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ABSTRACT

Vision-Language Models (VLMs) have demonstrated remarkable potential in in-
tegrating visual and linguistic information, but frequently produce text that is
unfaithful to the visual world, leading to object hallucinations and inaccurate de-
scriptions that limit their real-world applicability. To address this core problem,
we introduce Sampling-based Visual Projection (SVP), a framework for feedback-
driven self-training that efficiently enhances vision-language alignment. Our key
insight is to use a pre-trained grounding model as an expert guide to provide feed-
back on descriptions generated by the VLM itself. SVP uses this feedback in an
iterative loop to score, select, and adapt the VLM on high-quality, feedback-refined
samples. This process transfers the spatial reasoning skills of the expert guide into
the generalist VLM without requiring new, manually curated text-image pairs or
preference annotation. Our experiments show that SVP yields significant gains
across a range of tasks, including a 14% average improvement in captioning and a
12% increase in object recall, significantly reduced hallucinations, while maintain-
ing question-answering capabilities. The result is a more robust and reliable VLM,
demonstrating that targeted, feedback-driven improvement is a powerful method
for enhancing vision-language alignment.

1 INTRODUCTION

Current Improvement Methods
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The image depicts a
modern home office

setup...To the left of the
laptop, there is a desk

lamp with a curved neck
and a silver base...On the

desk, there is a laptop
with a black screen and a

silver body, positioned
towards the center...In

front of the desk, there is
a white office chair...

The image depicts a
modern home office

setup...On the left side
of the desk, there is a
laptop open and ready
for use...To the left of
the desk, there is a
floor lamp with a

modern design...The
lamp has a tall, slender
base and a curved arm
with a white shade...

Describe this image in details. VLM
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Figure 1: Improving Vision-Language Alignment.
Vision-language models (VLMs) often produce descrip-
tions lacking specificity and accuracy, frequently halluci-
nating objects or missing important elements (left). Our
Sampling-based Visual Projection (SVP) addresses these
issues by leveraging self-captioning and grounding feed-
back. SVP enhances visual-language alignment without
requiring human annotations, curated image-text pairs,
or expensive AI feedback (right). This leads to models
with greater contextual relevance, fewer hallucinations,
and enhanced object recall. Appx 11 for details.

Vision-Language Models (VLMs (Bordes et al.,
2024; Zhang et al., 2024a)) are essential to de-
ploying expert level artificial intelligence, as hu-
man intelligence is predominantly multimodal.
Generative VLMs (Li et al., 2024; 2022a; Ye
et al., 2024; Chen et al., 2024a) built upon Large
Language Models (LLMs) have shown great
promises in zero-shot abilities on various down-
stream vision-linguistic tasks (Fig. 5.(iv)), un-
locking new multimodal capacities and provid-
ing powerful generalization to specialized ma-
chine learning models. By learning a mapping
between linguistic tokens and visual features,
such VLMs enjoy the strong generation capa-
bilities of LLMs (Brown et al., 2020; Touvron
et al., 2023) and the understanding of the phys-
ical world of computer vision models (Radford
et al., 2021; Dosovitskiy et al., 2020).
However, VLMs derived from pretrained back-
bones are known to be impacted by the hallu-
cinations and biases from LLMs (Sasse et al.,
2024; Rahmanzadehgervi et al., 2024). It is fre-
quently observed that these VLMs fail to produce text consistent with the visual content (left side
Fig. 1), i.e., the generated text describes entities not present in the input image or misses relevant enti-
ties altogether, generating content not grounded in the visual input (Collerton et al., 2023; Bai et al.,
2024). Addressing these shortcomings is crucial for future deployment of VLMs in high-stakes, real-
world applications across the frontiers of scientific discovery (He et al., 2024) and engineering (Picard
et al., 2023; Song et al., 2024).
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(a) Referring w/ Bounding Box (left) and Segmentation Mask (right).
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(b) Captioning w/ 7b (left) and 13b (right) models.
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Figure 2: Benchmark Results comparing base models to our SVP-adapted model on captioning (CIDEr),
referring (CIDEr), hallucination control (F1), and object recall (R). Models were adapted using three sets of
1,000 images from the COCO2014 training set, with self-captioning and grounding feedback. Higher scores
indicate better performance. SVP demonstrates significant improvements in captioning, referring, object recall,
and hallucination reduction.

Researchers have explored various approaches to solve the above problem in VLMs (bottom Fig. 1).
Most of these works focus on fine-tuning VLMs with supervised (carefully curated) data to improve
grounding (Peng et al., 2024; Beyer et al., 2024; Yuan et al., 2021; You et al., 2023; Zhang et al.,
2025) and vision-language alignment (Liu et al., 2024a; Sun et al., 2023). Unfortunately, this data
approach tends to be costly and sample-inefficient, requiring large amounts of image-text annotations
even for small models to resolve the above stated problem (Yuan et al., 2021).
Preference-based post-training methods (Ouyang et al., 2022; Christiano et al., 2017; Rafailov
et al., 2024) as another popular approach align VLM outputs with visual inputs (Zhou et al., 2024a;
Sun et al., 2023) but require curated preference pairs (Sun et al., 2023; Favero et al., 2024). And,
test-time approaches (Wan et al., 2024; Leng et al., 2024; Favero et al., 2024; Yin et al., 2023)
improve grounding without architectural changes, yet their computational demands and model-
specific heuristics limit broad applicability.
To address the challenge of improving VLM alignment without costly new annotations, we introduce
a feedback-driven self-training framework. We propose to leverage an external, pre-trained grounding
model as an expert guide, using its feedback to efficiently enhance the alignment between visual and
linguistic modalities in a task-agnostic manner (right side Fig. 1). Our fundamental hypothesis is
that better modality alignment is crucial for developing high-performing and reliable VLMs, and that
improved alignment will ultimately result in a more effective model.
Drawing inspiration from human learning, we propose to emulate the way humans efficiently align
sensory experiences with language by grounding new information in tangible visual examples
leveraging feedback (Hattie & Timperley, 2007; Tenenbaum & Goldring, 1989; Tenenbaum et al.,
2011). We hypothesize that spatial and positional reasoning is the key for connecting the low-
level visual elements and high-level linguistic representations (Peirce, 2015; Oquab et al., 2014;
Vallar, 2007), and that an external visual grounding model (Liu et al., 2023), agnostic to the VLM’s
shortcomings, can be used as feedback to extract latent information in the models.
Specifically, in this work, we introduce SVP (Sampling-based Visual Projection, Fig. 5), an algorithm
founded on two core principles: self-training and grounding feedback. The self-training approach (Ze-
likman et al., 2022; Anthony et al., 2017; Gulcehre et al., 2023) utilizes the model’s own outputs

2



108
109
110
111
112
113
114
115
116
117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
148
149
150
151
152
153
154
155
156
157
158
159
160
161

to enhance its performance. And, the grounding feedback provides the VLM with a mechanism
to improve its output and select informative samples. Our goal is not to directly build a specialist
grounding model, but to leverage grounding as feedback to elicit latent information in the model,
with the aim of better aligning language and visual representations without the need of new costly
image-text annotations (Sun et al., 2023; Peng et al., 2024), preference data (Ouyang et al., 2022;
Rafailov et al., 2024), or multi-step inference workflows (Yin et al., 2023; Wan et al., 2024). See
Sec A for extended related work.
It is important to clarify that our objective is not to construct a new generative model with grounding
capabilities. Rather, we utilize an existing grounding model as an expert guide, distilling its spatial
reasoning skills to unlock latent capabilities within generative vision-language models. While
traditional knowledge distillation transfers generative capacities from a teacher to a student, SVP
focuses on distilling the geometric alignment between vision and language. This process effectively
functions as alignment distillation achieved through feedback-driven self-training.
SVP is a three-step process:
(i) Sampling: A base VLM generates detailed and comprehensive image descriptions. These
descriptions are then processed by a pre-trained grounding model (Liu et al., 2023). The resulting
spatially enriched grounding output serves as feedback, conditioning the same VLM to generate text
tokens that better align with the visual information (Fig. 5.(i)).
(ii) Scoring: This step employs a scoring and ranking mechanism to select grounded samples that are
more informative and better aligned with the visual input (Fig. 5.(ii)).
(iii) Adaptation: The base VLM undergoes adaptation (Hu et al., 2021) on the filtered dataset.
Importantly, the grounding information is not shown during the fine-tuning process but is utilized
during inference (Fig. 5.(iii)).
Contributions Our key contributions are:

• We introduce Sampling-based Visual Projection (SVP), a novel framework that enhances
vision-language alignment through iterative feedback-driven self-training, leveraging self-
captioning and visual grounding techniques without requiring additional expensive image-
text annotations or preference data.

• We develop a principled formulation based on hierarchical sampling, and feedback-driven
optimization, where grounding guides the sampling process toward better vision-language
alignment. Our design ensures easy applicability across various VLM architectures and
scales while providing interpretable vision-language alignment.

• We demonstrate SVP’s effectiveness through comprehensive experiments across 10 diverse
vision-language benchmarks, including captioning, referring expressions, visual question
answering, and hallucination control, using only a small set of curated images and a
pretrained grounding model.

2 BACKGROUND
Visual Projection

Decoding

  Oval and rhomboid.
  The rhomboid is above.
  The oval is on the left.

(a) Vision-Language Generation

oval

rhomboid

Visual Projection Grounding 

(b) Vision-Language Grounding
Figure 3: Visual Projection for Generation (left) and Grounding (right).

Notation We use p(x|c) and p(z|c) to denote auto-regressive distributions, where c is the conditioning
information (image and prompt), z is a visual projection using grounding feedback, and x is the
task-specific output. These distributions follow p(x|c) = p(xT |c)

∏T
t=1 p(xt−1|xt, c), with similar

form for p(z|c). For latent variables, z represents trajectories z1:Tz
. We assume a deterministic

output distribution p(x|z, c) = δ(x− d(z, c)), as is common in tokenization-based models. Given
context c = (cv, ct) with visual input cv and text prompt ct, we define a Visual Projection as p(z|c)
and its grounded version as q(z|c,g) when conditioning on grounding g. The conditional entropy is
H[z|c] = −

∫
z
p(z|c) log p(z|c).

Vision-Language Models Generative VLMs are multimodal systems processing both text and images.
LLaVA-like architectures (Fig. 3a, left) integrate a visual encoder vθ(cv), text encoder tθ(ct), visual-
text alignment adapter aθ, and large language model. The model pθ generates token trajectories z
from conditioning c for various downstream tasks. These systems undergo three training phases:

3
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multimodal pre-training, visual-text alignment, and instruction tuning (Zhu et al., 2023; Liu et al.,
2024b; Li et al., 2022a), enabling broad cross-modal capabilities.
Vision-Language Grounding Grounding links language descriptions to spatial regions in images.
A grounding model g(z, cv) processes visual cv and textual z inputs to produce open-set detection
labels and bounding boxes (Fig. 3b, right). While traditional object detection uses fixed-class
classification, modern approaches like GLIP (Li et al., 2022b) and GroundingDINO (Liu et al., 2023)
reframe detection as text-guided grounding. This flexibility enables broader applications in detection
and spatial understanding tasks.

3 METHOD

Table 1: Overview of symbols and components in the SVP framework, detailing input modalities, grounding
mechanisms, and model outputs.

Symbol Meaning Description
c : (cv, ct) Input (image + prompt) COCO image + "Describe this image in details..."
zp Base caption (without grounding) "A desk with a lamp and laptop...."
g Grounding feedback lamp [0.33,0.47,0.16,0.23], laptop [0.48,...]
z Guided caption (with grounding) "A silver desk lamp on the left, a black laptop in the center..."

pθ(zp | c) Base Vision-Language Model Input: image; Output: self-generated caption
g(zp, cv) Grounding Model Input: image + base caption; Output: grounding (noun phrases + bounding boxes)
q(z | c,g) Guided Vision-Language Model Input: image + grounding; Output: self-generated improved caption

Algorithm 1 SVP Algorithm
Require: Base VLM pθ , grounding model g, images C, K samples/image
1: D ← ∅ ▷ Self-Training Dataset
2: for each image c ∈ C do
3: for k = 1 to K do
4: zp ∼ pθ(·|c) ▷ Base Sample
5: g← g(zp, c) ▷ Grounding
6: z ∼ q(·|c,g) ▷ Guided Sample
7: s← S(z, pθ, q) ▷ Scoring, Eq. 4-6
8: end for
9: D ← D ∪ TopK(z, s) ▷ Select best

10: end for
11: Fine-tune pθ on D ▷ Adaptation, Eq. 7
12: return pθ′

c zp

x
K

c zp

z

x
K

c zp

g

z

x
K

Figure 4: Graphical Models for
the sampling processes. Left:
standard sampling. Center: hi-
erarchical sampling. Right: hi-
erarchical sampling with internal
structure.

We present Sampling-based Visual Projection (SVP), a framework
designed to improve vision-language alignment through guided self-
training. SVP draws inspiration from self-training iterative tech-
niques for reasoning in language models (Zelikman et al., 2022;
2024; Gulcehre et al., 2023) and sampling in latent variable mod-
els (Jordan et al., 1999; Hoffman et al., 2024).
The process involves:
(i) Sampling, where a base VLM generates initial captions that are
then refined using feedback from a pre-trained grounding model;
(ii) Scoring, where we identify the most informative and well-
aligned captions by measuring the difference between the guided
and original model outputs; and
(iii) Adaptation, where we fine-tune the base VLM on this curated
set of high-quality, self-generated data.
In our experiments, we evaluate two variants of this framework. The
primary variant, SVP (C), uses only these self-generated captions for
fine-tuning. A second variant, SVP (CVQ), augments this data with visual queries from the VLM’s
original training set to ensure that its question-answering capabilities are preserved during adaptation.
The core idea of SVP is to generate a task-agnostic language-based representation z, referred to as
Visual Projection (VP), for the visual input c.

4



216
217
218
219
220
221
222
223
224
225
226
227
228
229
230
231
232
233
234
235
236
237
238
239
240
241
242
243
244
245
246
247
248
249
250
251
252
253
254
255
256
257
258
259
260
261
262
263
264
265
266
267
268
269

lamp, frame,
door, plant,

desk, basket,
ottoman, laptop

GDINO

VLM

artwork, desk,
laptop, desk lamp,
potted plant, office
chair, wire basket,

flooring

lamp   [0.33,0.47,0.16,0.23],
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basket [0.80,0.80,0.15,0.15].
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Figure 5: SVP Overview. Our framework operates as a nested loop for guided self-training, consisting of a
data-generation and model adaptation loops. (i) Sampling: For each image c, we generate K samples. First, the
base VLM pθ(z|c) generates a draft caption. This caption’s text is fed to an expert grounding model (GDINO)
to produce spatial feedback g ← g(z, c) (e.g., bounding boxes). This grounding information is provided as
text and used as new context to prompt the VLM q(z|c,g), which generates a refined, grounded caption. (ii)
Scoring: These K refined samples are scored to quantify the improvement from the grounding feedback. The
top-k of high-scoring, well-aligned samples are selected to build a new training dataset. (iii) Adaptation: The
base VLM’s parameters are then fine-tuned (adapted) using LoRA on this newly curated dataset. (iv) Evaluation:
Finally, the adapted VLM is evaluated on ten benchmarks across six tasks to measure its improved alignment
and reduced hallucinations. Full VLM output in Appx Fig. 11. Prompt structure in Appx G.

These VPs function as latent variables or generalized captions, and SVP aims to refine them through
self-training iterative methods, strengthening the alignment between vision and language modalities
to enhance the base VLM’s performance across diverse tasks.
Problem Formulation For a VLM represented with a conditional model pθ(x|c), where c = (cv, ct)
contains visual input and optional text prompt, direct sampling often yields poor alignment between
visual and textual modalities. To address this, we introduce a visual projection as a latent variable
(Fig 4, left):

pθ(x, zp|c) = p(x|zp, c)pθ(zp|c), (1)

where zp acts as an intermediate visual projection bridging vision and language, similar to chain-
of-thought approaches in LLMs. To enhance flexibility and control through ancestral sampling, we
extend to a hierarchical structure (Fig 4, center):

pθ(x, z, zp|c) = p(x|z, c)p(z|zp, c)pθ(zp|c). (2)

While this hierarchical structure offers more flexibility, it provides minimal improvement without
proper optimization. Simply iterating through the same visual input and refining projections without
feedback can lead to model collapse. To address this limitation, we incorporate a grounding model
g = g(zp, c) into the hierarchical projection (Fig 4, right):

pgθ(x, z, zp|c) = p(x|z, c)q(z|g(zp, c), c)pθ(zp|c). (3)

Here, q is a guided distribution utilizing the grounding model g, which provides specialized feedback
for vision-language alignment. This feedback mechanism is particularly effective for improving
spatial relationships and object attributes, where grounding helps correct the base model’s initial
predictions. The discrepancy between base model predictions and grounded outputs serves as
a valuable signal for enhancing vision-language alignment, especially in cases where grounding
information conflicts with initial model predictions.
Sampling We implement a guided three-step sampling process to generate improved visual projec-
tions: (i.1) Prior Sampling, where we generate initial projections zp ∼ pθ(zp|c) from the base model.
zp acts as a draft used solely to obtain feedback. (i.2) Grounding, where we apply the grounding
model to obtain feedback g← g(zp, c); and (i.3) Guided Sampling, where we generate guided visual
projections z ∼ q(z|g(zp, c), c). This process repeats K times for each visual input c.
For each guided sample, we evaluate the guided distribution q(z|c,g) with grounding feedback g
and the prior distribution pθ(z|c) using the base model. This computation allows us to quantify
grounding effects by comparing guided and prior distributions token-wise over the vocabulary,
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Figure 6: Visualization of prior and guided distribution for token t over vocabulary V =
{above,below,circle,rhomboid}. The base model pθ incorrectly predicts “below” for the circle-
rhomboid spatial relationship. With grounding feedback, q correctly assigns higher likelihood to “above”.
Using log-ratio and re-weighting with w(zt) ∝ q(zt|z<t, c,g) emphasizes grounding-relevant tokens while
down-weighting tokens with similar likelihoods in both distributions.

revealing how visual context influences model predictions. For practical implementation, we convert
visual grounding to textual form and include it in the prompt as context, rather than using direct
visual representation. The complete prompt structure and examples are detailed in Appx G.
Scoring We evaluate sample quality by viewing alignment as a feedback-driven process inspired
by policy optimization (Rafailov et al., 2024; Peters & Schaal, 2007; Go et al., 2023). We define a
scoring function1 that measures the alignment gap between the guided and prior distributions:

S(z) ∝ log q(z|c,g)− log pθ(z|c), z ∼ q(z|c,g). (4)
This score quantifies the effect of grounded visual projection on the model. When grounding provides
no additional information, q(z|g, c) ≈ p(z|zp, c), and Eq. 3 reduces to 1. The score approximates
the one sample KL divergence between q and pθ. Low values indicate token trajectories well-known
to the base model, while high values reveal surprising trajectories that offer learning opportunities.
As shown in Fig. 6, the guided distribution q helps correct misaligned predictions of the base model.
We implement two scoring approaches. First, a log-ratio scoring:

S(q, p)z =
∑T

t=1

∑V

v=1
wv,t

[
log qv,t − log pθv,t

]
(5)

where wv,t ∝ q(zt|z<t, c,g) over-emphasizes grounding-relevant tokens. Second, a weighted-
difference scoring:

∆(q, p)z =
∑T

t=1

∑V

v=1
wqv,t log qv,t −

∑T

t=1

∑V

v=1
wpv,t log pθv,t (6)

The weighted-difference score (Settles, 2009) is inspired by the fact that grounding should reduces
prediction uncertainty: H[z|c,g] < H[z|c]. Both scoring methods provide similar signals for
grounding and diversity (correlation analysis in Appx 24a). Importantly, generic surprise alone
(pure exploration) does not enhance vision-language alignment. Our hypothesis is that informative
grounding conditioning makes surprising instances statistically valuable for learning and alignment.
Adaptation Inspired by re-weighted regression (Peng et al., 2019) and off-policy policy optimiza-
tion (Roux et al., 2025; Ahmadian et al., 2024; Gulcehre et al., 2023), we propose an iterative
optimization where q(z|g, c) serves as a behavioral policy providing high-quality demonstrations,
while pθ(z|c) is our target model. We maximize:

F̃(c; θ) = |k(c)|−1
∑K

i=1

[
1{zi : S(q(zi|c,g), pθ(zi|c)) ≥ Sk(c)}

]
sg

log pθ(z
i|c) (7)

where Sk(c) is the k-th highest score among K samples generated for image c from the guided
distribution, {zi}Ki=1 ∼ q(z|c,g). Gradients are stopped (sg) over the scores in the indicator
function. This objective can be interpreted as both re-weighted maximum likelihood and greedy
off-policy optimization (Appx F). While not necessarily optimal for likelihood or policy trajectories,
this approach prioritizes vision-language alignment by selectively optimizing better-aligned samples.
The final training loss averages this objective over a batch of visual inputs c.
Iterative Loop Our approach uses a nested structure with two distinct loops. The inner loop is a data
generation process: for each seed image, we sample, guide, and score multiple candidate captions to
create a high-quality dataset of well-aligned image-text pairs. The outer loop is a model adaptation
process: we use this curated dataset to fine-tune the base VLM’s parameters. This two-stage design
allows the model to first generate its own feedback-driven training data and then learn from it, creating
a virtuous cycle of feedback-driven self-training (Fig. 8, 19). This design creates a natural balance
between exploration, achieved through guided sampling, and exploitation, driven by model adaptation
on the best aligned samples.

