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Abstract

Vision-Language Models (VLMs) excel at visual understanding but often suffer
from visual hallucinations, where they generate descriptions of nonexistent objects,
actions, or concepts, posing significant risks in safety-critical applications. Existing
hallucination mitigation methods typically follow one of two paradigms: generation
adjustment, which modifies decoding behavior to align text with visual inputs, and
post-hoc verification, where external models assess and correct outputs. While effective,
generation adjustment methods often rely on heuristics and lack correction mechanisms,
while post-hoc verification is complicated, typically requiring multiple models and
tending to reject outputs rather than refine them. In this work, we introduce REVERSE,
a unified framework that integrates hallucination-aware training with on-the-fly
self-verification. By leveraging a new hallucination-verification dataset containing
over 1.3M semi-synthetic samples, along with a novel inference-time retrospective
resampling technique, our approach enables VLMs to both detect hallucinations during
generation and dynamically revise those hallucinations. Our evaluations show that
REVERSE achieves state-of-the-art hallucination reduction, outperforming the best
existing methods by up to 12% on CHAIR-MSCOCO and 34% on HaloQuest.
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1 Introduction

Vision-Language Models (VLMs) have revolutionized visual understanding, achieving dramatic improve-
ments in tasks like visual question-answering and image captioning, yet they still struggle with a significant
limitation: visual hallucination — the tendency to describe objects that aren’t actually present in the scene.
Such hallucinations pose significant risks when applying VLMs to safety-critical environments, ranging
from autonomous driving scenarios and decision-making to assistive technologies for the visually impaired.

To tackle these issues, researchers have generally pursued methods following one of two paradigms:
generation adjustment or post-hoc verification. Generation adjustment methods focus on aligning textual
outputs more closely with visual inputs by modifying the VLM’s generation behavior, either in a “training-
free” way (modifying the logits at decoding time) [28, 23, 24, 3, 58], or using a “training-based” strategy
requiring additional supervision or custom objective functions [54, 42, 56, 41, 33, 55]. Unfortunately, these
methods have no means of correcting erroneous tokens once they have been generated, and they do not
leverage powerful retrospective tools such as chain-of-thought reasoning to reason about and evaluate
the quality of their generation. In contrast to generation adjustment approaches, post-hoc verification
methods [53, 57, 38, 49, 42] leverage large external models, such as GPT-4 [37], as verifiers to evaluate
outputs after they have been generated. Post-hoc verifiers are accurate at predicting hallucination, but
are complicated, requiring multiple models. Post-hoc verifiers often do not provide a way for the model
to correct the hallucination but instead adopt generic refusal strategies.

In this paper, we introduce REVERSE (REfrospective VERification and SElf-correction), the first
framework that unifies generation, verification, and correction within a single VLM (Figure 1), enabling on-
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Figure 1: REVERSE, our proposed training and decoding paradigm for hallucination reduction, enables a single
VLM to both verify if it has generated a hallucination and then correct itself iteratively. When uncertainty is detected
through the generation of a (</UN>), the model backtracks and regenerates until a confident phrase (</CN>) is found.

the-fly correction during decoding without waiting for the model to complete its initial output. REVERSE
consists of two key novel components. First, our method fine-tunes a VLM on a specially constructed
training dataset consisting of synthetic hallucination phrases tagged with a special, explicit confidence
token. Unlike prior VLMs instructed with only well-grounded data, our resulting hallucination-aware
model is now able to tag likely phrase-level hallucinations during the generation process.

Second, we introduce retrospective resampling, a technique that allows the hallucination-aware VLM
to serve as its own verifier. During the generation process, when the hallucination-aware VLM places
sufficient probability on the special hallucination token we trigger a backtracking self-correction
process. Specifically, we backtrack to a previous confident section and then apply rejection sampling
and query-rewriting to correct the hallucination. As illustrated in Figure 1, the introduction of explicit
confidence-token training and the backtracking-based inference algorithm enable VLMs to perform
interpretable and controllable self-correction, a paradigm not explored in prior work.

We evaluate REVERSE against SOTA hallucination reduction baselines across a wide range of benchmarks
designed for hallucination evaluation on LLaVA-v1.5 [34], LLaVA-MORE [17], and Qwen2.5-VL [6]. On
captioning tasks, REVERSE achieves up to a 12% reduction in CHAIR scores on CHAIR-MSCOCO
[40] and AMBER [47] over the best existing methods. On hallucination-sensitive open-ended tasks, it also
delivers over a 10% and 34% performance improvement on MMHal [42] and HaloQuest [49], respectively.

In summary, this paper both (i) introduces REVERSE, the first hallucination reduction method unifying
the generation adjustment and post-hoc verification approaches, addressing hallucination in both the
training and inference stages and (ii) provides a new public training dataset and data curation pipeline
for training-time hallucination mitigation consisting of 1.3M semi-synthetic samples. Together, these con-
tributions allow REVERSE to achieve up to a 12% improvement on the CHAIR-MSCOCO benchmark,
and a 34% improvement on the HaloQuest benchmark over existing SOTA methods for hallucination
reduction under the same setting, especially in questions with false premise and insufficient context.

2 Background & Related Work

Following the success of Large Language Models (LLMs) [44, 4, 5, 32, 11, 1], Vision-Language Models
(VLMs) have shown success across various multimodal tasks, such as image captioning, visual question
answering, visual reasoning, and image segmentation [29, 2, 34, 35, 37, 43, 6, 52, 51, 27, 48]. Despite
their impressive performance, VLMs are prone to hallucinations: generating incorrect or nonexistent
visual information [30]. To address this issue, several hallucination-specific benchmarks, such as
CHAIR-MSCOCO [40], AMBER [47], MMHal [42], and POPE [30], and HaloQuest [49] have been
introduced. These benchmarks evaluate VLM hallucinations across both discriminative and generative
tasks, with a growing trend of using VLLMs for automatic visual hallucination detection.

Beyond detection, several recent methods attempt to mitigate hallucinations by adjusting a VLM’s genera-
tion process. Training-free approaches primarily focus on improving decoding strategies [28, 23, 24, 3, 58].
For instance, VCD [28] employs contrastive decoding, OPERA [23] introduces a penalty term during beam
search, and DoL A [16] enhances decoding by contrasting different model layers. Training-based methods,
on the other hand, aim to reduce hallucinations through improved training objectives and additional
data. Some approaches leverage data augmentation [10], while others refine training via reinforcement
learning from human feedback (RLHF) [42, 54, 56]. Additional methods fine-tune VLMs using custom
loss functions, such as EOS token-based penalties for lengthy descriptions [55], contrastive learning
from paired correct-hallucination data [24], and visual instruction tuning with improved datasets [33].
However, these approaches merely adjust the generator’s behavior rather than fundamentally eliminating
hallucinations—once incorrect information is produced, there is no built-in mechanism for correction.
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Figure 2: Our 1.3M semi-synthetic instruction-tuning dataset for hallucination-aware VLM training. We
constructed the dataset by augmenting negative phrases from the original LLaVA-v1.5-665k [35] dataset. Our negative
phrases span a diverse range, including attributes, objects, world entities, and novel scenes. Positive noun phrases
are marked with <SPAN> and </CN>, while negative samples are enclosed with <SPAN> and </UN>, terminating
immediately. Further details about our dataset creation and statistics can be found in subsection 3.1 and Appendix B.

The closest prior work to ours includes Woodpecker [53] and LURE [57], which use external models
to verify and rewrite initial outputs from a VLM. While effective to some extent, these methods rely on
complex, multi-stage pipelines with external dependencies. Moreover, they suffer from error propagation,
as a single-round rewriting step is often insufficient to fully recover from low-quality initial outputs.

In contrast, our method is the first unified framework where the VLM itself serves as both the generator
and verifier, enabling self-correction in a streamlined and integrated manner. Compared to prior
generation-adjustment methods, our self-verification pipeline allows VLMs to retrospect and iteratively
self-correct after content has been generated. Compared to existing post-hoc refinement approaches, our
method eliminates the need for external models or complex multi-stage pipelines, achieving better results
as the verifier can instantly and iteratively correct the generator’s outputs.

3 REVERSE: Retrospective Verification and Self-Correction

REVERSE (REtrospective VERIfication and SEIf-correction) is a hallucination reduction paradigm for
Vision-Language Models (VLMs) that unifies generation adjustment and post-hoc verification methods.
REVERSE allows VLMs to be hallucination-aware by explicitly modeling and monitoring the likelihood
that each generated phrase is well-grounded. During training, the model is explicitly trained to classify
each groundable phrase as either “confident” or “unconfident” and during inference, the model generates
responses while continuously verifying the confidence of each phrase using the likelihood of the “unconfi-
dent” predictor. If a phrase is sufficiently ungrounded, the model then performs retrospective adjustment to
refine the segment, enabling self-correction on the fly.

Key to the first goal of classifying each phrase as “confident” or “unconfident” is training the model to under-
stand if a phrase is well-grounded. While VLMs and LLMs inherently provide implicit confidence scores
through token probabilities, these scores are often mis-calibrated and do not consistently correlate with
output correctness, making them unreliable for verification [50, 15, 18]. Furthermore, even when accurate,
these probabilities offer no indication of where to backtrack for phrase re-generation and self-correction.

To overcome these limitations, we introduce three tokens to the VLM vocabulary that can be used to
explicitly mark key phrases and represent the model’s confidence level:

e <SPAN>: Marks the beginning of key or object phrases.

e </CN>: Marks the end of confident, grounded phrases.

e </UN>: Marks the end of unconfident, hallucinated phrases.
These tokens, when placed before/after objects or phrases in the scene can serve as ad-hoc classifiers of
the confidence of the model. Le. if a model generates a </UN> token after a phrase, that phrase can be
considered to be ungrounded, while if it generates a </CN>, that phrase is likely grounded in the image.

