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Abstract

Vision-Language Models (VLMs) frequently hallucinate re-

sponses to visual queries, undermining their reliability for

critical applications. However, quantifying the effect of such

hallucinations in free-form responses to open-ended queries

requires visually verifying each claim within the response,

which is highly challenging. We propose Programmatic

VLM Evaluation (PROVE), a new benchmarking paradigm

for evaluating VLM responses to open-ended queries. To

construct PROVE, we provide a large language model with

a high-fidelity scene-graph representation constructed from

a detailed image caption, and prompt it to generate i) di-

verse and challenging question-answer (QA) pairs that test

a range of image understanding capabilities, and ii) pro-

grams that can be executed over the scene graph object to

verify each QA pair. We thus construct a benchmark of

10.6k challenging but grounded visual QA pairs.

Next, we propose a scene graph-based evaluation frame-

work to programmatically measure both the helpfulness

and truthfulness of free-form VLM responses to questions

from our benchmark that does not rely on subjective LLM

judgments. We extensively benchmark a range of VLMs

on PROVE, and uncover a concerning tradeoff where mod-

els that provide more helpful responses often hallucinate

more, whereas truthful models tend to be less informa-

tive. PROVE serves as a foundation for developing next-

generation VLMs that balance helpfulness with truthfulness.

Project page: prove-explorer.netlify.app

1. Introduction

Vision-language models (VLMs) have emerged as an effec-

tive solution for generating responses to queries about visual

content. However, despite impressive progress (and much

like their LLM-counterparts), VLMs are still known to hal-

lucinate – to generate plausible but incorrect answers that

are either inconsistent or unverifiable against the provided

visual context. This crucial shortcoming has the potential to

erode trust in such systems and has already begun to attract

*Correspondence to viraj.prabhu@salesforce.com.
†Work done at Salesforce.

significant research [14, 17, 25, 47] and regulatory [7] inter-

est, particularly as using such models as the “foundation” of

various high-stakes applications becomes imminent [8].

This has led to a flurry of research on reliably bench-

marking VLM performance [29], by measuring not just

the helpfulness but also the truthfulness of their responses.

Existing benchmarks fall into two categories – discrimina-

tive [16, 24, 31], which evaluate the model’s responses to

close-ended, existence-based queries (“Is there a man in this

image?”), and generative [14, 25, 26, 38, 39], which evalu-

ate responses to free-form, open-ended questions (“Describe

this image.”). While discriminative benchmarks ease evalua-

tion, they do not realistically simulate in-the-wild usage. On

the other hand, generative benchmarks, while realistic, are

extremely challenging to reliably evaluate, as they require

verifying both that the model response fully answers the

question (i.e. is helpful) and does not make any false claims

(i.e. is truthful).

Evaluating such free-form responses typically relies on

external models (usually, a proprietary LLM) to score

responses given some image context (usually ground-

truth annotations), under the now de-facto “LLM-as-judge”

paradigm. However, we find that in several such bench-

marks, the context provided is completely insufficient to

judge if the response contains hallucinations. Consider

Fig. 1: a VLM may respond to the query “How many pup-

pies are in the image?” (correct answer = “four”), with

“There are four labradoodle puppies”. Evaluating the truth-

fulness of this statement requires verifying multiple claims

about the puppies (<count == four> and <breed ==

labradoodle>); however, an LLM judge provided only

with a brief image caption as context (“four puppies placed

on a light blue rug”) will be unable to do so, and will in-fact

penalize the model for providing extra (correct) information!

Further, the absence of a clear scoring rubric coupled with

the sensitivity of LLMs to minor prompt differences often

leads to inconsistent and arbitrary scores in such cases. In

Fig. 2, we provide real examples from existing benchmarks

that illustrate this problem.

We propose Programmatic VLM Evaluation (PROVE),

a new evaluation paradigm that performs reliable and in-

terpretable programmatic evaluation of free-form VLM re-

This ICCV paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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def execute_function(G):
    entities = G.get_entities()
    for entity in entities:
        if entity == <puppy=:
            attrs = G.get_attributes(entity)
            return attrs.get(<count=, <=)
    return None

assert execute_function(G) == 4 # Verify
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Figure 1. Top. Existing benchmarks for evaluating vision-language models (VLMs) have critical limitations: they either (1) restrict

query-types to easy-to-evaluate binary questions that don’t reflect real-world use, or (2) use external LLMs to generate open-ended questions

without verifying their visual groundedness and score responses with incomplete image context and inconsistent rubrics. Bottom. We

propose PROVE, a novel benchmark for VLM evaluation that addresses these challenges. PROVE first constructs high-fidelity scene-graph

representations from hyper-detailed image captions, which are used to prompt an LLM to generate i) diverse and challenging question-answer