1if we assume that q is the optimal alignment policy, we can write q(z|c,g) ∝ pθ(z|c) exp(S(z)/w)
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4 EXPERIMENTS

Table 2: Hallucination Mitigation - F1 scores on
POPE benchmark comparing LLaVA variants across
adversarial, popular, random, and overall splits. Hal-
lucination avoidance is influenced by model size, fine-
tuning approach, encoder selection, and SVP adapta-
tion. See E.9 for analysis of model scaling effects.

POPE (F1 score ↑)
Model Size vθ tθ adv pop random all

LLaVA (Liu et al., 2024c) 7b CLIP Vicuna 72.0 75.3 80.7 76.0
LLaVA-SFT+ (Sun et al., 2023) 7b CLIP Vicuna 80.1 82.4 85.5 82.7
LLaVA-RLHF (Sun et al., 2023) 7b CLIP Vicuna 79.5 81.8 83.3 81.5
LLaVA (Liu et al., 2024c) 13b CLIP Vicuna 74.4 78.2 78.8 77.1
LLaVA-SFT+ (Sun et al., 2023) 13b CLIP Vicuna 81.1 82.6 84.8 82.8
LLaVA-RLHF (Sun et al., 2023) 13b CLIP Vicuna 80.5 81.8 83.5 81.9

LLaVA-NeXT-DPO (Liu et al., 2024b) 7b CLIP Qwen2 83.43 83.78 84.73 83.98
LLaVA-OV-DPO (Li et al., 2024) 7b SigLIP Qwen2 85.12 86.24 87.37 86.24
LLaVA-HA-DPO (Zhao et al., 2023) 7b CLIP Vicuna 82.54 87.89 90.25 86.90

LLaVA-1.5 (Liu et al., 2024a) 13b CLIP Vicuna 84.53 86.31 87.17 86.00
LLaVA-1.5 w/ SVP 13b CLIP Vicuna 84.66 86.84 87.44 86.31

LLaVA-1.6 (Liu et al., 2024b) 7b CLIP Mistral 85.43 86.87 88.05 86.73
LLaVA-1.6 w/ SVP 7b CLIP Mistral 85.93 89.04 90.02 88.33
LLaVA-1.6 (Liu et al., 2024b) 13b CLIP Vicuna 85.17 86.36 87.20 86.24
LLaVA-1.6 w/ SVP 13b CLIP Vicuna 85.15 87.50 89.23 87.30

LLaVA-OV (Li et al., 2024) 0.5b SigLIP Qwen2 82.28 83.19 83.89 83.12
LLaVA-OV w/ SVP 0.5b SigLIP Qwen2 83.45 84.70 85.46 84.53

Bigger VLMs
LLaVA-1.6 (Liu et al., 2024b) 34b CLIP Yi-2 - - - 87.7

InternVL (Chen et al., 2024b) 19b IViT Vicuna - - - 87.6
InternVL-1.2 (Chen et al., 2024b) 40b IViT Yi-2 - - - 88.0
InternVL-1.2+ (Chen et al., 2024b) 40b IViT Yi-2 - - - 88.7

VILA-1.5 (Lin et al., 2024) 8b SigLIP LLaMA3 - - - 85.6
VILA-1.5 (Lin et al., 2024) 8b SigLIP Vicuna - - - 86.3
VILA-1.5 (Lin et al., 2024) 40b IViT Yi2 - - - 87.3
VILA-1.5-AWQ (Lin et al., 2024) 40b IViT Yi2 - - - 88.2

Table 3: Hallucination Mitigation - Accuracy across
VLMs using fine-tuning, train-time, and test-time adap-
tation approaches. Size (Eff) indicates total parameters
for multi-phase inference, e.g., Woodpecker (Wp) (Yin
et al., 2023) requires multiple models for response pro-
cessing. Higher is better.

POPE (Acc score ↑)
Model Size (Eff) vθ tθ adv pop random

Fine-tuning
InstructBLIP (Dai et al., 2023) 7b ViT FlanT5 72.1 82.7 88.6
LLaVA-SFT+ (Sun et al., 2023) 7b CLIP Vicuna 80.2 82.9 86.1
mPLUG-Owl2 (Ye et al., 2024) 8b ViT LLaMA2 84.1 86.2 88.3
InstructBLIP (Dai et al., 2023) 13b ViT Vicuna 74.5 81.4 88.7
LLaVA-SFT+ (Sun et al., 2023) 13b CLIP Vicuna 82.3 83.9 85.2

Test-time adaptation
QwenVL w/ VCD (Leng et al., 2024) 7b (14b) CLIP Vicuna 84.3 87.1 88.6
LLaVA w/ M3ID (Favero et al., 2024) 7b (14b) CLIP Vicuna 65.8 69.3 76.0
Otter w/ Wp (Yin et al., 2023) 7b (14b+) CLIP LLaMA 83.0 84.3 86.7
mPLUG-Owl w/ Wp (Yin et al., 2023) 7b (14b+) ViT LLaMA 81.0 84.1 86.3
LLaVA w/ M3ID (Favero et al., 2024) 13b (26b) CLIP Vicuna 71.3 77.0 84.3

Train-time adaptation
LLaVA-M3ID-DPO (Favero et al., 2024) 7b CLIP Vicuna 68.2 73.9 81.2
LLaVA-RLHF (Sun et al., 2023) 7b CLIP Vicuna 80.7 83.3 84.8
LLaVA-NeXT-DPO (Rafailov et al., 2024) 7b CLIP Qwen2 85.2 85.6 86.6
LLaVA-OV-DPO (Rafailov et al., 2024) 7b SigLIP Qwen2 86.3 87.5 88.7
LLaVA-HA-DPO (Zhao et al., 2023) 7b CLIP Vicuna 81.5 87.9 90.5
SeVa (Zhu et al., 2024) 7b CLIP Vicuna 83.6 87.4 89.4
LLaVA-M3ID-DPO (Favero et al., 2024) 13b CLIP Vicuna 73.2 79.1 85.2
LLaVA-RLHF (Sun et al., 2023) 13b CLIP Vicuna 82.3 83.9 85.2
InstructBLIP-HA-DPO (Zhao et al., 2023) 13b ViT Vicuna 80.7 85.8 89.8

LLaVA-1.6 (Liu et al., 2024b) 7b CLIP Mistral 86.4 87.9 89.2
LLaVA-1.6 w/ SVP 7b CLIP Mistral 86.2 89.6 90.6
LLaVA-1.6 (Liu et al., 2024b) 13b CLIP Vicuna 86.4 87.7 88.5
LLaVA-1.6 w/ SVP 13b CLIP Vicuna 86.7 88.4 89.2

LLaVA-OV 0.5b SigLIP Qwen2 84.3 85.2 86.0
LLaVA-OV w/ SVP 0.5b SigLIP Qwen2 85.0 86.3 87.2

4.1 EXPERIMENTAL DESIGN

Base Model Selection We selected the LLaVA model family (Liu et al., 2024c) to rigorously
validate our method, SVP. LLaVA’s straightforward architecture exhibits well-defined capability gaps
(Table 4), providing a clear baseline to demonstrate SVP’s effectiveness in building foundational
visual-language skills. Moreover, its transparent and incrementally expanding open-source datasets 2

allow for a controlled analysis of performance gains, free from evaluation set overlaps or confounding
variables like proprietary data or extensive reinforcement fine-tuning. To contextualize our results,
we provide comprehensive comparisons against existing methods, with a focus on hallucination
reduction (Tables 2 and 3).
Seed Images We utilize a pretrained GroundingDINO-tiny (GDINO-T) (Liu et al., 2023) as our
expert guide for feedback. Our adaptation set consists of C = 1000 images randomly sampled from
the COCO2014 training set (Lin et al., 2014). We selected the GDINO-T as it was not trained on
the COCO dataset. This design ensures the feedback stems from the guide’s generalizable ability
to ground the VLM-generated description within the visual context, rather than from memorized
annotations. Furthermore, as these COCO images were part of base LLaVA tuning data, our method
isolates the grounding feedback as the sole source of new information for the model, removing
confounding factors.
Baselines We conduct a comprehensive comparison against various baselines, including models
fine-tuned with self-captioning without grounding and preference-based adaptation methods. Our
evaluation encompasses a wide range of model scales (.5B, 7B, 8B, 13B, 19B, 40B parameters),
architectures (LLaVA-1.5 (Liu et al., 2024a), LLaVA-1.6 (Liu et al., 2024b), LLaVA-OV (Li et al.,
2024), VILA (Lin et al., 2024), InternVL (Chen et al., 2024b)), visual encoders (CLIP (Radford et al.,
2021), SigLIP (Zhai et al., 2023), ViT (Dosovitskiy et al., 2020)), language encoders (Vicuna (Chiang
et al., 2023), Mistral (Jiang et al., 2023), Qwen2 (Yang et al., 2024), Yi-2 (Young et al., 2024)), and
scoring mechanisms S(q, p) and ∆(q, p).
Implementation Details Here we detail the core setup for the experiments with LLaVA-1.5/1.6. We
implement two SVP variants: SVP (C), using self-generated descriptions, and SVP (CVQ), which
adds visual queries (already seen by the base models) to prevent over-specialization. For the sampling
loop, we generate K = 20 samples for each of C = 1000 images, selecting the top-20% with
our scoring mechanisms (Eq. 5, 6) to yield 4000/8000 training pairs, a size shown to be effective

2https://github.com/haotian-liu/LLaVA/blob/main/docs/Data.md
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for adaptation (Sun et al., 2023; Zhu et al., 2024). For the adaptation loop, we fine-tune for one
epoch on 8-A100 GPUs (B = 20) using LoRA (Hu et al., 2021), with α and r scaled to model size
(α = 16, r = 64 for ≤7b; α = 256, r = 128 for 13b). Following prior work (Li et al., 2024; Liu
et al., 2024b), we run up to 3 SVP iterations. We use normalized xyxy boxes and filter degenerate
samples (< 0.5%) We feed the output of the grounding model to the VLM as context without any
post-processing or filtering. Our evaluation uses sample-wise, zero-shot testing without prompt
engineering or batching to ensure fair comparison across model variants. More details in Appendix K.

Metrics We use the CIDEr score (Vedantam et al., 2015) for captioning and referring tasks; accuracy
for VQA and multitasking. F1, Accuracy and Recall for hallucination and object recall. We also con-
sider standard metrics for language translation like BLEU (Papineni et al., 2002), METEOR (Banerjee
& Lavie, 2005), and ROUGE (Lin, 2004) scores. We re-compute metrics for LLaVA baselines and
variants (1.5, 1.6, OV) up to 13b parameters.

4.2 VISION-LANGUAGE BENCHMARKS
Table 4: Benchmark Performance across LLaVA variants (7B/13B) with same visual encoder (CLIP) and
varying the text encoders (Mistral and Vicuna) evaluated using lmms-eval (lite split, full MMMU, POPE,
and ScienceQA). Results show SVP (C) and SVP (CVQ) improve captioning, referring tasks, and object recall
while reducing hallucinations, maintaining strong performance on multitask benchmarks. Higher is better.

VQA Captioning Referring Multitasking Hallucinations
Model vθ tθ ScienceQA GQA NoCaps COCO2017 Flickr30k RefCOCO MMBench MMMU POPE (F1) POPE (R)

test test val val test val en_dev val all all

LLaVA-1.6-7b CLIP Mistral 78.54 75.80 92.60 109.68 78.74 6.70 80.30 34.11 86.73 79.60
w/ SVP (C) CLIP Mistral 77.24 73.80 100.93 112.95 83.49 18.15 77.27 36.44 88.33 84.20
w/ SVP (CVQ) CLIP Mistral 78.40 75.10 103.95 115.02 85.31 24.74 78.03 37.44 88.25 84.41

↓ 0.54 % ↑ 8.48 % ↑ 18.04 ↑ 3.43 % ↑ 3.94 %

LLaVA-1.6-13b CLIP Vicuna 70.30 74.60 83.89 104.21 69.86 29.71 83.33 35.22 86.24 78.13
w/ SVP (C) CLIP Vicuna 74.34 74.40 87.09 111.09 71.43 28.93 81.06 36.33 87.44 81.20
w/ SVP (CVQ) CLIP Vicuna 68.49 73.20 100.26 122.03 85.32 27.20 78.03 35.66 87.68 82.53

↑ 2.65 % ↑ 19.58 % ↓ 0.78 ↑ 0.12 % ↑ 3.65 %

Datasets We evaluate SVP across six tasks using ten standard VLM benchmarks: COCO2017 (Lin
et al., 2014), NoCaps (Agrawal et al., 2019), and Flickr30k (Plummer et al., 2015) for captioning;
RefCOCO variants (Kazemzadeh et al., 2014) for referring expression generation; ScienceQA (Saikh
et al., 2022) and GQA (Hudson & Manning, 2019) for VQA; MMBench (Liu et al., 2025) and
MMMU (Yue et al., 2024) for multitasking; and POPE (Li et al., 2023b) for hallucination assessment.
Following lmms-eval (Zhang et al., 2024b), we use both full and lite evaluation sets for captioning
and VQA tasks to demonstrate result stability across sample sizes. For MMMU, POPE, and all
RefCOCO variants, we use the complete evaluation sets.
General Results Across the 10 datasets and 6 tasks evaluated (Fig. 2 and Table 4), our method
demonstrates significant improvements in captioning, referring expression generation, hallucination
control, and object recall. We maintain comparable or improved performance on multitasking
benchmarks and VQA tasks. The most substantial gains appear in captioning, with nearly 20%
improvement, while performance remains stable even in challenging tasks like visual question
answering.
The impact of SVP is especially dramatic for models with initial weaknesses in specific tasks. For
instance, when applied to LLaVA with Mistral, which originally shows poor referring capabilities,
SVP improves referring expression generation performance by a factor of three (Fig. 2a). The
preservation of VQA performance is particularly significant, as it indicates that our method enhances
vision-language alignment without compromising existing capabilities or requiring task-specific
knowledge injection. This balanced improvement highlights SVP’s ability to strengthen fundamental
cross-modal understanding while maintaining the model’s broader base capabilities.
Captioning Tasks We conducted extensive captioning experiments using both 7B and 13B model
architectures across three standard datasets: COCO2017, Flickr30k, and NoCaps (Fig. 2b).
Our comprehensive evaluation, detailed in Tables 11 and 12, spans four datasets and employs four
widely-accepted metrics for assessing language generation and alignment quality. The evaluation
encompasses over 80,000 samples, providing robust statistical evidence for our findings.
SVP demonstrates consistent superior performance across all datasets and metrics com-
pared to existing methods. This comprehensive improvement underscores the effective-
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ness of our integrated sampling and feedback approach in enhancing image captioning ca-
pabilities. More fundamentally, these results validate our core hypothesis: strengthening
vision-language alignment serves as a foundational principle for advancing VLM capabilities.

bb
ox-

tes
t

bb
ox-

tes
tA

bb
ox-

tes
tB

bb
ox-

va
l

seg
-te

st

seg
-te

stA

seg
-te

stB
seg

-va
l

RefCOCO Referring Task

0

5

10

15

20

25

30

35

Sc
or

e

base
w/ SVP (C)
w/ SVP (CVQ)

Figure 7: Referring Expression Genera-
tion on RefCOCO comparing base LLaVA-
1.6-7b versus SVP (C) and SVP (CVQ) vari-
ants. CIDEr scores shown for detection
(bbox) and segmentation (seg) on test/vali-
dation sets. SVP models outperform baseline
without using bounding boxes. Appx 16 for
RefCOCO+ and RefCOCOg results.

Referring Tasks We evaluate model performance on re-
ferring expression tasks, which require the VLM to gen-
erate descriptions for specific image regions (Fig. 7 and
Appx 16). Our analysis compares four model variants: a
baseline model, a model tuned without grounding (w/o
g), a model incorporating visual grounding (w/ SVP (C)),
and our full model with both grounding and visual queries
(w/ SVP (CVQ)). The results demonstrate that SVP sub-
stantially improves performance across all datasets and
tasks. Most notably, SVP significantly enhances the base
model’s ability to understand and describe spatial relation-
ships, particularly in cases where initial performance is
poor. In fact, our enhanced models achieve performance
levels approaching those of much larger 13B parameter
models (Table 4). A key insight emerges from these re-
sults: these improvements occur without direct access to
grounding information (bounding boxes) during the adap-
tation phase. The grounding conditioning g is utilized
only during the inner-loop sampling to construct q(z|c,g)
(Fig. 5.(iii)), after which we adapt model parameters θ using only the refined visual projections z.
This success in improving referring abilities without explicit grounding supervision suggests that
enhanced modality alignment naturally leads to better spatial understanding in VLMs.
Table 5: Component Ablation. Performance com-
parison of LLaVA-1.6-7b variants after one adapta-
tion iteration: base model, fine-tuning without feed-
back, sampling with grounding (no scoring), ground-
ing with scoring, and full SVP (grounding, scoring,
visual queries). Results provide evidence of the im-
portance of the SVP’s components for model perfor-
mance.