Annotating our data with such tokens, as is shown in Figure 2, will allow us to train the VLM itself to
perform post-hoc verification instead of relying on an external model.
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Figure 3: Illustration of our retrospective resampling process. During inference, we monitor the hallucination-
aware VLM’s generation. When the likelihood of the </UN> token surpasses a predefined threshold, we trigger
backtracking to the most recent confident checkpoint (</CN>) and apply corrections using rejection sampling and
query rewriting. This self-correction mechanism can be applied iteratively throughout the generation process.

3.1 Data Curation

Towards models that are capable of automatically tagging phrases as confident or unconfident, we
constructed a 1.3M VLM instruction-tuning dataset containing a total of 6.8M question-answer pairs
(turns), of which 3.8M are correct answers and 2.9M are hallucinated answers. In each response, all positive
phrases are enclosed with <SPAN> and </CN> while the negative phrases are enclosed with </UN>.

The phrases in this dataset are automatically generated by annotating existing training data for VLM with
these tokens. Our dataset is initially sourced from the LLaVA-v1.5-665k instruction tuning data [35], which
contains only “positive” or “well-grounded” samples. To introduce “negative” or “un-grounded” samples,
we designed a multi-step pipeline that generates incorrect answers leveraging rule-based algorithms and
gpt-40-mini-0718 [37]. Specifically, we first classify the answer types, in which we can augment most
of the answers with rule-based methods easily, such as binary Yes/No questions or counting questions. For
the remaining general answers, mostly long answers or descriptions, we apply Al inference for high-quality
and diverse data augmentation. For negative samples, constrain the sentence to immediately terminate upon
reaching </UN>. This design not only prevents VLMs from continuing to generate ungrounded descriptions
after detecting hallucinated content but also helps maintain training data quality, as any remaining context
may become meaningless once the preceding information has been altered. To support retrospective query
re-writing, we further inject negative keywords as hints (further discussed in subsection 3.3). Our dataset
is twice the size of the LLaVA-v1.5-665k instruction tuning dataset while maintaining a similar overall
composition. It preserves the same average question-answer pairs per sample and a comparable question
type distribution. More details about the dataset/dataset generation pipeline are provided in Appendix B.

3.2 Hallucination-aware Training

To train REVERSE to recognize and respond to the new tokens, we introduce a modified cross-entropy
next-token prediction loss that prevents hallucination while modeling confidence levels. Our training
objectives are threefold. First, we aim to enable conventional instruction tuning to allow VLMs to perform
next-token prediction to generate accurate answers. Second, we wish to reduce the likelihood of generating
the hallucinated tokens that we have introduced in the new dataset. Third, we want to teach the model to gen-
erate <SPAN> at the start of key phrases, and </CN> or </UN> as explicit confidence estimators around
those phrases. We achieve all of these goals by assigning a weight to each token during training; positive
weights are assigned to tokens outside the <SPAN>... </UN> bounds, encouraging standard next-token
prediction while zero-weights are assigned to tokens within <SPAN> and </UN> (i.e., masking out the tar-
gets) to avoid impacting the likelihood when training on ungrounded data (and reinforcing language priors).

Formally, let 6 be our model and D be the labeled VQA dataset, where each sample .S consists of an input
sequence X ={z1,x2,...,tm } and an output sequence Y = {y1,y2,...,y» }. Here, X includes both encoded
image features and question (query) tokens, while each y; in Y can be either a text token corresponding
to the answer or one of the three special tokens.



The model 6 predicts the next token probability as P(y; | x1,22,...,Zm,y1,Y2,---,yi—1;0). We then define the
modified negative log-likelihood loss for a given sample as:

L(S)=- z 1 gauey logP(yi | X,y1,..,4i-156) 1)

y; €Y

where 1 5 4;(;) € {0,1} is an indicator variable taking the value 1 for all tokens except those enclosed by
<SPAN> and </UN>. For tokens within these markers, 1 ;,,(;) =0. Note that this masking is applied to
the targets rather than the inputs. We optimize model parameters 6 using the loss in Equation 1. The full
training procedure is described in section 4.

3.3 Retrospective Resampling

During inference, the model follows standard next-token prediction but continuously monitors the
likelihood of </UN>, triggering retrospective resampling when that likelihood exceeds a pre-defined
threshold (see Figure 3). Specifically, whenever </CN> or </UN> is generated (the end of a span),
we compute the probability of </UN>, denoted as P(</UN>), across previous tokens. If P(</UN>)
surpasses a predefined threshold 7, the model initiates a self-correction process via backtracking and
retrospective resampling. Otherwise, generation proceeds normally, with <SPAN>, </CN> and </UN>
tokens removed before presenting the final output.

Backtracking Strategies A critical challenge in self-correction is determining both (1) where to
backtrack and (2) how to regenerate content. To determine where to backtrack to, our approach follows
a hierarchical fallback strategy:

1. The model first backtracks to the most recent </CN>, which attempts to adjust only the local
information to reduce the likelihood of hallucination.

2. If the issue persists after K local correction attempts, it is likely that the hallucination issue
stems from earlier information in the sequence. Thus, we revert further, backtracking to the last
sentence boundary (indicated by the last punctuation token).

3. If self-correction continues to fail after V total attempts, the output is finalized and returned to
the user, along with an indication that a hallucination was detected, but could not be corrected.

Since P(</UN>) is typically low (even under hallucinations), explicitly waiting for </UN> to appear in
the output is impractical. Instead, we set a confidence threshold 7, which allows proactive identification
of hallucinated phrases before they fully form. The effect of 7 selection is analyzed in subsection 4.2. After
the backtracking has occurred, we leverage rejection sampling and query rewriting for self-correction.

Rejection Sampling Rejection sampling refines uncertain phrases by resampling multiple times at
an increased temperature, seeking an alternative where P(</UN>) remains below 7. The process continues
until reaching a confident phrase (marked by </CN>) or exhausting the maximum resampling attempts.
In this work, we make no attempts to “ban” the generation of the same tokens during the re-sampling
process. This procedure, while potentially more efficient, often leads to issues where innocuous tokens
such as “a” or “the” are banned, leading to disfluencies in the final generated text. Instead, we rely on
the increased temperature to lead to new candidates over several repeated generations. While rejection
sampling is effective for resolving localized hallucinations, its success depends on the ability of the model
to generate valid alternatives within a reasonable number of attempts. In cases where repeated resampling
fails to produce an acceptable phrase, the model may need to fall back on broader correction strategies,
such as query rewriting, to address deeper inconsistencies in the generated content.

Query Rewriting In addition to rejection sampling, we found that “query rewriting” can provide
stronger signals for VLMs to do self-correction. Query rewriting dynamically modifies the prompt to
encourage better factual grounding. Specifically, the input prompt is augmented with a clarification hint:

<system-prompt> [<optional image>] <question> (Hint: potential
incorrect phrases - <placeholder>)

This prompt signals the model to reconsider flagged segments and generate a more reliable response.
In addition to rejection sampling with increased temperature, which iteratively refines outputs by
resampling under varied decoding conditions, query rewriting can directly influence the model’s contextual



Table 1: Performance comparison of various hallucination reduction methods across various image captioning
benchmarks, which are commonly used to evaluate visual hallucinations in generative tasks for VLMs. This includes
the CHAIR-MSCOCO benchmarks from [55] and the generative subset of AMBER. { and  mean that we reproduced
the results of these methods on CHAIR-MSCOCO and AMBER-G respectively. Otherwise, from [55] and [41].

Base VLM Method Type Method CHAIR-MSCOCO AMBER-G
CHAIR; ({) CHAIR,(]) CHAIR () Cover (1) Hall () Cog ({)

None 154 50.0 78 51.0 364 42

VCD [28] 14.9 486 - - - -

OPERA? [23] 14.6 478 73 496 32,0 35
Gen-Adjust DoLAT ¥ [16] 14.1 51.6 7.6 51.6 36.0 4.0

AGLA [3] 14.1 430 - - - -

MEMVR [58] 13.0 46.6 - - - -
LLaVA-v1.5 7B [35] EOS [55] 123 402 5.1 49.1 27 20
w/Train ~ HALVA [41] 117 414 6.6 53.0 322 34

HA-DPO [56] 11.0 382 6.7 498 309 33
Post-hoc Refine Woodpecker! [53] 14.8 458 6.9 489 304 36
. REVERSE(; — 0,003 103 370 6.0 522 304 3.0
Combination  pEVERSE,. _ o 0003, 61 136 40 269 102 09
None' * 144 520 7.8 53.1 36.6 39

DoLAT # [16] 13.8 51.8 79 53.1 384 4.1
LLaVA-MORE 8B [17] Woodpecker! ¥ [53] 143 51.0 74 50.7 36.7 37
REVERSE,, _ ¢ 003, 122 04 6.5 54.8 355 39

REVERSE, — ¢.0003) 84 252 5.1 389 20.8 21

None' ¥ 122 458 77 517 359 4.1
Qwen2.5-VLT 3B [6] DoLAT ¥ [16] 14.0 476 9.7 48.1 314 1.9
REVERSE, ¢ 01 105 394 75 515 344 36

understanding by reformulating its input conditions. Since our training data includes hallucination-corrected
phrase pairs, we randomly inject 20% of this query-rewriting prompt into the instruction-tuning process.
This improves the model’s ability to recognize the hint, making retrospective resampling more effective.