(QA) pairs that test a range of image understanding capabilities, and ii) programs that can be executed over the scene graph object to verify

each QA pair. At test-time, our framework enables interpretable programmatic evaluation of both helpfulness and truthfulness in free-form

VLM responses through systematic scene-graph comparisons, avoiding the inconsistencies of LLM-based judges.

sponses to challenging, diverse, and grounded questions. To

build this dataset, we first use hyper-detailed image captions

to construct a high-recall scene graph image representation.

We then use an LLM to generate a diverse set of open-ended

question-answer (QA) pairs along with accompanying ver-

ification programs. While the QA pairs are meant to test a

range of model capabilities under real-world use, the verifi-

cation programs can be executed over a given scene graph

object to verify the correctness and groundedness of its corre-

sponding QA pair. We thus only retain the QA pairs that we

can programmatically verify and construct a benchmark of

10.6k diverse and challenging examples which are visually

grounded by design, that we can use to reliably benchmark

VLM responses. Further, unlike LLM judges with limited

context, our verification programs can systematically decom-

pose and verify multiple claims within a single response

(e.g., both <count> and <breed> attributes), providing a

consistent scoring rubric that avoids penalizing models for

correct but additional information.

Next, we benchmark VLM responses to queries in

PROVE by comparing scene graph representations. First, we

measure the helpfulness of a response by computing its scene

graph-based recall against the ground truth answer. Next,

we measure response truthfulness as its scene graph-based

precision against both the scene-graph constructed from the

full caption or the image itself. Unlike LLM-as-judge ap-

proaches that may inconsistently penalize extra information,

our precision-recall framework provides a systematic way to

reward models for complete answers (high recall) while en-

suring factual correctness (high precision). We benchmark a

range of VLM responses using this approach, and study their

respective trade-offs between helpfulness and truthfulness.

Our findings suggest that much of the recent progress in train-

ing “better” VLMs also translate to improved helpfulness on

our benchmark, but not necessarily to higher truthfulness.

2. Related work

Benchmarking VLM hallucination. Existing benchmarks

fall into one of two groups (see Fig. 2):

▷ Discriminative benchmarks generate a series of binary

questions to verify the presence (or absence) of various en-

tities (or distractors) in the image. Early benchmarks like

POPE [24] limited their scope to object entities annotated

by humans or external off-the-shelf models [49], whereas

follow-up works additionally evaluate responses to nega-

tive presence queries [31], which stress-test the model’s

abstention capabilities on questions about entities absent

from the image, or use an LLM to generate a broader range

of existence-based questions covering objects and their at-

tributes [16]. However, while the binary questions that typify

such benchmarks simplify evaluation, they do not realisti-

cally simulate in-the-wild use.

▷ Generative benchmarks instead evaluate model hallucina-

tions in response to free-form questions. CHAIR [38] mea-

sures the precision and recall of entities mentioned in a gener-

ated image description against the ground truth. HaELM [44]
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Is there a man? Is the buckle width & height=50?How many people do you see?Describe this image.

<no= == no
<a woman talks on a cell phone 

sitting on a bench.=

discriminative (POPE) generative, templated (CHAIR) generative, free-form (MMHal-Bench, GAVIE)

<four, two adults, two children.=

acc=100% CHAIRi (↓) =0.33

4 is true

2 adults, 2 children is false.

GPT-4 score: 1/5

Labels: girl, head, hair, dog, 

person==4, face

Label: a woman talking on a 

cell-phone

Label: two girls under a large 

umbrella in the rain

buckle 
(19, 19)

The buckle is described to have 

width and height of 19

GPT-4 Score: 2/5

<the size is hard to determine=

Question

Answer

Score

Figure 2. Existing VLM hallucination benchmarks fall into three categories: (1) "discriminative" approaches testing binary object existence

queries [24], (2) "generative, templated" methods measuring entity precision/recall in image captions [38], and (3) recent "generative,

free-form" benchmarks with open-ended queries [39]. While the last category better reflects real-world usage, it faces two critical challenges:

generating natural questions (right example: GAVIE’s [26] unnatural coordinate-based questions) and reliable evaluation (second from right:

GPT-4 incorrectly penalizing a response with additional correct details not in the ground truth in MMHal-Bench [39]). We propose PROVE,

a new benchmark of verifiable open-ended questions that we use to reliably evaluate free-form VLM responses in the wild.

additionally uses a large language model (LLM) to judge

generations, whereas M-HalDetect [14] has humans annotate

hallucinations in model generated descriptions are used to

train a predictive model. Recently, AMBER [43] combines

a POPE style evaluation with a generative evaluation over an

open-ended split. While these benchmarks are indeed more

realistic, they still restrict the query instruction to image

captioning-style templates (“Describe this image in detail.”).