Model Grounding Scoring VQ RefCOCO Flickr30k MMMU POPE

LLaVA - - - 6.70 78.74 34.11 86.73
w/o SVP ✗ ✗ ✗ 3.01 79.03 35.55 87.21
w/ SVP ✓ ✗ ✗ 9.98 78.67 35.77 86.92
w/ SVP ✓ ✓ ✗ 18.15 83.49 36.44 88.33
w/ SVP ✓ ✓ ✓ 24.74 85.31 37.44 88.25

Table 6: Preference Ablation. Comparison between
SVP and DPO (Rafailov et al., 2024) for LLaVA-7b-
OV with Qwen2 language model (higher is better).
While DPO requires a learned reward model or human
preference pairs, SVP uses only a small grounding
model for feedback (C = 2000, K = 10, top-10%).
Results show that DPO, while effective for general
preference alignment, does not achieve the visual-
language alignment gains of SVP.

Model Samples SciQA NoCaps RefCOCO MMBench POPE

w/ DPO ≥ 9.4k 79.25 112.51 13.60 85.60 86.24
w/ SVP (C) ≈ 2k 83.89 120.23 15.75 86.36 85.78
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Hallucination and Object Recall We evaluate our model’s hallucination rate (Tables 2 and 3) and
object recall (Figs. 2c and 8), where object recall measures the model’s ability to capture visual

9



486
487
488
489
490
491
492
493
494
495
496
497
498
499
500
501
502
503
504
505
506
507
508
509
510
511
512
513
514
515
516
517
518
519
520
521
522
523
524
525
526
527
528
529
530
531
532
533
534
535
536
537
538
539

elements in its textual output. Our comparison includes HA-DPO (Zhao et al., 2023), the leading
DPO (Rafailov et al., 2024) variant for hallucination reduction, and CSR (Zhou et al., 2024b), an
iterative self-rewarding VLM mechanism. For CSR, we evaluate both single-iteration performance
and the best result across iterations I ∈ [1 : 5]. SVP demonstrates substantial improvements across
most model variants on the POPE dataset. With the 7B model, SVP raises the F1 score from 86.7%
to 88.3%, achieving performance comparable to models five times larger (E.9).
Similarly, the 13B model shows improvement from 86.2% to 87.5%. Most impressively, when running
SVP for three iterations with our scoring mechanism (Eq. 5), object recall improves dramatically from
79% to over 87% (Fig. 8). These results provide strong evidence that enhancing modality alignment
through self-captioning and grounding feedback effectively reduces hallucinations without requiring
specialized fine-tuning. This validates our core hypothesis while demonstrating SVP’s ability to
significantly improve the model’s factual accuracy and reliability. Notice that naively finetuning a
strong VLM on a larger multimodal dataset does not improve hallucination or recall, as shown in
Table 13, providing evidence that methods like SVP are necessary to align vision and language.
Ablations We conduct comprehensive ablation studies to analyze SVP’s components and behavior.
First, we examine the individual contributions of grounding, scoring, and visual queries (Table 5). We
then investigate the impact of key hyperparameters: the number of iterations I (Fig. 8, Appx 19) and
sample size C (Fig. 9). For scoring mechanisms, we evaluate both ∆(q, p) and S(q, p) on the full
captioning benchmark (Tables 11 and 12). We also compare SVP against DPO using Qwen2 (Yang
et al., 2024) as the language model on a subset of our benchmark (Table 6). Additionally, we explore
iSVP, a variant designed for inference-time adaptation without parameter tuning (Table 9, Fig. 13,
Fig. 14). Finally, we quantify the set of groundable objects for captions generated by guided versus
prior distributions (Fig. 10).
Table 7: Hallucination (F1) and Recall (R) using Qwen2-VL7b and Qwen2.5-VL-7b on the POPE dataset.
Naively scaling the multimodal finetuning dataset does not solve visual-language alignment in powerful VLMs.

Name Multimodal Samples F1 (all - 9k) F1 (adv - 3k) F1 (pop - 3k) F1 (random - 3k) Recall (all - 9k)

Qwen2-VL-7b 100M 87.8 85.8 87.9 89.8 83.4
Qwen2.5-VL-7b 100M++ 86.2 85.1 86.1 87.1 77.9
LLaVA-1.6-7b w/ SVP 800K 88.3 85.9 89.1 90.1 84.4

Comparison with Qwen-VL Table 7 compares Qwen2-VL and Qwen2.5-VL with LLaVA-1.6-7b
w/ SVP on POPE. Despite using roughly two orders of magnitude fewer multimodal samples (800K
vs. 100M+), LLaVA-1.6-7b w/ SVP achieves the best hallucination performance, with the highest
F1 and recall across all subsets. This indicates that simply scaling multimodal finetuning data is
insufficient to fix vision-language misalignment in strong VLMs, whereas targeted adaptation such as
SVP is more effective.
As shown in Table 8, applying SVP to Qwen2.5-VL-7b similarly yields substantial gains in both
F1 and recall without additional large-scale pretraining, providing evidence that SVP is a general
mechanism to improve vision-language alignment.

5 CONCLUSION AND LIMITATIONS

Table 8: Hallucination (F1) and Recall (R)
using Qwen2.5-VL-7b w/o and w/ SVP adap-
tation. SVP can improve vision-language
alignment in powerful VLM models.

Name F1 Recall

Qwen2.5-VL-7b 86.2 77.9
Qwen2.5-VL-7b w/ SVP 89.1 83.7

We present SVP, a novel method that leverages self-
captioning and grounding feedback to enhance VLMs
without requiring additional annotations. Our approach
significantly improves captioning quality, referring expres-
sion generation, hallucination control, and object recall
while maintaining strong performance on VQA and mul-
titasking benchmarks. These results demonstrate SVP’s
potential to unlock latent VLM capabilities, advancing to-
ward more robust real-world applications, like 3D designs
and video generation.
Limitations However, SVP has limitations: it requires VLMs capable of in-context learning, relies
multiple samples per input, and feedback depends on the availability of a pre-trained grounding
model. The method may not benefit tasks without spatial components or those requiring specialized
knowledge, such as VQA. Additionally, without injecting new information, its applicability to
knowledge-intensive tasks remains uncertain without external data.

10



540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593

REFERENCES

Josh Achiam, Steven Adler, Sandhini Agarwal, Lama Ahmad, Ilge Akkaya, Florencia Leoni Aleman, Diogo
Almeida, Janko Altenschmidt, Sam Altman, Shyamal Anadkat, et al. Gpt-4 technical report. arXiv preprint
arXiv:2303.08774, 2023.

Harsh Agrawal, Karan Desai, Yufei Wang, Xinlei Chen, Rishabh Jain, Mark Johnson, Dhruv Batra, Devi Parikh,
Stefan Lee, and Peter Anderson. Nocaps: Novel object captioning at scale. In Proceedings of the IEEE/CVF
international conference on computer vision, pp. 8948–8957, 2019.

Arash Ahmadian, Chris Cremer, Matthias Gallé, Marzieh Fadaee, Julia Kreutzer, Olivier Pietquin, Ahmet Üstün,
and Sara Hooker. Back to basics: Revisiting reinforce style optimization for learning from human feedback in
llms. arXiv preprint arXiv:2402.14740, 2024.

Ekin Akyürek, Dale Schuurmans, Jacob Andreas, Tengyu Ma, and Denny Zhou. What learning algorithm is
in-context learning? investigations with linear models. arXiv preprint arXiv:2211.15661, 2022.

Michael L Anderson. Neural reuse: A fundamental organizational principle of the brain. Behavioral and brain
sciences, 33(4):245–266, 2010.

Thomas Anthony, Zheng Tian, and David Barber. Thinking fast and slow with deep learning and tree search.
Advances in neural information processing systems, 30, 2017.

Yuntao Bai, Saurav Kadavath, Sandipan Kundu, Amanda Askell, Jackson Kernion, Andy Jones, Anna Chen,
Anna Goldie, Azalia Mirhoseini, Cameron McKinnon, et al. Constitutional ai: Harmlessness from ai feedback.
arXiv preprint arXiv:2212.08073, 2022.

Zechen Bai, Pichao Wang, Tianjun Xiao, Tong He, Zongbo Han, Zheng Zhang, and Mike Zheng Shou.
Hallucination of multimodal large language models: A survey. arXiv preprint arXiv:2404.18930, 2024.

Satanjeev Banerjee and Alon Lavie. Meteor: An automatic metric for mt evaluation with improved correlation
with human judgments. In Proceedings of the acl workshop on intrinsic and extrinsic evaluation measures for
machine translation and/or summarization, pp. 65–72, 2005.

Lawrence W Barsalou. Grounded cognition. Annu. Rev. Psychol., 59(1):617–645, 2008.

Lucas Beyer, Andreas Steiner, André Susano Pinto, Alexander Kolesnikov, Xiao Wang, Daniel Salz, Maxim
Neumann, Ibrahim Alabdulmohsin, Michael Tschannen, Emanuele Bugliarello, et al. Paligemma: A versatile
3b vlm for transfer. arXiv preprint arXiv:2407.07726, 2024.

Florian Bordes, Richard Yuanzhe Pang, Anurag Ajay, Alexander C Li, Adrien Bardes, Suzanne Petryk, Oscar
Mañas, Zhiqiu Lin, Anas Mahmoud, Bargav Jayaraman, et al. An introduction to vision-language modeling.
arXiv preprint arXiv:2405.17247, 2024.

Tom B. Brown, Benjamin Mann, Nick Ryder, Melanie Subbiah, Jared Kaplan, Prafulla Dhariwal, Arvind
Neelakantan, Pranav Shyam, Girish Sastry, Amanda Askell, Sandhini Agarwal, Ariel Herbert-Voss, Gretchen
Krueger, Tom Henighan, Rewon Child, Aditya Ramesh, Daniel M. Ziegler, Jeffrey Wu, Clemens Winter,
Christopher Hesse, Mark Chen, Eric Sigler, Mateusz Litwin, Scott Gray, Benjamin Chess, Jack Clark,
Christopher Berner, Sam McCandlish, Alec Radford, Ilya Sutskever, and Dario Amodei. Language models
are few-shot learners. 2020. URL https://proceedings.neurips.cc/paper/2020/hash/
1457c0d6bfcb4967418bfb8ac142f64a-Abstract.html.

Nicolas Carion, Francisco Massa, Gabriel Synnaeve, Nicolas Usunier, Alexander Kirillov, and Sergey Zagoruyko.
End-to-end object detection with transformers. In European conference on computer vision, pp. 213–229.
Springer, 2020.

Zhe Chen, Weiyun Wang, Hao Tian, Shenglong Ye, Zhangwei Gao, Erfei Cui, Wenwen Tong, Kongzhi Hu,
Jiapeng Luo, Zheng Ma, et al. How far are we to gpt-4v? closing the gap to commercial multimodal models
with open-source suites. arXiv preprint arXiv:2404.16821, 2024a.

Zhe Chen, Jiannan Wu, Wenhai Wang, Weijie Su, Guo Chen, Sen Xing, Muyan Zhong, Qinglong Zhang,
Xizhou Zhu, Lewei Lu, et al. Internvl: Scaling up vision foundation models and aligning for generic visual-
linguistic tasks. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition,
pp. 24185–24198, 2024b.

Wei-Lin Chiang, Zhuohan Li, Zi Lin, Ying Sheng, Zhanghao Wu, Hao Zhang, Lianmin Zheng, Siyuan Zhuang,
Yonghao Zhuang, Joseph E Gonzalez, et al. Vicuna: An open-source chatbot impressing gpt-4 with 90%*
chatgpt quality. See https://vicuna. lmsys. org (accessed 14 April 2023), 2(3):6, 2023.

11

https://proceedings.neurips.cc/paper/2020/hash/1457c0d6bfcb4967418bfb8ac142f64a-Abstract.html
https://proceedings.neurips.cc/paper/2020/hash/1457c0d6bfcb4967418bfb8ac142f64a-Abstract.html


594
595
596
597
598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647

Paul F Christiano, Jan Leike, Tom Brown, Miljan Martic, Shane Legg, and Dario Amodei. Deep reinforcement
learning from human preferences. Advances in neural information processing systems, 30, 2017.

Daniel Collerton, James Barnes, Nico J Diederich, Rob Dudley, Karl Friston, Christopher G Goetz, Jennifer G
Goldman, Renaud Jardri, Jaime Kulisevsky, Simon JG Lewis, et al. Understanding visual hallucinations: A
new synthesis. Neuroscience & Biobehavioral Reviews, 150:105208, 2023.

Wenliang Dai, Junnan Li, Dongxu Li, Anthony Meng Huat Tiong, Junqi Zhao, Weisheng Wang, Boyang Li,
Pascale Fung, and Steven Hoi. Instructblip: Towards general-purpose vision-language models with instruction
tuning, 2023. URL https://arxiv.org/abs/2305.06500.

Achal Dave, Piotr Dollár, Deva Ramanan, Alexander Kirillov, and Ross Girshick. Evaluating large-vocabulary
object detectors: The devil is in the details. arXiv preprint arXiv:2102.01066, 2021.

Hanze Dong, Wei Xiong, Deepanshu Goyal, Yihan Zhang, Winnie Chow, Rui Pan, Shizhe Diao, Jipeng Zhang,
Kashun Shum, and Tong Zhang. Raft: Reward ranked finetuning for generative foundation model alignment.
arXiv preprint arXiv:2304.06767, 2023.

Alexey Dosovitskiy, Lucas Beyer, Alexander Kolesnikov, Dirk Weissenborn, Xiaohua Zhai, Thomas Unterthiner,
Mostafa Dehghani, Matthias Minderer, Georg Heigold, Sylvain Gelly, et al. An image is worth 16x16 words:
Transformers for image recognition at scale. arXiv preprint arXiv:2010.11929, 2020.

Alessandro Favero, Luca Zancato, Matthew Trager, Siddharth Choudhary, Pramuditha Perera, Alessandro
Achille, Ashwin Swaminathan, and Stefano Soatto. Multi-modal hallucination control by visual information
grounding. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, pp.
14303–14312, 2024.

Chelsea Finn, Pieter Abbeel, and Sergey Levine. Model-agnostic meta-learning for fast adaptation of deep
networks. 70:1126–1135, 2017. URL http://proceedings.mlr.press/v70/finn17a.html.

Ross Girshick, Jeff Donahue, Trevor Darrell, and Jitendra Malik. Rich feature hierarchies for accurate object
detection and semantic segmentation. In Proceedings of the IEEE conference on computer vision and pattern
recognition, pp. 580–587, 2014.

Arthur M Glenberg and Michael P Kaschak. Grounding language in action. Psychonomic bulletin & review, 9
(3):558–565, 2002.

Dongyoung Go, Tomasz Korbak, Germán Kruszewski, Jos Rozen, Nahyeon Ryu, and Marc Dymetman. Aligning
language models with preferences through f-divergence minimization. arXiv preprint arXiv:2302.08215,
2023.

Caglar Gulcehre, Tom Le Paine, Srivatsan Srinivasan, Ksenia Konyushkova, Lotte Weerts, Abhishek Sharma,
Aditya Siddhant, Alex Ahern, Miaosen Wang, Chenjie Gu, et al. Reinforced self-training (rest) for language
modeling. arXiv preprint arXiv:2308.08998, 2023.

Agrim Gupta, Piotr Dollar, and Ross Girshick. Lvis: A dataset for large vocabulary instance segmentation. In
Proceedings of the IEEE/CVF conference on computer vision and pattern recognition, pp. 5356–5364, 2019.

John Hattie and Helen Timperley. The power of feedback. Review of educational research, 77(1):81–112, 2007.

Yuting He, Fuxiang Huang, Xinrui Jiang, Yuxiang Nie, Minghao Wang, Jiguang Wang, and Hao Chen. Foun-
dation model for advancing healthcare: Challenges, opportunities, and future directions. arXiv preprint
arXiv:2404.03264, 2024.

Matthew Douglas Hoffman, Du Phan, David Dohan, Sholto Douglas, Tuan Anh Le, Aaron Parisi, Pavel Sountsov,
Charles Sutton, Sharad Vikram, and Rif A Saurous. Training chain-of-thought via latent-variable inference.
Advances in Neural Information Processing Systems, 36, 2024.

Timothy Hospedales, Antreas Antoniou, Paul Micaelli, and Amos Storkey. Meta-learning in neural networks: A
survey. ArXiv preprint, abs/2004.05439, 2020. URL https://arxiv.org/abs/2004.05439.

Edward J Hu, Yelong Shen, Phillip Wallis, Zeyuan Allen-Zhu, Yuanzhi Li, Shean Wang, Lu Wang, and Weizhu
Chen. Lora: Low-rank adaptation of large language models. arXiv preprint arXiv:2106.09685, 2021.

Drew A Hudson and Christopher D Manning. Gqa: A new dataset for real-world visual reasoning and
compositional question answering. In Proceedings of the IEEE/CVF conference on computer vision and
pattern recognition, pp. 6700–6709, 2019.

12

https://arxiv.org/abs/2305.06500
http://proceedings.mlr.press/v70/finn17a.html
https://arxiv.org/abs/2004.05439


648
649
650
651
652
653
654
655
656
657
658
659
660
661
662
663
664
665
666
667
668
669
670
671
672
673
674
675
676
677
678
679
680
681
682
683
684
685
686
687
688
689
690
691
692
693
694
695
696
697
698
699
700
701

Albert Q Jiang, Alexandre Sablayrolles, Arthur Mensch, Chris Bamford, Devendra Singh Chaplot, Diego de las
Casas, Florian Bressand, Gianna Lengyel, Guillaume Lample, Lucile Saulnier, et al. Mistral 7b. arXiv
preprint arXiv:2310.06825, 2023.

Michael I Jordan, Zoubin Ghahramani, Tommi S Jaakkola, and Lawrence K Saul. An introduction to variational
methods for graphical models. Machine learning, 37(2):183–233, 1999.

Junmo Kang, Leonid Karlinsky, Hongyin Luo, Zhen Wang, Jacob Hansen, James Glass, David Cox, Rameswar
Panda, Rogerio Feris, and Alan Ritter. Self-moe: Towards compositional large language models with
self-specialized experts. arXiv preprint arXiv:2406.12034, 2024a.

Junmo Kang, Hongyin Luo, Yada Zhu, Jacob Hansen, James Glass, David Cox, Alan Ritter, Rogerio Feris, and
Leonid Karlinsky. Self-specialization: Uncovering latent expertise within large language models. In Findings
of the Association for Computational Linguistics ACL 2024, pp. 2681–2706, 2024b.

Sahar Kazemzadeh, Vicente Ordonez, Mark Matten, and Tamara Berg. Referitgame: Referring to objects in
photographs of natural scenes. In Proceedings of the 2014 conference on empirical methods in natural
language processing (EMNLP), pp. 787–798, 2014.

Markus Kiefer and Lawrence W Barsalou. Grounding the human conceptual system in perception, action, and
internal states. 2013.

Black Forest Labs. Flux. https://github.com/black-forest-labs/flux, 2024.

