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Abstract

Large Vision-Language Models (VLMs) face an inherent
contradiction in image captioning: their powerful single-
step generation capabilities often lead to a myopic decision-
making process. This makes it difficult to maintain global
narrative coherence while capturing rich details, a limitation
that is particularly pronounced in tasks that require multi-
step and complex scene description. To overcome this fun-
damental challenge, we redefine image captioning as a goal-
oriented hierarchical refinement planning problem, and
further propose a novel framework, named Top-Down Se-
mantic Refinement (TDSR), which models the generation
process as a Markov Decision Process (MDP). However,
planning within the vast state space of a VLM presents a sig-
nificant computational hurdle. Our core contribution, there-
fore, is the design of a highly efficient Monte Carlo Tree
Search (MCTS) algorithm tailored for VLMs. By incorpo-
rating a visual-guided parallel expansion and a lightweight
value network, our TDSR reduces the call frequency to the
expensive VLM by an order of magnitude without sacrific-
ing planning quality. Furthermore, an adaptive early stopping
mechanism dynamically matches computational overhead
to the image’s complexity. Extensive experiments on mul-
tiple benchmarks, including DetailCaps, COMPOSITION-
CAP, and POPE, demonstrate that our TDSR, as a plug-and-
play module, can significantly enhance the performance of
existing VLMs (e.g., LLaVA-1.5, Qwen2.5-VL) by achieving
state-of-the-art or highly competitive results in fine-grained
description, compositional generalization, and hallucination
suppression.

Introduction
At the intersection of computer vision and natural
language processing, Large Vision-Language Models
(VLMs)(Radford et al. 2021; Tan and Bansal 2019; Chen
et al. 2023a; Yao et al. 2024) have become the dominant
force in image captioning. Through powerful visual en-
coders and language decoders, these models can generate
fluent text that is generally aligned with the image content(Li
et al. 2022; Radford et al. 2021; Zhang et al. 2025a,e,d).
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However, despite their remarkable success, the core auto-
regressive generation mechanism of VLMs exposes a fun-
damental flaw, i.e., an inherent lack of planning capabil-
ity. When generating each token, VLMs typically employ
greedy or beam search strategies(Radford et al. 2019; Ren-
nie et al. 2017; Zhang et al. 2025d, 2026). This decision-
making process is inherently “myopic", confined to max-
imizing local probabilities without “deliberate thought" or
foresight and planning capability for the global narrative
structure.

This lack of planning capability leads to an intractable
dilemma: the model either produces a coherent but detail-
poor “safe" description to ensure consistency, or it gener-
ates factual errors and logical breaks, i.e., the “hallucination"
phenomenon, when attempting to capture rich details with-
out global guidance (Jia et al. 2021; Radford et al. 2021;
OpenAI 2023; Zhang et al. 2025c,f). To address this chal-
lenge, the research community once turned to a seemingly
intuitive “bottom-up" paradigm(Zhang et al. 2021; Herdade
et al. 2020). These methods first detect independent regions
in an image, describe them separately, and finally “stitch"
these fragmented descriptions into a complete caption. How-
ever, this “local-to-global" strategy fails to address the core
problem. Lacking a unified global plan as an anchor from
the outset, the resulting descriptions often degenerate into
a simple list of facts, leading to semantic fragmentation and
logical incoherence(Alikhani et al. 2020; Bugliarello and El-
liott 2021; Zohourianshahzadi and Kalita 2021; Zhang et al.
2025g). This proves that merely stitching details together
cannot effectively compensate for the VLM’s lack of plan-
ning ability.