Most recently, a few benchmarks with truly open-ended

queries have been proposed [19, 25, 26, 39, 46], which ei-

ther hand-design or use an LLM to generate free-form ques-

tions, and use external models to judge the corresponding re-

sponses. However, these too have limitations: MMHal [39]

and HallusionBench [25] rely on a series of off-the-shelf

models at various stages which introduce noise (see Fig. 2,

col 3). GAVIE’s [26] reliance on dense captions and bound-

ing boxes leads to a majority of questions querying localized

image regions and spatial relationships, many of which have

unnatural-sounding responses (eg. mentioning image coordi-

nates, see Fig. 2, col 4). Finally, GPT-4-based evaluation is

both expensive and inherits the model’s own limitations.

Understanding and mitigating VLM hallucination. Sev-

eral works have sought to better understand why VLMs

hallucinate. One prevalent theory is the model learning spu-

rious correlations between the input and the output: either

due to overly strong text priors learned by the LLM back-

bone [17, 23], or due to distilling synthetic outputs generated

by stronger models (such as GPT-4V) that may themselves

contain confabulation [27]. This is often exacerbated by

the predominant training recipe [2, 27] that learns a shallow

projection from the visual input to the text embedding space

which limits the expressivity of the model to learn visually

grounded representations.

Recent work has proposed training-based and training-

free strategies for mitigating hallucinations. The former in-

volves finetuning [26] or preference optimization [39, 47] of

“preferred” ground truth responses against dis-preferred syn-

thetically generated “hallucinations”. Training-free methods

instead focus on specialized decoding strategies [17, 20, 23]

that seek to correct for potential statistical bias that may lead

to hallucination.

However, developing better understanding and mitigation

strategies are both contingent on the availability of reliable

evaluation benchmarks. In this work, we introduce such a

benchmark of challenging but verifiable open-ended visual

questions that we use to jointly evaluate both the truthfulness

and helpfulness of free-form model responses.

3. Approach

We introduce PROVE, a framework for evaluating vision-

language models through a programmatically verifiable

pipeline that generates challenging visual QA pairs and uses

a scene graph-based framework to assess both helpfulness

(answer correctness) and truthfulness (absence of hallucina-

tions) in VLM responses.

Vision-language models produce responses Â=mθ(Q, I)

to questions about images. While prior work typically evalu-

ates either correctness (is Â=A, where A is the ground-truth

answer) or truthfulness (is p(Â|I) > threshold) separately,

we propose a unified framework that jointly evaluates both.

3.1. Generating verifiable Visual Question­Answers

To build PROVE, we leverage image-caption pairs (I, C)

from the test set of DOCCI [34], containing 5k images with

3260



Q. Describe the condition of the cargo carts.
A. The cargo carts are grouped together on both the left and the right 
in front of the jetBlue plane.

---------------------------------------------------
def verify(sg): 
  for entity in sg.get_entities():

    if 8cargo carts' in entity:
      return sg.describe(sg.subgraph([entity]))

  return None 
# Output: There is a cargo carts (with count 
==several and state grouped together). 

Q. What color are the planes on the concrete?
A. The planes on the concrete are blue and white.
--------------------------------------------------

def verify(sg): 
  for entity in sg.get_entities():
    if 8planes9 == entity:

      return sg.get_attrs(entity).get('color')      
  return None 

# Output: blue and white

Q. What is located on the platform in front of the fake castle fencing?
A. Miniature Warhammer fantasy figures are located on the platform in 
front of the fake castle fencing.

---------------------------------------------------
def verify(sg): 
  for entity in sg.get_entities():

    if 8platform' in entity:
      return sg.get_incoming_rels(entity)  

  return None 
# Output: [castle fencing, warhammer fan. figs.]

Q. Can you tell me about the common characteristic of the figures' 
heads? 
A. The figures' heads are tree-like and branch up.

