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Abstract

Despite the rapid progress of Vision-Language Models
(VLMs), existing benchmarks still concentrate on coarse-
grained object recognition or simple relational reasoning,
leaving the fine-grained and higher-order reasoning abilities
of these systems largely unexamined. To bridge this critical
evaluation gap, we introduce EmojiGrid, a novel diagnostic
benchmark specifically designed to probe these fine-grained
and higher-order skills. Leveraging the universal and seman-
tically rich nature of emojis, we synthesize a grid-based vi-
sual dataset paired with 29,000+ QA pairs. Each pair is ex-
plicitly anchored in a three-level cognitive taxonomy com-
prising (i) Perception and Information Extraction, (ii) Rela-
tional and Structural Reasoning, and (iii) Abstraction and
Advanced Cognition. These dimensions further decompose
into nine categories covering a broad range of cognitive skills,
including counting, spatial relations, compositional logic, se-
mantic sentiment, and related higher-order reasoning tasks.
Our extensive evaluation of 25 leading and proprietary VLMs
reveals a significant performance gap between foundational
perceptual tasks and higher-level cognitive abilities, particu-
larly in abstraction and advanced emotional reasoning. No-
tably, all models struggle with compositional logic, spa-
tial consistency, and especially emotional and semantic un-
derstanding. EmojiGrid provides a quantifiable, fine-grained
benchmark to diagnose VLM limitations and guides future
progress toward models that can truly perceive, reason about,
and interpret complex, symbol-rich visual scenes.

Code — https://github.com/yz413/EmojiGrid

1 Introduction
Vision-Language Models (VLMs) such as GPT-4V (OpenAI
et al. 2024), Gemini (Reid et al. 2024; Team et al. 2025a),
and LLaVA (Liu et al. 2023) represent a major milestone
in artificial intelligence, exhibiting impressive proficiency
in describing images, answering questions about visual con-
tent, and engaging in multi-modal conversations. Their suc-
cess is largely built upon and measured by benchmarks like
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Figure 1: Hierarchical cognitive taxonomy underlying Emo-
jiGrid, with three top-level dimensions further decomposed
into nine sub-tasks that guide all question–answer genera-
tion and annotation.

VQA v2 (Goyal et al. 2019) and GQA (Hudson and Man-
ning 2019), which have driven progress in general-purpose
visual-linguistic alignment. While these models excel at
identifying common objects and their basic attributes in nat-
ural images, this very success often masks deeper, more fun-
damental limitations. We argue that the current evaluation
paradigm falls short in two critical areas: fine-grained per-
ception and higher-order cognitive reasoning.

First, current VLMs often struggle when faced with
scenes containing small, dense, and numerous objects. Stan-
dard benchmarks, with their focus on salient, well-separated
objects, do not adequately stress-test this aspect of visual
acuity. This “can’t see the trees for the forest” problem is
a significant bottleneck for applications requiring meticu-
lous detail, such as document analysis, medical imaging,
or industrial inspection(Liu et al. 2024; Wu et al. 2025; Yu
et al. 2025). Second, the reasoning required by most VQA
datasets is often shallow, boiling down to object presence,
counting, or simple spatial relations (Fu et al. 2024; Yue
et al. 2024; Li et al. 2024). They seldom probe a model’s ca-
pacity for multi-step logical inference, pattern recognition,
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or understanding compositional rules—skills that are hall-
marks of human intelligence (Li et al. 2024; Fu et al. 2025).
Beyond perception and logic, a crucial dimension of intelli-
gence remains almost entirely absent from VLM evaluation:
the understanding of abstract semantics and emotion (Ma
et al. 2023; Hsieh et al. 2023). Human cognition is not just
about identifying what is in an image, but interpreting what
it means. We effortlessly infer intent, mood, and narrative
from symbolic representations, a skill essential for nuanced
human-computer interaction. Can a VLM that recognizes a
“crying face” emoji also infer that the overall sentiment of
a scene is “sadness”? Can it distinguish a scene depicting
“celebration” from one depicting “commiseration”? This
leap from recognition to interpretation is a grand challenge
that current evaluation are ill-equipped to address.