4 Experiments

Implementation Details We applied our method, REVERSE, on three VLM backbones: LLaVA-v1.5
(7B) [35], LLaVA-More (LLaVA with Llama-v3.1 8B) [17, 1], and Qwen2.5-VL (3B) [6]. Since LLaVA
provides both its pre-trained model and instruction tuning data, we performed LoRA fine-tuning on the
pre-trained model directly with our modified cross-entropy loss (see subsection 3.2) and the 1.3M-sample
dataset for one epoch. In contrast, Qwen2.5-VL does not release its instruction tuning data. To enable
a fair comparison, we perform full fine-tuning on the publicly available Qwen2.5-VL model using two
alternatives: a 100k subset of LLaVA’s instruction data and a matched subset from our dataset. Although
a more direct evaluation using Qwen2.5-VL’s original instruction tuning data and the augmentation method
described in subsection 3.1 would be ideal, it is not feasible given the current release conditions. More
details on training recipes are provided in Appendix E.

During inference, we apply retrospective resampling with different threshold values: ~=0.003 for LLaVA-
series models and 7=0.01 for Qwen2.5-VL. These values are set per model backbone, as confidence scores
across LLMs and VLMs are typically not calibrated and are rarely shared due to differences in training
[25, 13]. To ensure fairness, we apply a consistent threshold per model across all evaluation datasets. Further
discussion on how this controllable threshold affects model behavior is provided in subsection 4.2. For the
correction mechanism, we allow up to a NV =50 total correction attempts, with local correction attempts of
K =10. Additionally, we implement rejection sampling with a base temperature of Tp, gradually increasing
it with a step size of AT'=0.1, capped at a maximum temperature of 75+0.5: T'=min(T+AT, T5+0.5).

Evaluation Protocol To evaluate our approach, we compare REVERSE with various hallucina-
tion mitigation methods, including training-free or training-based generative adjustment techniques
[28, 23, 16, 3, 55, 41, 56, 58], and post-hoc verification with refinement [53]. All methods are evaluated
on both VLM backbones under consistent settings, where we fix the decoding temperature at 0 and use
only the base prompts provided by each dataset to ensure fair comparisons. Since REVERSE does
stochastic sampling at inference time, we report the mean performance over 100 bootstrapped runs for
robustness. The exact numbers with 95% confidence intervals are provided in Appendix D.



Table 2: Performance on HaloQuest [49]. FP, VC, and Table 3: Performance on MMHal-Bench [42]. Results
IC stand for false premise, visually challenging, and insuf- re-implemented by us are marked with T. Consistent with
ficient context, three subsets in the benchmark. We ablate findings on HaloQuest, applying a lower threshold (7=
the effect of a lower threshold on two models and find 0.0003) in REVERSE enables the VLM to better handle
that REVERSE improves performance on unanswerable false-premise and unanswerable questions, which are com-

questions without the need for specialized training. mon in MMHal. It achieves higher scores and lower hal-
Method Avg. Acc. (1) FP Ace. VC Ace. IC Ace.  lUcination rates, even without training on these QA pairs.
LLaVA-v1.5 7B Base VLM Method Score (1) Hall. Rate ()
None! 26 71 295 10,7 LLaVA-v1.0 7B LLaVA-RLHF [42] 2.05 0.68
DoLAT [16] 229 17.2 40.1 11.6 None [35] 2.11 0.54
HALVA' [41] 239 21.1 374 10.7 HACL [24] 2.13 0.50
REVERSE,, — ¢ 003 30.7 318 315 269 HA-DPO [56] 1.97 0.60
REVERSE(; — 0.0003) 323 29.4 18.7 58.8 EOS [55] 2.03 0.59

HALVA [41] 225 0.54

LLaVA-v1.5 7B
LLaVA-MORE 8B VA DoLAT [16] 233 0.56
Nonef 2.4 15.8 434 7.4 WoodpeckerT [53] 2.19 0.58
DoLAT [16] 238 155 451 74 %yél‘sg(f =0.003) §'§§ 8-‘3‘3
REVERSE(; —¢.003) 26.7 30.0 313 11.7 RSE(r =0.0003) 3. -
REVERSE(: — ¢.0003) 36.7 395 30.9 38.1 None' 250 053
QwenZ.S-VLFT 3B DoLAT [16] 2.54 0.51
LLaVA-MORE 8B woodpecker! [53] 228 0.58

None' 335 254 516 264 REVERSE(, —.003) 228 0.54
DoLAT [16] 274 16.5 51.1 19.0 REVERSE(; — 0.0003) 2.93 0.40
REVERSE( _ .01 45.1 29 418 555 :

None 2.89 043
GPT-4o 63.2 65.2 55.2 68.7 QWenZ.S-VLFT 3B DoLAT [16] 272 046
Gemini 1.5 Pro 779 83.7 56.3 92.5 REVERSE(; 0,01y 3.15 0.29

Our evaluation dataset covers several standard VQA tasks aimed at assessing visual hallucination, with a
primary focus on image captioning and open-ended question answering. While discriminative tasks, binary
(Yes/No) questions targeting object, attributes, and spatial understanding, are also common, backtracking
provides limited benefit in such settings, which have been noted to offer less diagnostic insight into VLM
hallucinations [7, 41]. We include results on these tasks in Appendix D for completeness.

For image captioning, we use CHAIR-MSCOCO [40, 55] and the generative subset of AMBER [47]
(denoted as AMBER-G). CHAIR-MSCOCO evaluates object hallucination using the CHAIR score,
which measures the degree of misalignment between objects mentioned in a model-generated caption
and objects actually present in the image. It is defined as 1 minus the intersection over union (IoU)
between the sets of mentioned and ground-truth objects. We report both CHAIR;, which aggregates the
CHAIR score across all object instances, and CHAIR,, which quantifies the proportion of images where
at least one hallucination occurs. For AMBER-G, we report four key metrics: CHAIR, Coverage (Cover),
Hallucination (Hall), and Cognition (Cog). CHAIR is the same as CHAIR; above, and Coverage measures
how well the caption mentions all objects in the image, similar to recall. The definitions of the remaining
two metrics and further details on these datasets are provided in Appendix C.

For open-ended question answering, we evaluate on MMHal-Bench [42] and HaloQuest [49], which
generally test VLMs on false-premise questions, questions with insufficient visual evidence, and visually
complex queries. Following standard evaluation protocols, we assess MMHal-Bench responses using
gpt-4-0314 and HaloQuest with Gemini-1.5-Pro, as the original paper used Gemini-1.0-Pro,
which is no longer available. These benchmarks require models to generate free-form text answers, testing
their ability to comprehend and reason about visual content in an open-ended manner.

4.1 Experimental Results

Image Captioning Tasks  Table 1 presents results on image captioning tasks. With the default parameters,
our method achieves the best results on LLaVA-series and Qwen2.5-VL, reducing the CHAIR; value by up
to 12% on CHAIR-MSCOCO and AMBER-G compared to the best existing methods. On LLaVA-v1.5-7B,
training-free methods underperform relative to fine-tuned approaches. DoLA [16] reduces hallucinations for
LLaMA-based models but does not generalize well to Qwen2.5-VL. EOS [55] performs well on AMBER-G,
likely because it encourages the model to produce more concise captions, leading to less informative outputs
and reduced coverage. The post-hoc refinement method, Woodpecker [53], employs a multi-stage process
for verification and correction; however, its one-time correction approach may suffer from error propagation,
limiting its effectiveness. In contrast, REVERSE generalizes across models and supports threshold-based
tuning to balance hallucination and coverage (more studies in subsection 4.2). Figure 4 presents qualitative
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approaches the ball. In the the field. The woman appears to be
background, enjoying her time playing soccer in the
open space. The field is surrounded
by grass, creating a natural and

The scene captures the excitement and
energy of a soccer game.

inviting environment for the game.

The image features a cat lying on a desk, resting  The image features acatlyingona  The image features a cat([...]) lyingon 8]~ The image features a large cat lying on
its head on a computer keyboard. The keyboard  desk, resting its head ona computer ~ HESKS(...1[...)). The cat is scattered around @ wooden table, with a computer

is positioned in the lower left part of the scene, keyboard. The keyboard is positioned the desks. The cat is resting its head on a keyboard and a computer mouse
while the cat occupies the maijority of the space, in front of the cat, and a computer computer keyboard(...]), which is placed in front of it. The cat appears
stretching from the center to the right side of the  mouse can be seen nearby. Thecat  positioned in the lower left part of the scene. to be sleeping or resting on the table,
desk. In addition to the keyboard, there is a appears to be sleeping or relaxingon  In addition to the keyboard, there is a with its head resting on the keyboard.
computer mouse located on the right side of the  the desk, taking up a significant computer mouse([...]) located on the right ~ The computer mouse is positioned
desk, close to the cat. The desk appears to be a portion of the space. In the side of the desk, close to the cat. The desk near the right side of the table, and

workspace, with a few other items scattered background, appears to be a workspace, with a few other  the keyboard is on the left side. The

around, , possibly containing snacks  items scattered around. There is no bowlin ~ scene suggests that the cat is in close
for the cat or the person using the the scene. proximity to the computer setup,
computer. possibly enjoying the warmth of the

devices or simply resting on the table.

Figure 4: Qualitative Examples of different Methods. When generating captions for an image, LLaVA, OPERA,
and Woodpecker tend to hallucinate non-existing objects. REVERSE generates correct captions of similar length.
Additional qualitative results are provided in Appendix D.

results using four different methods. LLaVA-v1.5-7B, OPERA, and Woodpecker hallucinate non-existing
objects, while REVERSE can generate the correct caption without reducing caption length too much.

Open-ended Question Answering We evaluate REVERSE on MMHal-Bench and HaloQuest, two
open-ended VQA benchmarks containing lots of questions with false premises or insufficient context.
These examples require the model to either refuse or correct the query. For these questions, we observed
that REVERSE often produces empty responses and we interpret this behavior as the model identifying
the query as unanswerable. In all such cases, we apply query rewriting with the prompt: “For this question,
please point out the false premises or note what information is missing, rather than answering it directly.”
The complete mechanism for handling unanswerable questions is given in Appendix E.