We argue that the root of the problem lies in the generation
paradigm itself, and the solution is to fundamentally reframe
image captioning as a planning problem. To this end, we pro-
pose an innovative “top-down" semantic refinement frame-
work (TDSR), which redefines the task from a unidirectional
generation process into a coarse-to-fine, goal-oriented, hi-
erarchical planning process(Yarats and Lewis 2018; Zhang
et al. 2025h). This idea, illustrated in Figure 1, mimics the
human cognitive process(Mefford et al. 2023): first, form a
holistic impression of the image to generate a high-level,
core description as a “planning blueprint" (e.g., for a pic-
ture of people playing cards, an initial description might be
“a group of people are sitting in a room doing something").
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Then, using this blueprint as a guide, purposefully and pro-
gressively explore and fill in key details (e.g., further spec-
ifying it as “a group of men are sitting around a table, en-
gaged in a game of Texas Hold’em poker," and adding that
“on the green felt tabletop lie three community cards and a
collection of poker chips"). This “global guidance, local re-
finement" mechanism ensures that all details serve a unified
narrative goal, fundamentally guaranteeing high coherence
and richness in the description.

Translating this elegant planning concept into an ef-
fective computational process hinges on efficient search
and planning within the vast language space(Wiher, Meis-
ter, and Cotterell 2022). We rigorously formalize this pro-
cess as a Markov Decision Process (MDP(Puterman 1994))
and employ Monte Carlo Tree Search (MCTS(Kemmerling,
Lütticke, and Schmitt 2023)) as the core engine. However,
directly applying standard MCTS to a VLM is computa-
tionally infeasible due to the model’s massive inference
cost(Browne et al. 2012a). Therefore, our core technical
contribution lies in deeply optimizing the MCTS algorithm
to enable efficient planning within VLMs. By incorporat-
ing a Visual-Guided Parallel Expansion mechanism and a
lightweight value network, our algorithm reduces the call
frequency to the expensive VLM by an order of magnitude
without sacrificing planning quality, successfully resolving
the efficiency bottleneck. Our framework (TDSR), as a plug-
and-play module, significantly enhances the performance of
existing VLMs and achieves state-of-the-art or highly com-
petitive results on multiple benchmarks.

Our core contributions can be summarized in three points:

• A Novel “Planning-based" Generation Paradigm: We
propose a “Top-Down" planning framework (TDSR) that
redefines image captioning as a coarse-to-fine hierarchi-
cal planning problem. This fundamentally resolves the
“myopic" flaw of traditional generative models, ensuring
both global narrative coherence and local detail richness.

• An Efficient MCTS Algorithm Tailored for VLMs:
We design a highly efficient Monte Carlo Tree Search
(MCTS) algorithm to address the high inference cost
of VLMs. The algorithm broadens search breadth via a
“Visual-Guided Parallel Expansion" mechanism and uses
a “lightweight value network" for fast value estimation,
reducing the call frequency to the expensive VLM by an
order of magnitude without sacrificing planning quality.

• Dynamic, Adaptive Search Control: We propose a con-
trol strategy that improves planning efficiency and qual-
ity by steering search with a composite reward (redun-
dancy penalty + depth incentive) and reducing overhead
via image-complexity–aware adaptive early stopping.

Related Work
Early Encoder-Decoder Architectures
As a cross-disciplinary field between computer vision and
natural language processing(Zhang et al. 2025b; Radford
et al. 2021), early research in image captioning primar-
ily adopted the encoder-decoder framework. Methods rep-
resented by Show and Tell (Vinyals et al. 2015) used a

Figure 1: The TDSR framework generates coherent, de-
tailed captions through global-to-local refinement, guided
by redundancy-aware stopping and efficient MCTS.

CNN(Krizhevsky, Sutskever, and Hinton 2012) to extract
global image features and an RNN(Elman 1990) to gen-
erate a fluent description. Subsequently, Show, Attend and
Tell (Vinyals et al. 2015) introduced an attention mecha-
nism, allowing the model to focus on local regions of the
image. These pioneering works excelled at generating gram-
matically coherent sentences, but their mechanism of gen-
erating a single, holistic description meant they often over-
looked fine-grained object details, leading to a lack of rich-
ness and specificity. This is precisely one of the core prob-
lems our TDSR framework aims to solve through multi-
step refinement.