To systematically investigate these shortcomings, we pro-
pose EmojiGrid, a new diagnostic benchmark designed to
perform a “cognitive stress test” on modern VLMs. We
choose emojis as our visual primitive for three key reasons:
(1) they are inherently small objects with rich semantic and
emotional content; (2) their discrete and symbolic nature al-
lows for the procedural generation of complex, unambigu-
ous scenes; and (3) their grid-based arrangement provides a
precise coordinate system for evaluating spatial and struc-
tural reasoning without the ambiguity of natural scenes.

The EmojiGrid benchmark, illustrated in Fig. 1, is struc-
tured around a hierarchical taxonomy of nine distinct capa-
bilities, from foundational Perception and Information Ex-
traction (e.g., localization, counting) to intermediate Re-
lational and Structural Reasoning (e.g., spatial relations,
pathfinding) and culminating in advanced Abstraction and
Advanced Cognition (e.g., semantic association, overall
emotional assessment). Rather than being limited to a sin-
gle accuracy score, this decomposable structure provides in-
sights into the model’s cognitive strengths and weaknesses
through a detailed diagnostic profile. Our main contributions
are as follows:
• We introduce EmojiGrid, a novel benchmark for VLMs

that unifies fine-grained perception, complex spatial rea-
soning, and abstract semantic and emotional understand-
ing within a structured evaluation framework spanning
nine distinct cognitive dimensions, enabling comprehen-
sive diagnosis of model capabilities beyond traditional
accuracy-based metrics.

• Through extensive experiments, we empirically demon-
strate significant performance deficits of leading VLMs
in higher-order reasoning tasks, highlighting a previously
overlooked but critical gap in semantic and emotional
comprehension.

• Over 29k QA pairs and 500 synthesized images will be
made publicly available, hoping to support ongoing ad-
vancements in the VLM research community.

2 Related Work
2.1 Vision-Language Models
Vision-language models are designed to jointly interpret and
reason over visual and textual modalities, constituting a ma-
jor advance toward general multimodal intelligence. Early

VLMs such as Flamingo (Alayrac et al. 2022) and BLIP-2
(Li et al. 2023) pioneered the integration of large visual en-
coders with language decoders, demonstrating the feasibility
of vision-language pre-training. A significant milestone was
set by LLaVA (Liu et al. 2023), which introduced instruction
tuning using LLM-synthesized, instruction-following chat
data in the visual question answering (VQA) format, fur-
ther enhancing the interactive and generalization capabilities
of VLMs. Following these foundational efforts, a new wave
of VLMs—including Qwen-VL (Bai et al. 2023), InternVL
(Chen et al. 2024), and others—has expanded the functional
spectrum of multimodal LLMs. These models not only sup-
port traditional VQA tasks, but also enable multimodal di-
alogue systems (Xiao et al. 2023), visually-grounded doc-
ument understanding (Li et al. 2025; Feng et al. 2025), and
cross-modal generation tasks (Wu, Zheng et al. 2025; Jin Xu
et al. 2025). However, despite these remarkable advance-
ments, current VLMs still struggle to move beyond surface-
level associations toward deeper compositional reasoning
and emotional cognition.

2.2 VLM Evaluation Benchmarks
The rapid advancement of VLMs has spurred the creation of
a diverse array of benchmarks to systematically assess their
capabilities across multiple dimensions. Traditional evalua-
tion tasks such as image captioning (Onoe et al. 2024; Masry
et al. 2022) and VQA (Antol et al. 2015; Mathew, Karatzas,
and Jawahar 2021) remain central, gauging a model’s ability
to generate natural language descriptions and answer image-
based queries by integrating visual perception, linguistic
understanding, and external knowledge. In recent years, a
suite of comprehensive benchmarks—including MME (Fu
et al. 2024), SEED-Bench (Li et al. 2024), MMBench (Liu
et al. 2024), and MMMU (Yue et al. 2024)—has emerged
to evaluate a broader spectrum of VLM abilities, ranging
from instruction following and basic perception to multilin-
gual comprehension and expert-level reasoning. While these
benchmarks have revealed issues such as object hallucina-
tion, limited spatial understanding, and challenges in text
recognition, their primary focus still remains on general vi-
sual or semantic understanding.

