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Abstract

While Multimodal Large Language Models (MLLMs) excel
on benchmarks, their processing paradigm differs from the
human ability to integrate visual information. Unlike hu-
mans who naturally bridge details and high-level concepts,
models tend to treat these elements in isolation. Prevail-
ing evaluation protocols often decouple low-level percep-
tion from high-level reasoning, overlooking their semantic
and causal dependencies, which yields non-diagnostic re-
sults and obscures performance bottlenecks. We present
VCU-Bridge, a framework that operationalizes a human-
like hierarchy of visual connotation understanding: multi-
level reasoning that advances from foundational perception
through semantic bridging to abstract connotation, with an
explicit evidence-to-inference trace from concrete cues to
abstract conclusions. Building on this framework, we con-
struct HVCU-Bench, a benchmark for hierarchical visual
connotation understanding with explicit, level-wise diag-
nostics. Comprehensive experiments demonstrate a con-
sistent decline in performance as reasoning progresses to
higher levels. We further develop a data generation pipeline
for instruction tuning guided by Monte Carlo Tree Search
(MCTS) and show that strengthening low-level capabilities
vields measurable gains at higher levels. Interestingly, it
not only improves on HVCU-Bench but also brings benefits
on general benchmarks (average +2.53%), especially with
substantial gains on MMStar (+7.26%), demonstrating the
significance of the hierarchical thinking pattern and its ef-
fectiveness in enhancing MLLM capabilities.
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Figure 1. Showcase of different pattern between human and
model. Models can appear capable by correctly answering both
concrete and abstract questions while fundamentally failing at the
reasoning that bridges them. Current evaluation may miss critical
reasoning failures when models produce correct answers at both
concrete and abstract levels.

1. Introduction

While Multimodal Large Language Models (MLLMs) ex-
cel on benchmarks, their processing paradigm differs from
the human ability to integrate visual information. As illus-
trated in Figure 1, unlike humans who naturally bridge de-
tails and high-level concepts, models tend to treat these el-
ements in isolation. This phenomenon misses a vital aspect
of human vision: our capacity to form abstract, connota-
tive meanings based on concrete perceptual evidence [30].
The inferential process that connects seeing to interpreting
remains largely unevaluated.

Existing evaluation paradigms fall short in capturing this
critical inferential process. Benchmarks focused on low-
level perception [15, 29, 52] test the ability to identify what
is in an image, but do not evaluate the ability to infer what is
implied by it. Conversely, benchmarks for high-level cog-
nition [33, 34, 38, 45] often assess the final abstract conclu-
sion but do not require the model to ground its reasoning
in specific visual details, leaving the inferential process a
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Figure 2. Overview of HVCU-Bench. We evaluate MLLMs across 3 task families spanning 15 diverse aspects (top left). Our benchmark
employs hierarchical decomposition: each question is systematically broken down into sub-questions across three levels (Lperc, Loridge,
Lconn), with validation ensuring logical coherence. During evaluation, models progress from low to high levels, constructing inter-level
reasoning chains that emulate human visual comprehension (bottom). While GPT-40 achieves top performance among MLLMs, it falls
substantially short of human capability, exposing a significant gap (top right).

black box. What remains missing is an explicit focus on the
bridging inference: the associative reasoning that connects
concrete perceptual evidence to abstract connotative mean-
ing (e.g., dark clouds and a hunched posture create a scene
of a person alone in bad weather, which connotes a sense
of gloom) [30, 39], and addressing this critical gap is the
primary motivation of our work.

To address this, we introduce and formalize the concept
of VCU-Bridge, which refers to hierarchical understand-
ing of visual connotation. We propose that effective vi-
sual comprehension operates as a hierarchical, multi-level
reasoning process. It begins at the Foundational Percep-
tual Level (L,.,.), which involves identifying low-level,
objective visual primitives like objects and their attributes.
It culminates in the Abstract Connotative Level (L.,,),
where high-level, subjective interpretations such as aesthet-
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ics, emotion, or symbolic meaning are inferred. Critically,
these two levels are connected by an intermediate Semantic
Bridge Level (Ly,;44c), Which provides factual, descriptive
statements that explain how perceptual evidence gives rise
to connotative meaning. It is this unmodeled “Bridge” level,
which explicitly links the concrete and the abstract, that re-
mains a key unsolved challenge for MLLMs. VCU-Bridge
is the first to focus on the connotative hierarchy, demanding
that the model articulate the associative link from Lpey.,
through Ly, iqge, t0 Leonn. The core of our contribution
is thus the modeling of this inter-level association, which
serves as the foundation for evaluation.