The “Bottom-up" Generation Paradigm
To enhance detail capture, subsequent research shifted to-
wards the “bottom-up" paradigm(Zhang et al. 2021). This
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approach typically first identifies independent objects or re-
gions in an image, generates local descriptions for them,
and finally stitches these segments into a complete sentence.
DenseCap (Johnson, Karpathy, and Fei-Fei 2015) is a typ-
ical representative of this line of work, which utilizes an
object detector to locate and describe regions individually.
Follow-up works, such as Patch Matters (Peng et al. 2025b)
and FineCaption (Hua et al. 2024b), focused on improving
the quality of these local descriptions. Although these meth-
ods significantly increased detail richness, their “split-first,
stitch-later" process inherently decouples from the global
context, often leading to semantic fragmentation and insuffi-
cient global coherence. In stark contrast, our “top-down" ap-
proach, guided by global context, fundamentally avoids the
inconsistency issues inherent in the “split-first, stitch-later"
process.

Large Vision-Language Models and Generation
Refinement Strategies
In recent years, Large Vision-Language Models (VLMs),
such as LLaVA-1.5 (Liu et al. 2023b), Qwen-VL (Bai, Bai,
and et al. 2023), and Ferret (You and et al. 2023), have
significantly advanced visual narrative capabilities through
pre-training on massive image-text data. However, despite
their powerful foundational abilities, their standard autore-
gressive generation still faces the inherent trade-off between
detail and coherence. Consequently, several training-free
enhancement methods have emerged. For instance, some
works employ iterative prompting (e.g., IT (Zhou et al.
2023)) to induce the model to output more details.

A more promising direction involves formalizing the gen-
eration process as a search problem and employing planning
algorithms like Monte Carlo Tree Search (MCTS) for opti-
mization (Browne et al. 2012b). Against this backdrop, our
TDSR framework proposes a more fundamental solution.
It also employs MCTS, but its core innovation lies in how
to tailor and efficiently execute the search for VLMs. Our
method is guided by a sophisticated composite reward func-
tion and integrates a suite of efficiency optimization mecha-
nisms, including visual-guided parallel rollouts and dynamic
redundancy control. Consequently, TDSR is not only supe-
rior in its paradigm (’top-down’) but also innovative in
its solution strategy (efficient MCTS), thereby efficiently
unifying detail and coherence while significantly mitigat-
ing issues like semantic fragmentation and content hallu-
cination.

Methodology
This section details our Top-Down Semantic Refinement
(TDSR) framework. We begin by formalizing the task of
progressive image description as a Markov Decision Pro-
cess (MDP), explicitly framing it as a planning problem. We
then present our core contribution: a highly efficient Monte
Carlo Tree Search (MCTS)(Kocsis and Szepesvári 2006;
Browne et al. 2012b; Yao et al. 2023) algorithm designed
to solve this MDP. Our MCTS variant introduces several
key optimizations, including a Visual-Guided Parallel Ex-
pansion strategy, a lightweight value network for fast sim-

ulations, and dynamic reward shaping, which collectively
enable high-quality planning without incurring prohibitive
computational costs.

Image Captioning as a Planning Problem
We cast the challenge of generating a detailed and coherent
caption Y = (y1, y2, . . . , yL) for an image I as a sequen-
tial decision-making problem. The goal is to find an opti-
mal policy π∗ that generates a sequence of tokens maximiz-
ing a cumulative reward. This process is formally defined as
a Markov Decision Process (MDP), specified by the tuple
(S,A,P,R):

State S: A state st ∈ S is the prefix of a caption
being generated, represented by the sequence of tokens
(y1, . . . , yt). The initial state s0 can be an empty sequence
or a high-level caption generated by a base VLM.

Action A: An action at ∈ A corresponds to selecting the
next token yt+1 to append to the current sequence. The set
of possible actions is the model’s vocabulary.

Transition P: The transition function P(st+1|st, at) is
deterministic: taking action at in state st leads to state
st+1 = st ⊕ at, where ⊕ denotes concatenation.

