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Abstract

Multimodal large language models (MLLMs) struggle with
hallucinations, particularly with fine-grained queries, a
challenge underrepresented by existing benchmarks that fo-
cus on coarse image-related questions. We introduce FIne-
grained NEgative queRies (FINER), alongside two bench-
marks: FINER-CompreCap and FINER-DOCCI. Using
FINER, we analyze hallucinations across four settings:
multi-object, multi-attribute, multi-relation, and “what”
questions.  Our benchmarks reveal that MLLMs hallu-
cinate when fine-grained mismatches co-occur with gen-
uinely present elements in the image. To address this,
we propose FINER-Tuning, leveraging Direct Preference
Optimization (DPO) on FINER-inspired data. Finetun-
ing four frontier MLLMs with FINER-Tuning vyields up
to 24.2% gains (InternVL3.5-14B) on hallucinations from
our benchmarks, while simultaneously improving perfor-
mance on eight existing hallucination suites, and en-
hancing general multimodal capabilities across six bench-
marks. Code, benchmark, and models are available at
https://explainableml.github.io/finer-project/.

1. Introduction

Multimodal large language models (MLLMs) have demon-
strated significant progress in visual perception [2] and
instruction following [21], enabling increasingly sophisti-
cated image question answering. Real-world users, how-
ever, often ask fine-grained questions requiring precise un-
derstanding of image content. While current models [4,
22, 38] handle coarse questions reasonably well, it remains
unclear whether they can detect nuanced errors in detailed
user queries when describing image content. This is critical
in domains like medical visual question answering, where
trustworthiness requires spotting and correcting errors in
complex queries. In the context of natural images, we focus
on hallucination [5, 30], the generation of answers unsup-
ported by the image, and define “negative queries” as those
asking about non-existent image content. Prior studies show
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(a) Negative Queries from Coarse to Fine Granularity
Coarse Can you see the wolf?
[NEG_OBJ]
Can you see the cat with predominantly brown coat?
[0BJ] [NEG_ATTR]
Can you see the cat with ..., with its head tilted backward?
[0BJ]  [ATTR] [NEG_ATTR]

Can you see the cat with ..., ..., with drooping ears?
[0BJ] [ATTR] [ATTR] [NEG_ATTR]

Granularity

Can you see the cat with ..., ..., ..., that is sitting below the chair?
[0BJ]  [ATTR][ATTR][ATTR] ~ [NEG_REL] [0BJ]

Can you see the cat with ..., ..., that is sitting on the sofa?
[OBJ]  [ATTR][ATTR][ATTR]  [REL]  [NEG_OBJ]

Fine Can you see the cat with ..., ..., that ... chair with largely purple...?
[OBJ]  [ATTR] [ATTR] [ATTR] [REL] [OBJ] [NEG_ATTR]
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Figure 1. We compare the performance InternVL3.5-14B [38]
(Baseline) with the one fine-tuned by FINER-Tuning under neg-
ative queries of seven different granularity levels.

MLLMs often exhibit false-positive hallucination, failing to
answer “No” to negative queries [3, 18, 36, 47]. Yet, these
probes are largely coarse; POPE and DASH focus on single
object presence [3, 18], and AMBER includes only single
objects, attributes, and relations [36]. This raises an im-
portant question: Can MLLMs reject fine-grained mistakes
involving multiple objects, attributes, and relations, rather
than only coarse mismatches? To investigate, we first con-
duct a motivation study, increasing the granularity of nega-
tive queries to probe for false positives.

Question granularity affects hallucination. We examine
how MLLMs behave as negative queries become progres-
sively more fine-grained. Mimicking how human constructs
a sentence: starting with a single object, adding attributes,
and then relations, we construct queries of increasing gran-
ularity from coarse to fine, as shown in Fig. 1. This yields
seven levels, each injecting a single, fine-grained contra-
diction (NEG.-OBJ, NEG_ATTR, Or NEG.REL) while keeping the
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rest of the description visually consistent. For each sam-
ple, we feed the model with the image and each of the
seven queries separately, limiting the answer to “Yes” or
“No”, while the correct answer is always “No”. We sam-
ple from two sources: 320 from FINER-COMPRECAP and
1,687 from FINER-DOCCI. We report averaged accuracy
per level for INTERNVL3.5-14B [38] and the model fine-
tuned with FINER-Tuning.

As shown in Fig. 1, the accuracy of INTERNVL3.5-14B
steadily decreases with increased query granularity, drop-
ping from ~ 80% at level 1 to ~ 20% by levels 5-7 on
FINER-COMPRECAP, and from ~ 58% at level 1 to ~
15% by levels 6-7 on FINER-DOCCI. This demonstrates
the model’s brittleness to fine-grained negations: as gran-
ularity increases, it more often answers “Yes” to queries
that should be “No”, resulting in more false positives. The
model finetuned with FINER-Tuning, however, consistently
demonstrates performance gains, particularly at finer granu-
larity. This highlights MLLMs’ susceptibility to hallucina-
tion at finer granularity and the potential for improvement.

