) is prominent, contrasting original and 1209

perturbed inputs to favor visual fidelity. Examples 1210

include Visual Contrastive Decoding (VCD) (Leng 1211

et al., 2023) using image noise, Multi-Modal Mu- 1212

tual Information Decoding (M3ID) (Favero et al., 1213

2024) via query masking, and Image-Biased De- 1214

coding (IBD) (Zhu et al., 2024) adjusting prob- 1215

abilities from image-biased models. Attention- 1216

centric approaches calibrate cross-modal interac- 1217

tions—e.g., Assembly of Global and Local Atten- 1218

tion (AGLA) (An et al., 2025) combines attention 1219

maps to reduce biases, and Confidence-Aware At- 1220

tention Calibration (CAAC) (Fazli et al., 2025) 1221

adaptively amplifies attention to image tokens. In 1222

contrast, our method operates directly in the em- 1223

bedding space by continually aligning the token 1224

representations with a visual grounding signal. 1225
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(a)

(b)

(c)

Figure 10: Comparison of CEI outputs with baseline
methods for the InstructBLIP model. Hallucinations are
highlighted in yellow for easy comparison. MaxTokens
is set to 512 for all models.

(a)

(b)

(c)

Figure 11: Comparison of CEI outputs with baseline
methods for the LLaVA-1.5 model. Hallucinations are
highlighted in yellow for easy comparison. MaxTokens
is set to 512 for all models.
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