To systematically explore and evaluate the VCU-Bridge
capabilities of MLLMs, we construct HVCU-Bench, a
novel benchmark specifically designed to measure this hi-
erarchical visual reasoning ability. HVCU-Bench explic-



Table 1. Comparison of various recent multimodal benchmarks about visual understanding.

VCU-Bridge Metrics

Benchmark Foundational Semantic Abstract Inter-Level Accurac Full-Chain Human Evaluation  Open-Source

Perception Bridge Connotation Association y Accuracy
Low-level
MME [13] v X X X v X X v
MMBench [26] v X X X v X Vv v
MMStar [11] v X X X v X X v
HallusionBench [16] Vv X X X v X X v
HCA [32] v X X X v Vv X v
High-level
MMMU [46] X X v X v X Vv v
MME-Reasoning [45] X X v X Vv X v Vv
1I-Bench [27] X X v X v X v Vv
EEmo-Bench [14] X X v X Vv X X v
Multi-level
Lens [43] v X Vv X v X X v
MVP-Bench [19] v X v X v X Vv X
HiBench [18] v X v X Vv X X X
InsightVision [44] v X v X v X X X
HVCU-Bench (Ours) v v v v v v v v

itly models the hierarchical process of visual understand-
ing, requiring models to reason step-by-step from low-level
perception to high-level abstraction, which forms tightly
coupled inter-level reasoning chains. Through hierarchical
evaluation, HVCU-Bench enables tracing failures at higher
levels back to potential causes in lower levels, thereby facil-
itating a more fine-grained analysis of model capability bot-
tlenecks. Figure 2 provides an overview of HVCU-Bench.

Subsequently, to enhance the hierarchical reasoning abil-
ity of models, we propose a targeted low-to-high-level data
generation approach based on Monte Carlo Tree Search
(MCTS) [5, 20, 28, 42, 51]. Specifically, we design a data
generation pipeline that starts from low-level perceptual de-
tails, progressively builds up to high-level abstract ques-
tions, and validates each level to ensure the logical coher-
ence and quality of the hierarchical reasoning chain. The
MCTS strategy enables efficient exploration and generation
of high-quality training data within the hierarchical reason-
ing space for instruction tuning.

In summary, our contributions are as follows:
¢ We novelly introduce and formalize VCU-Bridge, model-

ing visual connotation understanding as a three-level pro-
gressive process (Lperc / Loridge ! Leonn), and highlight-
ing the importance of modeling inter-level associations.

¢ We construct HVCU-Bench, the first benchmark to ex-
plicitly evaluate VCU-Bridge capabilities. HVCU-Bench
enables hierarchical evaluation and diagnosis of deep
causes for high-level reasoning failures, providing fine-
grained analysis of model capability bottlenecks.

e We propose a novel MCTS-based data generation
pipeline that explores the hierarchical reasoning space,
progressively constructing chains from low-level percep-
tual details to high-level abstract concepts with level-wise
validation to ensure logical coherence and quality.

» Extensive experiments on HVCU-Bench reveal univer-
sal performance degradation from perception to connota-
tion and substantial gains with lower-level context. Mod-
els instruction-tuned with data from our pipeline achieve
significant improvements on HVCU-Bench (+6.17%)
while maintaining strong performance on diverse general
benchmarks (average +2.53%).

2. Related Work

Visual Understanding Evaluation. The evaluation of
Multimodal Large Language Models (MLLMs) has ad-
vanced rapidly [4, 6, 21, 22, 49] , but a significant gap
persists between low-level perception and high-level con-
notation. Many existing benchmarks tend to isolate these
capabilities, failing to address the inferential processes that
link perception with connotation. Low-level Perception.
Benchmarks such as VQA [7] and MMBench [26] test ob-
ject recognition, spatial understanding, and factual ground-
ing but do not evaluate the inferential leap from what is in
an image to what is implied by it. Although HCA [32] mea-
sures full-chain accuracy across hierarchical categories, it
focuses on taxonomic classification relying on pretrained
knowledge rather than genuine hierarchical visual under-
standing. High-level Connotation. Benchmarks such as
II-Bench [27] and EEmo-Bench [14] assess logical infer-
ence and metaphorical interpretation from what is implied
but do not require grounding in what is in the image. Multi-
level. Benchmarks such as Lens [43] and MVP-Bench [19]
cover multiple levels but without inter-level associations,
leaving the reasoning pathway from what is in to what is
implied implicit. A comprehensive comparison between our
benchmark and prior works is presented in Table 1. Addi-
tional discussion on data generation approaches for instruc-
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tion tuning is provided in Appendix A.