Although some benchmarks, such as BLINK (Fu et al.
2025) and MMVP (Tong et al. 2024), include ques-
tion–answer pairs related to compositional reasoning, these
are typically mixed with other task types, making it
challenging to precisely evaluate a model’s composi-
tional capabilities. Moreover, several specialized bench-
marks—including Capture (Pothiraj et al. 2025), VGRP
(Ren et al. 2025), and LEGO-Puzzles (Tang et al.
2025)—have been developed to probe core aspects of hu-
man cognition such as spatial relations, occluded object
counting, and multi-step reasoning. However, results con-
sistently show that state-of-the-art VLMs struggle with per-
ceptual complexity, compositional logic, and nuanced spa-
tial reasoning. Furthermore, many of these benchmarks rely
on simplified or artificial scenarios, limiting their ability
to reflect the complexity of real-world environments and
hindering comprehensive assessment of human-level spa-
tial cognition. In contrast, EmojiGrid offers a cognitively-
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Figure 2: Task examples of EmojiGrid.

informed benchmark that systematically assesses VLMs’
abilities in perceiving, reasoning about, and interpreting
complex, symbol-rich scenes, with a focus on spatial rea-
soning, small-object recognition, and semantic, emotional,
and abstract understanding.

3 The EmojiGrid Benchmark
3.1 Task Definition
Formally, the primary task of EmojiGrid is visual question
answering. Given an emoji-based image I and an associ-
ated textual question Q, a model M is tasked with gener-
ating an answer A that semantically matches the ground-
truth answer. However, unlike traditional VQA benchmarks,
the fundamental goal of EmojiGrid is not merely to mea-
sure a single accuracy score, but to diagnose a model’s
performance across a spectrum of pre-defined cognitive
skills. Each question-answer pair is meticulously designed
to probe a specific cognitive dimension. At the core of our
benchmark lies a hierarchical cognitive taxonomy (Fig.1),
which decomposes visual understanding into three major di-
mensions, each encompassing three specific subskills. This
structure enables a fine-grained diagnostic evaluation of
vision-language models.

Perception and Information Extraction. This dimension
assesses a model’s ability to perceive, localize, and extract
basic visual elements from a structured grid. It focuses on
low-level visual parsing, symbol recognition, and quantita-
tive understanding. Task 1: Localization & Identification.
This task evaluates whether the model can accurately locate
and identify individual emoji symbols in a spatially orga-
nized layout, including disambiguation of visually similar
symbols. Task 2: Visual Attribute Analysis. Recognition of
symbolic attributes—such as facial expressions, color hues,
and accessories—is examined, reflecting sensitivity to sub-
tle visual cues in abstract emoji designs. Task 3: Counting &
Aggregation. Enumeration and aggregation of objects under
specified conditions are assessed, requiring the integration
of visual perception with basic numerical reasoning.

Relational and Structural Reasoning. This dimension
examines a model’s ability to reason about spatial relation-
ships and structural organization among visual elements,
extending beyond recognition to the inference of implicit

topologies and patterns. Task 4: Spatial & Relational Rea-
soning. Reasoning over spatial proximity, directional rela-
tions (e.g., above or beside), and containment is required,
involving implicit simulation of relative layouts and spa-
tial grammar. Task 5: Connectivity & Geometry. Identifica-
tion of connected components, aligned formations, and geo-
metric configurations—such as rows, clusters, or loops—is
assessed, reflecting internal representations of spatial regu-
larity and relational structure. Task 6: Consistency & Pat-
tern. Detection of repetitive motifs, symmetries, and ana-
logical patterns is emphasized, requiring inference of gov-
erning rules (e.g., alternation or mirroring) and their appli-
cation to novel instances. By isolating relational and struc-
tural reasoning, this dimension evaluates whether models
can progress from local observations to a coherent global
understanding of layout and structure.