Hence, we ask: Can we systematically study hallucina-
tions under fine-grained negative queries? Our initial anal-
ysis mixes objects, attributes, and relations, hindering iso-
lation of causal factors. To disentangle these, we introduce
FINER-COMPRECAP and FINER-DOCCI, which group
queries into four settings: multiple objects (Multi-obj), mul-
tiple attributes (Multi-attr), multiple relations (Multi-rel),
and “what”-questions (Wh). The first three target exis-
tence and binding, assessing whether the model can de-
tect errors hidden in multiple objects, attributes, and rela-
tions. The Wh-setting probes factual answering with ill-
posed queries, asking “what”-questions about a target ob-
ject with one incorrect attribute. Together, these four set-
tings reveal whether a model can say “No” to precise but
wrong claims, beyond handling coarse mismatches.

2. FINER Benchmarks

Our FINER benchmarks aim to compose negative ques-
tions involving multiple semantic elements, i.e., objects, at-
tributes, and relations, to evaluate an MLLM’s ability to de-
tect and reason about missing or incorrect components in a
scene, even with subtle perturbations. We begin by explain-
ing our benchmark construction as illustrated in Fig. 2.

2.1. Question Construction Pipeline

We base our FINER benchmarks on the scene graph (SG)
of an image, encoding objects (oBJ), their attributes (ATTR),
and spatial or semantic relations (rRer). For each compo-
nent, we generate negative counterparts (NEG_OBJ, NEG_ATTR,
NEG_REL), semantically plausible but incorrect substitutions
(e.g., replacing “door frame” with “pillar”). Unlike prior
work [3, 18], which rely on a single negative, we gener-
ate four distinct negative variants per entity (as described in

Sec. 2.3). The initial processing steps are visualized at the
top of Fig. 2.

We then use a template-based approach to compose pos-
itive questions (¢g*) mentioning multiple elements of the
same category sampled from the positive SG. For example,
a multiple-object question (q:;umfobj) might be “Can you see
cat and door frame?”. Corresponding negative questions
(¢™) are constructed by replacing one randomly chosen el-
ement with a randomly sampled, negative counterpart (e.g.,
“Can you see cat and pillar?”’). The correct answers are
“Yes” and “No” respectively. To move beyond binary re-
sponses, we construct Multiple Choice Questions (MCQs)
requiring the model to specify the correct entities in the im-
age. For example, the correct answer to Umulti-obj would be
“No, but I can see cat and door frame”. We use the other
negative options of the same component as distractors for
the other answer options (see “Multi-obj” in Fig 2.). Equiv-
alently, we construct qﬁuhi_am and qium_rel from the SGs’ at-
tributes and relations. Finally, we create “what”’-questions
(Wh) asking about an object in relation to another, using ei-
ther its positive or negative attribute. The complete question
template is described in Sec. B in the supplementary.

Benchmarks. Based on this pipeline, we constructed
FINER-COMPRECAP (based on CompreCap [24]) and
FINER-DOCCI (based on DOCCI [27]). CompreCap
provides human-annotated scene graphs, but is limited to
COCO images. DOCCI consists of 5K images with long
human-annotated captions which allow us to create a more
large-scale question set. The detailed statistics of both
benchmarks are in Sec. B in the supplementary. FINER-
COMPRECAP consists of 6,300 Multi-obj, 3,338 Multi-attr,
4,280 Multi-rel, and 3,166 Wh MCQs with a maximum of
6,3,3 objects, attributes, or relations per question. FINER-
DOCCI comprises 10,000 Multi-obj, 28,630 Multi-attr,
11,542 Multi-rel, and 20,944 Wh MCQs with a maximum
of 6,5,3 objects, attributes, or relations per question. In the
following, we detail how we extract the SG from DOCCI,
and how we generate the negative components.

2.2. Scene Graph Extraction

For DOCCI, where ground-truth SGs are unavailable, we
build a non-panoptic SG by extracting objects, attributes,
and relations directly from the human-written long captions.
We use a multi-stage pipeline powered by Gemini-2.0-
Flash [34], with filtering by a strong MLLM (Qwen2.5VL-
72B [4]) and human verification on sampled data, to convert
captions into SG-like annotations. The validation steps re-
duce the risk of introducing incorrect features into the SG
which is particularly important for rReL. We provide more
details regarding the pipeline in Sec. B.2 in supplementary.
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Figure 2. Data construction pipeline for FINER benchmarks.
DOCCI [27] captions, while for FINER-COMPRECAP, the SG
the negative SG using Qwen3-14B [42] as negatives generator for

For FINER-DOCCI, we extract the positive scene graph (SG) from
is provided by CompreCap [24]. From the positive SG, we generate
FINER-COMPRECAP and Gemini-2.0-Flash [34] for FINER-DOCCI.