3. Methods

3.1. Problem Formulation

We formalize VCU-Bridge as the structured inference of

abstract scene interpretations grounded in perceptual evi-

dence, with each intermediate semantic justification made
explicit and auditable. Formally, VCU-Bridge is repre-
sented as a structured triple of statements H = (I1,l2,13),

ordered by their level of abstraction I; — Iy — 3. A

valid hierarchy must satisfy a pairwise support constraint

S(lk,lg+1) for & € {1,2}, where S indicates that the

higher-level statement [ is sufficiently justified by the

lower-level one [;,. The three levels are defined as follows:

 Foundational Perceptual Level (L,.,. = [;): Objective,
low-level visual facts that are directly observable in the
image.

* Semantic Bridge Level (Ly,;q0e = l2): Explanatory
statements that causally link perceptual evidence to
higher-level meaning.

¢ Abstract Connotative Level (L., = I3): Subjective,
high-level interpretations of the scene.

This formulation motivates two subsequent components:
(1) HVCU-Bench, which operationalizes the three-level
structure and evaluates both per-level and full-chain perfor-
mance; and (2) a targeted data generation pipeline that sup-
plies high-quality hierarchical supervision to systematically
and significantly improve MLLMs on VCU-Bridge.

3.2. HVCU-Bench: A Benchmark for VCU-Bridge

To systematically evaluate VCU-Bridge, we introduce
HVCU-Bench, a benchmark constructed through a
model-driven generation-validation framework powered
by Gemini-2.5-Pro. The core principle is a sequential
generation process from abstract to concrete, where each
level conditions on the previous one, with immediate
validation applied after generating each subsequent level
to ensure logical coherence and hierarchical dependencies.
This interleaved generation-validation approach produces
question-answer pairs that are both visually grounded and
exhibit strong hierarchical relationships. Detailed statistics,
quality assurance procedures, and representative samples
are provided in Appendix B.

Task Design. HVCU-Bench comprises three task families
covering fifteen fine-grained aspects: Affective Reasoning
(joy, affection, wonder, anger, fear, sadness); Aesthetic Ap-
preciation (color, composition, font, graphics); Implication
Understanding (metaphor, symbolism, contrast, exaggera-
tion, dislocation). All items follow a hierarchical multiple-
choice QA format with four options per question.

For Affective and Implication tasks, we leverage im-
ages and high-level concepts from existing datasets II-

Bench [27] and EEmo-Bench [14] to anchor the L.,nn,
level, then systematically construct answer options and the
lower levels (Lyyidges Lperc) through our generation frame-
work. For Aesthetic tasks, we source images from Lay-
erD [31] and apply controlled perturbations for each aspect
to isolate the targeted aesthetic factor while keeping the
hierarchical reasoning structure consistent. For instance,
color variants are created by adjusting hue, saturation, and
brightness; composition variants by modifying cropping,
reframing, and scale; font variants generated by changing
size, weight, and spacing; diverse graphics variants gener-
ated by altering stroke width, texture, and density.

Sequential Generation with Interleaved Validation.
Each benchmark sample is generated through a three-stage
process, where each level [; is instantiated as a ques-
tion—answer pair (g;, a;). Given an input image I, the gen-
eration proceeds from abstract to concrete:

» Stage 1 - Connotative Synthesis (L.y,,): An MLLM
performs holistic image analysis to generate the highest-
level question—answer pair (g3, ag ), capturing abstract in-
terpretations such as aesthetic quality or emotional tone.

* Stage 2 - Semantic Bridge Formulation (L, ;44.): Con-
ditioned on (g3, a3), the model generates an intermediate-
level pair (go, as) that provides semantic justification for
the connotative interpretation. Validation then checks
whether (go,as) offers sufficient logical support for
(g3, as3). If validation fails, a refinement loop is triggered
to regenerate (o, az).

* Stage 3 - Perceptual Grounding (L,..): Conditioned
on both (gs3,as3) and (go, az2), the model generates the
most concrete pair (gi,a;), grounding the reasoning
chain in observable visual evidence. Similarly, valida-
tion ensures (g1,a1) provides foundational support for
(g2, a2), triggering a refinement loop if validation fails.

Validation Mechanism and Refinement. The validation
enforces two critical criteria: (1) logical dependency—the
lower-level answer must be directly useful for reasoning
about the higher-level question, and (2) difficulty progres-
sion—the lower level must be significantly more objective,
concrete, and observable compared to the higher level’s in-
terpretative nature.