Abstraction and Advanced Cognition. This dimension
targets high-level cognitive capabilities, requiring mod-
els to interpret semantics, reason hypothetically, and per-
form multi-step inference—abilities approaching advanced
visual-language understanding. Task 7: Semantic & Emo-
tional Understanding. Comprehension of emotional states
and symbolic meanings conveyed by emoji compositions is
evaluated, including inference of mood, intent, and social
context. Task 8: Logical & Hypothetical Reasoning. Con-
ditional, counterfactual, and logical inferences grounded in
visual input are assessed, such as reasoning about outcomes
under hypothetical modifications. Task 9: Compositional
Reasoning. Integration of multiple visual cues to derive a
unified conclusion is required, testing symbolic abstraction,
multi-hop reasoning, and cross-dimensional attention.

To operationalize these cognitive abilities, a set of ques-
tion templates is designed for each task. Fig. 2 presents rep-
resentative examples spanning from basic identification to
holistic semantic and emotional assessment. Each example
consists of a clear visual input, a precise question, and a
structured answer format—either multiple-choice or binary
(Yes/No)—to ensure objectivity and reproducibility.

3.2 Dataset Curation
Our EmojiGrid benchmark is underpinned by a meticulously
designed three-step pipeline, as delineated in Fig. 3. This
pipeline pioneers a “scene-first, question-second” methodol-
ogy. This approach prioritizes the programmatic generation
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Figure 3: EmojiGrid benchmark construction pipeline.

of visually rich scenes with verifiable ground-truth, which
subsequently serve as a foundation for the automated con-
struction of questions. These questions are formulated based
on both the intrinsic logic of the scene and our bespoke cog-
nitive taxonomy. In the first step, we curate and filter pub-
licly available emoji images with a primary focus on facial
representations. The second step involves the creation of a
comprehensive rule set designed to extract metadata infor-
mation. In the final step, questions are generated by ran-
domly combining rules from the pool, yielding unique an-
swers while simultaneously synthesizing emoji grid images.

Step 1: Emoji Collection. Our benchmark begins with
large-scale web crawling and filtering to identify emojis
suitable for visual reasoning. We selectively retained 150
distinct human-face emojis, each with clearly recognizable
emotional expressions, enabling definitive categorization
into positive, negative, or neutral sentiment groups. To fur-
ther enhance visual complexity and diversity, a small num-
ber of non-face emojis were also incorporated.

Step 2: Scene Structuring. Following the curation of the
Emoji Lexicon, we developed a parameter-driven pipeline to
systematically generate visually diverse scenes. Each scene
comprises an N × N grid image (typically 4 × 4 to 8 × 8)
populated with a randomly selected subset of emojis. Scene
composition is rigorously governed by randomized yet con-
trolled parameters drawn from predefined rule pools, includ-
ing emoji density, variety, quantity, size, background col-
oration, and spatial arrangement strategies such as random
distribution, clustering, and continuous path formation, en-
abling targeted exploration of distinct cognitive capabilities.

Concurrently with visual synthesis, we generate compre-
hensive structured metadata that serves as definitive ground-
truth data. These metadata records comprehensively cap-
ture foundational attributes such as precise grid coordinates,
emoji quantities, scene density, and so forth, while critically
encoding higher-order relational information, including spa-
tial adjacency patterns. This rich metadata architecture pro-
vides the logical foundation for subsequent programmatic
question generation, enabling the construction of complex
queries with unique, verifiable answers while facilitating
systematic evaluation of multimodal reasoning capabilities
across diverse spatial and semantic dimensions.