---------------------------------------------------
def verify(sg): 
  for entity in sg.get_entities():

    if 8figures9 head9 in entity:
      attrs = sg.get_attrs(entity)

      return {k: attrs[k] for k in [8shape9, 
8type9]
  return None 

# Output: {shape: branch up, type: tree-like} 

Figure 3. The PROVE benchmark. For each image-caption pair, we generate a high-fidelity scene graph representation with which we

prompt an LLM to generate challenging QA pairs and their verification programs. We only retain QA pairs that we can programmatically

verify, ensuring diverse but reliable evaluation data that is grounded by design.

detailed human-annotated captions (avg. 136 words/caption),

generated through a rigorous 3-stage protocol using newly

curated images likely to be held-out from existing models.

Building a robust scene-graph representation.

Scene-graphs are comprised of entity (<entity>),

attribute (<entity, attribute>), and relationship

(<entity_1, attribute, entity_2>) tuples that

describe a scene. We construct scene graphs from tuples

extracted from DOCCI captions by an LLM. Each scene

graph g(C) is a directed graph with attributed entities as

nodes and relationships as edges, following Davisonian

Scene Graph (DSG) [11]. The scene graph is implemented

as a Python class with methods to query the graph for

its entities, attributes, and relationships, as well as to

extract and describe subgraphs in natural language (API in

supp.). Overall, these scene graphs are high-fidelity image

representations, averaging 40.9 ± 15.2 tuples per image.

Generating open-ended questions with verifiable answers.

Next, for each image, we provide a pre-trained LLM with a

minified scene graph API and ask it to generate 10-15 chal-

lenging, diverse, and unambiguous question-answer (QA)

pairs for each caption and its corresponding scene graph.

Additionally, we ask the LLM to generate a Python program

that accepts the scene graph as input and can be executed to

verify the generated QA pair [15, 40]. This generation-with-

verification approach represents a key novelty of our work,

enabling us to create open-ended but reliably evaluable QA

pairs at scale. We repeat this procedure to generate a large

dataset of open-ended image+QA pairs {(Ii,Qi,Ai)}
N
i=1

and their verification programs.

Verifying QA pairs. We perform two types of verification:

1. Programmatic: First, we execute the generated program

with the scene graph as input to verify the QA pair, discard-

ing pairs for which the program fails or returns an answer

that is semantically different [37] from the ground truth.

2. Text-based: Next, we perform a few additional post-

processing steps to exclude low-quality QA pairs which are

i) trivial, ungrammatical, ambiguous, or incomplete (full

prompt in supp.), ii) not entailed by the image (using a visual

entailment model [9]), iii) include one or more words from a

manually curated list of taboo words that we find to result

in low-quality questions 1, or iv) semantic duplicates for

the same image (using SemDeDup [1]). Our final dataset

1Most taboo words refer to the caption or scene graph (e.g. “how

does the caption/scene graph describe..”), leading to unnatural sounding

questions.
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after filtering contains 10.6k high-quality visual question

answers – see Fig. 3.

Our primary methodological contribution over prior

work [11, 46] lies in our question generation and verification

steps: DSG evaluates text-to-image generation using sim-

ple binary questions derived from scene graphs, whereas

FIHA [46] additionally generates templated-Wh (where,

who, etc.) questions. We seek to simulate “in-the-wild”

VLM usage and harness the world-knowledge and reasoning

capabilities of LLMs to generate challenging, open-ended

questions (eg. “Describe the condition of the cargo carts.”,

see Fig 2 – a question neither DSG nor FIHA is capable

of generating). While this approach generates diverse, QA

pairs that comprehensively test a range of perception and

reasoning abilities for realistically stress-testing VLMs, it is

susceptible to hallucinations. We remedy this with our novel

trust, but verify strategy, that overcomes the reliability issues

that typically plague LLM-generated QA datasets [24, 39]

by ensuring all pairs are verifiable.

Dataset statistics. We now present some statistics about

PROVE, which comprises of 10.6k QA pairs generated from

5k image-caption pairs from the DOCCI test set. These

are obtained after applying both programmatic filtering i.e.

either the unit test fails (18.3%) or returns the wrong answer

(9.8%), and text-based filtering (∼ 50% of the total from

the previous stage). Note that we opt to filter out such a

large percentage of QA pairs in the interest of ensuring high-

quality evaluation data. Further, our benchmark curation

process is fully automatic and so can be readily scaled to a

larger image-caption source.