When validation fails, a refinement loop is triggered.
The failed generation is discarded, and the stage re-executes
with two adaptive strategies: (1) incorporating the specific
validation failure reason as explicit guidance to more ef-
fectively avoid similar logical flaws, and (2) progressively
increasing the sampling temperature to further enhance out-
put diversity and escape potential local optima. Prompts for
generation and validation are provided in Appendix G.

Evaluation Metrics. We evaluate model performance on
HVCU-Bench using metrics that capture both level-specific
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Figure 3. Overview of our hierarchical data generation
pipeline. An MCTS-driven approach for generating high-quality
hierarchical training data.

correctness and full-chain consistency. For each level 7, let

a; denote the ground-truth answer and a; the model’s pre-

diction.

 Per-Level Accuracy (Acc;): The proportion of correct
predictions at each individual level, formally Acc; =
Pla; = a4] for i € {1,2,3}, providing insight into ca-
pability at different abstraction levels.

* Full-Chain Accuracy (Accsy): The most stringent
metric, defined as Accyyy = ]P’[/\f:l(di = a;)], requires
simultaneous correctness across all three levels. This
evaluates the model’s ability to perform hierarchical rea-
soning from perception to connotation.

To provide a single aggregate performance indicator across

all three tasks, we also report an Overall Score (Score),

computed as the mean of the Accy,,y; scores across all these
tasks, enabling a fair, robust, and direct model comparison
on overall VCU-Bridge capability.

3.3. Hierarchical Data Generation for Instruction
Tuning

To enhance the hierarchical reasoning capabilities of
MLLMs, we propose a novel data generation pipeline for
instruction tuning. In contrast to the benchmark’s top-down
sequential generation of individual samples, our training
data is constructed through a large-scale bottom-up search.
Rather than refining a single reasoning chain per image,
we employ MCTS to explore a tree of candidate paths, ul-
timately selecting diverse high-quality chains for training.
Figure 3 illustrates the complete pipeline.

MCTS-driven Reasoning Path Discovery. The core of our
generation pipeline is an MCTS procedure that iteratively

constructs a reasoning tree. Starting from a virtual root,
the algorithm progressively expands question-answer pairs
across the configured hierarchical levels, with each node
representing a (q, a) pair at a specific reasoning level. The
search balances exploration and exploitation via the Upper
Confidence Bound (UCB) strategy, proceeding in three iter-
ative phases:

* Selection: The algorithm selects nodes to expand based
on UCB: UCB; = Xj + c,/hl—N, where X'j denotes

77.]
node j’s average reward, n; its visit count, NV the parent’s
visits, and c is the exploration constant controlling the
exploration-exploitation trade-off. This effectively bal-
ances exploitation (high-reward nodes) and exploration
(less-visited nodes), while prioritizing promising yet un-
derexplored reasoning paths.

* Expansion & Evaluation: For each selected node, the
pipeline generates a batch of candidate children through
parallel MLLM calls, with batch size constrained by a
configurable capacity limit per expansion. Each candi-
date undergoes immediate quality assessment to obtain a
numerical score (ranging from 0 to 1), with rejections oc-
curring when candidates exhibit poor logical coherence
with the parent, excessive semantic similarity to existing
siblings, exceed per-level capacity limits, or fall below
a quality threshold (e.g., insufficient image alignment or
inappropriate difficulty level). Only candidates success-
fully passing these checks are admitted to the tree with
their evaluation scores, ensuring a more robust balance
between exploration breadth and reasoning validity.

* Backpropagation: Evaluation scores propagate back up
the tree, updating statistics for all ancestors. Specifi-
cally, for each ancestor node j on the path, we update
nj < n; + 1 and Xj — wﬂ, where 7 is the
newly observed reward. This credit assignment ensures
high-quality branches accumulate higher rewards, receiv-
ing more exploration in iterations.

The pipeline maintains a hierarchical tree with config-

urable depth and per-level node capacity limits. Through

MCTS cycles, combined with quality filtering and diver-

sity checks, the search efficiently explores the reasoning

space at scale, constructing a diverse tree of promising,
high-quality candidate paths with significantly improved
exploration-exploitation trade-offs. Detailed prompts for

node generation and evaluation are in Appendix G.