Reward R: Upon reaching a terminal state sT (e.g., by
generating an end-of-sequence token), the environment re-
turns a terminal reward R(sT ). This reward function is
meticulously designed to encourage detailed, coherent, and
non-repetitive descriptions:

R(sT ) = Rquality(sT , I)+Rdepth(sT )−Predundancy(sT ) (1)

where Rquality assesses fine-grained relevance and compo-
sitional correctness (e.g., using CLIP-based scores). The
term Rdepth = α · log(1 + |sT |) provides a depth incen-
tive to encourage longer, more detailed descriptions. Finally,
Predundancy penalizes semantic repetition using efficient met-
rics like n-gram overlap.

The objective is to find a policy π(at|st) that maximizes
the expected reward. Given the massive state-action space,
we employ MCTS as a powerful online planning algorithm
to approximate the optimal policy.

MCTS for Coarse-to-Fine Planning
MCTS is an ideal choice for this problem as it builds a search
tree asynchronously(Yao et al. 2023), focusing its computa-
tional efforts on more promising regions of the state space.
Our key innovation lies in how we integrate the VLM and
other components into the four canonical steps of MCTS.
The entire TDSR process is outlined in Algorithm 1.

At any node s in the search tree, we store the total action
value W (s, a), the visit count N(s, a), and the prior proba-
bility P (s, a) for each action a.

1. Selection. Starting from the root node, we recursively
select the action that maximizes the Upper Confidence
Bound for Trees (UCT) criterion until a leaf node sL is
reached. The summation in the UCT formula is over all valid
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Figure 2: The architecture of TDSR’s MCTS planner. The four canonical stages, i.e., selection, visual-guided parallel expansion,
lightweight value estimation, and backpropagation, are tailored to efficiently search within VLMs. Composite rewards combine
local precision and global coherence.

actions b from state st:

at = argmax
a

(
Q(st, a) + cpuct · P (st, a) ·

√∑
b N(st, b)

1 +N(st, a)

)
(2)

Here, Q(s, a) = W (s, a)/N(s, a) is the mean action value
(exploitation term), and P (s, a) is the policy prior derived
from our base VLM to guide the search.

Visual-Guided Parallel Expansion. Upon reaching a leaf
node sL, instead of expanding only one path, we guide the
VLM to explore multiple, visually-grounded semantic paths
in parallel. This unfolds in two stages:

1. Salient Region Identification: We leverage cross-
attention maps from the VLM Gθ or an external object
detector to identify k salient image regions not yet ade-
quately described in the current caption sL.

2. Parallel Prompting and Expansion: For each region,
we construct a unique exploratory prompt (e.g., “De-
scribe the person’s clothing in more detail."). We then
execute the VLM Gθ in parallel for these k inputs. This
single batch-forward pass yields k policy vectors and k
VLM-based value estimates:

(p(i)a , v
(i)
vlm) = Gθ(prompti, sL, I) for i = 1, . . . , k (3)

The node sL is then expanded with new children corre-
sponding to promising actions from the policy vectors p(i)a .
This ensures search breadth is explicitly grounded in diverse
visual evidence.

Simulation (and Lightweight Value Estimation). This
step is critical for efficiency. Instead of performing a costly
“rollout" with the VLM, we estimate the value of the new
leaf node sL using a separate, lightweight value network
Vϕ. This network is trained to approximate the final reward
R(sT ) from an intermediate state:

v̂ = Vϕ(sL, I) (4)

This AlphaGo-inspired approach replaces expensive simu-
lations with a single, fast forward pass. The final value es-
timate V is a weighted combination of the VLM’s coarse
estimate from the expansion step (vvlm) and the specialized
value network’s estimate (v̂):

V = λv · vvlm + (1− λv) · v̂ (5)