Fig. 4a, left presents a sunburst visualization of the first 4

words in the questions within PROVE. As seen, the questions

are diverse and span a wide range of question types. Fur-

ther, while nearly 50% of the questions begin with “What”,

even this subset spans a range of topics testing numerous

model capabilities. On the right, we measure the distri-

bution of question and answer lengths in PROVE and find

that questions average 10.3 words whereas answers average

13.4 words (see Fig. 4, right), far exceeding average answer

lengths in competing approaches (e.g. 1 in DSG and <=3

for FIHA.)

Finally, we highlight the flexibility of our approach in

generating verifiable QAs for any information captured in

the scene graph, many of which require understanding rea-

soning and context. Some real examples: Q1. What is

the geographic feature the man engages with on the relief?

(depiction of the State of Texas), Q2. Why might the air-

plane be landing as inferred from the scene? (... because

its landing gear is deployed), Q3. What changes would

the scene experience if the windows were tinted dark? (...it

might affect perceived visibility into the vehicle’s interior...).

Additional examples can be viewed on our project page:

https://prove-explorer.netlify.app.

(a) Sunburst visualization of the

first 4 question words in PROVE.

(b) Distribution of question and an-

swer lengths in PROVE.

Figure 4. PROVE: Additional dataset statistics.

3.2. Programmatic VLM Evaluation (PROVE)

Our evaluation framework uniquely measures both helpful-

ness (does the model answer the question correctly?) and

truthfulness (does the model avoid hallucinations?) through

a scene graph-based approach. This dual assessment pro-

vides a more complete picture of VLM performance than

previous metrics.

After ensuring the validity of our QA pairs, we evaluate

free-form VLM responses Â=mθ(Q, I) by:

1. Extracting tuples (using an LLM [12] with in-context

prompting) from both the model response Â and ground

truth answer A, and building corresponding scene graph

representations g(Â) and g(A).

2. Refining the ground truth answer’s scene graph to exclude

“premise” tuples entailed by the question g(A)− g(Q).
3. Computing helpfulness and truthfulness metrics based on

these graphs.

Concretely, we assess response helpfulness hscore(.)

based on the response graph’s recall of the refined ground

truth answer graph, i.e. the fraction of tuples (nodes, at-

tributes, and relationships) in g(A)−g(Q) that are recovered

by g(Â). To do so, we compute average cosine similarity

between each ground truth tuple and its closest response

tuple in embedding [37] space. Finally, to aid fine-grained

discrimination between methods, we additionally threshold

scores using a parameter ¹.

hscore(Â) =

∑

t∈g(A)−g(Q) I
[

max
t′∈g(Â) sim(t, t′) > ¹

]

|g(A)− g(Q)|
(1)

Next, we compute tscore(.) as the precision of the re-

sponse graph i.e. the fraction of response tuples that are

consistent with either the original image scene graph or the

image itself. We find that also considering the image itself

helps reduce false-positive hallucination detections, as no
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caption can capture every aspect of an image. We define:

tscore(Â) =
1

|g(Â)|

∑

t′∈g(Â)

I
[

max
(

max
t∈g(C)

(

sim(t′, t),

p(I |= t′)
))

> ¹
]

;

(2)

where |= denotes visual entailment, and p(I |= t′) is approx-

imated using a state-of-the-art visual grounding model [30].

Note that hscore and tscore are not necessarily correlated

– a response can be helpful (by answering the query) but

not entirely truthful (might contain hallucinations), and vice

versa. Our approach stands apart from previous evaluation

methods by providing fine-grained, interpretable metrics that

can reveal where and how models are failing. By measuring

both helpfulness and truthfulness together, PROVE uniquely

enables analysis of the trade-offs different models make

between these sometimes competing objectives, offering

deeper insights into VLM performance characteristics.

4. Experiments

We now present our benchmarking experiments on PROVE.

We include a broad set of models spanning a range of sizes

and learning strategies and extensively analyze their per-

formance, including their performance trade-offs. We also

conduct a human study to validate both the quality of our

benchmark and how well our proposed metrics correlate with

human judgement.

4.1. Setup

Baselines. Considering the rapidly evolving VLM landscape,

we seek to present a representative rather than comprehen-

sive snapshot of its current state. To this end, we benchmark

VLMs of three sizes – small (<5B parameters), medium (5-

10B parameters), and large (>10B parameters) – and include

both open-source and proprietary models.