Top-K Reasoning Path Selection. After MCTS conver-
gence, the pipeline extracts the top-K highest-rated com-
plete reasoning paths from the search tree, where each path
traverses the configured hierarchical levels from low-level
perceptual grounding to high-level abstract interpretation.
Path ranking is based on the average evaluation score across
all nodes in the path, ensuring that selected paths exhibit
both high individual node quality and strong inter-level co-
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Table 2. Overall results on HVCU-Bench. The best-performing model is in-bold, and the second is underlined.
Model Model Size Implication Understanding Aesthetic Appreciation Affective Reasoning Score
Accpere  AcChridge ACCeonn AcCpul  AcCpere AcCChridge ACCeonn AcCpunn  AcCCpere AcCChridge ACCeonn AcCrun

Basic Reference

Human 99.25 96.00 86.50 86.00 99.14 92.29 90.29 88.86 99.33 93.33 88.67 86.67 87.18
GPT-40 95.50 85.25 62.75 53.25 95.43 78.29 68.00 53.14 91.33 83.67 64.33 50.33 52.24
Open-Source MLLMs

Qwen3-VL-Instruct 4B 86.75 82.75 58.00 43.25 90.57 70.86 60.00 41.14 90.33 82.67 56.67 39.33 41.24
Qwen3-VL-Instruct 8B 93.50 89.50 59.50 50.75 91.71 73.43 63.43 44.00 94.33 84.67 60.00 48.00 47.58
LLaVA-1.6 B 81.75 58.00 40.25 18.75 79.14 36.86 33.14 9.43 92.00 58.00 19.33 12.00 13.39
LLaVA-1.6 13B 84.75 79.00 55.00 39.50 84.86 55.14 50.57 26.29 94.33 71.33 29.00 21.33 29.04
Deepseek-VL2-tiny MoE 1B/3B 88.25 62.25 49.75 29.25 89.71 45.14 41.14 19.71 93.33 65.33 29.00 19.00 22.65
Deepseek-VL2 MoE 4.5B/27B 93.75 83.00 60.75 49.50 95.14 58.00 38.00 23.71 96.33 81.33 46.00 36.67 36.63
Gemma3 4B 76.50 72.00 49.75 30.75 68.86 62.86 68.00 29.14 87.00 76.00 51.00 36.00 31.96
Gemma3 12B 87.50 85.25 60.50 47.50 82.86 70.29 68.00 38.86 90.67 86.33 58.00 46.33 44.23
InternVL3.5 4B 82.50 83.75 58.50 42.00 82.86 64.57 40.00 23.43 91.00 81.67 60.67 47.67 37.70
InternVL3.5 8B 82.00 85.25 55.75 41.75 84.00 68.00 60.57 36.29 86.00 83.67 55.67 42.00 40.01
Phi-4-Multimodal-Instruct 6B 90.25 56.50 42.75 3225 90.29 42.57 23.14 15.14 90.00 85.00 45.33 33.67 27.02
Phi-3.5-Vision-Instruct 4B 84.25 83.25 61.25 44.75 88.29 61.14 53.43 33.14 91.33 82.00 54.33 41.33 39.74

herence. These paths serve directly as instruction tuning
data, enabling MLLMs to learn explicit hierarchical reason-
ing patterns through instruction tuning.

4. Experiments

4.1. Experimental Setup

Models. To comprehensively assess VCU-Bridge ca-
pabilities across diverse model architectures and scales,
we evaluate 13 MLLMs on HVCU-Bench. Our evalua-
tion includes the leading proprietary model GPT-40 [17],
alongside a broad spectrum of open-source models span-
ning multiple architectural families and parameter scales:
Qwen3-VL-Instruct (4B, 8B) [8, 9, 36, 41], LLaVA-1.6
(7B, 13B) [23-25], Gemma3 (4B, 12B) [35], InternVL3.5
(4B, 8B) [37], Phi-4-Multimodal-Instruct (6B) [2], and Phi-
3.5-Vision-Instruct (4B) [1]. We further include Mixture-
of-Experts architectures with Deepseek-VL2-tiny (MoE
1B/3B) and Deepseek-VL2 (MoE 4.5B/27B) [40] to ex-
amine whether sparse expert routing confers advantages
for bridging perceptual and connotative levels. Finally,
we evaluate Qwen3-VL-4B-Bridge, our instruction-tuned
model based on Qwen3-VL-4B-Instruct, to validate the effi-
cacy of our hierarchical data generation pipeline. Complete
training configurations and hyperparameters are detailed in
Appendix C. This diverse model selection enables system-
atic analysis of how architecture, scale, and hierarchical in-
struction data influence VCU-Bridge performance.