Value Network Architecture and Training. The
lightweight value network Vϕ is designed for speed. Its
architecture consists of a 4-layer Transformer encoder that
processes the token sequence sL, whose output is then con-
catenated with the global image features from the VLM’s
vision encoder. This combined representation is passed
through a 2-layer MLP head to regress a single scalar value
v̂. To train Vϕ, we generate a dataset of state-reward pairs by
running the full TDSR search on a large corpus of images.
For each completed search, we store all intermediate states
st encountered and the final, true reward R(sT ) of the
resulting caption. The network is then trained offline using
a Mean Squared Error (MSE) loss between its prediction v̂
for a state st and the corresponding ground-truth terminal
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Algorithm 1: Top-Down Semantic Refinement (TDSR)
1: function TDSR_GENERATE(I , L)
2: scaption ← initial prompt or empty sequence
3: for t = 1 to L do
4: sroot ← scaption
5: Initialize MCTS tree T with root node sroot
6: for i = 1 to Nmax_iterations do
7: sleaf ← SelectLeafNode(sroot, T )
8: (P, vvlm)← Expand(sleaf, I) ▷ Via visual-guided

parallel expansion
9: v̂ ← Vϕ(sleaf, I) ▷ Estimate value with lightweight

network
10: V ← λv · vvlm + (1− λv) · v̂ ▷ Combine value

estimates
11: Backpropagate value V from sleaf to sroot
12: if search has converged at root then ▷ Adaptive

termination
13: break
14: end if
15: end for
16: yt+1 ← argmaxa N(sroot, a) ▷ Select best action
17: if yt+1 is end-of-sequence token then
18: break
19: end if
20: scaption ← scaption ⊕ yt+1

21: end for
22: return scaption
23: end function

reward R(sT ). Backpropagation. The combined value
estimate V is propagated back up the tree to update the visit
counts N(s, a) and total action values W (s, a) for all edges
on the traversed path from sL to the root.

Experiment
Experimental Settings
Evaluation Tasks In this study, we evaluate the perfor-
mance of our method on three distinct and comprehensive
benchmark datasets: DetailCaps(Dong et al. 2024), COM-
POSITIONCAP(Hua et al. 2024a), and POPE(Li et al.
2023), each of which aims to assess different aspects of
image description and reasoning tasks. DetailCaps: This
benchmark provides a high-quality image captioning dataset
to evaluate LVLMs on their ability to generate detailed de-
scriptions at the object, attribute, and relationship levels.
The CAPTURE metric measures detail coverage across
these dimensions, offering a systematic framework for as-
sessing multimodal models’ fine-grained image understand-
ing. COMPOSITIONCAP: This benchmark evaluates the
compositional generalization ability of multimodal models,
focusing on their capacity to describe images with novel
combinations of objects, attributes, and relationships. It tests
models’ compositional reasoning by requiring accurate de-
scriptions of unseen combinations. POPE: This benchmark
is designed to assess the phenomenon of object hallucination
in multimodal large models. It focuses on detecting whether
models falsely “fabricate" objects or details that do not exist
in the image during image description or question-answering
tasks.

Method CAPTURE F1_obj F1_attr F1_rel

Shikra-13B 60.5 61.9 55.4 56.4
MiniGPT-v2-7B 61.2 62.7 55.9 56.8
Ferret-13B 62.8 63.2 56.4 57.3
VisionLLM-H-7B 57.9 59.3 53.4 53.9
KOSMOS-2 58.5 60.8 53.1 54.2
Alpha-CLIP-13B 59.2 61.9 57.2 56.5
FINECAPTION-8B 63.4 63.7 58.1 58.3
VistaLLM-13B 63.2 63.5 60.3 59.2
LLaVA-1.5-7B+IT 51.98 56.3 48.2 50.4
LLaVA-1.5-7B+Patch Matters 58.05 62.2 56.1 52.5

LLaVA-1.5-7B 49.99 55.7 44.4 49.4
LLaVA-1.5-7B+ours 66.7 66.2 62.4 63.4

Qwen2.5-VL-7B 64.7 66.7 62.5 62.3
Qwen2.5-VL-7B+ours 72.2 72.3 65.2 64.7

Table 1: Performance comparison on the DetailCaps bench-
mark. TDSR-enhanced models achieve consistent improve-
ments across all fine-grained metrics.