Sicong Leng, Hang Zhang, Guanzheng Chen, Xin Li, Shijian Lu, Chunyan Miao, and Lidong Bing. Mitigating
object hallucinations in large vision-language models through visual contrastive decoding. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern Recognition, pp. 13872–13882, 2024.

Bo Li, Yuanhan Zhang, Dong Guo, Renrui Zhang, Feng Li, Hao Zhang, Kaichen Zhang, Yanwei Li, Ziwei Liu,
and Chunyuan Li. Llava-onevision: Easy visual task transfer. arXiv preprint arXiv:2408.03326, 2024.

Junnan Li, Dongxu Li, Caiming Xiong, and Steven Hoi. Blip: Bootstrapping language-image pre-training for
unified vision-language understanding and generation. In ICML, 2022a.

Junnan Li, Dongxu Li, Silvio Savarese, and Steven Hoi. Blip-2: Bootstrapping language-image pre-training
with frozen image encoders and large language models. In International conference on machine learning, pp.
19730–19742. PMLR, 2023a.

Liunian Harold Li, Pengchuan Zhang, Haotian Zhang, Jianwei Yang, Chunyuan Li, Yiwu Zhong, Lijuan Wang,
Lu Yuan, Lei Zhang, Jenq-Neng Hwang, et al. Grounded language-image pre-training. In Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition, pp. 10965–10975, 2022b.

Yifan Li, Yifan Du, Kun Zhou, Jinpeng Wang, Wayne Xin Zhao, and Ji-Rong Wen. Evaluating object hallucina-
tion in large vision-language models. arXiv preprint arXiv:2305.10355, 2023b.

Chin-Yew Lin. Rouge: A package for automatic evaluation of summaries. In Text summarization branches out,
pp. 74–81, 2004.

Ji Lin, Hongxu Yin, Wei Ping, Pavlo Molchanov, Mohammad Shoeybi, and Song Han. Vila: On pre-training
for visual language models. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, pp. 26689–26699, 2024.

Tsung-Yi Lin, Michael Maire, Serge Belongie, James Hays, Pietro Perona, Deva Ramanan, Piotr Dollár, and
C Lawrence Zitnick. Microsoft coco: Common objects in context. In Computer Vision–ECCV 2014: 13th
European Conference, Zurich, Switzerland, September 6-12, 2014, Proceedings, Part V 13, pp. 740–755.
Springer, 2014.

Haotian Liu, Chunyuan Li, Yuheng Li, and Yong Jae Lee. Improved baselines with visual instruction tuning. In
Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, pp. 26296–26306,
2024a.

Haotian Liu, Chunyuan Li, Yuheng Li, Bo Li, Yuanhan Zhang, Sheng Shen, and Yong Jae Lee. Llava-next:
Improved reasoning, ocr, and world knowledge, 2024b.

Haotian Liu, Chunyuan Li, Qingyang Wu, and Yong Jae Lee. Visual instruction tuning. Advances in neural
information processing systems, 36, 2024c.

Shilong Liu, Zhaoyang Zeng, Tianhe Ren, Feng Li, Hao Zhang, Jie Yang, Chunyuan Li, Jianwei Yang, Hang
Su, Jun Zhu, et al. Grounding dino: Marrying dino with grounded pre-training for open-set object detection.
arXiv preprint arXiv:2303.05499, 2023.

13

https://github.com/black-forest-labs/flux


702
703
704
705
706
707
708
709
710
711
712
713
714
715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736
737
738
739
740
741
742
743
744
745
746
747
748
749
750
751
752
753
754
755

Yuan Liu, Haodong Duan, Yuanhan Zhang, Bo Li, Songyang Zhang, Wangbo Zhao, Yike Yuan, Jiaqi Wang,
Conghui He, Ziwei Liu, et al. Mmbench: Is your multi-modal model an all-around player? In European
Conference on Computer Vision, pp. 216–233. Springer, 2025.

Aman Madaan, Niket Tandon, Prakhar Gupta, Skyler Hallinan, Luyu Gao, Sarah Wiegreffe, Uri Alon, Nouha
Dziri, Shrimai Prabhumoye, Yiming Yang, et al. Self-refine: Iterative refinement with self-feedback. Advances
in Neural Information Processing Systems, 36, 2024.

Maxime Oquab, Leon Bottou, Ivan Laptev, and Josef Sivic. Learning and transferring mid-level image
representations using convolutional neural networks. In Proceedings of the IEEE conference on computer
vision and pattern recognition, pp. 1717–1724, 2014.

Long Ouyang, Jeff Wu, Xu Jiang, Diogo Almeida, Carroll L Wainwright, Pamela Mishkin, Chong Zhang,
Sandhini Agarwal, Katarina Slama, Alex Ray, et al. Training language models to follow instructions with
human feedback. arXiv preprint arXiv:2203.02155, 2022.

Kishore Papineni, Salim Roukos, Todd Ward, and Wei-Jing Zhu. Bleu: a method for automatic evaluation
of machine translation. In Proceedings of the 40th annual meeting of the Association for Computational
Linguistics, pp. 311–318, 2002.

Jonathan W Peirce. Understanding mid-level representations in visual processing. Journal of Vision, 15(7):5–5,
2015.

Xue Bin Peng, Aviral Kumar, Grace Zhang, and Sergey Levine. Advantage-weighted regression: Simple and
scalable off-policy reinforcement learning. arXiv preprint arXiv:1910.00177, 2019.

Zhiliang Peng, Wenhui Wang, Li Dong, Yaru Hao, Shaohan Huang, Shuming Ma, Qixiang Ye, and Furu Wei.
Grounding multimodal large language models to the world. In The Twelfth International Conference on
Learning Representations, 2024.

Jan Peters and Stefan Schaal. Reinforcement learning by reward-weighted regression for operational space
control. In Proceedings of the 24th international conference on Machine learning, pp. 745–750, 2007.

Renjie Pi, Jianshu Zhang, Jipeng Zhang, Rui Pan, Zhekai Chen, and Tong Zhang. Image textualization: An
automatic framework for creating accurate and detailed image descriptions. arXiv preprint arXiv:2406.07502,
2024.

Cyril Picard, Kristen M Edwards, Anna C Doris, Brandon Man, Giorgio Giannone, Md Ferdous Alam, and Faez
Ahmed. From concept to manufacturing: Evaluating vision-language models for engineering design. arXiv
preprint arXiv:2311.12668, 2023.

Bryan A Plummer, Liwei Wang, Chris M Cervantes, Juan C Caicedo, Julia Hockenmaier, and Svetlana Lazebnik.
Flickr30k entities: Collecting region-to-phrase correspondences for richer image-to-sentence models. In
Proceedings of the IEEE international conference on computer vision, pp. 2641–2649, 2015.

Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya Ramesh, Gabriel Goh, Sandhini Agarwal, Girish Sastry,
Amanda Askell, Pamela Mishkin, Jack Clark, et al. Learning transferable visual models from natural language
supervision. In International Conference on Machine Learning, pp. 8748–8763. PMLR, 2021.

Rafael Rafailov, Archit Sharma, Eric Mitchell, Christopher D Manning, Stefano Ermon, and Chelsea Finn. Direct
preference optimization: Your language model is secretly a reward model. Advances in Neural Information
Processing Systems, 36, 2024.

Pooyan Rahmanzadehgervi, Logan Bolton, Mohammad Reza Taesiri, and Anh Totti Nguyen. Vision language
models are blind. arXiv preprint arXiv:2407.06581, 2024.

J Redmon. You only look once: Unified, real-time object detection. In Proceedings of the IEEE conference on
computer vision and pattern recognition, 2016.

Nicolas Le Roux, Marc G Bellemare, Jonathan Lebensold, Arnaud Bergeron, Joshua Greaves, Alex Fréchette,
Carolyne Pelletier, Eric Thibodeau-Laufer, Sándor Toth, and Sam Work. Tapered off-policy reinforce: Stable
and efficient reinforcement learning for llms. arXiv preprint arXiv:2503.14286, 2025.

Tanik Saikh, Tirthankar Ghosal, Amish Mittal, Asif Ekbal, and Pushpak Bhattacharyya. Scienceqa: A novel
resource for question answering on scholarly articles. International Journal on Digital Libraries, 23(3):
289–301, 2022.

Kuleen Sasse, Shan Chen, Jackson Pond, Danielle Bitterman, and John Osborne. Mapping bias in vision
language models: Signposts, pitfalls, and the road ahead. arXiv preprint arXiv:2410.13146, 2024.

14



756
757
758
759
760
761
762
763
764
765
766
767
768
769
770
771
772
773
774
775
776
777
778
779
780
781
782
783
784
785
786
787
788
789
790
791
792
793
794
795
796
797
798
799
800
801
802
803
804
805
806
807
808
809

Tom Schaul and Jürgen Schmidhuber. Metalearning. Scholarpedia, 5(6):4650, 2010.

Juergen Schmidhuber. A general method for incremental self-improvement and multi-agent learning. In
Evolutionary Computation: Theory and Applications, pp. 81–123. World Scientific, 1999.

Jürgen Schmidhuber. Evolutionary principles in self-referential learning, or on learning how to learn: the
meta-meta-... hook. PhD thesis, Technische Universität München, 1987.

Burr Settles. Active learning literature survey. 2009.

Noah Shinn, Federico Cassano, Ashwin Gopinath, Karthik Narasimhan, and Shunyu Yao. Reflexion: Language
agents with verbal reinforcement learning. Advances in Neural Information Processing Systems, 36, 2024.

David Silver, Aja Huang, Chris J Maddison, Arthur Guez, Laurent Sifre, George Van Den Driessche, Julian
Schrittwieser, Ioannis Antonoglou, Veda Panneershelvam, Marc Lanctot, et al. Mastering the game of go with
deep neural networks and tree search. nature, 529(7587):484–489, 2016.

David Silver, Julian Schrittwieser, Karen Simonyan, Ioannis Antonoglou, Aja Huang, Arthur Guez, Thomas
Hubert, Lucas Baker, Matthew Lai, Adrian Bolton, et al. Mastering the game of go without human knowledge.
nature, 550(7676):354–359, 2017.

Binyang Song, Rui Zhou, and Faez Ahmed. Multi-modal machine learning in engineering design: A review and
future directions. Journal of Computing and Information Science in Engineering, 24(1):010801, 2024.

Shivchander Sudalairaj, Abhishek Bhandwaldar, Aldo Pareja, Kai Xu, David D Cox, and Akash Srivastava. Lab:
Large-scale alignment for chatbots. arXiv preprint arXiv:2403.01081, 2024.

Zhiqing Sun, Sheng Shen, Shengcao Cao, Haotian Liu, Chunyuan Li, Yikang Shen, Chuang Gan, Liang-Yan
Gui, Yu-Xiong Wang, Yiming Yang, et al. Aligning large multimodal models with factually augmented rlhf.
arXiv preprint arXiv:2309.14525, 2023.

Zhiqing Sun, Yikang Shen, Qinhong Zhou, Hongxin Zhang, Zhenfang Chen, David Cox, Yiming Yang,
and Chuang Gan. Principle-driven self-alignment of language models from scratch with minimal human
supervision. Advances in Neural Information Processing Systems, 36, 2024.

Gershon Tenenbaum and Ellen Goldring. A meta-analysis of the effect of enhanced instruction: cues, participa-
tion, reinforcement and feedback and correctives on motor skill learning. Journal of Research & Development
in Education, 1989.

Joshua B Tenenbaum, Charles Kemp, Thomas L Griffiths, and Noah D Goodman. How to grow a mind: Statistics,
structure, and abstraction. science, 331(6022):1279–1285, 2011.

Shengbang Tong, Ellis Brown, Penghao Wu, Sanghyun Woo, Manoj Middepogu, Sai Charitha Akula, Jihan
Yang, Shusheng Yang, Adithya Iyer, Xichen Pan, et al. Cambrian-1: A fully open, vision-centric exploration
of multimodal llms. arXiv preprint arXiv:2406.16860, 2024.

Hugo Touvron, Thibaut Lavril, Gautier Izacard, Xavier Martinet, Marie-Anne Lachaux, Timothée Lacroix,
Baptiste Rozière, Naman Goyal, Eric Hambro, Faisal Azhar, et al. Llama: Open and efficient foundation
language models. arXiv preprint arXiv:2302.13971, 2023.

Giuseppe Vallar. Spatial neglect, balint-homes’ and gerstmann’s syndrome, and other spatial disorders. Cns
Spectrums, 12(7):527–536, 2007.

Ramakrishna Vedantam, C Lawrence Zitnick, and Devi Parikh. Cider: Consensus-based image description
evaluation. In Proceedings of the IEEE conference on computer vision and pattern recognition, pp. 4566–4575,
2015.

David Wan, Jaemin Cho, Elias Stengel-Eskin, and Mohit Bansal. Contrastive region guidance: Improving
grounding in vision-language models without training. arXiv preprint arXiv:2403.02325, 2024.

Xiyao Wang, Jiuhai Chen, Zhaoyang Wang, Yuhang Zhou, Yiyang Zhou, Huaxiu Yao, Tianyi Zhou, Tom
Goldstein, Parminder Bhatia, Furong Huang, et al. Enhancing visual-language modality alignment in large
vision language models via self-improvement. arXiv preprint arXiv:2405.15973, 2024.

Xuezhi Wang, Jason Wei, Dale Schuurmans, Quoc Le, Ed Chi, and Denny Zhou. Self-consistency improves
chain of thought reasoning in language models. arXiv preprint arXiv:2203.11171, 2022.

Jason Wei, Xuezhi Wang, Dale Schuurmans, Maarten Bosma, Ed Chi, Quoc Le, and Denny Zhou. Chain of
thought prompting elicits reasoning in large language models. arXiv preprint arXiv:2201.11903, 2022.

15



810
811
812
813
814
815
816
817
818
819
820
821
822
823
824
825
826
827
828
829
830
831
832
833
834
835
836
837
838
839
840
841
842
843
844
845
846
847
848
849
850
851
852
853
854
855
856
857
858
859
860
861
862
863

Sang Michael Xie, Aditi Raghunathan, Percy Liang, and Tengyu Ma. An explanation of in-context learning as
implicit bayesian inference. arXiv preprint arXiv:2111.02080, 2021.

Jiazheng Xu, Xiao Liu, Yuchen Wu, Yuxuan Tong, Qinkai Li, Ming Ding, Jie Tang, and Yuxiao Dong. Im-
agereward: Learning and evaluating human preferences for text-to-image generation. Advances in Neural
Information Processing Systems, 36, 2024.

An Yang, Baosong Yang, Binyuan Hui, Bo Zheng, Bowen Yu, Chang Zhou, Chengpeng Li, Chengyuan Li,
Dayiheng Liu, Fei Huang, et al. Qwen2 technical report. arXiv preprint arXiv:2407.10671, 2024.

Shunyu Yao, Jeffrey Zhao, Dian Yu, Nan Du, Izhak Shafran, Karthik Narasimhan, and Yuan Cao. React:
Synergizing reasoning and acting in language models. arXiv preprint arXiv:2210.03629, 2022.

Qinghao Ye, Haiyang Xu, Jiabo Ye, Ming Yan, Anwen Hu, Haowei Liu, Qi Qian, Ji Zhang, and Fei Huang.
mplug-owl2: Revolutionizing multi-modal large language model with modality collaboration. In Proceedings
of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, pp. 13040–13051, 2024.

Shukang Yin, Chaoyou Fu, Sirui Zhao, Tong Xu, Hao Wang, Dianbo Sui, Yunhang Shen, Ke Li, Xing Sun, and
Enhong Chen. Woodpecker: Hallucination correction for multimodal large language models. arXiv preprint
arXiv:2310.16045, 2023.

Haoxuan You, Haotian Zhang, Zhe Gan, Xianzhi Du, Bowen Zhang, Zirui Wang, Liangliang Cao, Shih-Fu
Chang, and Yinfei Yang. Ferret: Refer and ground anything anywhere at any granularity. arXiv preprint
arXiv:2310.07704, 2023.

Alex Young, Bei Chen, Chao Li, Chengen Huang, Ge Zhang, Guanwei Zhang, Heng Li, Jiangcheng Zhu, Jianqun
Chen, Jing Chang, et al. Yi: Open foundation models by 01. ai. arXiv preprint arXiv:2403.04652, 2024.

Lu Yuan, Dongdong Chen, Yi-Ling Chen, Noel Codella, Xiyang Dai, Jianfeng Gao, Houdong Hu, Xuedong
Huang, Boxin Li, Chunyuan Li, et al. Florence: A new foundation model for computer vision. arXiv preprint
arXiv:2111.11432, 2021.

Xiang Yue, Yuansheng Ni, Kai Zhang, Tianyu Zheng, Ruoqi Liu, Ge Zhang, Samuel Stevens, Dongfu Jiang,
Weiming Ren, Yuxuan Sun, et al. Mmmu: A massive multi-discipline multimodal understanding and reasoning
benchmark for expert agi. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, pp. 9556–9567, 2024.

Eric Zelikman, Yuhuai Wu, Jesse Mu, and Noah Goodman. Star: Bootstrapping reasoning with reasoning.
Advances in Neural Information Processing Systems, 35:15476–15488, 2022.

Eric Zelikman, Georges Harik, Yijia Shao, Varuna Jayasiri, Nick Haber, and Noah D Goodman. Quiet-star:
Language models can teach themselves to think before speaking. arXiv preprint arXiv:2403.09629, 2024.

Xiaohua Zhai, Basil Mustafa, Alexander Kolesnikov, and Lucas Beyer. Sigmoid loss for language image pre-
training. In Proceedings of the IEEE/CVF International Conference on Computer Vision, pp. 11975–11986,
2023.

Duzhen Zhang, Yahan Yu, Jiahua Dong, Chenxing Li, Dan Su, Chenhui Chu, and Dong Yu. Mm-llms: Recent
advances in multimodal large language models. arXiv preprint arXiv:2401.13601, 2024a.

Hao Zhang, Feng Li, Shilong Liu, Lei Zhang, Hang Su, Jun Zhu, Lionel M Ni, and Heung-Yeung Shum. Dino:
Detr with improved denoising anchor boxes for end-to-end object detection. arXiv preprint arXiv:2203.03605,
2022.

Hao Zhang, Hongyang Li, Feng Li, Tianhe Ren, Xueyan Zou, Shilong Liu, Shijia Huang, Jianfeng Gao,
Chunyuan Li, Jainwei Yang, et al. Llava-grounding: Grounded visual chat with large multimodal models. In
European Conference on Computer Vision, pp. 19–35. Springer, 2025.

Kaichen Zhang, Bo Li, Peiyuan Zhang, Fanyi Pu, Joshua Adrian Cahyono, Kairui Hu, Shuai Liu, Yuanhan
Zhang, Jingkang Yang, Chunyuan Li, et al. Lmms-eval: Reality check on the evaluation of large multimodal
models. arXiv preprint arXiv:2407.12772, 2024b.

Zhiyuan Zhao, Bin Wang, Linke Ouyang, Xiaoyi Dong, Jiaqi Wang, and Conghui He. Beyond hallucinations: En-
hancing lvlms through hallucination-aware direct preference optimization. arXiv preprint arXiv:2311.16839,
2023.