Data. PROVE is constructed from images, tuples, and cap-

tions released under a CC by 4.0 license as the test split of

the DOCCI [34] dataset 2. DOCCI images were reviewed

both by human and automatic methods to remove or ob-

fuscate PII (faces, phone numbers, and URLs) and unsafe

content. Images underwent a rigorous 3-stage human an-

notation phase resulting in hyper-detailed and high-recall

captions averaging 136 words. As ground truth we use the

scene graphs included with the DOCCI test set (generated

using Palm-2 (340B) [4] following DSG [11]), which have

been human-validated to be of extremely high quality (92.2%

precision and 100% recall on TIFA160).

Implementation details. We use GPT-4o [3] for generat-

ing structured question, answers, and verification programs

2Our method is also readily applicable to other dense captioning / scene

graph datasets, both crowd-sourced [5, 13, 22, 36] and synthetic (e.g. using

pretrained detectors/segmenters) [35, 48].

using the batch API and prompting it with a detailed task

description, examples, and a Python definition of the Scene-

Graph class. We also use GPT-4o for the first round of text-

based post-processing described in Sec. 3.1. During evalua-

tion, we use LLaMA-3.1-Instruct (8B) [12] with in-context

prompting for tuple extraction, Grounding DINO [30] for

image-tuple entailment (Eq. 2), and Sentence-Bert [37] to

extract text embeddings. Premise exclusion is performed by

direct set differencing. We set ¹ = 0.75 across experiments.

4.2. Results

Figure 5 presents evaluation results. We find that:

▷ Few models strike a good balance between helpfulness

and truthfulness. As Fig. 5b (left) shows, models tend to

exhibit a range of trade-offs between helpfulness and truthful-

ness, with only one model from the ones we survey (GPT-4o)

managing to strike a good balance between the two. In fact,

we find that many recent models that rank highly on percep-

tion and reasoning-focused aggregate benchmarks [32], such

as Intern-VL2 (26B) [10] do not necessarily translate to high

truthfulness on PROVE, lagging behind simpler and smaller

models like LLaVA-1.5 [28] in tscore. In fact, we find the

LLaVA-1.5 model series to obtain the best tscore overall.

Overall, we observe a weak linear correlation of 0.1 between

hscore and tscore averaged across models, suggesting that

the impressive recent gains in model helpfulness have not

necessarily translated to higher truthfulness.

▷ Increasing model size improves hscore but not necessar-

ily tscore. Across both model families that we benchmark

at multiple sizes – InternVL2 [10] (2B, 8B, and 26B), and

LLaVA [27] (1.5-7B, Next-7B, and 1.5-13B), we find that

larger or more recent variants tend to outperform smaller

ones in terms of helpfulness but not necessarily truthfulness.

▷ Models fail in different ways. In Fig. 6, we compare

responses from models that excel at different metrics: GPT-

4o (high hscore) and LLaVA-1.5-7B (high tscore). Both

struggle with perceptual tasks like OCR, counting, and read-

ing analog clocks. However, GPT-4o generally produces

more detailed and accurate descriptions, leading to higher

helpfulness scores despite occasionally including incorrect

details. LLaVA-1.5, while less descriptive, demonstrates

greater restraint in its assertions, contributing to its higher

truthfulness. These differences highlight the fundamental

trade-off between providing comprehensive responses and

avoiding hallucination. Additional fine-grained analysis of

GPT-4o’s performance across question types is presented

in supplementary. As seen, the model performs particu-

larly well on questions that require reasoning about spatial

relationships (where are/is), object attributes (what color),

and generating image descriptions. We also visualize our

full evaluation pipeline for various models and examples at

prove-explorer.netlify.app.

Finally, while results in Table 5a might suggest a rela-
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Method #params hscore (↑) tscore (↑) avg (↑)

Qwen2-VL [6] 2B 45.70 82.79 64.25

InternVL2 [10] 2B 52.17 83.67 67.92

Phi-3.5-Vision [2] 4B 51.74 86.14 68.94

LLaVA-1.5 [28] 7B 50.50 87.33 68.91

LLaVA-Next [27] 7B 52.59 84.93 68.76

InternVL2 [10] 8B 53.87 84.61 69.24

Pixtral [33] 12B 52.13 86.79 69.46

LLaVA-1.5 [28] 13B 50.91 87.29 69.10

InternVL2 [10] 26B 54.64 82.24 68.44

GPT-4o-mini [3] - 50.82 84.23 67.52

Gemini-1.5-Flash [41] - 50.65 84.04 67.35

GPT-4o [3] - 57.89 85.74 71.81

(a) Benchmarking VLMs on PROVE (b) Tradeoffs between helpfulness and truthfulness