Baselines To systematically evaluate the generalization
and practical effectiveness of TDSR across different model
architectures, we deploy it on two widely adopted multi-
modal large language models: Qwen2.5-VL(Bai et al. 2025)
and LLaVA-1.5 (7B)(Liu et al. 2023a). We compare it
against a diverse set of representative baselines, which fall
into two major paradigms: Training-free image captioning
enhancement methods: including IT(Pi et al. 2024), Patch
Matters(Peng et al. 2025a), and FINECAPTION, which im-
prove visual description quality without additional training.
All baselines in this category are implemented on top of
LLaVA-1.5 (7B). Foundation vision-language models: in-
cluding Shikra-13B(Chen et al. 2023c), MiniGPT-v2(Chen
et al. 2023b), Ferret-13B(You et al. 2023), VisionLLM-
H(Wang et al. 2023), KOSMOS-2(Peng et al. 2023), Alpha-
CLIP-13B(Sun et al. 2023), and VistaLLM(Pramanick et al.
2023), representing the dominant modeling paradigms in the
open-source multimodal field.

Implementation Details Our TDSR framework is imple-
mented in PyTorch. For the core MCTS algorithm, we set
the UCT exploration constant cpuct to 1.5. The reward depth
incentive weight α is set to 0.1. During inference, we ap-
plied TDSR to refine the outputs of both Qwen2.5-VL and
LLaVA-1.5 (7B). A comprehensive list of all hyperpa-
rameters, including the value network architecture and
training specifics, is provided in Appendix A for repro-
ducibility.

Benchmark Model Comparison Experiment
DetailCaps Result The experimental results presented
in Table 1 on the DETAILCAPS benchmark demonstrate
that TDSR significantly enhances fine-grained semantic
understanding in multimodal models, particularly in ob-
ject, attribute, and relation-level comprehension. Under the
LLAVA architecture, LLAVA-1.5+OURS exhibits notable
improvements across all three fine-grained metrics (F1obj,
F1attr, F1rel) compared to the base model. In particular,
F1attr rises markedly from 44.4 to 62.4, validating the ef-
fectiveness of TDSR in capturing detailed semantic signals

12595



Method ROUGE-L↑ BLEU-4↑ METEOR↑ CIDEr↑ BERT Score↑

Shikra-13B 32.4 11.9 19.5 108.4 78.4
MiniGPT-v2-7B 31.9 11.5 18.7 106.2 78.2
Ferret-13B 33.6 12.8 19.6 114.6 79.1
VisionLLM-H-7B 31.2 10.7 15.4 90.2 76.5
KOSMOS-2 30.8 10.1 14.9 88.9 76.7
Alpha-CLIP-13B 35.6 10.9 19.3 93.9 77.7
FINECAPTION-8B 40.6 13.9 20.9 118.6 79.5
VistaLLM-13B 40.9 14.1 21.4 117.5 80.2
LLaVA-1.5-7B
+IT 32.9 10.6 15.7 95.2 78.2

LLaVA-1.5-7B
+Patch Matters 34.6 12.5 21.2 118.8 79.1

LLaVA-1.5-7B 30.3 8.6 11.4 86.5 73.2
LLaVA-1.5-7B
+ours 44.3 16.6 23.5 124.2 82.5

Qwen2.5-VL-7B 41.2 14.5 21.9 120.3 81.3
Qwen2.5-VL-7B
+ours 47.5 19.7 27.5 129.4 88.9

Table 2: Benchmark comparison on the COMPOSITION-
CAP dataset. Our method significantly outperforms all base-
lines across all metrics.

in image descriptions. Within the stronger QWEN2.5-VL
architecture, TDSR further advances overall performance,
achieving a CAPTURE score of 72.2, with F1obj and F1rel
reaching 72.3 and 64.7 respectively, both significantly out-
performing all other baselines. These results highlight the
robust semantic modeling and visual-linguistic alignment
capacity brought by TDSR. The proposed semantics-driven
exploration mechanism exhibits consistent and effective im-
provements across both architectures, markedly enhancing
the model’s ability to capture key semantic units from im-
ages.