Finally, a rule-based query construction pipeline builds multiple choice questions. In practice, choices are shuffled in both benchmarks.

2.3. Negatives Generation

Starting from the positive SGs, we generate four corre-
sponding negatives for each object, attribute, and relation,
using an LLM with carefully designed prompts. We use
Qwen3-14B [42] for FINER-CompreCap and Gemini-2.0-
Flash [34] for FINER-DOCCI to ensure consistency with
the SG creation. To decrease the risk of generated nega-
tives being present in the image, we use a strong MLLM
(Qwen2.5-VL-72B) as a discriminator. If it fails to identify
the positive item mixed into the negatives, we conclude that
at least one negative is ambiguous or present in the image.
Based on the MLLM’s classification entropy, we identify
which negatives require to be regenerated and repeat this
process iteratively. Human verifies samples to specify re-
generation thresholds. For more details on the negatives
generation, please refer to Sec. B.3 in the supplementary.

2.4. Evaluation Setting

As binary “Yes/No” responses are vulnerable to model bi-
ases, we use MCQs to move models beyond simple negation
and enforce visual understanding, with each MCQ includ-
ing one correct answer and four distractors. To prevent bias
toward positive or negative answers, we pair each negative
MCQ (¢™) with its corresponding positive MCQ (g™), re-
quiring both to be answered correctly. This pairing ensures
models cannot succeed by simply memorizing “No” pat-
terns or exploiting label imbalances. As a result, let M (-)
be the model, we define paired accuracy as the primary eval-

uation metric for N paired questions of ¢+ and ¢~

N
1
AcCpuird = 3> T(M (w3, ¢7)) T(M (wi,67)) (1)

=1

where I'(+) evaluates to 1 for correct responses and 0 oth-
erwise. This metric requires success on both positive and
negative variants, ensuring robustness against false posi-
tives and false negatives.

3. Training with FINER (FINER-Tuning)

Observing MLLM vulnerabilities under FINER, we address
them with a data-driven training approach via direct prefer-
ence optimization (DPO) [29] using fine-grained negative
queries, denoted as FINER-Tuning. Unlike approaches op-
timizing for simple queries [43, 46, 48], FINER-Tuning em-
ploys minimally edited, semantically precise contradictions
over objects, attributes, and relations (e.g., “car with yellow
bumper” vs. “car with chrome bumper”), including both
fine-grained positive and negative queries. Fig. 3 illustrates
our training data generation pipeline. It is inspired by the
four settings in our benchmarks with both accept and reject
answers for every query. This focuses learning on detecting
fine-grained hallucinations in the queries, rather than solely
avoiding them in the model’s responses.

Setup. We select data avoiding in-distribution leakage, ex-
cluding COCO data [19], and the DOCCI training split [27].
To leverage the availability of dense image annotations, we
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Figure 3. Training data generation pipeline for FINER-Tuning. (1) We adopt long captions from Pixmo [10] and extract diverse phrases
with PHI-4-14B [1]. (2) We then prompt the same LLM to modify and generate negative phrases. (3) We construct both positive and
negative query-answer tuples via template-based composition or LLM generation.

adopt Pixmo-caption [10] as our base corpus. We further
avoid using the LLMs used for benchmark construction,
employing Phi-4-14B [1] for our training data pipeline.
(1) Extract Positives. As illustrated in Fig. 3, given a long
caption, we prompt Phi-4-14B to extract fine-grained posi-
tive phrases, mirroring our four evaluation scenarios: Multi-
obj, Multi-attr, Multi-rel, and Wh. We define the following
four positive phrase types:

\Iﬂr

REL?

\I/Jr

ATTR?

vt e {vf

OBJ?

Wi b

The LLM produces: \I!gB]: a phrase summarizing the
objects; W : a phrase summarizing attributes for a ran-

ATTR"
dom object; U : a phrase summarizing relations between

REL*
a random object and others; Wy, : a composed sentence
describing two objects with a relation and summarized at-
tributes, subsequently forming a positive question-answer
pair. Templates are detailed in Sec. G in the supplementary.
(2) Generate Negatives. Transforming the positive phrases

U+, we generate negative phrases U~ with the same LLM:
Uy f 3)

For each phrase type \IJ}F (where T €
{OBJ, ATTR,REL, WH}), we randomly select one in-
stance of T, and prompt the LLM to replace that instance
with a negative, forming ¥;.. See Sec. E for full prompts.
(3) Query & Answer Construction. With ¥+ and ¥~ we
construct query-answer pairs for DPO training, including
both positive (¢7) and negative (¢~) questions paired with
accepted (a™) and rejected (a™) responses. a™ begins with
the correct response (”Yes” for ¢+, ”No” for ¢~ ) and men-
tions the correct image features, while a™ is the opposite.