As shown in Table 3 and Table 2, REVERSE improves accuracy by up to 10% on MMHal-Bench and
34% on HaloQuest compared with the SOTA models using default hyperparameters (r=0.003 for LLaVA
series and 7=0.01 for Qwen2.5-VL). Most of the gains come from better handling of false-premise and
insufficient-context questions. However, performance on visually challenging questions decreases as the
model adopts a more cautious approach and avoids speculative answers, even when they may be correct.
Additional experiments with LLaVA show that lowering the threshold further (e.g., 7=0.0003) increases
conservativeness and boosts performance on ambiguous queries, without requiring task-specific fine-tuning.

4.2 Discussions

‘We conduct additional experiments on two LLaVA models to examine key aspects of our method, including
ablation studies, trade-offs between expressiveness and performance, efficiency versus accuracy, and the
effect of temperature. Potential limitations and broader social impacts are discussed in section 5.

Ablation Studies We conduct ablation studies to evaluate the contributions of different components of
our method, as shown in Table 4. Comparing the first and second rows, we observe that hallucination-aware
training alone already improves performance across all metrics, outperforming existing VLMs. We
hypothesize that this improvement arises from the model’s ability to contrast positive and negative phrases,
effectively learning to distinguish between </CN> and </UN> during training—a mechanism that may
be similar to DPO [39]. This finding suggests a potential research direction for future work. Interestingly,
even a naive rejection sampling strategy reduces CHAIR hallucination scores by 1.2. When combined
with query rewriting, the coverage improves by a further 1.2 points, indicating that rewriting helps the
model explore alternative phrasing and correct itself more effectively.

Trade-offs Between Inference Efficiency and Hallucination To quantify the impact of REVERSE on ef-
ficiency, we analyze 1,004 samples from the AMBER-G test set. As shown in Table 5, we report the number
of correction rounds, hallucination scores (CHAIR), and relative runtime, measured by the total number of
generated tokens of REVERSE-v1.5-7B compared to the LLaVA-v1.5-7B baseline. To show the trade-off
of correction versus efficiency, these experiments are conducted under a protocol where the model continues
generation after V correction attempts (rather than terminating early, as our algorithm normally would).
The overall overhead can be decomposed into two components: verification overhead and correction



Table 4: Ablations: hallucination-aware training improves Table 5: Efficiency Study: Increasing the number of
coverage and reduces hallucination; retrospective resampling  self-correction rounds reduces hallucination (CHAIR)

(default 7=0.003) further lowers hallucination. with the cost of total generated tokens. The reported
Components CHAIR (}) Cover (1) Hall ({) Cog (]) tokep ratio denotes REVERSE-v1 5 s token count
relative to the LLaVA-v1.5-7B baseline.
LLaVA-v1.5-7B 7.8 51.0 36.4 42
+ Hall-aware Training 72 532 36.3 34 # Rounds (N) 0 5 10 20 50
+ Rejection Sampling 6.0 51.0 30.5 3.0 CHAIR (L) 78 71 6.8 6.7 6.0
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Figure 6: Increasing temperature is expected to
Figure 5: This plot illustrates the trade-off between CHAIR ~ encourage models to mention more objects and
(}) and Coverage (1) across different threshold values. details at the cost of higher hallucination risk.

REVERSE is the first controllable VLM allowing for such REVERSE achieves the best tradeoff between
tradeoffs. expressiveness and hallucination, maintaining high

coverage while surpassing all baselines on CHAIR.

overhead. For the verification overhead, our token-level confidence estimation is performed inline during
generation and introduces negligible additional cost. In contrast, prior methods like Woodpecker [53] and
LURE [57] rely on auxiliary VLMs or external object detectors, incurring substantial inference overhead.

As for the correction overhead, we further evaluate performance across different maximum correction
rounds. In prior work, each correction round typically entails full re-generation, leading to approximately
(N+41)x runtime for N correction rounds. In REVERSE, despite setting the maximum number of
correction rounds to 50, 37% of samples require no backtracking, and among the remaining cases, over
half converge within a single round. This keeps the average overhead reasonable. Additional correction
rounds continue to lower CHAIR scores while runtime remains within roughly 3x of the baseline, since
corrections are localized rather than full re-generations. Moreover, the re-generation process can be further
optimized by reusing KV-cache [45, 26], avoiding recomputation of the shared prefix.

Overall, the self-correction loop in REVERSE is computationally affordable and effective, as
demonstrated in Table 1, Table 2, and Table 3. Yet, we believed that developing even more efficient
correction strategies remains a promising avenue for future work.

Trade-offs Between Expressiveness and Hallucination As discussed in subsection 3.3, a key
component of our retrospective resampling method is the predefined threshold 7. When the predicted
probability of </UN> exceeds 7, the model triggers backtracking and self-correction. Figure 5 presents
an analysis of the effect of 7 on two VLMs. The 2D plot illustrates the performance trade-off between
CHAIR (hallucination metric) and coverage across different threshold values. Based on our experiments,
we selected 7=0.003 as a global threshold for image captioning and other generative tasks, as it represents
the peak of the performance frontier. The strong results under a single universal setting demonstrate the
generalization ability of our method across diverse domains.

Moreover, the existence of threshold tuning provides an interpretable, user-adjustable control for balancing
creativity and trustworthiness, which is an ability unique to our method. Compared with prior hallucination-
reduction approaches, REVERSE enables dynamic adjustment of this balance between expressiveness
and reliability. Notably, with a relatively high threshold (r=0.01), our method already surpasses the
base VLMs (LLaVA-v1.5 and LLaVA-MORE) in both hallucination reduction and content coverage.
Conversely, with a lower threshold (7=0.0001), our model can even outperform GPT-4V in hallucination
control. To our knowledge, REVERSE is the first approach to expose this trade-off transparently through



a single parameter, whereas prior methods fix such thresholds implicitly without offering user control.
Future work may explore how to adaptively adjust  based on contextual factors or task difficulty.

Impact of Temperature on Hallucination and Coverage We also analyze how temperature
settings affect hallucination rates and object coverage in generated outputs. In this experiment, we use
LLaVA-v1.5-7B as the backbone and increase the number of local correction attempts (/) while keeping
all other parameters in REVERSE unchanged. As shown in Figure 6, REVERSE is robust to increasing
temperature. For tasks such as image captioning, a higher temperature is often desirable to enhance diversity
in generated descriptions. However, existing methods not only suffer from increased hallucinations at higher
temperatures but also exhibit a decline in object coverage. In contrast, REVERSE balances expressiveness
and reliability—slightly reducing hallucination while improving object coverage as temperature increases.

5 Limitations and Societal Impact

Our 1.3M Instruction Tuning Dataset We synthesize a 1.3M-sample, hallucination-aware instruction
tuning dataset. While effective as a proof-of-concept (shown in Table 1, Table 2), it has several limitations.
First, as with LLaVA’s dataset, ours lacks coverage of edge cases (e.g., insufficient context, false premises)
and noisy labels, which is an issue recently addressed in newer datasets [14, 43]. Second, our data augmenta-
tion uses GPT-40-mini, which may introduce bias or limited coverage. Finally, our dataset includes subsets
from existing sources like MS-COCO, which contain known biases (e.g., gender, race, geography) [20, 9,
21, 46]. Future work should aim to develop more comprehensive, higher-quality datasets with reduced bias.

REVERSE-VLMs REVERSE is a generalizable framework applicable to models like LLaVA-
v1.5, LLaVA-MORE, and Qwen2.5-VL. It significantly reduces hallucination with minimal loss in
expressiveness and efficiency (shown in Table 1, Table 2). However, it does not improve performance
on discriminative VQA tasks (see Table A.1) as the backtracking methods generally didn’t help further
reasoning. Future work can explore integrating REVERSE with existing hallucination reduction techniques
to improve such tasks. As discussed in Table 5, REVERSE reduces the hallucination with the cost of
more generated tokens. An efficient self-correction methods can be a future direction.

As a well studied problem, REVERSE carries risks of misuse just like other VLMs [8, 34, 35]. We adopt
existing safety mechanisms from upstream models (i.e., LLaVA-v1.5 [35], LLaVA-MORE [17], and
Qwen2.5-VL [6]), and provide a fully open-source release with training details.

6 Conclusion

In this paper, we introduced REVERSE, a framework that reduces hallucinations in Vision-Language
Models by combining hallucination-aware training with retrospective resampling. REVERSE achieves up
to 12% improvement on image CHAIR-MSCOCO and 34% on HaloQuest over existing SOTA methods.
While preliminary, REVERSE highlights the potential of self-correction in multimodal models. Future
work may explore integrating structured verification and causal reasoning to further reduce hallucinations.
As multimodal Al progresses, we see self-verification and retrospective techniques as a promising direction
for building more trustworthy systems.
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NeurIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the paper’s
contributions and scope?

Answer: [Yes]
Justification: Claims are justified through experimental results in the paper (subsection 4.1).
Guidelines:
» The answer NA means that the abstract and introduction do not include the claims made
in the paper.
» The abstract and/or introduction should clearly state the claims made, including the

contributions made in the paper and important assumptions and limitations. A No or NA
answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how much
the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.
2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: See section 5.
Guidelines:
* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.
* The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to viola-
tions of these assumptions (e.g., independence assumptions, noiseless settings, model well-
specification, asymptotic approximations only holding locally). The authors should reflect
on how these assumptions might be violated in practice and what the implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was only
tested on a few datasets or with a few runs. In general, empirical results often depend on
implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach. For
example, a facial recognition algorithm may perform poorly when image resolution is low
or images are taken in low lighting. Or a speech-to-text system might not be used reliably
to provide closed captions for online lectures because it fails to handle technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms and
how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to address
problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an important
role in developing norms that preserve the integrity of the community. Reviewers will be
specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and a
complete (and correct) proof?