Yiyang Zhou, Chenhang Cui, Rafael Rafailov, Chelsea Finn, and Huaxiu Yao. Aligning modalities in vision
large language models via preference fine-tuning. arXiv preprint arXiv:2402.11411, 2024a.

16



864
865
866
867
868
869
870
871
872
873
874
875
876
877
878
879
880
881
882
883
884
885
886
887
888
889
890
891
892
893
894
895
896
897
898
899
900
901
902
903
904
905
906
907
908
909
910
911
912
913
914
915
916
917

Yiyang Zhou, Zhiyuan Fan, Dongjie Cheng, Sihan Yang, Zhaorun Chen, Chenhang Cui, Xiyao Wang, Yun
Li, Linjun Zhang, and Huaxiu Yao. Calibrated self-rewarding vision language models. arXiv preprint
arXiv:2405.14622, 2024b.

Deyao Zhu, Jun Chen, Xiaoqian Shen, Xiang Li, and Mohamed Elhoseiny. Minigpt-4: Enhancing vision-
language understanding with advanced large language models. arXiv preprint arXiv:2304.10592, 2023.

Ke Zhu, Liang Zhao, Zheng Ge, and Xiangyu Zhang. Self-supervised visual preference alignment. In Proceedings
of the 32nd ACM International Conference on Multimedia, pp. 291–300, 2024.

17



918
919
920
921
922
923
924
925
926
927
928
929
930
931
932
933
934
935
936
937
938
939
940
941
942
943
944
945
946
947
948
949
950
951
952
953
954
955
956
957
958
959
960
961
962
963
964
965
966
967
968
969
970
971

REPRODUCIBILITY STATEMENT

We provide a detailed account of our methodology and experimental setup. The core SVP framework
is described in the Method Section, with explicit pseudo-code for our algorithm and its scoring variants
available in Appendix D. Our complete experimental design, including the selection of base models,
datasets, and metrics, is detailed in the Experiments Section and Appendix K. Datasets details are in
Table 17. A comprehensive table of all hyperparameters used for sampling and training is provided in
Table 18. Furthermore, the exact prompts used to generate our data are included in Appendix G. The
baselines and experiments are implemented on top of the LLaVA 3 and LLaVA-NeXT 4 codebases.
We use lmms-eval 5 for evaluation.

LARGE LANGUAGE MODELS USAGE

In preparing this manuscript, we utilized Large Language Models (LLMs) solely for the purpose of
polishing the text. Their use was strictly confined to improving grammar, clarity, and overall English
fluency. The core intellectual contributions of this paper - including the initial ideation, the design
of the methodology, the execution of experiments, and the analysis of results - were conceived and
developed entirely by the human authors.

3https://github.com/haotian-liu/LLaVA
4https://github.com/LLaVA-VL/LLaVA-NeXT
5https://github.com/EvolvingLMMs-Lab/lmms-eval
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A RELATED WORK

Improving Vision-Language Models Researchers have investigated explicit grounding in VLMs,
primarily to address hallucinations (Wan et al., 2024; Favero et al., 2024), with less focus on
developing general paradigms for improving vision-language alignment. A common strategy in-
volves incorporating grounding annotations into training data (Peng et al., 2024) for vision-centric
VLMs (Beyer et al., 2024; Yuan et al., 2021; You et al., 2023; Zhang et al., 2025).
However, this annotation process is costly, time-consuming, and prone to errors. For instance, directly
generating coordinate tokens as output is sample-inefficient, requiring billions of annotations even for
small VLMs to develop a competitive detector (Yuan et al., 2021). While explicit supervision during
fine-tuning can enhance alignment between visual and linguistic representations (Liu et al., 2024a;
Sun et al., 2023), these train-time methods necessitate large amounts of high-quality visual-text data
and are resource-intensive to scale with human annotations.
Train-time techniques like Reinforcement Learning from Human Feedback (RLHF (Christiano et al.,
2017; Ouyang et al., 2022)) and Direct Preference Optimization (DPO (Rafailov et al., 2024)),
primarily used for aligning LLMs with human preferences, can be adapted to align VLM text outputs
with visual inputs (Zhou et al., 2024a; Sun et al., 2023; Wang et al., 2024). These approaches
incorporate feedback and preferences during post-training but are limited by the need for reward
signals (Sun et al., 2023), curated preference pairs (Zhu et al., 2024; Zhou et al., 2024a), and AI
feedback (Wang et al., 2024).
Test-time methods (Wan et al., 2024), such as Visual Contrastive Decoding (Leng et al., 2024)
and Multi-Modal Mutual-Information Decoding (Favero et al., 2024), aim to improve grounding at
inference by leveraging differences between vision-conditional and unconditional models, without
altering the model architecture or training. Woodpecker (Yin et al., 2023) proposes a five-step
inference procedure to mitigate hallucination. While somewhat effective, these methods often require
memory-intensive and computationally expensive inference, as well as model-specific heuristics,
which limits their generalization and usability.

Grounding in Vision-Language Models Visual grounding can be conceptualized as the dual
of text-image alignment. When viewed as a mechanism to elicit and organize information within
Vision-Language Models (VLMs), it represents a form of alignment between visual and textual
modalities, encompassing both representation and generation aspects.
The concept of grounding has deep roots in cognitive sciences (Kiefer & Barsalou, 2013; Barsalou,
2008; Anderson, 2010; Glenberg & Kaschak, 2002). In the context of computer vision, visual
grounding can be seen as an extension of the classic closed-set detection problem (Girshick et al.,
2014; Carion et al., 2020; Redmon, 2016; Zhang et al., 2022).
Traditional object detection tasks involve regressing bounding box coordinates and assigning class
labels to regions within an input image. While leveraging curated benchmark datasets (Lin et al.,
2014) has led to rapid improvements in precision and speed, this approach has been constrained
by predefined class sets. Scaling to a larger number of classes and adapting to varying detection
granularities have proven challenging (Gupta et al., 2019; Dave et al., 2021).
Visual grounding inverts this paradigm by using the set of classes as input and employing a vision-
language model to assign bounding boxes to each element in the input. This concept can be
further generalized to accommodate captions, descriptions, and various forms of textual input.
Contrastive models such as GLIP (Li et al., 2022b) and GroundingDINO (Liu et al., 2023) offer
flexible, generalized detection models that enhance spatial understanding (Yin et al., 2023) and serve
as foundations for a wide range of tasks. Moreover, auto-regressive VLMs have been developed to
perform grounding and referring tasks (Yuan et al., 2021; You et al., 2023; Peng et al., 2024; Tong
et al., 2024), further expanding the capabilities of these models in bridging visual and linguistic
information.

Self-Training in Vision and Language Models Self-training and self-play autonomous learners
have been a long standing goal of the AI field (Schmidhuber, 1987; 1999). In the context of Vision-
Language Models (VLMs), self-training can be conceptualized as a form of self-play (Silver et al.,
2016; 2017), where the model enhances its performance through sampling and external feedback
mechanisms (Anthony et al., 2017). The advent of Large Language Models (LLMs) (Brown et al.,
2020; Achiam et al., 2023) has necessitated novel approaches to self-training, given the challenges in
defining explicit feedback for natural language trajectories.
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Reinforcement Learning from Human Feedback (RLHF) (Ouyang et al., 2022) and Reinforcement
Learning from AI Feedback (RLAIF) (Bai et al., 2022) have emerged as prominent mechanisms.
These methods score samples from the base model and select preferred outputs based on specific
criteria, such as human preferences in chat interactions. Both approaches learn preference or reward
models from human or AI feedback, and these concepts have been successfully adapted to VLMs (Sun
et al., 2023; Favero et al., 2024).
Further developments in this field include using rewards for ranking (Dong et al., 2023) and implicitly
specifying preferences through positive and negative pairs (Rafailov et al., 2024). Alignment can also
be achieved through AI distillation (Sudalairaj et al., 2024; Chiang et al., 2023) and self-refinement
techniques (Kang et al., 2024b;a; Wang et al., 2022; Sun et al., 2024).
A recent class of algorithms for self-training involves iterative processes (Zelikman et al., 2022; 2024;
Anthony et al., 2017; Gulcehre et al., 2023) that leverage feedback to enhance downstream tasks and
reasoning chains (Wei et al., 2022) in LLMs. Moreover, feedback can be incorporated at inference
time (Madaan et al., 2024) and even utilize the model’s own capabilities as evaluator (Yao et al., 2022;
Shinn et al., 2024). These methods can be seen as instantiating meta-learning algorithms.
Meta-learning (Schaul & Schmidhuber, 2010; Hospedales et al., 2020; Finn et al., 2017), often
described as learning to learn, plays a crucial role in the development of self-improving AI systems.
This approach aims to create models that can adapt quickly to new tasks by leveraging knowledge
from previously learned tasks (Schmidhuber, 1987; 1999). In the context of VLMs and LLMs,
meta-learning techniques have been explored to enhance model adaptability and generalization across
diverse domains. For instance, few-shot in-context learning methods (Brown et al., 2020; Xie et al.,
2021; Akyürek et al., 2022) demonstrate how large models can rapidly adapt to new tasks with
minimal task-specific examples.
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B SAMPLING-BASED VISUAL PROJECTION WORKFLOW

Instruction: Please describe the content of this image as detailed as
possible.

VLM response:
The image depicts a modern home office setup. At the center of the
scene is a wooden desk with a sleek, minimalist design. The desk
features a flat surface with a built-in drawer and a small shelf on the
left side. On the right side of the desk, there is a laptop open and
ready for use.
Above the desk, mounted on the wall, is a framed artwork of a ballerina
in a dynamic pose, adding a touch of elegance and movement to the
space. The artwork is encased in a black frame that contrasts with
the wall’s dark gray color.
To the left of the desk, there is a floor lamp with a modern design,
providing additional lighting. The lamp has a tall, slender base and a
curved arm with a white shade.
On the desk, there is a small plant in a white pot, adding a touch of
greenery and life to the space. The plant is placed on the left side of
the desk, near the laptop. Underneath the desk, there is a black wire
basket, which is likely used for cable management and storage.

Note: missing chair, missing background.

Grounded Objects: desk (0.82). laptop (0.93).
artwork (0.64). frame (0.74). lamp (0.87).
plant (0.83). pot (0.68). basket (0.83).

Instruction: Please describe the content of this image as detailed as
possible.
Context: Use the following context. The list of numbers are bounding
boxes for the objects. Check if object and bounding boxes connections
are correct. Check if there are additional objects in the image and
describe them.
format: cxcywh.
boxes: lamp [0.33,0.47,0.16,0.23], laptop
[0.48,0.54,0.16,0.09], desk [0.49,0.75,0.61,0.33],
plant [0.36,0.56,0.04,0.06], frame
[0.64,0.22,0.24,0.24], basket
[0.80,0.80,0.15,0.15].

VLM response:
The image depicts a modern workspace setup against a dark gray wall
with horizontal wood paneling. On the wall, there is a framed artwork
featuring a figure in a red dress with a blue background, possibly a
painting or a print. Below the artwork, there is a desk with a light
wood finish. The desk has a rectangular shape with a flat top and is
supported by four black metal legs.
On the desk, there is a laptop with a black screen and a silver body,
positioned towards the center. To the left of the laptop, there is a white
desk lamp with a curved neck and a silver base, turned off. Next to
the lamp, there is a small white potted plant with green leaves.
In front of the desk, there is a white office chair with a modern design,
featuring a curved backrest and armrests. The chair is positioned
facing the desk, with the seat slightly pulled out.
To the right of the desk, there is a black wire basket with a handle,
placed on the floor. The flooring appears to be a light-colored wooden
plank. The overall lighting in the room is soft and ambient, suggesting
a calm and focused work environment.
Grounded Objects: artwork (0.83). desk (0.85).
laptop (0.94). desk lamp (0.84). potted plant
(0.83). office chair (0.90). wire basket (0.94).
flooring (0.64).

Figure 11: Sampling VLMs with and without Grounding Feedback. Incorporating grounding feedback
helps VLMs to focus on factual information and better describe the details in the input image. We use
GroundingDINO (Liu et al., 2023), an open-set grounding model, to obtain the conditioning information. When
the predicted bounding boxes overlap above a certain threshold, we select the box with the highest score,
following a standard non-maximum-suppression approach. By leveraging this grounding feedback, the model is
better able to specify the entities and relationships between the objects in the image, leading to an improved
parsing of the visual information. This results in more accurate and detailed descriptions, such as identifying
a desk lamp instead of a floor lamp, mentioning an office chair, describing the flooring in
the background, and differentiating between an artwork and a simple frame, or a potted plant and a
generic plant. More visualizations in J.
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C IN-CONTEXT VISUAL PROJECTION AND TEXT-TO-IMAGE ALIGNMENT

Table 9: Text-to-Image alignment scores computed using base VLMs and VLMs with in-context grounding
(w/ iSVP). Image Text Matching (ITM (Li et al., 2023a)) and ImageReward (Xu et al., 2024) are traditionally
used to evaluate AI-generated images from real text prompts. Here we apply these scores to assess AI-generated
captions for real images. Although Text-to-Image alignment is not fully indicative of Image-to-Text alignment
in this context, these scores provide an additional qualitative measure of caption-image correspondence. Higher
is better.

Model Size ITMScore (BLIP2) ↑ ImageReward ↑
LLaVA-1.6 7b 0.83 0.47
LLaVA-1.6 w/ iSVP 7b 0.89 0.49
LLaVA-1.6 13b 0.82 0.44
LLaVA-1.6 w/ iSVP 13b 0.87 0.46

A central question in vision-language modeling is how the alignment between visual and textual data
impacts text-to-image generation. Visual grounding serves as a key mechanism for structuring this
cross-modal information, creating a unified representational space that enables effective multi-modal
reasoning.
To explore this relationship, we evaluated text-to-image alignment using iSVP, a technique for
inference-time adaptation that requires no parameter tuning. In our experiment, we provided a pre-
trained grounding model as an inference-time tool to a base model (LLaVA-1.6). We then prompted
both the base model and the grounded version (LLaVA-1.6 w/ iSVP) to generate captions for 1000
images on the fly, without any fine-tuning. We sample one caption per image, i.e. K = 1.
As shown in Table 9, Fig. 13, and Fig. 14, the captions generated by the iSVP-enhanced model
were significantly better aligned with the images, according to standard metrics for Text-to-Image
alignment like ITS and ImageReward. These results provide strong evidence that the SVP framework
is also an effective and general mechanism for improving vision-language alignment at inference
time.
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(a) Input image

(b) Text-to-Image generation using base
VLM response - z ∼ pθ(z|c). See left
side 11.

(c) Text-to-Image generation using grounded
VLM response - z ∼ q(z|c,g). See right
side 11.

Figure 12: FLUX-schnell (Labs, 2024) text to image generation using the original VLM response (left) and
the response leveraging grounding (right) as input. We generated a single image without multiple attempts
or selective filtering. The comparison clearly illustrates that the grounding-enhanced response produces more
accurate and reliable generation outcomes.
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(a) Input image from
coco2017_cap_val_lite. Image
id: 000000466567. Target Captions
(provided as ground truth): ["A tree with a
donut as an ornament", "A plastic tree with a
doughnut hanging by a strip of red ribbon.",
"A Christmas ornament is a donut with a
squirrel on it.", "A doughnut hanging from
a Christmas tree as a decoration.", "a donut
being used as an ornament for a chistmas
tree"]

(b) Text-to-Image generation using base
VLM response - z ∼ pθ(z|c): "A donut
with a red ribbon and a small
toy animal on it"
for image (a).

(c) Text-to-Image generation using grounded
VLM response - z ∼ q(z|c,g): "A donut
with a red ribbon and a small
toy animal on a Christmas
tree" for image (a).

Figure 13: FLUX-schnell (Labs, 2024) text to image generation using the base VLM response (left) and the
response using iSVP (right) as input. We generated a single image without multiple attempts or selective
filtering.
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(a) Input image from
coco2017_cap_val_lite. Image
id: 000000253742. Target Captions
(provided as ground truth): ["A woman
standing next to a herd of animals.", "a
woman holding an umbrella at the park", "A
woman standing in the rain with an umbrella
with a herd of deer behind her.", "On a rainy
day at the zoo umbrellas are frequently
seen.", "Several people holding umbrellas
and standing next to deer."]

(b) Text-to-Image generation using base
VLM response - z ∼ pθ(z|c): "A group
of people holding umbrellas
and standing in the rain" for
image (a).

(c) Text-to-Image generation using grounded
VLM response - z ∼ q(z|c,g): "A woman
holding an umbrella stands
among a group of people and
deer" for image (a).

Figure 14: FLUX-schnell (Labs, 2024) text to image generation using the base VLM response (left) and the
response using iSVP (right) as input. We generated a single image without multiple attempts or selective
filtering.
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D SVP ALGORITHMS

Algorithm 2 Sampling-based Visual Projection (SVP) w/ log-ratio scoring S(q, p)

Require:
1: Base VLM pθ(zp|c)
2: Grounding model g(z, c)
3: Scoring function S(q, p)
4: Seed images C = {cc}Cc=1
5: Samples per image K, top-k ratio k
6: Learning rate α, iterations I , vocabulary size V , grounded sequence length T

Ensure: Updated model parameters θ1 ← θ
7: for iteration i = 1 to I do
8: D ← {} ▷ Initialize dataset
9: for each image c ∈ C do

10: Zq ← {} ▷ Sample buffer
11: for j = 1 to K do
12: zjp ∼ pθi(z|c) ▷ Sample from prior
13: gj ← g(zjp, cv) ▷ Grounding feedback
14: zjq ∼ q(z|c,gj) ▷ Sample with grounding
15: Zq ← Zq ∪ {zjq}
16: end for
17: for zq ∈ Zq do
18: S(q, p)zq ←

∑T
t=1

∑V
v=1 wv,t[log qv,t − log pv,t]

19: sq ← S(q, pθi)zq ▷ Score samples
20: end for
21: Sk ← k-th highest score in {sq}
22: Z∗ ← {zq : sq ≥ Sk} ▷ Select top-k
23: D ← D ∪ {(c, z) : z ∈ Z∗}
24: end for
25: for minibatch B ⊂ D do
26: L(θ)← − 1

|B|
1

|k(c)|
∑

(c,z)∈B log pθ(z|c)
27: θi ← θ − α∇θL ▷ Update parameters
28: end for
29: θi+1 = θi
30: end for

return pθI (z|c)
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Algorithm 3 Sampling-based Visual Projection (SVP) w/ weighted difference scoring ∆(q, p)

Require:
1: Base VLM pθ(zp|c)
2: Grounding model g(z, c)
3: Scoring function ∆(q, p)
4: Seed images C = {cc}Cc=1
5: Samples per image K, top-k ratio k
6: Learning rate α, iterations I , vocabulary size V , grounded sequence length T

Ensure: Updated model parameters θ1 ← θ
7: for iteration i = 1 to I do
8: D ← {} ▷ Initialize dataset
9: for each image c ∈ C do

10: Zq ← {} ▷ Sample buffer
11: for j = 1 to K do
12: zjp ∼ pθi(z|c) ▷ Sample from prior
13: gj ← g(zjp, cv) ▷ Grounding feedback
14: zjq ∼ q(z|c,gj) ▷ Sample with grounding
15: Zq ← Zq ∪ {zjq}
16: end for
17: for zq ∈ Zq do
18: ∆(q, p)zq

=
∑T
t=1

∑V
v=1 w

q
v,t log qv,t −

∑T
t=1

∑V
v=1 w

p
v,t log pθv,t

19: sq ← ∆(q, p)zq
▷ Score samples

20: end for
21: Sk ← k-th highest score in {sq}
22: Z∗ ← {zq : sq ≥ Sk} ▷ Select top-k
23: D ← D ∪ {(c, z) : z ∈ Z∗}
24: end for
25: for minibatch B ⊂ D do
26: L ← − 1

|B|
1

|k(c)|
∑

(c,z)∈B log pθ(z|c)
27: θ ← θ − α∇θL ▷ Update parameters
28: end for
29: θi+1 = θi
30: end for

return pθI (z|c)
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E ADDITIONAL EXPERIMENTS

E.1 IMAGE TEXTUALIZATION ABLATION
Table 10: Accuracy comparison for SVP and Image-Textualization (IT) on the POPE dataset splits. SVP is
competitive with IT and more data efficient, requiring less feedback.