For OBJ/ATTR/REL, we directly use question-answer
templates on U+ and ¥~ to construct (¢T,al,a;) and
(¢, a’, a_) pairs. We use five templates to avoid over-
fitting to the benchmark’s prompt pattern, as detailed in
Sec. G. For WH, data pairs are already constructed by the

)

U e {U5, Yame Vi

ATTR? REL>

LLM due to the free-form nature of these questions and an-
swers. Fig. 3 provides example data for all data types and
more examples are provided in Sec. C in the supplementary.
DPO Training. This creates a dataset of preference tuples

Dz{(aqﬂaj‘,a?)},sé {+7_} 4

where z is the image. Let 7y (- | x, ¢) be the policy and 7rycf
be a frozen reference model. We train with DPO, maximiz-
ing the probability that the policy ranks a™ above a™:

AG('T7 Q) = lOg 7I'0(CL+ |$7 q) - IOg 7T9(a_ |l‘, Q)7
Avet(z,q) = logﬂref(a+ |z, q) — log met(a™ |z, q),
Lppo(0) = —E(,q,0at,a-)~D [log U(B(Ae - Aref))]-

()

where o (+) is the logistic function and 8 = 0.1.

4. Experiments

We present experiments of FINER-Tuning on three tasks,
i.e., evaluation on FINER benchmarks (Sec. 4.2), other hal-
Iucination benchmarks (Sec. 4.3), and general MLLM ca-
pabilities (Sec. 4.4). In addition, we show qualitative exam-
ples on FINER benchmarks (Sec. 4.5), and ablate important
training strategies and subset selections (Sec. 4.6).

4.1. Experimental Setup

Fine-tuning Setup. We are interested in applying FINER-
Tuning to frontie-MLLMs: LLaVA-NeXT-7B (LLaVA-
1.6-7B) [22], Qwen2.5-VL-7B-Instruct [4], and InternVL-
3.5-8B [38]. To test scalability within our compute limits,
we also include InternVL-3.5-14B [38]. We fine-tune each
model on our constructed data with maximally 160k pref-
erence tuples. All models are trained for one epoch using
LLaMA-Factory [49] with LoRA [14]. Full training details
are in Sec. C in the supplementary.

Evaluation Setup. We evaluate all models on three tasks
across 16 benchmarks. We primarily use VLMEvalKit [11]
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Table 1. Paired accuracy (AcCpairea) results on FINER-CompreCap and FINER-DOCCI. *For Gemini-2.5-Flash, we evaluate on the whole
FINER-COMPRECAP and on 3K MCQs per setting in FINER-DOCCI due to the scale of the benchmark.

FINER-CompreCap

FINER-DOCCI

Models Size Multi-obj Multi-attr  Multi-rel Wh Multi-obj Multi-attr Multi-rel ~ Wh
Random Guess - 4.0 4.0 4.0 4.0 4.0 4.0 4.0 4.0
LRV-V2 [20] 13B 6.1 6.8 5.6 4.0 6.3 54 6.1 52
LLaVA-RLHF [33] 13B 114 2.0 1.1 6.9 7.3 3.0 5.1 53
RLHE-V [45] 13B 134 6.1 1.6 10.8 13.2 7.2 8.1 7.0
OPA-DPO [43] 13B 10.9 3.0 22 6.9 8.1 5.5 8.3 8.0
RLAIF-V [46] 12B 62.2 39.6 19.2 20.5 46.5 31.7 324 19.4
LLaVA-1.6 [22] 7B 25.3 13.0 7.6 15.3 10.1 12.3 8.2 133
+FINER-Tuning 7B 484231 384254 242166 22.168  26.4163 29.417.1 247165 18.552
Qwen2.5-VL [4] 7B 69.2 62.5 30.1 28.9 48.7 47.5 36.7 234
+FINER-Tuning 7B 71.422 67.045 38352 34.859  49.81.1 52247 43467 28.046
InternVL-3.5 [38] 8B 75.0 72.5 49.8 23.5 58.1 54.3 41.8 16.8
+FINER-Tuning 8B 77.12.1 78.96.4 64.1143 342107  62.645 60.158 52.7109 23.769
InternVL-3.5 [38] 14B 74.5 68.1 47.0 21.8 58.6 55.9 414 15.6
+FINER-Tuning 14B  80.055 789108 712242 30.183  65.973 65.09.1 570156 23.074
InternVL-3.5 [38] 38B 77.8 78.1 66.8 50.9 62.3 64.8 54.2 36.6
Gemini-2.5-Flash [9]* - 75.7 77.3 77.8 58.2 64.4 64.5 56.7 49.6

for standardized evaluations. For benchmarks not integrated
in VLMEvalKit, we follow each benchmark’s official evalu-
ation protocol. Refer to Sec. D in supplementary for details.