Answer: [NA|
Justification: No theoretical results.

Guidelines:
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» The answer NA means that the paper does not include theoretical results.
All the theorems, formulas, and proofs in the paper should be numbered and cross-referenced.
* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if they
appear in the supplemental material, the authors are encouraged to provide a short proof
sketch to provide intuition.

¢ Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main
experimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: We publicly release the dataset, training code, and model checkpoints. The data
curation pipeline is illustrated in Figure A.1, and training and evaluation details are provided
in Appendix E.

Guidelines:

» The answer NA means that the paper does not include experiments.

* If the paper includes experiments, a No answer to this question will not be perceived well
by the reviewers: Making the paper reproducible is important, regardless of whether the
code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

Depending on the contribution, reproducibility can be accomplished in various ways. For
example, if the contribution is a novel architecture, describing the architecture fully might
suffice, or if the contribution is a specific model and empirical evaluation, it may be necessary
to either make it possible for others to replicate the model with the same dataset, or provide
access to the model. In general. releasing code and data is often one good way to accomplish
this, but reproducibility can also be provided via detailed instructions for how to replicate
the results, access to a hosted model (e.g., in the case of a large language model), releasing
of a model checkpoint, or other means that are appropriate to the research performed.

» While NeurIPS does not require releasing code, the conference does require all submissions
to provide some reasonable avenue for reproducibility, which may depend on the nature
of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should either
be a way to access this model for reproducing the results or a way to reproduce the
model (e.g., with an open-source dataset or instructions for how to construct the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case authors
are welcome to describe the particular way they provide for reproducibility. In the case
of closed-source models, it may be that access to the model is limited in some way
(e.g., to registered users), but it should be possible for other researchers to have some
path to reproducing or verifying the results.

L]

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instructions
to faithfully reproduce the main experimental results, as described in supplemental material?

Answer: [Yes]

Justification: Code, dataset, and model checkpoints will be released with the camera-ready
version in Appendix A.
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Guidelines:

* The answer NA means that paper does not include experiments requiring code.

¢ Please see the NeurIPS code and data submission guidelines (https://nips.cc/public/
guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not including
code, unless this is central to the contribution (e.g., for a new open-source benchmark).

* The instructions should contain the exact command and environment needed to run
to reproduce the results. See the NeurIPS code and data submission guidelines
(https://nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how to
access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized versions
(if applicable).
* Providing as much information as possible in supplemental material (appended to the paper)
is recommended, but including URLS to data and code is permitted.
6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyperparameters,
how they were chosen, type of optimizer, etc.) necessary to understand the results?

Answer: [Yes]
Justification: See section 5.
Guidelines:

» The answer NA means that the paper does not include experiments.

» The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: For all experiments, we compute 100 bootstrapped rounds. We only report average
score in subsection 4.1 for clarity but provide detailed 95% confidence interval under all settings
in Table A.5, Table A.6, and Table A.7.

Guidelines:

» The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confidence
intervals, or statistical significance tests, at least for the experiments that support the main
claims of the paper.

 The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall run
with given experimental conditions).

» The method for calculating the error bars should be explained (closed form formula, call
to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

* It should be clear whether the error bar is the standard deviation or the standard error of
the mean.

* Itis OK to report 1-sigma error bars, but one should state it. The authors should preferably
report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis of Normality
of errors is not verified.
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* For asymmetric distributions, the authors should be careful not to show in tables or figures
symmetric error bars that would yield results that are out of range (e.g. negative error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how they
were calculated and reference the corresponding figures or tables in the text.
Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the computer
resources (type of compute workers, memory, time of execution) needed to reproduce the
experiments?

Answer: [Yes]
Justification: See Appendix E.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster, or
cloud provider, including relevant memory and storage.

» The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute than

the experiments reported in the paper (e.g., preliminary or failed experiments that didn’t
make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the NeurIPS
Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justification: We respect the code of ethics.
Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

o If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consideration
due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative societal
impacts of the work performed?

Answer: [Yes]
Justification: See section 5.
Guidelines:

» The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal impact
or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations (e.g.,
deployment of technologies that could make decisions that unfairly impact specific groups),
privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied to par-
ticular applications, let alone deployments. However, if there is a direct path to any negative
applications, the authors should point it out. For example, it is legitimate to point out that
an improvement in the quality of generative models could be used to generate deepfakes for
disinformation. On the other hand, it is not needed to point out that a generic algorithm for op-
timizing neural networks could enable people to train models that generate Deepfakes faster.
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* The authors should consider possible harms that could arise when the technology is being
used as intended and functioning correctly, harms that could arise when the technology
is being used as intended but gives incorrect results, and harms following from (intentional
or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible release
of data or models that have a high risk for misuse (e.g., pretrained language models, image
generators, or scraped datasets)?

Answer: [Yes]
Justification: See section 5.
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with neces-
sary safeguards to allow for controlled use of the model, for example by requiring that users
adhere to usage guidelines or restrictions to access the model or implementing safety filters.

¢ Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do not
require this, but we encourage authors to take this into account and make a best faith effort.
Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in the paper,
properly credited and are the license and terms of use explicitly mentioned and properly respected?

Answer: [Yes]
Justification: See Appendix A.
Guidelines:

* The answer NA means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a URL.
* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of service
of that source should be provided.

* If assets are released, the license, copyright information, and terms of use in the package
should be provided. For popular datasets, paperswithcode. com/datasets has curated
licenses for some datasets. Their licensing guide can help determine the license of a dataset.

» For existing datasets that are re-packaged, both the original license and the license of the
derived asset (if it has changed) should be provided.

« If this information is not available online, the authors are encouraged to reach out to the
asset’s creators.

New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]
Justification: Documentation is released as part of the code release.
Guidelines:

* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their submis-
sions via structured templates. This includes details about training, license, limitations, etc.

19


paperswithcode.com/datasets

14.

15.

16.

* The paper should discuss whether and how consent was obtained from people whose asset
is used.

At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as well
as details about compensation (if any)?

Answer: [NA|
Justification: N/A
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

* Including this information in the supplemental material is fine, but if the main contribution
of the paper involves human subjects, then as much detail as possible should be included
in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data collector.

Institutional review board (IRB) approvals or equivalent for research with human subjects

Question: Does the paper describe potential risks incurred by study participants, whether such
risks were disclosed to the subjects, and whether Institutional Review Board (IRB) approvals
(or an equivalent approval/review based on the requirements of your country or institution) were
obtained?

Answer: [NA|
Justification: N/A
Guidelines:
» The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you should
clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions and
locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the guidelines
for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used only
for writing, editing, or formatting purposes and does not impact the core methodology, scientific
rigorousness, or originality of the research, declaration is not required.

Answer: [Yes]

Justification: GitHub Copilot was used during coding. In paper writing, LLM was used solely
for grammar checking.
Guidelines:

» The answer NA means that the core method development in this research does not involve
LLMs as any important, original, or non-standard components.

¢ Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM) for
what should or should not be described.
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Appendix
The appendix consists of the following further discussion:

» Appendix A provides links to the released code, model checkpoints, and dataset.

¢ Appendix B describes the dataset that we constructed containing (</UN>) and (</CN>) tokens.
* Appendix C describes the evaluation datasets and metrics.

* Appendix D provides more qualitative and quantitative results.

* Appendix E details the training and evaluation implementation for REVERSE.

A Code and Model Release

The project website is available at: https://reverse-vlm.github.io. The code for REVERSE is released
under the MIT license at https://github.com/tsunghan-wu/reverse_vlm. It builds upon the Apache
2.0-licensed codebases of LLaVA [34] and LLaVA-MORE [17], as well as the Qwen license associated
with Qwen2.5-VL [6].

We also release model checkpoints of REVERSE (based on LLaVA-vl.5, LLaVA-MORE, and
Qwen2.5-VL), along with a 1.3M-sample semi-synthetic dataset, at Hugging Face. Both the checkpoints
and dataset are released under the MIT license. The dataset contains elements adapted from LLaVA [34],
which is licensed under the Creative Commons Attribution 4.0 International License. Use of the dataset
complies with OpenAl’s usage policy.

B Dataset Details

The philosophy of our data generation is to be automatic, scalable, and high-quality. The overall pipeline
is illustrated in Figure A.1. The dataset construction begins with the automatic annotation of all noun
phrases (with multilingual support) and a set of predefined task-relevant keywords such as “Yes” or “No.”
To avoid uninformative annotations (e.g., “in the image’), we maintain a skip list (Figure A.3). Noun
phrases and their prefix prepositions are extracted automatically using Part-of-Speech (POS) tagging tools
[22]. This stage produces positive examples that accurately describe the visual content (objects). To teach
the model to produce unconfident tokens (</UN>) after incorrect, hallucinated objects, we augment each
positive example with one corresponding negative sample, generated through a combination of rule-based
algorithms and LLM prompting with a strong emphasis on diversity and quality, as follows.

Type-aware rules. We first categorize QA pairs into different types. For simple cases (e.g., yes/no
or numerical questions), we apply deterministic transformations such as flipping answers or sampling
plausible but incorrect numbers.

LLM-generated negatives. For more complex cases (e.g., open-ended descriptive answers), we use
GPT-4o0 to generate diverse and semantically plausible negative responses, following the structured prompts
described in the following pages.

Quality control. To ensure high data quality, we filter out trivial negatives (e.g., those differing only by
pronoun swaps) and re-distribute examples to balance the positive/negative ordering, preventing positional
bias and ensuring that each negative sample is both meaningful and informative.