Figure 5. Performance evaluation of various VLMs on the PROVE benchmark. (a) We report helpfulness (hscore), truthfulness (tscore),

and their average. (b) We plot hscore and tscore for VLMs on PROVE – as seen, models with higher helpfulness tend to lag behind on

truthfulness, with very few striking a good trade-off between the two. Averaged across models, we observe a weak linear correlation of 0.1

between hscore and tscore .

tively small performance gap between models, a deeper look

paints a different picture. In Table 1 we segment performance

by question type, over “describe” type questions (eg. “Can

you describe the condition of the bench?”, 4.1k queries in to-

tal) and “query” type questions (eg. “What is the color of the

bike next to the bench?”, 6.2k queries in total), for the model

with the best hscore and tscore respectively. Across both

question types, we find that while GPT-4o only slighly lags

LLaVA-1.5 (7b) in tscore(-1% absolute) for more targeted

“query” type questions, it does so more significantly (-2.61%

absolute) for descriptive questions, wherein the open-ended

nature of the questions leads to a higher degree of hallucina-

tion. Conversely, GPT-4o outperforms LLaVA-1.5 (7b) by

7.13 and 7.85 percentage points absolute on hscore for query

and describe questions.

Our evaluation reveals three key insights: (1) current

VLMs exhibit a clear trade-off between helpfulness and

truthfulness, with few models excelling at both; (2) increas-

ing model size generally improves helpfulness but has an

inconsistent effect on truthfulness; and (3) different models

demonstrate distinct error patterns that reflect their under-

lying training objectives and architectures. These findings

highlight the importance of multi-faceted evaluation metrics

that can capture these nuanced performance differences.

4.3. Analysis

Human evaluation of PROVE and proposed metrics. We

conducted two human studies of our benchmark. First, an-

notators (3 per example) evaluated question relevance and

answer correctness of QA pairs from the qual-test split of

DOCCI (100 images, 170 QA pairs). After majority vot-

Model Query Describe

hscore tscore hscore tscore

LLaVA-1.5 (7b) 50.95 87.55 49.70 87.14

GPT-4o 58.08 86.54 57.55 84.53

Table 1. Fine-grained performance comparisons on PROVE .

ing, 95.9% of questions were judged relevant and 98.2%

of answers correct. Manual inspection revealed the few ex-

amples deemed irrelevant / incorrect to typically be either

particularly challenging or subjective.

In our second study, subjects rated responses from four

models (GPT-4o, LLaVA-1.5-7B, LLaVA-Next-7B, GPT-

4o-mini) on helpfulness (0=unhelpful, 1=helpful) and truth-

fulness (0=fully false, 0.5=partially false, 1.0=fully true).

We then computed the Pearson correlation between human

judgments and our automated metrics. For comparison, we

included two off-the shelf LLM-as-judge baselines (GPT-4o-

mini and LLaMA-3.1-Instruct) and a specialized, state-of-

the-art evaluation LLM judge [21]. As shown in Table 2, our

metrics correlate substantially better with human judgment

than all three competing approaches.

Evaluating intermediate steps. We studied potential errors

in our evaluation pipeline, focusing on truthfulness where

we observed lower correlation with human judgment. On

average, our tscore over-estimates truthfulness by 11%, pri-

marily due to image-text matching with an external model.

However, removing this component causes tscore to un-

derestimate truthfulness by 15% and reduces the Pearson
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Q1: What is written on the wall in graffiti style?
A1: The word 'BUSIER' is written in a graffiti bomb style on
the wall.

GPT-4o: The graffiti on the wall appears to spell out
<BISTER=. (hscore=72.7,tscore=85.0)
LLaVA-1.5-7b: The graffiti on the wall reads "Misthi=
(hscore=61.7, tscore=78.2)

----------------------------------------------------------------------------
Q2: What color are the bricks at the bottom of the wall?

A2: The bricks at the bottom of the wall are gray.

GPT-4o: The bricks at the bottom of the wall are painted

white, similar to the rest of the wall. However, there are
some areas at the very bottom where the paint has worn

off, revealing the original gray color of the bricks.
(hscore=93.8, tscore=77.9)
LLaVA-1.5-7b : The bricks at the bottom of the wall are

white. (hscore=78.1, tscore=86.4)

-----------------------------------------------------------------------

Q1: What time does the pocket watch show?
A1: The hands on the pocket watch's face point to 8:30

GPT-4o: The pocket watch in the image shows
approximately 10:10. (hscore=73.7, tscore=75.3)

LLaVA-1.5-7b : The pocket watch in the birdhouse
shows the time as 12:00. (hscore=74.7,
tscore=77.3)

-----------------------------------------------------------------------
Q2: What's located on the tree in the scene?