4.2. Results on FINER benchmarks

Baselines. We primarily compare the performance of the
four frontier MLLMSs before and after FINER-Tuning, and
also show the performance of stronger models such as
InternVL-3.5-38B and Gemini-2.5-Flash [34]. Addition-
ally, we benchmark hallucination-aware fine-tuning meth-
ods such as RLAIF-V [46], OPA-DPO [43], RLHF-V [45],
Llava-RLHF [33], and LRV-Instruct-V2 [20]. Note that dif-
ferent methods are typically based on different MLLMs and
fine-tuned on different data. Given their effectiveness on
general hallucination reduction, we aim to find out how well
they fare on our FINER benchmarks. Furthermore, we es-
timate human performance with a human study on a subset
of 20 MCQs for each setting. The results and details of our
human study can be found in Sec. F in the supplementary.

Main results. The results are presented in Tab. 1. Base
model capability strongly influences overall performance.
Hallucination-aware fine-tuning methods like RLHF-V [45]
and LLaVA-RLHF [33] only achieve 1.6% and 1.1% paired
accuracy on the Multi-rel subset of FINER-COMPRECAP.
RLAIF-V-12B, while remaining the best among these meth-
ods, scores substantially below advanced MLLMs, includ-
ing Qwen2.5-VL and InternVL-3.5. This shows that mit-
igating hallucination on previous datasets do not directly
translate to our FINER benchmarks, highlighting the im-
portance to start from and improve upon frontier MLLMs.

Meanwhile, FINER-Tuning consistently improves all
baselines. Specifically, on FINER-COMPRECAP, LLaVA-

1.6 shows remarkable 23.1% and 25.4%, and 16.6% on
Multi-obj, Multi-Attr and Multi-Rel subsets, and InternVL-
3.5-14B shows improvements of up to 24.2% (Multi-rel),
outperforming its 38B version by 4.4%. On FINER-
DOCCI, FINER-Tuning on InternVL-3.5-14B scores on-
paar with Gemini-2.5-Flash in 3 out of 4 settings. Moreover,
Wh-questions challenge all models. Even InternVL-3.5-
38B and Gemini-2.5-Flash achieve only 36.6% and 49.6%
AcCpairea 0n FINER-DOCCI, leaving room for future re-
search on reducing hallucinations in FINER.

Different number of objects, attributes and relations.
Both FINER benchmarks cover Multi-obj, Multi-attr, and
Multi-rel settings. We study how Accpuiea changes as the
number of entities increases (Fig. 4). Models show sim-
ilar trends in all three settings: performance drops as the
entity counts increases, with much smaller drops in Multi-
obj. FINER-Tuning consistently improves performance,
with larger gains in Multi-attr and Multi-rel, and the gains
grow with higher counts. For example, FINER-Tuning im-
proves InternVL3.5-14B by 8.3%, 19.1% and 28.1% in 6-
obj, 3-attr and 3-rel setting on FINER-COMPRECAP.

4.3. Results on other hallucination benchmarks

FINER-Tuning achieves consistent improvements on
FINER benchmarks. Hence, we are interested how well
models fine-tuned with FINER-Tuning generalize to other
hallucination benchmarks. Additionally, we show the
performance of RLAIF-V-12B against its baseline model
OmniLMM-12B [28], to see whether other hallucination
reduction methods achieve balanced improvements across
various hallucination benchmarks. We evaluate models on
both discriminative benchmarks like DASH [3], POPE [ 18],
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Figure 4. Accpairea versus the number of objects, attributes, and relations. Top: FINER-COMPRECAP; Bottom: FINER-DOCCI. Dashed
arrows show the gain from FINER-Tuning.

Table 2. Results on hallucination benchmarks including discriminative (DASH [3], POPE [18], RePOPE [26], HallusionBench [13],
AMBER [36], CRPE_R [37]) and generative ones (MMHal-Bench [33], HaloQuest [39]). Sc.:Score (max. 6); HR.: Hallucination Rate.