The final image distribution matches that of the original LLaVA-v1.5-665k dataset, as shown in Figure A.2.
Compared to existing datasets such as FAVA [36], the data used for REVERSE is fundamentally different
in both scale and diversity: REVERSE contains 1.3M samples (versus 35K in FAVA) and covers a much
wider range of hallucination types across attributes, objects, world entities, and scenes, extending beyond
the graph-based replacement frameworks adopted in prior work.
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Figure A.1: The data generation pipeline for our 1.3M instruction-tuning data.

665K Instruction Tuning Data for LLAVA-v1.5 1.3M Instruction Tuning Data for REVERSE (Ours)
OCRVQA OCRVQA
TextVQA (Train) 80000 (12.0%) TextVQA (Train) 160000 (12.1%)
21953 (3.3%) 41732 (3.2%)
Text-Only Text-Only
40688 (6.1%) GQA 79904 (6.1%) GQA
72140 (10.8%) 144280 (10.9%)

Visual Genome Visual Genome
86417 (13.0%) 172834 (13.1%)

COCO COCo
364100 (54.7%) 719298 (54.6%)

Figure A.2: Comparison between LLaVA-v1.5-665k and our 1.3M instruction tuning dataset

what, where, which, who, whom, whose, why, how,

What, Where, Which, Who, Whom, Whose, Why, How,

that, this, these, those, That, This, These, Those,

he, she, it, we, you, they, me, him, her, us, them, I,

He, She, It, We, You, They, Me, Him, Her, Us, Them, I,

my, your, his, her, its, our, their, mine, yours, ours, theirs,

My, Your, His, Her, Its, Our, Their, Mine, Yours, Ours, Theirs,
a, an, the, A, An, The,

in the image, the image, The image, In the image,

in the picture, the picture, The picture, In the picture.

Figure A.3: Words that we skip during data processing to ensure high-quality hallucination generation
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Given one provided question-answer pair, please select one of the tagged segments
(<SPAN>...</SPAN>) in the ‘‘answer’’ and replace it with an alternative that captures
a similar aspect but differs in meaning (e.g., varying noun phrases, numbers, key-
words, etc.) appropriate for a typical context to create hard, incorrect negative
samples. These substitutions should:

* Use a word that differs visually distinct from the original word

* Belongs to the same superclass or broader category as the original answer (e.g.
both animals/fruits etc.) but the meaning should change significantly

* Don’t change the first word if that already appears in the question

Please explain the reasoning first and then return the original word/phrase and the
substituted one. Provide your answer in the following JSON format:

{
"Reasoning": "Provide an explanation of why a specific word or phrase was chosen
for substitution and the rationale behind the chosen alternative",
"Qutput": ["Original Text", "Alternative"]
}

# Here are good examples of the task

{

"Reasoning": "In the provided answer, the phrase ’<SPAN>A red plastic cup</SPAN>’
describes a specific type of object (a cup) that is used in a context (likely
related to beverages), and it is paired with another object (’a clear straw’).
To create a hard, incorrect negative sample, I chose to substitute this phrase
with ’><SPAN>A green glass bottle</SPAN>’, which refers to a different type of
container while maintaining the overall theme of objects associated with drinks.
However , it alters the context sufficiently to be incorrect as an answer to
the original question about the region’s description.",

"Qutput": ["A red plastic cup", "A green glass bottle"]

~ e

"Reasoning": "The original phrase ’giant hotdog’ is specific and unusual, which
makes it memorable. By replacing it with ’small burger,’ I create a phrase
that is similarly nonsensical in this context but alters its meaning.
’Small burger’ retains a food-related theme, making it seem plausible while still
not fitting the context of a region description. Additionally, ’the man’s mouth’
was kept intact to maintain a semblance of continuity in the sentence structure.",
"Qutput": ["giant hotdog", "small burger"]

-~

"Reasoning": "The original answer identifies Sinclair Lewis as the author, which is
accurate. For the negative sample, I replaced ’Sinclair Lewis’ with ’Mark Twain,’
another well -known author. This substitution maintains the aspect of being a
famous author but is incorrect in the context of the question about the specific
book mentioned.",

"Qutput": ["Sinclair Lewis", "Mark Twain"]

-~

"Reasoning": "The original phrase ’the back view’ is chosen for substitution
because it describes a specific angle or perspective of the subject (an adult
giraffe). To create a hard, incorrect negative sample, I replaced it with ’the
frontal view’, which refers to a different perspective entirely. This alteration
maintains the structure of the sentence but changes the meaning significantly,
making it incorrect in the context.",

"Qutput": ["the back view", "the frontal view"]

}

# Here’s the input:
* Question: {question}

e Answer: {answer}

C Evaluation Datasets & Metrics

To evaluate how REVERSE reduces visual hallucination through backtracking, we use two image
captioning benchmarks and two open-ended VQA datasets. While not the main focus of this paper, we also
report results on standard discriminative VQA benchmarks commonly used for hallucination evaluation.
Below, we describe each of these benchmark datasets in detail.
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CHAIR-MSCOCO: MS COCO (Microsoft Common Objects in Context) [31] is a large-scale
dataset designed for object detection, segmentation, and captioning tasks in computer vision. It contains
over 330,000 images, with more than 200,000 labeled images spanning 80 object categories. The
dataset includes detailed instance annotations, allowing for precise object localization and segmentation.
Additionally, MS COCO provides five human-generated captions per image, making it a popular
benchmark for image captioning and vision-language models (VLMs).

The CHAIR-MSCOCO benchmark was first introduced by Rohrbach et al. [40], which uses the full
MSCOCO validation set to evaluate hallucination in vision-language models using the CHAIR score. In
this work, we follow the evaluation protocol of Yue et al. [55] and assess a subset of 500 captions for
efficient benchmarking.

AMBER: AMBER (An LLM-free Multi-dimensional Benchmark for MLLMSs Hallucination Evaluation)
[47] is a comprehensive evaluation framework designed to assess hallucination phenomena in Multi-modal
Large Language Models (MLLMs). Unlike previous benchmarks that often rely on human or advanced
LLM evaluations, AMBER offers an automated, low-cost approach to evaluate both generative and
discriminative tasks. It addresses three key dimensions of hallucination: existence, attribute, and relation.

In this work, we refer to the generative subset as AMBER-G and the discriminative subset as AMBER-D.
The AMBER-D subset comprises binary Yes/No questions and is evaluated using the F1 score, consistent
with the POPE benchmark. Evaluation on AMBER-G is more complex and involves multiple metrics,
as described below.

CHAIR [40] measures the percentage of hallucinated objects in a scene, and is defined as:

len(R;b]- NAob;)

'HAIR(R)=1—
R T

(A2)
where A.p;={0bji*, obj3', ..., obji'} is an annotated list of objects, and Roy;={objft, obj¥, ..., objZ} are
nouns extracted from the captions using NLTK.

Cover measures the object coverage of responses, namely, the proportion of objects mentioned in the

response R;bj relative to the objects identified in the A,;, and is defined by:

len( ;bj NAobj)

Cover(R)= len(Auy)

(A3)

Hal is a more general metric, measuring the portion of responses containing hallucinations (similar to
CHAIR;). It is defined as:

1 if CHAIR(R)#0,

. (A4)
0 otherwise.

Hal(R)= {

Cog measures how similar the hallucinations that a model generates are to human hallucinations. It is
defined as: ,
len(R ;N Hob,)

len(R;bj)

for a set of target hallucinatory objects Hop;={obj{’, obja’, ..., obj }.

Cog(R)= (A5)

HaloQuest: HaloQuest [49] is a VQA dataset designed to evaluate and mitigate hallucination in VLMs.
The evaluation set consists of over 600 examples, featuring both real images from the Openlmages dataset
and synthetic images generated using tools like Midjourney. The dataset focuses on three categories
of questions: those with false premises, those lacking sufficient context, and visually challenging ones,
aiming to trigger common hallucination scenarios in VLMs. Performance on Haloquest is measured using
“accuracy” as evaluated by Gemini-1.0 Pro; however since this model is no longer available, we leverage
Gemini 1.5-Pro in this paper.

MMHal-Bench: MMHal-Bench [42] is an evaluation benchmark specifically designed to assess hal-
lucination phenomena in Large Multimodal Models (LMMs). It comprises 96 challenging image-question
pairs sourced from the Openlmages dataset, each accompanied by corresponding ground-truth answers
and detailed image content annotations. The benchmark focuses on penalizing hallucinations by evaluating
model responses against these ground truths. Performance on MMHal-Bench is measured using “score”
(ranging from 0-6) and “hallucination rate” (ranging from 0-1) as evaluated by a GPT model.
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Table A.1: Performance comparison across multiple discriminative visual hallucination benchmarks including the
discriminative subset of AMBER (F1), POPE (F1), and the hallucination subset of MME (Score).

Base VLM Method AMBER-D POPE  MME-Hall
None 747 859 6483
VCD [28] - 845 604.7
EOS [55] 756 86.0 606.7
OPERAT [23] 74.8 855 5923
DoLAT ¥ ¥ [16] 745 85.7 656.7
LLaVA-v1.5 7B [35] HA-DPO [56] 78.1 86.9 6183
MEMVR [58] - 859 6483
AGLA [3] - 86.0 640.0
HALVA [41] 834 84.8 665.0
Woodpecker [53] 67.0 - 366.7
REVERSE, — 5, 742 85.9 601.6
None' ¥ 716 85.1 6783
LLaVA-MORE 8B [17]  DoLAT ¥ #[16] 72.0 85.2 683.3
REVERSE, ¢ 5, 69.3 84.4 657.6
None' ¥ # 87.7 87.1 550.4
Qwen2.5-VL'" 3B [6] DoLAT # ¥ [16] 89.0 78.8 555.6
REVERSE, ¢ 5 85.7 865 589.5

Table A.2: Additional breakdown analysis on the POPE benchmark. REVERSE achieves comparable performance
to LLaVA-v1.5-7B across all subsets. Scores are reported as accuracy (95% CI).