Name Samples All Adversarial Popular Random

LLaVA w/ SVP 4k 88.3 85.9 89.1 90.1
LLaVA w/ IT (Pi et al., 2024) 10k 86.4 81.3 90.6 87.4
GPT4-V w/ IT (Pi et al., 2024) 50k 87.4 83.3 90.8 88.2

Table 10 compares our SVP approach with Image Textualization (IT) on the POPE benchmark, which
evaluates object hallucination via yes/no existence queries across multiple splits (All, Adversarial,
Popular, Random).
LLaVA trained with SVP achieves the highest overall accuracy of 88.3% using only 4k preference
samples, outperforming LLaVA with IT (86.4% with 10k samples) and GPT-4V with IT (87.4%
with 50k samples). SVP also attains the best performance on the more challenging Adversarial and
Random splits (85.9% and 90.1%), while remaining competitive on the Popular split despite using
substantially less feedback than IT-based baselines.
These results indicate that supervision-free preferences derived directly from the base MLLM
can replace large-scale IT-generated descriptions, yielding strong robustness to hallucination with
markedly improved data efficiency.
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E.2 IOU ABLATION

In this work we have seen how SVP can be leveraged to improve vision-language alignment without
relying on additional human annotation. However, because our analysis is focused on the textual
output in a VLM, it is unclear if and how the geometric alignment in the grounding model is amortized
in the VLM using SVP.
Her we provide an experiment on a subset of RefCOCO (val_lite) with 500 samples. We sample
a base LLaVA-1.6-7B model and the same model adapted with w/ SVP using k = 5 to better evaluate
the robustness of our method to the number of images/sample. Then we use the grounding model to
ground generated caption from both models, and compute the IoU@0.5 with the RefCOCO ground
truth bounding box.
Figure 15 shows performance metrics for LLaVA (blue bars) and LLaVA w/ SVP (brown bars) on
RefCOCO referring tasks. The x-axis displays three key metrics: IoU@0.5 (intersection over union
at 50%), IoU<0.05 (a failure rate metric, not grounded object), and CIDEr (a consensus-based image
description metric). The results highlights the positive impact of SVP, showing a 30% increase
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Figure 15: Performance comparison of the baseline LLaVA model against LLaVA with Sampling-based
Visual Projection (SVP) across RefCOCO referring tasks, demonstrating significant improvements in grounding
accuracy (IoU@0.5) and captioning quality (CIDEr), alongside a reduction in failure cases (IoU<0.05)
in IoU@0.5 scores (rising from 0.37 to 0.48) and a substantial 130% increase in CIDEr scores
(rising from 0.06 to 0.14). Furthermore, the failure rate IoU<0.05) drops significantly by 58.82%
(from 0.17 to 0.07), indicating that the SVP integration effectively reduces instances where the
model fails to ground the target object. These results clearly show that the feedback-driven self-
training mechanism driving SVP not only improves visual-language alignment, but effectively extract
geometric knowledge from the grounding model. See Figure 16 for visualizations.
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and bovine: 0.56

a vibrant display of red furniture: 0.71

a storefront window: 0.63##by: 0.40

a sleek red motorcycle: 0.84

a crowd of enthusiasts: 0.53a crowd of enthusiasts: 0.42

two birds: 0.59

water surface: 0.40

the ball: 0.78

the players: 0.70

the players: 0.51

two men one: 0.73
two men one: 0.71

suits: 0.55 suits: 0.54

(a) Grounding output using LLaVA captions.

the image: 0.53

tag: 0.40
ear: 0.41

a person: 0.45

the: 0.40
her hair: 0.59

blazer: 0.44 necklace: 0.43

glasses: 0.48

a charming storefront window: 0.64

a cozy chair: 0.60

a variety of red furniture: 0.50a variety of red furniture: 0.44

passersby: 0.45

the laptop: 0.45

turban: 0.46the image: 0.42

glasses: 0.45

the image: 0.50

two birds one bird: 0.44

the image: 0.49 baseball bat: 0.47
the player: 0.47
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the ball: 0.46

the player: 0.52

the number 8: 0.48the player: 0.45
the black jersey: 0.62

the image: 0.42 the man: 0.49the man: 0.51

(b) Grounding output using LLaVA w/ SVP captions.
Figure 16: Qualitative comparison of grounding performance using different captioning strategies. (a) Baseline
LLaVA generates captions that often lack groundable details or fail to trigger detections entirely (missing
detections in 3/9 examples). (b) LLaVA w/ SVP produces more descriptive, groundable captions, resulting in
successful detections across all examples and improved downstream IoU performance. The green bounding
boxes illustrate the grounding model’s ability to localize the caption’s content.
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E.3 GROUNDING MODEL ABLATION

To assess the impact of visual grounding quality on model performance, we conducted an abla-
tion study using the RefCOCO (val_lite) dataset comprising 500 images. We evaluated four
configurations: a baseline without grounding (w/o GDINO), a noisy variant where 30% of GDINO-
tiny predictions are randomly dropped (GDINO-noisy), our standard setup (GDINO-tiny), and a
high-capacity version (GDINO-base). Performance was measured across three difficulty levels
defined by Intersection over Union (IoU) thresholds: easy (IoU@0.5), medium (IoU@0.75), and hard
(IoU@0.95). As shown in the results, increasing the capacity of the grounding model yields consistent
performance gains across all strictness levels. The GDINO-base model achieved the highest accuracy
in every category, peaking at over 0.50 for IoU@0.5 and maintaining a lead even at the strictest
IoU@0.95 threshold. Notably, providing even noisy grounding signals (GDINO-noisy) offered a
tangible improvement over the ungrounded baseline, confirming that explicit visual localization cues
are critical for this task.
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Figure 17: Performance ablation of different grounding models on RefCOCO validation tasks. We compare
four setups: w/o GDINO (no grounding), GDINO-noisy (GDINO-tiny predictions with 30% random dropout),
GDINO-tiny (standard setup), and GDINO-base (high capacity). Bar charts display IoU accuracy across three
difficulty thresholds: (a) Easy (IoU@0.5), (b) Medium (IoU@0.75), and (c) Hard (IoU@0.95). Higher capacity
models consistently improve performance across all strictness levels, demonstrating the importance of robust
visual grounding signals.
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E.4 NUMBER OF GENERATED SAMPLES PER IMAGE K ABLATION

To assess the impact of the sampling strategy on model performance, we conducted an ablation study
on the number of samples per image, denoted as K, generated during the sampling loop. We evaluated
the LLaVA-1.6-7B model across a diverse set of benchmarks, including RefCOCO (val_lite)
and Flickr30k (test_lite) for captioning capabilities, the MMMU val set for multitasking per-
formance, and POPE for hallucination control. We varied K across the set 0, 1, 5, 10, 20, where
K = 0 represents a baseline with no grounding and K = 1 introduces grounding without scoring. As
shown in Figure 18, performance metrics exhibit a consistent upward trend as the number of samples
increases. We observed a sharp improvement in generation quality as K rose to 10, beyond which
the performance gains saturated, plateauing around K = 20. Based on these results, we selected
K = 20 for the majority of our subsequent experiments to maximize performance while maintaining
computational feasibility.
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Figure 18: Ablation study on the effect of sample count K during the sampling loop. K = 0 represents the
baseline without grounding, while K = 1 utilizes grounding without scoring. We report CIDEr scores for
captioning tasks (RefCOCO, Flickr30k), Accuracy for multitasking (MMMU), and F1 scores for hallucination
evaluation (POPE). Results indicate that increasing K yields significant gains up to K = 10, with performance
saturating near K = 20. Consequently, K = 20 is adopted for subsequent experiments.
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E.5 CAPTIONING
Table 11: Captioning Performance on COCO2014, NoCaps, COCO2017, and Flickr30k datasets (80k samples)
using lmms-eval. Results compare LLaVA-1.6-7B/13B models with weighted-difference (∆(q, p)) and log-
ratio (S(q, p)) scoring mechanisms. Performance measured by METEOR (M), ROUGE-L (R), and CIDEr (C);
higher scores better. See K for dataset details.

COCO2014_val COCO2017_val NoCaps_test Flickr30k_test
Model Score M R C M R C M R C M R C

LLaVA-1.6-7b - 26.14 54.25 107.65 26.00 54.12 109.32 27.03 56.98 96.08 23.63 51.61 73.17
w/ SVP (C) ∆(q, p) 28.74 56.69 111.98 28.74 56.69 114.77 29.37 59.52 104.79 25.62 53.25 75.98
w/ SVP (CVQ) ∆(q, p) 29.26 56.62 111.38 29.24 56.67 114.72 30.07 59.69 104.58 26.34 53.58 77.68
w/ SVP (C) S(q, p) 28.64 56.74 112.45 28.57 56.71 114.69 29.29 59.62 104.75 25.54 53.40 76.53
w/ SVP (CVQ) S(q, p) 29.22 56.25 109.57 29.25 56.34 113.08 30.08 59.55 104.01 26.26 53.23 76.73

LLaVA-1.6-13b - 24.67 52.03 99.39 24.72 52.23 102.04 25.44 54.93 88.13 22.21 48.78 66.68
w/ SVP (C) ∆(q, p) 25.31 54.28 104.83 25.30 54.40 107.20 26.16 57.21 93.11 22.54 50.82 67.77
w/ SVP (CVQ) ∆(q, p) 28.38 56.71 113.30 28.49 57.03 117.23 28.94 59.19 102.32 25.69 53.61 78.11
w/ SVP (C) S(q, p) 25.32 54.22 104.84 25.37 54.37 107.52 26.14 57.14 93.11 22.71 51.00 68.56
w/ SVP (CVQ) S(q, p) 28.39 56.54 112.65 28.35 56.67 116.09 28.96 59.14 101.93 25.59 53.25 77.00

Table 12: Captioning Performance on COCO2014, NoCaps, COCO2017, and Flickr30k datasets (80k samples)
using lmms-eval. Comparing LLaVA-1.6-7B/13B models with weighted-difference (∆(q, p)) and log-ratio
(S(q, p)) scoring. Evaluated using BLEU-1 to BLEU-4 (B1-B4); higher scores better.

COCO2014_val COCO2017_val NoCaps_test Flickr30k_test
Model Score B4 B3 B2 B1 B4 B3 B2 B1 B4 B3 B2 B1 B4 B3 B2 B1

LLaVA-1.6-7b - 31.04 41.51 54.40 68.81 30.82 41.24 54.14 68.54 38.43 50.03 62.89 75.43 28.57 39.90 54.54 71.41
w/ SVP (C) ∆(q, p) 32.29 44.25 59.33 76.16 32.61 44.50 59.44 76.09 41.05 54.12 68.82 83.18 28.94 40.62 55.85 73.53
w/ SVP (CVQ) ∆(q, p) 31.69 43.50 58.46 75.52 32.01 43.72 58.53 75.53 40.88 53.78 68.49 83.42 29.22 40.71 55.63 73.27
w/ SVP (C) S(q, p) 32.75 44.76 59.86 76.71 32.82 44.74 59.78 76.54 41.15 54.17 68.77 82.93 29.59 41.38 56.68 74.36
w/ SVP (CVQ) S(q, p) 30.95 42.67 57.60 74.76 31.46 43.02 57.78 74.86 40.29 53.27 68.16 83.17 28.76 40.09 54.90 72.56

LLaVA-1.6-13b - 27.33 36.76 48.51 61.98 27.64 37.06 48.84 62.33 34.06 44.86 56.93 68.78 24.28 34.50 48.31 65.26
w/ SVP (C) ∆(q, p) 29.97 39.65 51.34 63.79 29.96 39.65 51.37 63.76 37.28 48.33 59.97 70.31 27.15 37.88 51.83 67.78
w/ SVP (CVQ) ∆(q, p) 33.65 45.40 59.99 76.45 34.28 45.90 60.43 76.71 40.77 53.66 68.09 82.25 29.91 41.92 57.53 75.55
w/ SVP (C) S(q, p) 29.97 39.78 51.67 64.45 30.25 39.97 51.83 64.56 37.54 48.61 60.40 71.12 27.60 38.64 52.60 68.83
w/ SVP (CVQ) S(q, p) 33.45 45.26 59.90 76.47 34.00 45.59 60.10 76.50 40.35 53.24 67.81 82.17 29.40 41.39 57.03 75.18
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E.6 HALLUCINATION RATE
Table 13: Hallucination (F1) and Recall (R) using Qwen2-VL7b and Qwen2.5-VL-7b. Naively scaling the
multimodal finetuning dataset does not solve visual-language alignment in more powerful VLMs, and can even
be detrimental.

Name Multimodal Samples F1 (all - 9k) F1 (adv - 3k) F1 (pop - 3k) F1 (random - 3k) Recall (all - 9k)

Qwen2-VL-7b (Yang et al., 2024) 100M 87.8 85.8 87.9 89.8 83.4
Qwen2.5-VL-7b (Yang et al., 2024) 100M 86.2 85.1 86.1 87.1 77.9
LLaVA-1.6-7b w/ SVP 800K 88.3 85.9 89.1 90.1 84.4

Table 14: Hallucination Mitigation performance on POPE benchmark. Comparison of LLaVA model variants’
F1 scores across adversarial, popular, random, and overall splits. Results demonstrate impacts of model size,
fine-tuning strategy, encoder choices, and SVP adaptation on hallucination avoidance.

POPE (F1 score ↑)
Model Size vθ tθ adv pop random all

LLaVA (Liu et al., 2024c) 7b CLIP Vicuna 72.0 75.3 80.7 76.0
LLaVA-SFT+ (Sun et al., 2023) 7b CLIP Vicuna 80.1 82.4 85.5 82.7
LLaVA-RLHF (Sun et al., 2023) 7b CLIP Vicuna 79.5 81.8 83.3 81.5
LLaVA (Liu et al., 2024c) 13b CLIP Vicuna 74.4 78.2 78.8 77.1
LLaVA-SFT+ (Sun et al., 2023) 13b CLIP Vicuna 81.1 82.6 84.8 82.8
LLaVA-RLHF (Sun et al., 2023) 13b CLIP Vicuna 80.5 81.8 83.5 81.9

LLaVA-NeXT-DPO (Liu et al., 2024b) 7b CLIP Qwen2 83.43 83.78 84.73 83.98
LLaVA-OV-DPO (Li et al., 2024) 7b SigLIP Qwen2 85.12 86.24 87.37 86.24
LLaVA-HA-DPO (Zhao et al., 2023) 7b CLIP Vicuna 82.54 87.89 90.25 86.90

LLaVA-1.5 (Liu et al., 2024a) 13b CLIP Vicuna 84.53 86.31 87.17 86.00
LLaVA-1.5 w/ SVP 13b CLIP Vicuna 84.66 86.84 87.44 86.31

LLaVA-1.6 (Liu et al., 2024b) 7b CLIP Mistral 85.43 86.87 88.05 86.73
LLaVA-1.6 w/ SVP 7b CLIP Mistral 85.93 89.04 90.02 88.33
LLaVA-1.6 (Liu et al., 2024b) 13b CLIP Vicuna 85.17 86.36 87.20 86.24
LLaVA-1.6 w/ SVP 13b CLIP Vicuna 85.15 87.50 89.23 87.30

LLaVA-OV (Li et al., 2024) 0.5b SigLIP Qwen2 82.28 83.19 83.89 83.12
LLaVA-OV w/ SVP 0.5b SigLIP Qwen2 83.45 84.70 85.46 84.53

LLaVA-1.6 (Liu et al., 2024b) 34b CLIP Yi-2 - - - 87.7

InternVL (Chen et al., 2024b) 19b IViT Vicuna - - - 87.6
InternVL-1.2 (Chen et al., 2024b) 40b IViT Yi-2 - - - 88.0
InternVL-1.2+ (Chen et al., 2024b) 40b IViT Yi-2 - - - 88.7

VILA-1.5 (Lin et al., 2024) 8b SigLIP LLaMA3 - - - 85.6
VILA-1.5 (Lin et al., 2024) 8b SigLIP Vicuna - - - 86.3
VILA-1.5 (Lin et al., 2024) 40b IViT Yi2 - - - 87.3
VILA-1.5-AWQ (Lin et al., 2024) 40b IViT Yi2 - - - 88.2
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Table 15: Evaluating hallucination rates in different VLMs adapted with fine-tuning, train-time adaptation,
and test-time adaptation. Higher is better. Eff-Size: effective model size for multi-phase inference pipelines.
Woodpecker (Yin et al., 2023) requires multiple models to process the response.