Evaluation Benchmark. We evaluate all models on
HVCU-Bench, reporting results on its held-out test split.
We conduct evaluations under two settings: a “base” set-
ting where models answer each level independently, and
a “context” setting where previous levels’ predictions are
provided as context. This design allows us to isolate and
quantify the contribution of hierarchical dependencies. To
assess whether instruction tuning on hierarchical data im-
proves general reasoning capabilities beyond patterns spe-
cific to HVCU-Bench, we evaluate Qwen3-VL-4B-Bridge

on four benchmarks: MMBench [26], MMMU [46], MM-
Star [11], and HallusionBench [16]. These evaluations fol-
low standard protocols without task-specific tuning.

Human Evaluation. To establish a human performance
baseline, we collected evaluations from undergraduate stu-
dents. For each VCU-Bridge level (Lperc, Lpridge, and
Lconn), we recruited three students to evaluate it and re-
ported the average score for that level. We intentionally
used different groups of annotators for each level to pre-
vent information leakage between them. This ensures the
evaluation mirrors the “base” setting for models, as using
the same person to evaluate all levels would inadvertently
replicate the “context” setting.

4.2. Main Results

Gap between Humans and MLLMs As shown in Table 2,
humans nearly saturate all HVCU-Bench levels across all
tasks, achieving an overall score of 87.18% with consis-
tently strong performance at both Ly,;qge and Leopyn. In
contrast, top models fall far behind at higher abstraction
levels. On Implication Understanding, humans achieve
99.25% at Lpeyc, 96.00% at Ly,iqqe, and 86.50% at Leopp,
while GPT-40 demonstrates near-human performance at
Lyerc (-3.75%) but exhibits a substantial disparity at Lcopnp
(-23.75%). The strongest open-source baseline, Qwen3-
VL-8B-Instruct, demonstrates a similar pattern with per-
formance gaps of -5.75% at Ly, and -27.00% at L.onp.-
These level-specific disparities result in significantly lower
Accpyn, with GPT-40 and Qwen3-VL-8B-Instruct under-
performing humans by -32.75% and -35.25% respectively.
This pattern holds consistently across all three tasks, with
the overall score revealing a substantial gap of -34.94% for
GPT-40 and -39.60% for Qwen3-VL-8B-Instruct, demon-
strating that current MLLMs still lack a stable semantic
bridge from concrete evidence to abstract meaning.

Universal Performance Degradation in VCU-Bridge.
Beyond this human-model gap, Table 2 reveals a
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Table 3. Comparison of “base” and “context” settings on
HVCU-Bench. +A denotes gain over “base”.

Model Task Accuracy Score
AcCperc  AcCoridgge  ACCconn AcCpun

Impl. 95.50 85.25 62.75 53.25
GPT-40(Base) Aesth. 95.43 78.29 68.00 53.14 52.24

Affect. 91.33 83.67 64.33 50.33

Impl. 95.50 89.75 76.50 65.00 68.18
GPT-40(Context) Aesth. 95.43 82.29 87.71 72.86 ]5' 04

Affect. 91.33 86.00 80.67 66.67 H

Impl. 93.50 89.50 59.50 50.75
Qwen3-VL-8B(Base) Aesth. 91.71 73.43 63.43 44.00 47.58

Affect. 94.33 84.67 60.00 48.00

Impl. 93.50 90.00 74.75 62.75 62.28
Qwen3-VL-8B(Context) Aesth. 91.71 74.00 82.57 59.43 14 70

Affect. 94.33 89.00 76.00 64.67 Ha

Impl. 76.50 72.00 49.75 30.75
Gemma3-4B(Base) Aesth. 68.86 62.86 68.00 29.14 31.96

Affect. 87.00 76.00 51.00 36.00

Impl. 76.50 78.25 63.50 40.75 36.39
Gemma3-4B(Context) Aesth. 68.86 65.14 82.57 35.43 4'43

Affect. 87.00 75.00 50.00 33.00 Aas

widespread degradation pattern across evaluated MLLMs.
Most models, regardless of scale or architecture, exhibit
a sharp, cascading decline when moving from perception
to connotation. While nearly all achieve high accuracy
at Lye,c, their performance systematically deteriorates at
Lyiage and typically drops precipitously at Lcy,,. This
pattern is pronounced in strong models: GPT-4o0 experi-
ences a degradation of -32.75%, Qwen3-VL-8B-Instruct
degrades by -34.00%, and Gemma3-12B suffers a -27.00%
decline on Implication Understanding. Even models that
deviate from this trend on specific tasks still struggle at
Lconn, leading to consistently low Accyyy. Such cascading
error propagation validates that a critical weakness exists in
bridging perception to abstract reasoning.