Model Popular Adversarial Random All
LLaVA-v1.5-7B 86.1 (84.8-87.4) 84.2(82.8-85.7) 87.2(85.8-88.5) 85.9(83.2-88.2)
REVERSE 86.3 (85.0-87.7) 83.9(82.4-85.3) 87.5(86.3-88.8) 85.9(82.8-88.5)

POPE: The Polling-based Object Probing Evaluation (POPE) [30] is a benchmark designed to assess
object hallucination in vision-language models (VLMs). Unlike traditional instruction-based evaluations,
POPE employs a polling-based query method, prompting LVLMs with simple yes-or-no questions about
the presence of specific objects in images. This approach converts the evaluation into a binary classification
task, allowing for more stable and flexible assessment of object hallucination. Performance on POPE
is measured in F1 score following LLaVA’s standard [34].

MME-Hall: MME-Hall [19] is a specialized subset of the Multimodal Large Language Model
Evaluation (MME) benchmark, focusing specifically on assessing object-related hallucinations in
multimodal large language models (MLLMs). It evaluates models across four key dimensions: object
existence, counting, positional accuracy, and color recognition. Most questions in this subset require binary
Yes/No answers or brief responses in short phrases.

D Additional Results

Discriminative Tasks: We report results on discriminative hallucination benchmarks including
AMBER-D, POPE, and MME-Hall in Table A.1 and Table A.2. These benchmarks consist of binary
classification tasks such as Yes or No questions, where the impact of retrospective resampling is naturally
limited. Since the answer space is minimal, often restricted to a single token, rethinking the output using
a clarification hint like “(potential incorrect phrases — Yes/No)” described in subsection 3.3 generally
does not provide meaningful improvement.

In this setting, we set the hallucination detection threshold to ~=0.5 for computational efficiency. Increasing
the threshold beyond 0.5 does not significantly affect the results. Across all datasets, REVERSE performs
comparably to existing baselines but does not show substantial gains. This is likely due to the binary nature
of these tasks, which offer limited opportunity for backtracking or resampling to influence the outcome.

By contrast, for open-ended and captioning tasks, we adopt lower thresholds (0.003 for LLaVA-based mod-
els and 0.01 for Qwen2.5-VL) to account for the much larger answer space. For instance, in a sentence such
as “There is a ,” the blank can be filled with many possible words, and both non-hallucinatory tokens
generally have relatively low probabilities. In such cases, setting an appropriately low threshold is critical
for effective hallucination detection. As discussed in section 4, we use a fixed threshold per model across
datasets to ensure a fair comparison. We further reflect on its effectiveness in the discussion subsection. We
leave further exploration of threshold calibration and reasoning strategies for binary tasks to future work.
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Table A.3: Performance on standard VQA benchmarks. ~ Table A.4: Performance on captioning metrics.
REVERSE maintains comparable accuracy to the base ~ REVERSE significantly reduces hallucination rates

model across general-purpose VQA datasets. while maintaining competitive caption quality.
Method HallusionBench GQA  MM-Vet Method CHAIR;(]) CHAIR,(]) CLAIR(1)
LLaVA-v1.5-7B 46.94 62.00 31.10 LLaVA-v1.5-7B 154 50.0 0.7384
REVERSE(- —¢.5) 45.44 6273 2840 REVERSE,; — 0.003) 103 37.0 0.7264

Table A.5: Bootstrapped results on CHAIR-MSCOCO and AMBER-G. We report mean scores with 95%
confidence intervals as subscripts.

Base VLM Method CHAIR-MSCOCO AMBER-G
CHAIR;(}) CHAIR,(}) CHAIR(}) Cover(f) Hal({)  Cog(l)
Base VLM 154 50.0 7.8 51.0 36.4 42
LLaVA-v1.5 7B [35] REVERSE(+ = 0.003) 1035041168 370329041500 605465 522611535 304@2783209) 3.00534)
REVERSE(; = 0.0003) 6.14.53-7.60) 13.60080-1671) 402359 2690413060 102661420 090415
Base VLM 144 52.0 78 53.1 36.6 39
LLaVA-MORE 8B [17] = REVERSE(r =0.003) 1220055-1381) 424380904602  6.559-71) 548536562  35.5324-389) 393344
REVERSE(+ = 0.0003) 847161000 252013928600  S-lasse 389373404 20886232 2.la2s)
Base VLM 12.2 45.8 7.7 51.7 359 4.1
2.5-VL'T [6
Qwen (61 REVERSE(+ =0.01) 10.5020-1190)  394@sa04391) 756681 515502528 344G15372) 366142

Bootstrapped Evaluation Results: As described in section 4, we apply 100-round bootstrapping to
account for variability introduced by sampling during inference, particularly for REVERSE and smaller
datasets such as MM-Hal, which contains only 96 samples. Results are reported in Table A.5, Table A.6,
and Table A.7.

Across all captioning and open-ended VQA tasks, REVERSE consistently demonstrates strong robustness
and significantly outperforms the base VLM, with margins exceeding the 95% confidence interval. For
discriminative tasks, the performance of REVERSE mostly remains within the 95% confidence interval
of the base model, indicating comparable performance.

Qualitative Examples: Figure A .4 presents additional qualitative comparisons between REVERSE
and prior methods. Words highlighted in red indicate hallucinations. Similar to Figure 4, REVERSE
significantly reduces hallucinations. In particular, the fourth row clearly illustrates that when the model
is uncertain, it avoids adding speculative or unsupported content.

Results on Common VQA Tasks: To verify that REVERSE preserves performance on standard VQA
benchmarks, we further evaluate it on HallusionBench, GQA, and MM-Vet (Table A.3). For captioning
tasks, we also aim to ensure that REVERSE maintains caption quality. AMBER-G already reports a
“coverage” metric that measures how many relevant objects are mentioned, alongside the hallucination
metric CHAIR. For evaluation on MSCOCO, we additionally report the CLAIR [12] metric, which
employs an LLM-as-a-judge and correlates more strongly with human judgments than traditional automatic
metrics such as CIDEr and SPICE. CLAIR scores range from 0 to 1, with higher values indicating better
caption quality. The results are summarized in Table A.4.

On general VQA benchmarks, REVERSE achieves performance comparable to the LLaVA-v1.5-7B base-
line, showing that the gains on hallucination-focused benchmarks (e.g., MM-Hal or Haloquest) do not come
at the expense of general VLM capabilities. Although HallusionBench is sometimes considered a visual
hallucination benchmark, it primarily evaluates robustness to visually misleading inputs rather than language-
prior or bias-driven object hallucination that our work explicitly targets. Overall, REVERSE achieves a
~30% reduction in object hallucination while maintaining comparable caption quality to the baseline.

E Implementation Details

E.1 Training Details

For both LLaVA-v1.5-7B and LLaVA-MORE, we initialize from pretrained language models (Vicuna-
1.5-7B and Llama-3.1-8B-Instruct, respectively), along with their corresponding visual projectors and
CLIP-ViT-L/14-336 vision encoders. Following the standard LLaVA setup, we perform instruction
fine-tuning using our 1.3M multi-image dataset for one epoch with LoRA (rank = 128, o = 256). We
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Table A.6: Bootstrapped results on MMHal and HaloQuest. 95% confidence intervals are shown as
subscripts.

Backbone Method MMHal HaloQuest
Score (1) Hall. Rate ({) AvgAcc. (1) FPAcc. (1) VCAcc. (1) IC Acc. (1)
Base VLM 2.11 0.54 22.6 17.1 39.5 10.7
LLaVA-v1.57B REVERSE(; = 0.003) 25602301 047035056 3070743520 31.8075357) 315052381  26.90208-347)
REVERSE(r =0.0003) 328086372 030020040  32.3204365 294psi3s7)  18.7035246)  58.8500-67.6)
Base VLM 2.50 0.53 224 15.8 434 74
LLaVA-MORE 8B REVERSE(: = 0.003) 228196268 054044062 26702343000 3000643520 313053382 11.761-160)
REVERSE(r =0.0003) 293053322 040031051  36.7(339-308) 395348450 309066372  38.131.6469)
Base VLM 2.89 043 335 254 51.6 26.4
2.5-VLT 3B
Qwen2.5 3B REVERSE(, — .01, 315050345 0290210400  45.1aooas9) 429365486  41.8aasaon)  55.5uaces0)

Table A.7: Bootstrapped results on discriminative hallucination benchmarks. We report means with 95%
confidence intervals.

Backbone Method AMBER-D POPE MME-Hall
Base VLM 74.7 85.9 648.3
LLaVA-vl.5 7B
VAV REVERSE 74.2(734752) 85.9(328-88.5) 601.60(555.00-642.54)
Base VLM 71.6 85.1 678.3
LLaVA-MORE 8B
a REVERSE 69.3(685-70.3) 84.481.8-869) 657.63(615.71-696.83)
Base VLM 85.0 87.1 550.4

FT
Qwen2.5-VL"™ 3B o EVERSE 85.785.1-86.1) 86.5843-88.8) 589.48(544.92-635.00)

adopt the modified cross-entropy loss defined in subsection 3.2 and train using the AdamW optimizer.
The learning rate is set to 2e-5 for the visual projector, and (2e-4, 1e-4) for the LoRA parameters of
LLaVA-v1.5-7B and LLaVA-MORE, respectively. The CLIP backbone is kept frozen. We use a global
batch size of 128 with no gradient accumulation. Training takes 24 hours for LLaVA-v1.5-7B and 36
hours for LLaVA-MORE on 8x A100 80GB GPUs using DeepSpeed ZeRO-2.