COMPOSITIONCAP Result The experimental results
presented in Table 2 on the COMPOSITIONCAP bench-
mark demonstrate the effectiveness of the proposed TDSR
method across different vision-language model architec-
tures. Within the LLaVA framework, the incorporation
of TDSR (LLaVA-1.5+ours) consistently improves perfor-
mance over the base model, with ROUGE-L increasing to
44.3 and CIDEr reaching 124.2, indicating enhanced de-
scriptive completeness and detail sensitivity. In the stronger
Qwen2.5-VL framework, TDSR yields further performance
gains, achieving a CIDEr of 129.4 and a BERTScore of 88.9
(the best results to date), highlighting its superior modeling
of visual-semantic consistency and linguistic precision.

Overall, compared to traditional non-trained augmen-
tation methods (e.g., IT, Patch Matters, FINECAPTION)
and mainstream multimodal models (e.g., Ferret, VistaLLM,
KOSMOS-2), TDSR consistently demonstrates strong ca-
pabilities in cross-modal reasoning, compositional under-
standing, and expressive generation under both Qwen and
LLaVA backbones.

Hallucination Evaluation
As shown in Figure 3, we conduct a systematic evalua-
tion of several state-of-the-art multimodal models on the
POPE benchmark, which is designed to assess hallucina-
tion robustness under three types of semantic perturbations:

Method Accuracy Precision Recall F1 Score

MSCOCO Dataset

Ferret-13B 87.6 95.8 76.4 89.8
Shikra-13B 85.3 95.1 75.3 86.4
VistaLLM 88.2 96.7 78.6 90.5
LLaVA-1.5 87.6 96.9 78.2 89.2
LLaVA-1.5 + ours 90.9 98.5 80.8 91.3

Popular Dataset

Ferret-13B 86.4 94.1 76.5 84.2
Shikra-13B 84.7 93.2 75.3 83.8
VistaLLM 87.3 95.2 77.9 86.5
LLaVA-1.5 86.7 95.7 78.4 86.9
LLaVA-1.5 + ours 89.9 97.2 81.5 89.7

Rare Dataset

Ferret-13B 82.3 91.7 70.8 80.2
Shikra-13B 80.1 90.4 68.3 78.5
VistaLLM 83.4 92.8 72.5 82.1
LLaVA-1.5 82.7 93.1 71.9 81.2
LLaVA-1.5 + ours 85.8 94.5 74.2 83.9

Table 3: Benchmark comparison on the POPE dataset
across MSCOCO, Popular, and Rare settings[cite: 213, 215,
216]. Our method (LLaVA-1.5 + ours) consistently achieves
the best performance and demonstrates superior robustness
against hallucinations.

Random, Popular, and Adversarial. POPE explicitly tests
whether a model hallucinates non-existent entities or at-
tributes in response to misleading prompts. Results indicate
that LLaVA-1.5+TDSR consistently achieves the best per-
formance across all settings, demonstrating superior robust-
ness. Notably, under the most challenging Adversarial con-
dition, it maintains an Accuracy of 86.3 and an F1 Score
of 84.3, significantly outperforming other models. In the
relatively simpler Random setting, it achieves the highest
F1 Score of 91.3, slightly ahead of VistaLLM (90.5). In
the more ambiguous Popular setting, where semantically
frequent entities such as “person” or “cat” may induce bi-
ased responses, most models experience a notable perfor-
mance drop, i.e., Ferret-13B and Shikra-13B fall to 84.2
and 83.8 respectively, while LLaVA-1.5+TDSR remains
stable at 87.1, highlighting its robustness and generaliza-
tion to biased prompts. We attribute TDSR’s resistance to
hallucination to its top-down semantic reasoning: a strong
global context steers attention to the truly relevant regions
when parsing fine-grained objects, thereby minimizing mis-
alignment and fabricated details.