DASH POPE RePOPE HallBench AMBER CRPE_R MMHal-Bench HaloQuest

Models Size Acc.T Acc. T Acc.T aAcc.T Acc.t Acc.? ‘ Sc.t HR. | Sc. 1
OmniLMM [28] 12B 79.0  88.0 93.8 54.9 86.9 51.7 3.5 34.0 39.9
+RLAIF-V [46] 12B 76.327 87.703 93.404 53.712 87.405 52.205 [4.005 29.050 624225
LLaVA-1.6 [22] 7B 580 88.2 92.3 33.0 78.1 56.5 33 43.0 442
+FINER-Tuning 7B 57.406 88.80.6 93.209 36333 85.069 56.005 |3.502 40.030 63.5193
Qwen2.5-VL[4] 7B 746 864 92.4 65.4 85.2 69.9 4.6 18.0 74.8
+FINER-Tuning 7B 76.62.0 87.20.8 92.804 68.531  85.806 70.708 |4.70.1 15.030 80.86.0
InternVL-3.5[38] 8B 683  88.6 91.5 71.0 88.2 67.7 4.5 19.0 62.4
+FINER-Tuning 8B 74.56.2 89.408 93.11.6 73.020 88.604 68.003 |4.60.1 14.050 73.511.1
InternVL-3.5 [38] 14B 558  89.5 91.8 69.5 88.0 67.2 4.7 11.0 65.0
+FINER-Tuning 14B 61.355 90.20.7 93.61.8 71.217 89414 69.018 | 47 10.010 71.060

RePOPE [26], HallusionBench [13], AMBER [36], CRPE
relation split (CRPE_R) [37], as well as generative bench-
marks like MMHalBench [33] and HaloQuest [39]. The
summarized results are shown in Tab. 2. In supplementary,
We further include detailed breakdowns (Tabs. 13 and 14),
results for AMBER generative (Tab. 15) and comparisons
with more methods (Tab. 16). Intuitively, FINER-Tuning
strengthens discrimination through FINER training; our re-
sults on discriminative benchmarks confirm this. FINER-
Tuning consistently improves Qwen2.5-VL and InternVL-
3.5 across all benchmarks. On DASH, it boosts the two
InternVL-3.5 variants by 6.2% and 5.5%. LLaVA-1.6 also
gains 6.9% on AMBER with FINER-Tuning. FINER-
Tuning further reduces hallucination on generative bench-
marks. On MMHal-Bench, it lowers hallucination rate for
all base models, reaching 10% with InternVL-3.5-14B. On
HaloQuest, it improves LLaVA-1.6 by 19.3%. Even for
Qwen2.5-VL and InternVL-3.5, we observe at least 6%

gains. In contrast, while RLAIF-V delivers strong gains
on generative benchmarks, its improvements on discrimi-
native tasks are less consistent, where FINER-Tuning ben-
efits both. RLAIF-V degrades performance compared to
the base OmniLMM on benchmarks like DASH, POPE, Re-
POPE, and HallusionBench. By comparing these “deltas”
between fine-tuned models and baselines, we show that
FINER-Tuning is a balanced approach that leads to a com-
prehensive reduction in hallucination. These results also
validate the effectiveness of FINER benchmarks, show-
ing that improvements on FINER benchmarks align with
broader improvements in other benchmarks as well.

4.4. Results on general capabilities

Since FINER-Tuning adds fine-grained negative queries to
DPO, a natural concern is over-rejection: the model becom-
ing overly cautious, refusing answerable questions, or re-
gressing on existing skills. To test this, we compare each
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Table 3. Results on six general purpose MLLM benchmarks.
M.S.: MMStar [7]; Text: TextVQA [32]; Chart: ChartQA [25];
M.P.. MMVP [35]; N.B.: NaturalBench [17]; V*: V* Bench [40]

Models M.S. Text Chart M.P. N.B. V* Avg.

OmniLMM-12B  39.7 64.5 242 69.7 26.9 529 46.3
+RLAIF-V 40.9 64.5 251 70.0 194 54.4 45.7
LLaVA-1.6-7B 37.6 63.7 544 65.0 15.7 539 484
+FINER-Tuning 39.2 63.9 54.9 68.7 19.8 55.0 50.3
Qwen2.5-VL-7B  63.7 849 87.0 76.7 34.1 72.7 69.8
+FINER-Tuning 64.7 85.1 86.4 77.3 34.1 72.8 70.1
InternVL3.5-8B 68.0 77.8 86.7 76.7 30.4 69.1 68.1
+FINER-Tuning 68.3 77.9 86.7 77.0 31.1 71.2 68.7
InternVL3.5-14B  67.2 77.2 864 783 30.7 68.0 68.0
+FINER-Tuning 67.7 77.2 86.8 78.7 35.5 70.2 69.4

base model and its FINER-Tuning-tuned counterpart on
six additional benchmarks: MMStar [7] (general abilities),
TextVQA [32], ChartQA [25], MMVP [35] (vision-centric
abilities), NaturalBench [17] (compositionality), and V*
(visual search). The results are shown in Tab. 3. Unlike
prior work reporting an “alignment tax”, with gains on tar-
get benchmarks at the cost of general ability [47], FINER-
Tuning avoids this trade-off and even improves strong base-
lines on general benchmarks (improving InternVL3.5-14B
by 1.4%). This shows that FINER provides a useful training
signal that complements the model’s internal capabilities.