POPE (Acc score ↑)
Model Size Eff-Size vθ tθ adv pop random

Fine-tuning
InstructBLIP (Dai et al., 2023) 7b 7b ViT FlanT5 72.1 82.7 88.6
LLaVA-SFT+ (Sun et al., 2023) 7b 7b CLIP Vicuna 80.2 82.9 86.1
mPLUG-Owl2 (Ye et al., 2024) 8b 8b ViT LLaMA2 84.1 86.2 88.3
InstructBLIP (Dai et al., 2023) 13b 13b ViT Vicuna 74.5 81.4 88.7
LLaVA-SFT+ (Sun et al., 2023) 13b 13b CLIP Vicuna 82.3 83.9 85.2

Test-time adaptation
QwenVL w/ VCD (Leng et al., 2024) 7b 14b CLIP Vicuna 84.3 87.1 88.6
LLaVA w/ M3ID (Favero et al., 2024) 7b 14b CLIP Vicuna 65.8 69.3 76.0
Otter w/ Woodpecker (Yin et al., 2023) 7b ≥ 14b CLIP LLaMA 83.0 84.3 86.7
mPLUG-Owl w/ Woodpecker (Yin et al., 2023) 7b ≥ 14b ViT LLaMA 81.0 84.1 86.3
LLaVA w/ M3ID (Favero et al., 2024) 13b 26b CLIP Vicuna 71.3 77.0 84.3

Train-time adaptation
LLaVA-M3ID-DPO (Favero et al., 2024) 7b 7b CLIP Vicuna 68.2 73.9 81.2
LLaVA-RLHF (Sun et al., 2023) 7b 7b CLIP Vicuna 80.7 83.3 84.8
LLaVA-NeXT-DPO (Rafailov et al., 2024) 7b 7b CLIP Qwen2 85.2 85.6 86.6
LLaVA-OV-DPO (Rafailov et al., 2024) 7b 7b SigLIP Qwen2 86.3 87.5 88.7
LLaVA-HA-DPO (Zhao et al., 2023) 7b 7b CLIP Vicuna 81.5 87.9 90.5
SeVa (Zhu et al., 2024) 7b 7b CLIP Vicuna 83.6 87.4 89.4
LLaVA-M3ID-DPO (Favero et al., 2024) 13b 13b CLIP Vicuna 73.2 79.1 85.2
LLaVA-RLHF (Sun et al., 2023) 13b 13b CLIP Vicuna 82.3 83.9 85.2
InstructBLIP-HA-DPO (Zhao et al., 2023) 13b 13b ViT Vicuna 80.7 85.8 89.8

LLaVA-1.6 (Liu et al., 2024b) 7b 7b CLIP Mistral 86.4 87.9 89.2
LLaVA-1.6 w/ SVP 7b 7b CLIP Mistral 86.2 89.6 90.6
LLaVA-1.6 (Liu et al., 2024b) 13b 13b CLIP Vicuna 86.4 87.7 88.5
LLaVA-1.6 w/ SVP 13b 13b CLIP Vicuna 86.7 88.4 89.2

LLaVA-OV 0.5b 0.5b SigLIP Qwen2 84.3 85.2 86.0
LLaVA-OV w/ SVP 0.5b 0.5b SigLIP Qwen2 85.0 86.3 87.2
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E.7 REFERRING TASKS
Table 16: Evaluation of referring expression generation on various RefCOCO, RefCOCO+, and RefCOCOg
datasets using LLaVA-1.6-7b. The experiment compares the performance of different models, including a base
model, a model without visual grounding (w/o g), a model with Visual Projections (w/ SVP (C)), and a model
with SVP and Visual Query (w/ SVP (CVQ) ). The performance is measured using the CIDEr score on bounding
box (bbox) and segmentation (seg) referring task on the test and validation sets for each dataset. The results
show that SVP models significantly outperform the base and w/o g models, indicating the importance of visual
grounding for referring tasks. Notice that the adapted models do not have access to the bounding boxes during
fine-tuning.

∆(q, p) S(q, p)
base w/o g w/ SVP (C) w/ SVP (CVQ) w/ SVP (C) w/ SVP (CVQ)

RefCOCO

bbox-test 9.53 3.57 18.99 26.96 20.74 25.52
bbox-testA 5.91 1.59 11.14 14.37 12.33 14.00
bbox-testB 12.35 6.27 25.13 36.65 27.64 34.71
bbox-val 9.93 3.95 18.84 27.01 21.07 25.76
seg-test 9.46 3.70 18.27 25.02 19.68 23.89
seg-testA 5.32 1.37 9.48 12.67 10.95 11.70
seg-testB 12.92 6.44 25.49 35.08 26.61 33.28
seg-val 9.44 4.02 18.35 25.15 19.60 23.95

RefCOCO+

bbox-testA 6.68 2.16 12.25 16.93 14.05 16.44
bbox-testB 10.98 6.21 23.31 33.02 25.46 30.98
bbox-val 9.57 3.68 18.00 26.67 20.70 25.35
seg-testA 5.98 1.86 10.74 13.97 12.30 13.56
seg-testB 11.75 6.45 23.67 31.25 24.59 29.70
seg-val 9.19 3.90 17.15 24.31 19.13 23.81

RefCOCOg

bbox-test 20.27 13.68 47.74 59.74 50.89 56.79
bbox-val 19.70 12.16 47.69 59.65 50.73 56.81
seg-test 18.76 12.90 45.23 54.39 47.51 51.18
seg-val 18.77 12.55 45.45 54.01 46.93 50.77
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E.8 ITERATION ABLATION
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Figure 19: SVP effectively boosts captioning performance and reduces hallucinations on benchmark tasks
using LLaVA-1.6-7b as base model. The second iteration of SVP adaptation leads to significant improvements
compared to the initial round, underscoring the value of this technique for enhancing visual-language model
capabilities. However, the gains tend to plateau after the second iteration, suggesting diminishing returns from
further fine-tuning.
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E.9 MODEL SIZE ABLATION
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Figure 20: Model size comparison using the F1 metric on the POPE dataset. SVP improves the base model and
achieves better or comparable performance with models five times larger.
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E.10 OBJECT GROUNDING ABLATION

0 5 10 15 20 25
Object Counting

0.00

0.02

0.04

0.06

0.08

0.10

0.12
De

ns
ity

q
p

(a) LLaVA-1.5-7b.
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(b) LLaVA-1.5-13b.
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(a) LLaVA-1.6-7b.
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(b) LLaVA-1.6-13b.
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(a) LLaVA-1.6-7b iteration 1.
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(b) LLaVA-1.6-7b iteration 2.
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(c) LLaVA-1.6-7b iteration 3.
Figure 23: Distribution of groundable objects in generated caption sampling the base model pθ(z|c) and the
grounded model q(z|c,g). Models adapted with SVP generate less groundable objects and have better object
recall.
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(a) Top1 Ranking Correlation for weighted-
difference ∆(q, p) and log-ratio S(q, p) score using
LLaVA-1.6-7b as base model.

(b) Empirical Distribution of se-
quence scores. Log-space representa-
tion of S(q, pθ) for sequence scoring.
We see the scoring mechanism’s effec-
tiveness to differentiate between poste-
rior samples zq (with grounding) and
prior samples zp (without grounding).
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F TRAINING OBJECTIVE DERIVATION

We derive our visual-language alignment objective following two approaches: re-weighted maxi-
mum likelihood and greedy off-policy optimization. Assuming a deterministic output distribution
p(x|z, c) = d(z, c), we start with re-weighted maximum likelihood as a negated KL maximization:

FMLE(c; θ) = −KL [q(z|c,g), pθ(z|c)] =
∫

q(z|c,g) log pθ(z|c)dz−
∫

q(z|c,g) log q(z|c,g)dz
(8)

Taking the gradient with respect to θ:

∇θFMLE(c; θ) = ∇θ
∫

q(z|c,g) log pθ(z|c)dz =

∫
q(z|c,g)∇θ log pθ(z|c)dz (9)

Approximating the expectation with K samples from z ∼ q(z|c,g) and filtering using our scoring
mechanism:

∇θFk(c)MLE (c; θ) ≈ 1

|k(c)|

K∑
i=1

[
1{zi : S(q(zi|c,g), pθ(zi|c)) ≥ Sk(c)}

]
sg
∇θ log pθ(zi|c) (10)

For the policy optimization approach, we begin with the standard on-policy REINFORCE estimator
using our scoring mechanism f(z) as reward:

FRL-ON(c; θ) = Epθ(z|c) [f(z)] =
∫

pθ(z|c)f(z)dz (11)

The gradient for θ yields:

∇θFRL-ON(c; θ) = ∇θ
∫

pθ(z|c)f(z)dz =

∫
∇θpθ(z|c)f(z)dz =

∫
pθ(z|c)∇θ log pθ(z|c)f(z)dz.

(12)
To incorporate our guiding distribution q, we use importance sampling:

∇θFqRL-ON(c; θ) =
∫

q(z|c,g) pθ(z|c)
q(z|c,g)

∇θ log pθ(z|c)f(z)dz (13)

This is an unbiased estimator for the on-policy gradient leveraging the "off-policy" or behavioral/guid-
ing distribution q. If now we approximating the expectation for q with K samples and filter using the
score contained in f(z), we can write:

∇θFk(c)RL-OFF(c; θ) ≈
1

|k(c)|

K∑
i=1

[
1{zi : S(q(zi|c,g), pθ(zi|c)) ≥ Sk(c)}

]
sg

pθ(z
i|c)

q(zi|c,g)
∇θ log pθ(zi|c),

(14)
where we leverage the fact that f(zi) = 1{zi : S(q(zi|c,g), pθ(zi|c)) ≥ Sk(c)}. Gradients are
stopped over the scores in the indicator function.
By construction we are only retaining samples with low importance ratio pθ/q. We are introducing
bias focusing on samples that will improve vision-language alignment, and reducing the importance
sampling estimator variance. Simplifying the previous gradient considering the importance ratio
constant, we obtain the objective we maximize:

∇θF̃k(c)RL-OFF(c; θ) ≈
1

|k(c)|

K∑
i=1

[
1{zi : S(q(zi|c,g), pθ(zi|c)) ≥ Sk(c)}

]
sg
∇θ log pθ(zi|c) (15)

Both approaches yield equivalent gradients after approximations: ∇θFk(c)MLE (c; θ) = ∇θF̃k(c)RL-OFF(c; θ).
This equivalence provides a strong theoretical foundation for our method. We optimize this objective
at each SVP iteration by averaging over a batch of visual inputs: L(θ) = −1/|B|

∑C
c=1 F(c; θ).
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G PROMPTING

System Prompt - Sampling

You are an AI visual-language assistant that can analyze images and helps writing detailed
descriptions of images.
<instruction>
Describe the scene and the objects in the image in details. Describe the object attributes and
positions. Output only the descriptions of objects that are in the image. Use separate sentence
for each object.
Include details like object counts, position of the objects, relative position between the objects.
Start your description with "In the image, ".
</instruction>

System Prompt - Grounded Sampling

You are an AI visual-language assistant that can analyze images and helps writing detailed
descriptions of images.
In addition, specific objects and object locations within the image are given, along with
detailed coordinates inside <context></context>. These coordinates are in the form
of bounding boxes, represented as (x1, y1, x2, y2) with floating numbers ranging
from 0 to 1. These values correspond to the top left x, top left y, bottom right x, and bottom
right y.
<instruction>
Using the provided objects and bounding boxes inside <context></context>, describe
the image.
Describe the scene and the objects in the image in details. Describe the object attributes and
positions. Output only the descriptions of objects that are in the image. Use separate sentence
for each object.
Include details like object counts, position of the objects, relative position between the objects.
Do not mention the bounding box coordinates. Utilize this data to explain the scene using
natural language.
Start your description with "In the image, ".
</instruction>

Base Prompt

Please generate a detailed and comprehensive description for the content of this image. Be
precise.

Grounded Prompt

<context>
{grounding}
</context>
Please generate a detailed and comprehensive description for the content of this image. Be
precise.
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H ITERATIVE SELF-TRAINING IN GENERATIVE MODELS

Our method is inspired by recent advances in self-training in language modelling (Zelikman et al.,
2022; Dong et al., 2023; Gulcehre et al., 2023), where the focus has been in improving chain-of-
though reasoning leveraging feedback. The Self-Taught Reasoner (STaR (Zelikman et al., 2022))
uses ground truth labels and rationalization as feedback (Zelikman et al., 2022) and fine-tunes the
model on reasoning steps that generate the correct answer (Hoffman et al., 2024). In 25 we provide
a comparison between SVP and rationalization in STaR, where the model tries to find the correct
reasoning path given external feedback in the form or a ground truth response.

P: Where do you put your
grapes just before
checking out?
Answer Choices:
(a) mouth
(b) grocery cart
(c) super market
(d) fruit basket
(e) fruit market
C: grocery cart (CORRECT)
R: The answer should be
the place where grocery
items are placed before
checking out.
Grocery cart makes the most
sense for holding grocery
items.

(a) Rationalization in STaR. We sample from
q(z|c,y), where y is the ground truth label provided
as context C. The response z is then leveraged to
build p(y|c, z) or a deterministic decoding d(c, z).

P: <IMAGE> Please describe
the content of this image.
C:
lamp [0.33,0.47,0.16,0.23],
laptop [0.48,0.54,0.16,0.09],
desk [0.49,0.75,0.61,0.33],
plant [0.36,0.56,0.04,0.06],
frame [0.64,0.22,0.24,0.24],
basket [0.80,0.80,0.15,0.15].
R: The image depicts
a modern work setup.
On the wall,
there is a framed artwork.
Below the frame,
there is a desk.
On the desk,
there is a laptop.

(b) Grounded sampling in SVP. We sample from
q(z|c,g), where g is the grounding information pro-
vided as context C. The response z is then lever-
aged to build p(x|c, z) or a deterministic decoding
d(c, z).

Figure 25: Comparison between rationalization in STaR (Zelikman et al., 2022) and posterior sampling in SVP.
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I DPO DERIVATION

The DPO loss comparing policy πθ to reference πref is:
LDPO(πθ, πref) = −E(x,yw,yl)∼D[log σ(β δrθ)], (16)

where x is the input prompt, yw and yl are preferred and dis-preferred responses, σ(z) is the sigmoid
function, and β = 1 for simplicity. δrθ represents the log-probability ratio difference between
winning and losing samples:

δrθ = log
πθ(yw|x)
πθ(yl|x)

= log
πθ(yw|x)
πref(yw|x)

− log
πθ(yl|x)
πref(yl|x)

= rw(θ)− rl(θ) (17)

Preference Feedback and Optimal Policy In determining the shape of DPO’s implicit reward
rw(θ), we can draw insights from the standard PPO formulation used in RLHF. The RLHF framework
integrates reinforcement learning with human preferences through three key components: (i) a reward
model sψ (typically parametric) that encodes human preference labels; (ii) a generative policy model
πθ that can be sampled and improved through reward feedback; (iii) a reference model πref that
provides stability during learning. This framework is expressed mathematically as:

FPPO = Eπθ(z|c)

[
sψ̄(z, c)− γ log

πθ(z|c)
πref(z|c)

]
, (18)

where z represents a textual continuation for a given prompt c (either visual or textual). For this
regularized policy optimization problem, it can be demonstrated that the optimal policy takes the
form:

π∗
θ(z|c) ∝ πref(z|c) exp

(
sψ̄(z, c)

γ

)
. (19)

When we isolate the reward term sψ̄, we find that this formulation aligns with the DPO framework,
differing only by constant terms.

Gradient Derivation Applying the chain rule to find∇θLDPO:

−∇θLDPO = E
[
σ′(δrθ)

σ(δrθ)
∇θδrθ

]
(20)

Using σ′(z) = σ(z)(1− σ(z)):
∇θLDPO = −E [(1− σ(δrθ)) · ∇θδrθ] (21)

The gradient of δrθ simplifies to:
∇θδrθ = ∇θ log πθ(yw|x)−∇θ log πθ(yl|x) (22)

The final DPO gradient is:
∇θLDPO = −β E [(1− σ(δrθ))[∇θ log πθ(yw|x)−∇θ log πθ(yl|x)]] (23)

This formulation optimizes preferences using a re-weighted maximum likelihood without requiring a
separate reward model or RL training.

Preference Optimization and Vision-Language Alignment The application of SVP for vision-
language alignment shares conceptual similarities with DPO, though with notable distinctions. A
key difference lies in our scoring mechanisms’ approach to negative samples. While our scores
can effectively guide ranking and top-K selection, a small difference between guided and prior
distributions doesn’t necessarily indicate an undesirable sample. Low scores may simply reflect cases
where grounding information offers minimal improvement, such as when the base model’s response
is already grounded in the visual input, or the response does not require the visual information.
Consequently, in SVP, the gradient information from negative samples provides limited value.
DPO employs a gradient re-weighting scheme based on how much a model’s preference predictions
deviate from ground truth. This acts as a soft sample selection mechanism, giving greater weight to
more informative training examples. Our approach parallels this concept, though we implement a
hard sample selection strategy that emphasizes examples offering greater vision-language alignment
information.
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J QUALITATIVE EXAMPLES

Here we provide additional visualizations and examples to illustrate our method. The images used for
captioning and visual queries were selected from the COCO2014 training set (Lin et al., 2014), while
referring examples were sourced from the RefCOCO dataset (Kazemzadeh et al., 2014), specifically
the val_lite set (Zhang et al., 2024b). The examples are presented with minimal post-processing,
limited to the removal of special characters and correction of obvious grammatical errors. Both
models were prompted using the protocols outlined in G. All hyper-parameters remained consistent
across both models. The examples compare output of LLaVA-1.6 models sampling from the base
model (w/o SVP) and sampling from the adapted model (w/ SVP). These comparisons provide
qualitative insights into the performance differences between the base and adapted models.

J.1 CAPTIONING TASKS

Instruction: Describe the content of this image as detailed as
possible.

VLM response w/o SVP:
In the image, there are four pizzas in an oven. The oven is filled with
racks, each holding a pizza. The pizzas are of different types, with
various toppings visible. The oven is illuminated, casting a warm
glow on the pizzas. The pizzas are arranged in two rows, with two
pizzas in each row. The pizzas are cooking, as indicated by their
position in the oven. The oven is a standard kitchen appliance, with
a door that is open to reveal the pizzas inside. The pizzas are the
main focus of the image, with their colors and textures contrasting
against the dark interior of the oven. The image captures a moment
of culinary preparation, with the pizzas in various stages of cooking.

VLM response w/ SVP:
In the image, there is a well-lit oven with a black interior. Inside the
oven, there are three pizzas on the top rack and two pizzas on the
bottom rack. On the top rack, the first pizza is on the left side of the
oven. It has a golden brown crust and is topped with green peppers
and mushrooms. The second pizza is on the right side of the oven.
It also has a golden brown crust and is topped with green peppers
and black olives. On the bottom rack, the first pizza is on the left
side of the oven. It has a golden brown crust and is topped with
mushrooms. The second pizza is on the right side of the oven.
The light inside the oven illuminates the pizzas, highlighting their
toppings and crusts. The pizzas appear to be freshly baked, as their
crusts are golden brown and their toppings are evenly distributed.
The overall scene suggests a home or restaurant kitchen where
pizzas are being prepared.

Instruction: Describe the content of this image as detailed as
possible.

VLM response w/o SVP:
In the image, there is a large clock mounted on a building. The
clock face is white with black numbers and hands. The building
itself is adorned with intricate carvings and statues. There are three
statues visible in the image. One statue is of a woman holding a
shield, another is of a man holding a spear, and the third is of a man
holding a scroll. The carvings and statues are detailed and appear
to be made of stone. The building has a gray roof, and the clock is
positioned in the center of the image. The statues are positioned on
either side of the clock, with the woman on the left, the man with the
spear in the middle, and the man with the scroll on the right. The
overall scene is a blend of architectural and artistic elements.

VLM response w/ SVP:
In the image, there is a grand clock tower that is ornate and intricate.
The tower is made of stone and is topped with a statue of a woman
holding a sword. This statue is located at the top of the tower, near
the center. The tower also features a large clock face on the front,
which is situated below the statue. The clock face is white with black
numbers and hands. Below the clock face, there are two smaller
statues of people. These statues are positioned on either side of
the clock face, with the one on the left being slightly larger than the
one on the right. The tower is set against a gray brick background,
which contrasts with the white stone of the tower. The overall scene
suggests a sense of grandeur and history.
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Instruction: Describe the content of this image as detailed as
possible.

VLM response w/o SVP:
In the image, there are three objects: a pink frisbee, a pair of red
sneakers, and a beer bottle. The pink frisbee is located in the fore-
ground, with its star-shaped design prominently displayed. The red
sneakers are positioned in the background, with one shoe slightly in
front of the other. The beer bottle is also in the background, standing
upright and slightly to the right of the sneakers. The objects are
arranged in a way that suggests a casual, outdoor setting, possibly
a park or a beach. The frisbee and sneakers are the main focus of
the image, while the beer bottle adds a touch of leisure to the scene.