A2: The small wooden structure, resembling a hut
without a front wall, is mounted on the tree.

GPT-4o: The tree in the scene has a wooden birdhouse
attached to it. Inside the birdhouse, there is a round

object that appears to be a clock or a barometer, with a
chain hanging down from it. (hscore=74.7,
tscore=77.3)

LLaVA-1.5-7b: A birdhouse is located on the tree in the
scene. (hscore=46.8, tscore=83.3)

-----------------------------------------------------------------------

Q1: How many stripes are on the concrete wall on the right?
A1: There are 5 dark horizontal stripes on the wall.

GPT-4o: The concrete wall on the right has 4 horizontal stripes.
(hscore=78.4, tscore=72.8)

LLaVA-1.5-7b: There are three stripes on the concrete wall on
the right. (hscore=74.8, tscore=65.3)
-----------------------------------------------------------------------------

Q2: What type of day is it based on the scene outside the
window?

A2: It is a sunny day based on the view from the window.

GPT-4o: Based on the scene outside the window, it appears to

be a bright and sunny day. The sunlight is illuminating the lush
green foliage and white flowers, indicating clear weather.
(hscore=82.5, tscore=85.0)

LLaVA-1.5-7b: It appears to be a sunny day. The sunlight is
shining through the window, illuminating the flowers and plants

in the garden. The presence of sunlight suggests that the
weather is pleasant and suitable for outdoor activities.
(hscore=70.8, tscore=80.5)

-----------------------------------------------------------------------------

Figure 6. Example responses from high hscore (GPT-4o) and tscore (LLaVA-1.5 (7B)) VLMs. While both struggle with sub-tasks such as

OCR, counting, and reading an analog clock, GPT-4o’s errors tend to be less egregious which leads to a higher hscore.

Approach Helpfulness Truthfulness

LLaMA-3.1 (8b) 0.41 0.20

GPT-4o-mini 0.58 0.30

Prometheus-2 (7B) 0.57 0.32

Ours 0.81 0.57

Table 2. Pearson correlation between human judgments and auto-

mated evaluation methods for helpfulness and truthfulness. Our

proposed metrics show substantially higher correlation with human

judgment compared to LLM-as-judge approaches.

correlation with human scores to 0.39, highlighting the com-

plementary strengths of our approach.

Further, to validate the effectiveness of our choice of

Grounding DINO for image-text entailment, we additionally

benchmark OFA [45], a strong visual entailment model and

compare how well its tscore’s correlate with human judg-

ment: we find that Grounding DINO does significantly better,

achieving a Pearson correlation of 0.57 v/s 0.45.

Finally, we comment that our method relies on external

models only for well-defined subtasks (tuple extraction, text

matching) where these models excel and continue to im-

prove. Unlike LLM-as-judge scoring, our approach provides

an interpretable, auditable trace of how responses are scored,

enhancing transparency. While external models may intro-

duce some errors, our robust approach largely mitigates these

issues, as validated by its near-perfect human ratings.

5. Discussion

Our work evaluates helpfulness-truthfulness trade-offs in

vision-language models using an LLM with scene graphs

to create grounded QA pairs that enable programmatic eval-

uation. The reliability of our benchmark stems from high-

recall human-annotated captions, programmatic verification

ensuring visual grounding, and holistic and interpretable

evaluation metrics. Ultimately, our evaluation paradigm that

allows for the creation of diverse, challenging, open-ended

questions at scale while ensuring they are grounded and

evaluable, overcoming key limitations of prior work.
While PROVE offers reliable VLM evaluation, our

high-precision approach reduces recall by excluding hard-to-
verify questions. Even comprehensive captions may miss
image details, and our evaluation depends on potentially
imperfect off-the-shelf models. Future improvements
could include region-level entailment and enriched scene
graphs with additional annotations, moving toward an
idealized “Platonic” representation [18] where text-matching
suffices for evaluation. We hope future work will explore
hallucination mitigation strategies [17, 20, 23, 26, 39, 47]
on PROVE, and advance agentic models with plan-
ning [15, 40], reasoning, and self-reflection [42] ca-
pabilities to improve both helpfulness and truthfulness.
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