4.5. Qualitative Results

Fig. 5 shows four FINER-COMPRECAP examples; more
qualitative results, including FINER-DOCCI, are in Sec. E
in the supplementary. FINER-Tuning avoids the spurious
“necklace” in the Multi-obj case and correctly identifies the
fine color details of the strawberry-patterned food in the
Multi-attr case. In the Multi-rel example, both Qwen2.5-VL
and InternVL3.5 hallucinate the second relation as “hiding
behind the football”. In the Wh example, FINER-Tuning
shifts InternVL-3.5-14B from answering “bear” to flagging
the incorrect attribute of the rock. These examples indicate
that FINER-Tuning helps the model detect fine-grained er-
rors and locate correct the information in complex queries.

4.6. Ablation Studies

Training strategies. FINER-Tuning trains on both positive
and negative queries {(z,¢",al,a}), (z,¢7,at,a2)}.
To ablate this setting, we investigate the training with and
without positive questions, and compare the performance of
DPO against supervised fine-tuning (SFT).

We train four InternVL-3.5-8B variants accordingly and
compare with the baseline in Tab. 4. Results show mixed
outcomes for SFT: with both queries, SFT reduces Multi-
obj performance by 36.7% relative to the baseline. DPO
with only negative queries exceeds the base model but still
lags behind DPO with both query types (FINER-Tuning),

Table 4. Ablation study on different training strategies. SFT
methods only use a™. The base model is InternVL-3.5-8B [38].
Q.Type: Query Type; M.S.: MMStar [7]

Method Q.Type  FINER-CompreCap Other
Neg Both Obj Attr Rel Wh RePOPE M.S.
Base - - 742 719 498 255 915 68.0
+SFT v 474 59.7 538 387 69.1 61.7
+SFT v’ 375 495 552 189 922 633
+DPO Vv 758 752 524 29.8 931 683
+DPO v 765 783 64.1 36.1 931 68.3

Table 5. Training-on-subset ablation for FINER-Tuning with
InternVL-3.5-8B [38].  Obj/Attr/Rel denote Multi-obj/Multi-
attr/Multi-rel for both training and evaluation.

Train Subset FINER-CompreCap Other

Obj Attr Rel Wh RePOPE M.S.
Base 742 719 49.8 255 915 68.0
Obj 78.8 76.4 542 2877 935 679
Attr 713 76.7 56.8 26.5 915 68.2
Rel 69.2 73.0 66.7 24.1 914 67.7
Wh 759 753 55.0 465 929 683
All 76.5 783 64.1 36.1 93.1 68.3

underscoring the value of training with both.

Training on subsets. Our training data matches the bench-
mark query types: Multi-Obj, Multi-Attr, Multi-Rel, and
Wh. We train InternVL-3.5-8B on each subset separately
and compare to FINER-Tuning trained on all subsets, keep-
ing the total number of training samples fixed at 160k. As
shown in Tab. 5, models trained only on Multi-Obj, Multi-
Rel, or Wh achieve the best scores on their corresponding
tests. Notably, they also improve on other settings, suggest-
ing the model is not merely echoing supervision from data:
FINER fosters a more general rejection pattern that trans-
fers beyond the seen subset. Overall, training on all subsets
yields the most balanced results.

5. Related Works

Hallucination Benchmarks. POPE [ 18] probes object hal-
lucination by asking yes-or-no questions. RePOPE [26]
identifies and corrects annotation errors in POPE. Am-
ber [36] categorizes hallucinations into “object,” “relation,”
and “attribute” types in its discriminative subset. A com-
mon limitation of these benchmarks is their reliance on the
MSCOCO dataset [19]. Therefore, DASH [3] applies re-
trieval to select challenging images from LAION-5B [16].
CRPE [37] focuses on relation hallucinations but is limited
to single-relation cases. NOPE [23] targets non-existent
objects, not attribute or relation hallucinations. ROPE [8]
probes object classes with visual prompts (bounding boxes).
Unlike ROPE, our Multi-obj setting randomly replaces a
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Multi-obj
NEG Can you see man and necklace in this image?
A. Yes, | can see man and necklace in this
image.
B. No, but | can see man and belt in this image.
C. No, but | can see man and tie in this image.
D. No, but | can see man and scarf in this image.
E. No, but | can see man and shoelace in this
image.

What is walking on the rock with shiny surfaces and
various shades of blue?

A. The wolf with large torso and strong, broad shoulder.
B. The bear with large torso and strong, broad shoulders.
C. The rock is not with shiny surfaces and various shades
of blue, but is with uneven surfaces and different shades
§ of gray.