Analysis of Model Scale and Architecture. Table 2 fur-
ther reveals that while increasing model scale generally im-
proves performance, it does not resolve the fundamental
challenges of VCU-Bridge. For example, LLaVA-1.6-13B
achieves an overall score of 29.04%, significantly outper-
forming its 7B counterpart at 13.39%, yet its performance
at L.,n, remains weak. This suggests that larger models
possess stronger foundational capabilities but still lack the
specialized knowledge required for connotative reasoning.
We also observe distinct performance profiles across dif-
ferent model architectures. Certain architectures, such as
Qwen3-VL exhibit more balanced performance across lev-
els, whereas LLaVA-1.6 shows a particularly steep decline
after Lp.,., indicating a weaker ability to understand the
semantic bridge. These patterns strongly suggest that the
challenge of VCU-Bridge transcends mere model scale and
architecture, pointing instead to a deeper, more fundamental
gap in current multimodal understanding paradigms.

Hierarchical Dependency in HVCU-Bench. To verify
that performance on higher levels depends on lower-level
capabilities, we conducted a comparative analysis between
the “base” and “context” settings. As shown in Table 3

80 77.88 78.13
Qwen3-VL-4B-Instruct

Qwen3-VL-4B-Bridge
64.71
60.25 59.62

57.45

5178
50 2090 48.56
a7.41 §
a6.57 45.67

Performance

43.25
4114 4124
20 39.33

Implication  Aesthetic  Affective Score MMBench HallusionBench ~MMStar MMMU

HVCU-Bench General Benchmark
Figure 4. Performance of Qwen3-VL-4B-Bridge on (left)
HVCU-Bench and (right) general benchmarks.

(detailed results in Appendix D.2), providing hierarchi-
cal context yields substantial performance gains across all
evaluated models. Specifically, GPT-40 demonstrates an
overall improvement of +15.94%, while Qwen3-VL-8B-
Instruct achieves a gain of +14.70%. Examining the level-
wise improvements, we observe that most models, particu-
larly stronger ones, exhibit marked accuracy gains across
Lyrigge and Lcopyn, with GPT-40 improving by approxi-
mately +3.6% and +16.6% on average across the two lev-
els, respectively. Even in cases where certain tasks show
irregular patterns, such as Gemma3-4B on Affective Rea-
soning, the overall score consistently improves (+4.43%),
a pattern that further aligns with our expectation that mod-
els with weaker lower-level capabilities would show more
constrained higher-level improvements. These pervasive
and significant uplifts demonstrate that HVCU-Bench in-
deed exhibits strong inter-level dependencies, with lower
levels providing critical grounding for higher-level conno-
tative reasoning. Beyond validating our hierarchical evalu-
ation, this finding underscores that connotative inference is
not a monolithic task but a hierarchical process that funda-
mentally relies on a coherent chain of reasoning from per-
ception through semantic bridging to abstract interpretation.

4.3. Effectiveness of Hierarchical Data Generation

To validate the effectiveness of our data generation pipeline,
we instruction-tune Qwen3-VL-4B-Instruct on approxi-
mately 10k hierarchical QA pairs generated from 1k images
(Section 3.3), yielding Qwen3-VL-4B-Bridge.

Improvements and Generalization. As shown in Fig-
ure 4 (left), Qwen3-VL-4B-Bridge exhibits consistent im-
provements across all three tasks of HVCU-Bench. Al-
though training supervision is provided exclusively for Im-
plication Understanding, the model achieves substantial
gains not only on this task (+6.75% in Accy,y) but also
on Aesthetic Appreciation (+5.43%) and Affective Reason-
ing (+6.34%), where no direct training signals are given.
This cross-task transfer strongly indicates that the model
has learned to establish generalizable semantic connec-
tions, linking perceptual evidence to abstract connotations
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Table 4. Training data composition comparison. +A denotes
gain over L3-only.

Data #QA  Accpere AccCeonn

L3-only 10k 89.25 85.75 59.50 47.00

Full-hierarchy 10k  89.75 +o50  86.25 +050  60.75 +1.25  48.25 4125
Full-data 30k 93.50 425  89.25 1350  63.75 +a25  50.00 t3.00

Acchridge Accyuu

through intermediate factual reasoning, rather than mem-
orizing task-specific templates. The overall HVCU-Bench
score demonstrates an improvement of +6.17%, further con-
firming that bottom-up data generation with validation ef-
fectively teaches structured visual reasoning. Critically, our
data generation pipeline operates independently of HVCU-
Bench’s specific task formulations and answer patterns,
relying solely on generic hierarchical reasoning prompts.
This ensures that the observed gains reflect genuine im-
provements in hierarchical inference rather than dataset-
specific overfitting (detailed results in Appendix D.1).