Efficiency Analysis
To comprehensively assess the efficiency-performance
tradeoff of the TDSR framework, we conduct a series of
controlled experiments comparing the full TDSR architec-
ture, its variants with individual efficiency components dis-
abled, and several representative vision-language baselines.
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Figure 3: Efficiency-performance tradeoff of TDSR. The
full framework achieves the best generation quality
(BERTScore) with only a marginal latency increase, clearly
outperforming prior methods.

The evaluation focuses on two primary metrics: inference
latency and generation quality (measured by BERTScore).

As shown in Figure 3, the full TDSR framework achieves
strong generation performance while maintaining a reason-
able inference delay. Specifically, although its average la-
tency slightly increases to 2.24s/frame, this overhead re-
mains marginal compared to mainstream baselines such as
VisionLLM-H (1.68s), FINECAPTION (1.59s), and Ferret
(1.72s). In contrast, TDSR yields a substantial improvement
in output quality, achieving the highest BERTScore of 82.5
on the COMPOSITIONCAP benchmark, significantly out-
performing the aforementioned models (e.g., Ferret: 79.4,
FINECAPTION: 79.5, VisionLLM-H: 80.2).

Ablation studies
To assess the contribution of each TDSR component, we
randomly sample 100 COCO images and track step-wise
CIDEr and BLEU-4 scores across 10 exploration steps. The
ablation variants are: w/o value estimation: Disable value
network; select regions randomly without semantic looka-
head; w/o redundancy penalty: Remove penalties on re-
peated or overlapping descriptions; w/o depth-aware re-
ward: Drop the reward term for fine-grained region track-
ing; w/o early termination: Always run 10 steps regard-
less of confidence; Full TDSR: All modules enabled as
the default configuration. The ablation results (Fig. 5–6)
show that the five modules of TDSR are complementary and
non-redundant. Value-guided region selection. Disabling it
(Random Region Only) causes the steepest decline, as the
planner no longer attends to salient areas, dropping scores
to CIDER 48.62, and BLEU-4 7.45. Redundancy penalty
& depth-aware reward. Removing either one slows con-
vergence and yields repetitive or shallow sentences, with fi-
nal scores stalled around CIDER 94.64/96.10 and BLEU-
4 11.8/11.6. Early termination. When always running the
full 10 steps, the model initially rivals the complete frame-
work but then over-generates, causing CIDER to fall from
96.34 to 79.41 and BLEU-4 to 9.34. These drops under-
line that each component is essential for maintaining both
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Figure 4: Step-wise CIDEr score under ablation settings.
Removing any core component from TDSR results in sig-
nificant performance drops, especially in early stopping and
value-guided region selection.
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Figure 5: Step-wise BLEU-4 score under ablation settings.
Full TDSR achieves the highest and most stable perfor-
mance; removing value estimation or early stopping severely
degrades output fluency.

descriptiveness and coherence.

Conclusion

We propose TDSR, a top-down semantic-refinement frame-
work that reformulates image captioning as a coarse-to-fine
planning task. Driven by an MCTS planner, TDSR first
drafts a global caption and then incrementally enriches it
with visually grounded details. Three key techniques, i.e.,
(i) a lightweight value network, (ii) redundancy-aware early
stopping, and (iii) adaptive rollout depth, jointly deliver high
caption quality at modest computational cost. Across detail,
compositionality, and hallucination benchmarks, TDSR con-
sistently raises factual accuracy, descriptive richness, and ro-
bustness to visual perturbations. Ablation experiments show
that removing any one component leads to sizable drops in
CIDER and BLEU-4, underscoring their complementarity.
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