D. The lion with large torso and strong, broad shoulders.
E. The tiger with large torso and strong, broad shoulders.

é X Wax flarx Bax [B] cu

é cti sex [llcu Bex B cu

Can you see the food with strawberry patterns and with
shades of green and yellow in this image?

A. No, but | can see the food with strawberry patterns
and with patches of white and gray in this image.

B. No, but | can see the food with strawberry patterns
and with hues of red and blue in this image.

C. No, but | can see the food with strawberry patterns
# and with tones of orange and purple in this image.

D. No, but | can see the food with strawberry patterns
and with streaks of brown and pink in this image.

E. Yes, | can see the food with strawberry patterns and
with shades of green and yellow in this image.

/ Multi-attr
NEG

Multi-rel
NEG

Can you see the boy that is on the playingfield and is \

hiding behind the football in this image?

A. No, but | can see the boy that is on the playingfield

and is waiting for the football in this image.

B. Yes, | can see the boy that is on the playingfield and is

hiding behind the football in this image.

C. No, but | can see the boy that is on the playingfield

and is painting the football in this image.

D. No, but | can see the boy that is on the playingfield

| and is kicking the football in this image.

| E. No, but | can see the boy that is on the playingfield
and is hugging the football in this image.

)

é =x e g B ex Ba

é cx sjex e Bex (B om

[ & LLavA-1678 3} Quen25-VL-7B

. Gemini-2.5-Flash

InternVL3.5-14B
) IntemVL.3.5-148 w/ FINER. Tuming

)

Figure 5. Qualiative examples of FINER-CompreCap MCQs for each category together with MLLM answers.

positive object with a negative one and does not rely on
MSCOCO/ADE20K box annotations [19, 50]. MMHal-
Bench [33] evaluates hallucination via eight types of ques-
tions with limited scale. HaloQuest [39] includes a “false
premise” subset with a similar motivation to our Wh set-
ting. However, our setting differs: we target false premises
in fine-grained attributes of existing objects, whereas Halo-
Quest primarily targets non-existent objects.
Hallucination-aware Fine-tuning. Prior work reduces
hallucinations via supervised or contrastive tuning and
instruction-based data augmentation: LRV-Instruct [20]
adds negative instructions to MiniGPT-4 [51] and mPLUG-
Owl [44]; HALVA [31] builds paired correct vs. hal-
lucinated responses for contrastive learning; Pertur-
boLLaVA [6] trains under misleading contexts; RE-
VERSE [41] adds uncertainty tokens and retrospective rea-
soning. Other studies use preference learning: OPA-
DPO [43] constructs on-policy corrections with GPT-4V;
CHiP [12] decomposes the DPO loss into three hierar-
chies; HA-DPO [48] detects and corrects hallucinations
with GPT-4; LLaVA-RLHF [33] and RLHF-V [45] rely
on human preferences; RLAIF-V [46] iterates with model
feedback. FINER-Tuning differs in three ways: (1) we tar-
get fine-grained negative input queries, not only response-
side errors [31, 33, 43, 45, 46, 48]; (2) we post-train fron-
tier MLLMs beyond the LLaVA family [31, 43] and show
strong performance against FINER; (3) we use standard
DPO with a scalable data pipeline and a small LLM [1]
for annotation, avoiding costly closed-source models and
multi-iteration training [6, 20, 31, 43, 46, 48].

6. Conclusion and Limitation

Conclusion. We introduced FINER, a suite of fine-
grained negative queries that reveals how current MLLMs
fail under precise negations. Systematic evaluation across
all four settings of FINER-COMPRECAP and FINER-
DOCCT shows that even frontier MLLMs remain vulner-
able to FINER-induced hallucinations. To address this, we
proposed FINER-Tuning, a simple, model-agnostic recipe
that aligns models to react correctly to fine-grained negative
queries. Across diverse backbones and training regimes,
FINER-Tuning consistently reduces hallucinations and im-
proves paired accuracy on FINER benchmarks, as well as
a wide range of hallucination and general purpose bench-
marks. Despite these gains, high-granularity cases and Wh
questions remain challenging. Future work will focus on
stronger negation-aware reasoning, that comprehensively
enhances MLLMs’ capabilities. We envision FINER as a
start for incentivizing better benchmarks and methods to
mitigate hallucinations under fine-grained queries.

Limitations. Despite careful filtering, the large-scale
benchmarks are not fully curated by human; constructing a
noise-free, fully human-validated FINER benchmark is left
for future research. Our rule-based MCQ construction en-
ables flexible entity combinations but may reduce question
naturalness. Future work could refine phrasing with LLMs
or human rewrites while ensuring correctness. In addition,
our Multi-rel subsets contain at most three relations, which,
with a suitable data source, could be extended to improve
model capabilities and further challenge FINER.
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