To assess whether these hierarchical reasoning im-
provements generalize beyond HVCU-Bench, we eval-
uate Qwen3-VL-4B-Bridge on four established general
benchmarks: MMBench, HallusionBench, MMStar, and
MMMU. As shown in Figure 4 (right), Qwen3-VL-4B-
Bridge demonstrates strong generalization, achieving sub-
stantial improvements on MMStar (+7.26%) and MMMU
(+3.22%) while maintaining competitive performance on
MMBench and HallusionBench, even though it was trained
exclusively on HVCU-Bench’s connotation-focused data
(see Appendix D.l1 for complete results). This cross-
benchmark transfer demonstrates that grounding abstract
interpretations in perceptual evidence through a structured
semantic bridge enhances reasoning skills, benefiting tasks
beyond connotative understanding.

Impact of Hierarchical Training Data. We compare three
training setups in Table 4 to examine how hierarchical su-
pervision affects model learning. Full-data uses complete
three-level supervision across Lyerc, Lipridge, and Leopn,
yielding approximately 30k QA pairs as described in Ap-
pendix C. L3-only trains exclusively on Loy, pairs, pro-
ducing 10k examples that span all data entries in Full-data
but only at the top reasoning level. Full-hierarchy samples
a balanced 10k subset from Full-data by selecting one-third
of its complete hierarchical entries, where each retained en-
try includes all three levels for that specific reasoning chain.
This ensures Full-hierarchy matches L3-only’s count while
preserving multi-level structure, but exposes the model to
fewer reasoning chains than L3-only.

Results demonstrate the effectiveness of hierarchical su-
pervision. Full-hierarchy outperforms L3-only by +1.25%
despite training on fewer complete entries. This confirms
that Lperc and Ly,iqge supervision provide critical learn-
ing signals that explicitly teach the model how to ground
abstract connotations in perceptual evidence through struc-

| [Question] Lyerc
| What household item is displayed horizontally above the fireplace
G i mantel?

'
| @i C.Afly swatter. C. A fly swatter. &)

! [Question] Lyridge
| What is the primary effect achieved by displaying the fly swatter and
| the framed fly in their specific positions above the fireplace?

. Contrasting everyday B.
|l objects with formal display 3
/ creates a striking focal point.

v %

!/ [Question] Leonn

| | What broader idea does the framed fly above the swatter metaphor-
| \ically critique?

i

,it turns a mundane @)
act into a grand, heroic feat.

; B. An ironic twist on fra- oy

/@ Qwen3-VI-4B-Instruct -
1= ditional hunting trophies. “*

. The
@] Qwen3-vi-48-Bridge (Ours) of hunting trophies.

Figure 5. Representative case study. Training on hierarchical
data corrects semantic bridging failures.

tured intermediate steps. Full-data further improves perfor-
mance by +1.75%, showing that scaling hierarchical super-
vision amplifies these benefits.

4.4. Case Study

Figure 5 demonstrates how training on hierarchical data cor-
rects semantic bridging failures. In this fly swatter display
example, the base model Qwen3-VL-4B-Instruct correctly
identifies the object at L, but fails at Ly;.;q4¢, misinter-
preting the display as visual contrast rather than recogniz-
ing it as a trophy-room parody, which propagates to in-
correct interpretation at L.,,,. In contrast, Qwen3-VL-
4B-Bridge successfully constructs the complete reasoning
chain by establishing the correct semantic bridge, demon-
strating that our hierarchical data explicitly teaches models
to ground abstract connotations through structured interme-
diate reasoning. This directly addresses the Ly, ;q4e bot-
tleneck, where the improvement reflects genuine learning
of systematic connections between perceptual evidence and
abstract meanings rather than task-specific memorization.

5. Conclusion

This paper addressed the challenge of bridging visual per-
ception and abstract interpretation in MLLMs. We intro-
duced VCU-Bridge, a hierarchical framework progressing
from perception through semantic bridging to connotation,
explicitly modeling the inferential process that connects
concrete visual evidence to abstract meanings. Through
HVCU-Bench, we revealed that all evaluated models ex-
hibit universal performance degradation across levels, with
semantic bridging emerging as the critical bottleneck, while
hierarchical context experiments demonstrated that lower-
level perceptual foundations provide crucial grounding for
higher-level interpretation. To address this gap, our MCTS-
driven data generation pipeline produces hierarchical data
for instruction tuning, yielding substantial improvements on
both HVCU-Bench and general benchmarks, demonstrating
that explicit hierarchical supervision is essential for teach-
ing models human-like visual understanding.
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