VLM response w/ SVP:
In the image, there is a casual outdoor setting with a pair of red
and white Adidas shoes. The shoes are placed on a grassy area,
with one shoe closer to the camera and the other slightly behind it.
The Adidas logo is prominently displayed on both pairs of shoes. A
pink frisbee with a blue star design is also present in the scene. It
is positioned in the foreground, with the shoes in the background.
The frisbee appears to be resting on the grass, and its bright color
stands out against the natural backdrop.The overall scene suggests
a leisurely outdoor activity, possibly a game of frisbee, with the
Adidas shoes indicating a sporty or active lifestyle. The grassy area
and the casual arrangement of the shoes and frisbee give the image
a relaxed and informal vibe.

Instruction: Describe the content of this image as detailed as
possible.

VLM response w/o SVP:
In the image, there is a large yellow bus parked on the side of a
street. The bus is positioned on the right side of the image and is
the most prominent object in the scene. It is a double-decker bus,
which is characterized by its two levels of seating. The bus is parked
next to a sidewalk, which is visible on the right side of the image.
There are several people in the image, some of whom are standing
near the bus. One person is standing on the sidewalk, while others
are standing on the street. There is also a car parked on the left
side of the image, which is partially visible. The bus is parked in
front of a building, which is located on the left side of the image. The
building is partially visible, with only the top part of it visible in the
image. The bus is also parked near a tree, which is located on the
left side of the image. The tree is partially visible, with only the top
part of it visible in the image. The overall scene suggests a typical
day in a city, with people going about their daily routines and public
transportation being a common sight.

VLM response w/ SVP:
In the image, a large yellow bus dominates the scene, traveling
down a city street. The bus is vibrant and appears to be in motion,
heading towards the right side of the frame. Its size and bright
color make it the main focus of the image. In the background, an-
other bus can be seen, albeit much smaller and less prominent. It’s
positioned on the left side of the image, providing a sense of depth
and perspective to the scene. On the right side of the image, there’s
a large advertisement. It’s not clear what the advertisement is for,
but its size and placement suggest it’s a significant feature of the
urban landscape. The setting appears to be a typical city street.
Trees can be seen in the background, adding a touch of nature to
the urban environment. There are also several people scattered
throughout the image, going about their day, which contributes to the
everyday, relaxed atmosphere of the scene. The overall composition
of the image suggests a bustling city life, with public transportation
playing a significant role. The buses, people, and advertisement all
come together to paint a picture of a vibrant, active cityscape.
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Instruction: Describe the content of this image as detailed as
possible.

VLM response w/o SVP:
In the image, there are three horses standing in a dirt enclosure.
The horse on the left is brown with a white blaze on its face. It
is standing with its head turned to the side, looking towards the
camera. The horse in the middle is white with a brown spot on its
head. It is standing with its head turned to the side, looking towards
the camera. The horse on the right is brown with a white blaze on its
face. It is standing with its head turned to the side, looking towards
the camera. The enclosure is made of metal fencing and there is a
mountain visible in the background.

VLM response w/ SVP:
In the image, there are three horses standing in a dirt enclosure.
The horse on the left is brown with a white stripe running down its
nose. Its head is slightly turned to the left. The horse in the middle
is white and stands with its head facing forward. The horse on the
right is black and its head is turned to the right. The three horses
are standing next to each other, separated by a metal fence. In the
background, there is a clear blue sky and a mountain range. The
overall scene is a serene outdoor setting.

Instruction: Describe the content of this image as detailed as
possible.

VLM response w/o SVP:
In the image, there is a young boy standing on the shore of a body of
water. The boy is wearing a striped shirt and has blonde hair. He is
looking out towards the water, which is calm and reflects the light. In
the distance, there is a boat on the water, and the horizon is visible.
The boy is standing in front of a tree with green leaves, which is
located on the shore. The overall scene suggests a peaceful day by
the water.

VLM response w/ SVP:
In the image, a young boy is standing by a body of water. He is
wearing a black striped shirt. His back is turned to the camera, and
he is looking out at the water. The boy appears to be standing on a
grassy area near the water’s edge. The water in the image is calm
and appears to be a lake or a large river. It is a clear day, and the sky
is visible in the background. There are no other people or objects in
the image. The boy is the only person present. The relative position
of the boy to the water is such that he is standing on the right side
of the image. He is standing closer to the foreground than the water,
which is further back in the image. The boy is also standing to the
right of the water.
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Instruction: Describe the content of this image as detailed as
possible.

VLM response w/o SVP:
In the image, there is a bathroom setting. The main object is a
white toilet, which is positioned in the lower right corner of the
image. The toilet is situated on a beige tiled floor. Above the toilet,
there is a metal rack mounted on the wall. The rack holds a single
magazine, which is titled "Architectural Digest". The magazine is
displayed prominently on the rack, indicating that it is the main focus
of the rack’s purpose. The overall scene suggests a well-organized
and aesthetically pleasing bathroom space, with the magazine rack
providing a functional and decorative element. The white toilet
contrasts with the beige tiles, creating a clean and modern look. The
magazine on the rack adds a touch of sophistication and suggests
an interest in architecture or design.

VLM response w/ SVP:
In the image, there is a bathroom setting with a white toilet located
towards the right side of the frame. Above the toilet, there is a
magazine rack mounted on the wall. The rack holds two magazines,
one titled "ARCHITECTURAL DIGEST" and the other "EXOTIC
HOMES". The "ARCHITECTURAL DIGEST" magazine is positioned
slightly higher than the "EXOTIC HOMES" magazine, and both are
centrally located within the rack. The "EXOTIC HOMES" magazine is
situated directly below the "ARCHITECTURAL DIGEST" magazine.
The bathroom walls are beige, and the overall scene suggests a
quiet and relaxed atmosphere.

Instruction: Describe the content of this image as detailed as
possible.

VLM response w/o SVP:
In the image, there are three giraffes standing in a field. The giraffe
on the left is bending its neck down towards the ground, possibly to
reach for food or water. The giraffe in the middle is standing upright,
with its neck extended upwards. The giraffe on the right is also
standing upright, but its neck is bent down towards the ground. All
three giraffes are facing the same direction, suggesting they might
be looking at something in the distance. The field they are standing
in appears to be dry and dusty, with no visible vegetation. There are
no other objects or animals in the image.

VLM response w/ SVP:
In the image, there are three giraffes standing in a field. The giraffes
are tall and majestic, with their long necks reaching upwards. The
giraffe on the left is slightly bending its neck, possibly to reach for
something. The giraffe in the middle is standing upright, and the
giraffe on the right is also bending its neck. In the center of the
image, there is a tall pole. The pole has a feeder attached to it,
which is likely providing food for the giraffes. The pole is surrounded
by the field, which appears to be dry and brown. The giraffes are
spread out across the image, with the giraffe on the left being closer
to the pole than the other two. The giraffe on the right is the furthest
away from the pole. The giraffes are the main focus of the image,
with their long necks and distinctive patterns standing out against
the backdrop of the field.
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J.2 REFERRING TASKS

Instruction: Provide a short description for this region.

VLM response w/o SVP:
The image shows a man sitting in the foreground, looking to the
side with a serious expression. Behind him, there is another man
standing on a boat, gesturing with his hands. The boat has a lifebuoy
with the word "UNDER" on it, and the man standing is wearing a
white cap and sunglasses. The background features a clear blue
sky and calm water, with a few boats visible in the distance. The
overall setting suggests a leisurely day out on the water.

VLM response w/ SVP:
A man wearing a white hat and sunglasses.

Instruction: Provide a short description for this region.

VLM response w/o SVP:
The image shows a bag of donuts with the brand name "NATAS"
printed on it. The donuts are visible through the clear plastic packag-
ing, and there are three donuts in total. The donuts appear to be of
a similar type, possibly a ring donut, and they are placed on a white
surface. The background is blurred, but there is a hint of a beige or
light brown object to the right of the bag. The text on the bag is in
Japanese, and the donuts have a hole in the center, which is typical
for ring donuts.

VLM response w/ SVP:
A donut in a bag.
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Instruction: Provide a short description for this region.

VLM response w/o SVP:
The image shows a person holding a mug with a flamingo design.
The mug features two flamingos, one pink and one white, surrounded
by green foliage and blue flowers. The design is colorful and playful,
with the flamingos depicted in a stylized manner. The mug has a
white handle and is placed in front of a computer keyboard, sug-
gesting that the person might be using the computer while enjoying
their drink. The background is blurred, but it appears to be an indoor
setting with a desk or table.

VLM response w/ SVP:
A white coffee mug with a flamingo design.

Instruction: Provide a short description for this region.

VLM response w/o SVP:
The image is a black and white photograph capturing a moment
on a tennis court. In the foreground, there are two men standing
on the court. The man on the left is holding a tennis racket and
appears to be speaking into a microphone, suggesting he might be
a commentator or announcer. He is wearing a white shirt and shorts,
which is typical attire for a tennis player or official. The man on the
right is seated on the edge of the court, holding a tennis racket and
smiling, possibly a player or a coach. He is wearing a white shirt
and black shorts. In the background, there is a fence separating
the court from the spectator area, and beyond the fence, there are
trees and buildings, indicating that the court is part of a larger sports
complex or club. The sky is clear, suggesting it might be a sunny
day. The image has a vintage or retro feel due to the black and white
filter and the style of the clothing and the court’s design. The text
"THE FIRST ANNUAL WEST SIDE TENNIS CLUB" and "EVIAN
RACQUET CUP 2012" are visible, indicating that this is an event
sponsored by Evian, a brand known for its water products. The date
"AUG 12" is also visible, which is likely the date of the event.The
overall atmosphere of the image is casual and relaxed, with the
focus on the tennis court and the people involved in the event.

VLM response w/ SVP:
A man holding a tennis racket.
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Instruction: Provide a short description for this region.

VLM response w/o SVP:
The pizza is in a box.

VLM response w/ SVP:
A slice of pizza.

Instruction: Provide a short description for this region.

VLM response w/o SVP:
This is a photo of a man riding a motorcycle with a dog sitting on
the back. The man is wearing a black helmet and a black vest, and
the dog appears to be a golden retriever. The man is also wear-
ing a black tank top and blue jeans. The motorcycle is black and
has a large engine. The setting appears to be an outdoor event or
gathering, as there are other motorcycles parked in the background
and a yellow police tape is visible in the foreground. The man is
taking a photo of the scene with his cell phone.

VLM response w/ SVP:
A man taking a picture of a dog sitting on a motorcycle.
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J.3 VISUAL QUERIES

Instruction: What activity could potentially be enjoyed near the area
shown in the image?

VLM response:
The image shows a wooden bench situated near a body of water,
possibly a lake or a river. Given the serene and peaceful setting,
one could potentially enjoy various activities such as: Sitting on the
bench to relax, read a book, or simply enjoy the view of the water
and the surrounding landscape. Taking a leisurely walk or jog along
the water’s edge, enjoying the tranquility and the natural beauty
of the area. Engaging in photography, capturing the picturesque
scenery and the reflections on the water’s surface. Bird watching, as
the area might be home to various bird species. Fishing, if the water
body is a lake or a river with fish populations. Picnicking with friends
or family, enjoying a meal outdoors in the fresh air and the calming
presence of the water. These activities are suitable for the setting
depicted in the image, offering a chance to unwind and connect with
nature.

Instruction: What are some factors contributing to the difficulty of
this activity?

VLM response:
The image shows a person skiing on a steep, snow-covered slope.
The difficulty of this activity can be attributed to several factors:
Terrain: The steepness of the slope increases the challenge of
maintaining balance and control while skiing. Steeper slopes require
more advanced skiing techniques and greater physical strength.
Snow Conditions: The type of snow can greatly affect the difficulty
of skiing. In the image, the snow appears to be well-packed, which
can make it harder to carve turns and maintain speed. Visibility:
The image shows a cloudy day, which can reduce visibility and
make it more difficult to navigate the slope. Equipment: The skier is
wearing a backpack, which can add extra weight and affect balance
and maneuverability. Weather: The cloudy day suggests that the
weather conditions might be challenging, with the possibility of poor
visibility, cold temperatures, or even snowfall. Skill Level: The skier’s
skill level plays a significant role in the difficulty of the activity. More
advanced skiers are better equipped to handle steep slopes and
challenging
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K DETAILS

K.1 BASELINES

We conduct a comprehensive comparison against various baselines, including models fine-tuned
with self-captioning without grounding and preference-based adaptation methods. Our evaluation
encompasses a wide range of model scales (.5B, 7B, 8B, 13B, 19B, 40B parameters), architec-
tures (LLaVA-1.5 (Liu et al., 2024a), LLaVA-1.6 (Liu et al., 2024b), LLaVA-OV (Li et al., 2024),
VILA (Lin et al., 2024), InternVL (Chen et al., 2024b)), visual encoders (CLIP (Radford et al., 2021),
SigLIP (Zhai et al., 2023), ViT (Dosovitskiy et al., 2020)), language encoders (Vicuna (Chiang et al.,
2023), Mistral (Jiang et al., 2023), Qwen2 (Yang et al., 2024), Yi-2 (Young et al., 2024)), and scoring
mechanisms S(q, p) and ∆(q, p).

K.2 IMPLEMENTATION DETAILS

We implement two SVP variants: SVP (C) using only grounded self-generated captions, and SVP
(CVQ) which additionally incorporates visual queries from the model’s training history to prevent
over-specialization on descriptive tasks. For the sampling loop, we generate K (20 for LLaVA-
1.5 and LLaVA-1.6, 10 for LLaVA-OV) samples per image from both base and grounded VLMs,
selecting the top-k (20% for LLaVA-1.5 and LLaVA-1.6, and 10% for LLaVA-OV) using our
scoring mechanisms (Eq. 5, 6).
For example, with LLaVA-1.6 and C = 1000 images, we collect 4000 samples for SVP (C) and
double this for SVP (CVQ) by including visual queries, yielding 8000 total training pairs. While
smaller than typical supervised datasets, this proves sufficient for effective model adaptation (Sun
et al., 2023; Zhu et al., 2024). We use normalized xyxy bounding boxes and filter out degenerate
samples (< 0.5% for LLaVA-1.5/1.6, 5% for LLaVA-OV), with wv,t = qv,t.
For the adaptation loop, we fine-tune using LoRA (Hu et al., 2021) (α = 16, r = 64 for ≤ 7b
models; α = 256, r = 128 for 13b models) for one epoch on 8-A100 GPUs with batch size B = 20.
Following (Li et al., 2024; Liu et al., 2024b), we run up to 3 iterations of SVP. Our evaluation uses
sample-wise, zero-shot testing without prompt engineering or batching to ensure fair comparison
across model variants.

K.3 METRICS

We use the CIDEr score (Vedantam et al., 2015) for captioning and referring tasks; accuracy for VQA
and multitasking. F1, Accuracy and Recall for hallucination and object recall. We also consider
standard metrics for language translation like BLEU (Papineni et al., 2002), METEOR (Banerjee
& Lavie, 2005), and ROUGE (Lin, 2004) scores. We re-compute metrics for LLaVA baselines and
variants (1.5, 1.6, OV) up to 13b parameters.
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K.4 DATASETS
Table 17: Datasets utilized in SVP. We use COCO2014 images as conditioning for building visual projections,
using self-captioning and grounding feedback. VP: visual projection. VQA: visual question answering. REG:
referring expression generation. We use lmms-eval (Zhang et al., 2024b) for all the evaluations. The lite
splits as proposed in (Zhang et al., 2024b).

Dataset Task Split N

Sampling
COCO2014 (Lin et al., 2014) VP train 100:10000

Evaluation
ScienceQA (Saikh et al., 2022) VQA test 4241
GQA (Hudson & Manning, 2019) VQA lite 500

COCO2017 (Lin et al., 2014) Captioning val_lite 500
Flickr30k (Plummer et al., 2015) Captioning test_lite 500
NoCaps (Agrawal et al., 2019) Captioning val_lite 500

COCO2014 (Lin et al., 2014) Captioning val 40504
COCO2017 (Lin et al., 2014) Captioning val 5000
Flickr30k (Plummer et al., 2015) Captioning test 31783
NoCaps (Agrawal et al., 2019) Captioning val 4500

RefCOCO (Kazemzadeh et al., 2014) REG val_lite 500

RefCOCO (Kazemzadeh et al., 2014) REG val 8811
RefCOCO (Kazemzadeh et al., 2014) REG test 5000
RefCOCO (Kazemzadeh et al., 2014) REG testA 1975
RefCOCO (Kazemzadeh et al., 2014) REG testB 1810
RefCOCO+ (Kazemzadeh et al., 2014) REG val 3805
RefCOCO+ (Kazemzadeh et al., 2014) REG testA 1975
RefCOCO+ (Kazemzadeh et al., 2014) REG testB 1798
RefCOCOg (Kazemzadeh et al., 2014) REG val 7573
RefCOCOg (Kazemzadeh et al., 2014) REG test 5023

MMBench (Liu et al., 2025) Multitasking en_dev_lite 500
MMMU (Yue et al., 2024) Multitasking val 900

POPE (Li et al., 2023b) Hallucinations adv 3000
POPE (Li et al., 2023b) Hallucinations pop 3000
POPE (Li et al., 2023b) Hallucinations random 3000
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K.5 HYPERPARAMETERS
Table 18: Hyper-parameters for the main experiments.

LLaVA-1.5-13b LLaVA-1.6-7b LLaVA-1.6-13b LLaVA-OV-0.5b LLaVA-OV-7b

Sampling
images 1000 1000 1000 2000 2000
iterations 1 1 1 1 1
prompt-version llava_v1 mistral_instruct llava_v1 qwen_1_5 qwen_1_5
sample-batch 20 20 20 10 10
samples/image 20 20 20 10 10
top k 0.2 0.2 0.2 0.1 0.1

Training
accelerators A100 A100 A100 A100 A100
deepspeed w/ ZeRO-2 w/ ZeRO-3 w/ ZeRO-3 w/ ZeRO-3 w/ ZeRO-3
epochs 1 1 1 3 3
grad-acc 1 1 1 2 2
learning-rate 2e−4 2e−4 2e−4 1e−5 1e−5

lora w/ w/ w/ w/ and w/o w/ and w/o
lora-α 256 16 256 16 16
lora-r 128 64 128 64 64
lr-schedule cos cos cos cos cos
max-tokens 2048 2048 2048 1024 1024
mix-precision w/ w/ w/ w/ w/
optimizer AdamW AdamW AdamW AdamW AdamW
samples 4000:8000 4000:8000 4000:8000 2000 2000
text-encoder Vicuna-13b-v1.5 Mistral-7b-Instruct-v0.2 Vicuna-13b-v1.5 Qwen2-0.5b Qwen2-7b
train-batch 16 16 16 4 4
vision-encoder CLIP-L/14 CLIP-L/14 CLIP-L/14 SigLIP-SO/14 SigLIP-SO/14
warm-up-rate 0.03 0.03 0.03 0.03 0.03
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