For Qwen2.5-VL, since the instruction tuning dataset is unavailable, we finetune the released model
directly. To enable apples-to-apples comparison, we apply our REVERSE finetuning on the same 100k
subset used for LLaVA-FT. Unlike the LLaVA variants, we finetune the full 3B Qwen2.5-VL model
(without LoRA) using the same modified cross-entropy loss. We use the AdamW optimizer with a learning
rate of Se-5, freeze the CLIP encoder, and set the batch size to 128 with no gradient accumulation. Training
takes 3 hours on 4x A100 80GB GPUs using DeepSpeed ZeRO-3.

E.2 Full Decoding Algorithm

The full decoding algorithm used in REVERSE is shown in Algorithm 1. For captioning and
discriminative tasks, we directly apply this algorithm.

For open-ended tasks such as MMHal-Bench and HaloQuest, as described in section 4, we adopt a
two-stage decoding process. In the first round, REVERSE runs the standard retrospective resampling
algorithm. Since many of these queries contain false premises or lack sufficient information, the model
is expected to abstain from answering and return a blank response. In such cases, we initiate a second
round of inference with the query modified as:

Q := Q + "For this question, please point out the false premises
or note what information is missing, rather than answering it
directly."

This prompting strategy requires no additional training and enables the model to handle underspecified
or invalid queries more effectively.
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A Describe this image.

LLaVA

OPERA

Woodpecker

REVERSE

The image features a small orange cat
walking down a cobblestone street,
with a motorcycle parked nearby.

, possibly intrigued by

its presence. The motorcycle is
positioned on the left side of the
scene, with the cat walking towards it.
The street is lined with cobblestones,
giving it a charming and old-world
atmosphere.

The image features a woman wearing
ahelmet and riding a bicycle on a
road. She is stopped next to a fence,
where two horses are standing. The
woman appears to be petting one of
the horses, creating a friendly
interaction between her and the
animals. There are

placed around the scene, with one
near the woman on the bicycle,

The presence of these backpacks
suggests that the woman might be on
ajourney or a leisurely ride, taking a
break to interact with the horses.

The image features a dog running
across a sandy beach, enjoying the
open space and the sunny day. The
dogis positioned in the center of the
scene, with its body facing the
camera.

, providing a natural
backdrop for the scene. The dog
appears to be running towards the
water, possibly to cool off or explore
the shoreline.

The image features a man sitting at a
desk, writing on a piece of paper
with a pen. He is wearing a gray shirt
and appears to be focused on his
task. A cup, possibly a coffee mug,
is placed on the desk in front of him,
adding to the casual atmosphere of
the scene.

The image features

ing bicycles on a dirt path
near the ocean. They are enjoying a
leisurely ride along the coastline,
taking in the beautiful scenery.

he ocean is visible in

the background, providing a serene
and picturesque setting for the
cyclists. The dirt path they are
riding on is surrounded by grass,
adding to the natural and peaceful
atmosphere of the scene.

The image features a small orange cat
walking down a cobblestone street next
to a parked motorcycle. The cat appears
to be exploring the area, possibly looking
for food. The motorcycle is positioned on
the right side of the scene, with its front
wheelvisible. In addition to the cat and
the motorcycle,

The image features a woman wearing a
helmet and ridding a bicycle on a road.
She s stopped next to a fence, where
two horses are grazing. The woman
appears to be petting one of the horses
while she is on her bike. In addition to
the woman and the horses,

be seen placed on the ground near the
woman on the bicycle. The scene
captures a moment of interaction
between the woman and the horses,
creating a peaceful and serene
atmosphere.

The image features a dog running
across a sandy beach, enjoying the
open space and the feeling of
freedom. The dog s positioned
towards the left side of the scene,

. The beach is surrounded by a
body of water, which can be seen in
various parts of the image, from
near the left edge to the right side.
The scene captures the dog's
energetic and playful nature as
nobody else is visible in the image.

The image features a man sitting at a
desk, writing on a piece of paper with a
pen. He is wearing a gray shirt and
appears to be focused on his task. Next
to him, there is a coffee mug with a
cartoon character on it, adding a touch
of humor to the scene.

The image depicts BIGfOUBIGIATEE|
irid'\ng bicycles on a dirt
road near the ocean. They are
enjoying their time outdoors,

. The
children are wearing helmets for
safety while they ride. The scene is
set against a beautiful backdrop of
the ocean, with the sky visible in
the background. The children
seem to be having a great time
exploring the area on their
bicycles.

The image features a cat([0.147, 0.63,
0.316, 0.974]) walking down a
cobblestone street([0.165, 0.442, 1.0,
0.999]), with a motorcycle([0.515,
0.083, 0.757, 0.756]) parked nearby.

he
motorcycle is positioned on the left
side of the cat.

The image features a woman([0.497, 0.291,
0.738, 0.961]) wearing a helmet and riding a

bicycle([0.457, 0.558, 0.897, 0.92]) on a
r0ad([0.69, 0.409, 0.999, 0.998]). She is
stopped next to a fence([0.002, 0.552,
0.514, 0.993]), where two horses([0.0,
0.352, 0.506, 0.991];[0.002, 0.555, 0.356,

0.981]) are standing. The woman is petting

one of the horses. She is also holding a b:

The image features a dog([0.345, 0.369,
0.475,0.565]) running across a sandy
beach([0.002, 0.377, 0.998, 0.997]),

enjoying the open space and the sunn;
day. .

The dog appears to be running towards
the water([0.002, 0.295, 0.998, 0.449)),
possibly to cool off or explore.

The image features a man([0.184, 0.001,

0.999,0.809)) sitting at a desk([0.006, 0.766,

1.0,0.999)), writing on a piece of
paper([0.417, 0.5, 0.578, 0.807]) with a
pen([0.397, 0.767, 0.868, 0.832)). He is
wearing a gray shirt([0.187, 0.044, 0.999,
0.765)) and appears to be focused on his
task. Next to him, there is a cup([0.083,

0.419, 0.35, 0.848]) with a cartoon character

The scene suggests

a casual and comfortable workspace.

The image features a group of [TGEINGOPIE
two children and ﬁ riding bicycles
along a path near the ocean. The image
features a group of three people, includin

riding bicycles((0.704,

0.665, 0.806, 0.8811;[0.7, 0.557, 0.719,
0.611]) along a path near the ocean([0.001,
0.476, 0.655, 0.785]). They are enjoying a

leisurely ride on a sunny day, with the ocean in
the background. The children are riding bikes

The scene is set in a grassy area, and the

ocean can be seen in the distance, creating a

picturesque and serene atmosphere. The
group appears to be having a great time,
taking in the beautiful surroundings and the
refreshing ocean breeze.

Figure A.4: Additional Qualitative Results.

28

The image features a small orange cat
walking along a stone path near a red
motorcycle. The cat appears to be
curious and exploring its surroundings.
The motorcycle is parked on the side of
the path, and the cat seems to be
approachingit. The scene takes place in
acity setting, with a brick wall visible in
the background.

The image features a woman ona
bicycle, standing near a fence in a field.
She is interacting with a horse, which is
standing near her. The horse appears to
be curious about the woman and her
bicycle. The woman is wearing a helmet,
indicating that she is a cyclist. In the
background, there are two other horses
in the field, one of which is closer to the
woman and the other further away. The
woman seems to be enjoying her time
with the horses, and the scene appears
to be a peaceful moment in the
countryside.

The image features a dog running
on a sandy beach near the water.
The dog s in the center of the
scene, with its shadow visible on
the sand in front of it. The dog
appears to be enjoying ts time on
the beach, playing and running
along the shoreline. The beach is a
beautiful place, with a clear blue
sky and a calm ocean in the
background.

The image features a man sitting at a
desk, wearing a gray shirt.

The image features a group of people,
including two children, riding bicycles
along a dirt path near the ocean. The
path is surrounded by grass and a few
trees, providing a scenic backdrop for
the group. The children are wearing
helmets, indicating their safety while
enjoying their ride. The scene captures a
moment of leisure and outdoor activity
for the group.



Algorithm 1 On-the-Fly Retrospective Resampling During Generation

Require: Input prompt {7,Q} (image and question), maximum total corrections N, local correction
threshold K, base temperature Ty, temperature step AT'=0.05
1: Inmitialize: Attempt count n <0, local failures k <0, temperature 7'+ Ty, placeholder list P <@
2: Initialize empty sequence S
3: while generation is not finished do

4 Generate next token: w, =VLMy({1,Q}+S5,T)
S Append w, to S
6: if P(w;)>7 then > Hallucination detected
7: Identify most recent </CN> as local checkpoint Cloca
8: Append hallucinated phrase w; to placeholder list P
9: while n < N do > Inside the correction loop
10: Backtrack to Cioca and apply Rejection Sampling and Query Rewriting
11: Update temperature: 7' <—min(7T+AT,Tp+0.5)
12: Modify prompt with clarification hint:
Q=Q+(Hint: potential incorrect phrases — P)
13: Generate resampled phrase: hy =VLMy({I,Q}+S,T)
14: if P(h:) < for all tokens in h; then > Verify all token probabilities
15: Accept h; and continue generation
16: Append h; to S
17: Reset temperature: 7' < Tj, Reset failure count: s+« 0
18: Break out of correction loop
19: else
20: k+k+1 > Track consecutive failures
21: end if
22: n+<n+1
23: if k> K then > Escalate backtracking if local corrections fail
24: Identify last sentence boundary (last punctuation token) as Cliobal
25: Backtrack to Cyoba and reset &+ 0
26: end if
27 end while
28: end if
29: end while

30: Return generated sequence S
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