Step 3: Question-Answer Generation. QA pairs are gen-
erated through a template-based system, grounded in the

comprehensive metadata constructed in the previous step.
We developed an extensive rule pool containing over 60
distinct question templates, each explicitly designed to in-
stantiate one of nine cognitive sub-categories. Each template
functions as a logical transformation, taking the scene’s rich
ground-truth data (e.g., precise emoji types, quantities, po-
sitions, and intricate relational properties derived from the
metadata) as input. This unique integration of structured
metadata with the rule pool enables the batch generation
of diverse questions for every scene image, ensuring com-
prehensive coverage across all cognitive categories. For in-
stance, a counting template might randomly select an emoji
type and query its total count, while a ’spatial relation’ tem-
plate probes the relative positioning of two distinct emojis.
Critically, each generated question is syntactically correct,
logically sound, and inherently produces a unique, verifi-
able answer, eliminating the need for manual review. This
approach enables the automatic batch generation of high-
quality, diverse question–answer pairs for each scene image,
ensuring both randomness and diversity to support robust,
fine-grained evaluation of cognitive capabilities.

3.3 Dataset Analysis
The pipeline described above yields 500 grid images and
29,339 QA pairs. Tab. 1 reports the core statistics.

Distribution and Balance. A key design principle of
the EmojiGrid benchmark is its balanced question distri-
bution, crafted to assess a wide array of reasoning skills.
As shown in Fig. 4, questions are strategically allocated
among three high-level dimensions: Perception and Infor-
mation Extraction (40.43%), Relational and Structural Rea-
soning (32.12%), and Abstraction and Advanced Cognition
(27.44%). This principle of balance extends to the nine sub-
tasks within these dimensions. We deliberately avoided the
dominance of any single category—the share ranges from
23.62% for Counting and Aggregation down to 3.41% for
Localization and Identification. This hierarchical balance is
crucial: it prevents models from inflating their scores by
overfitting to a few dominant task types and instead com-
pels a holistic evaluation of their reasoning abilities.

Token Length. Token length serves as a practical proxy
for the linguistic and cognitive load a question imposes on
a model. As illustrated in Fig. 5, the distribution of ques-
tion lengths in EmojiGrid, for both English and Chinese, ex-
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Type Perception and Information Extraction Relational and Structural Reasoning Abstraction and Advanced Cognition

Task Loc. & Id. V. Attr. Anal. Count. & Agg. Spa. & Rel. Conn. & Geom. Cons. & Patt. Sem. & Emo. Log. & Hypo. Comp. Reas.

Count 1000 3933 6930 2802 2622 4000 3000 2870 2182

Table 1: Distribution of EmojiGrid questions by cognitive dimension and subcategory.

Figure 4: Proportional distribution of EmojiGrid questions
across three cognitive dimensions and nine sub-categories.

hibits a pronounced long-tail pattern. While a majority of
questions are concentrated in the 25–60 token range, ideal
for clear and unambiguous queries, a significant fraction
extends towards 125 tokens. This long tail is a deliberate
design choice, creating a graduated difficulty that compels
models to process not only concise commands but also more
verbose, compositional, and multi-part queries. This struc-
tural diversity, combined with an average of 58.6 questions
per image spanning all nine sub-tasks, ensures a comprehen-
sive and robust evaluation of a VLM’s ability to comprehend
a wide spectrum of instructions.

Emoji Density. In grid-based scenes, emoji density di-
rectly affects visual clutter and thus task difficulty. We sys-
tematically control in EmojiGrid using emoji density—the
percentage of grid cells occupied by an emoji—as a proxy
for visual complexity. As illustrated in Fig. 5, the bench-
mark is deliberately designed to cover a wide and balanced
spectrum of visual conditions. A small set of 17 images,
constituting just 3.4% of the benchmark, exhibits low den-
sity (<30%), providing a baseline for simple scenes. In stark
contrast, the remaining images are spread almost uniformly
across densities from 30% to 100%, each successive 10% in-
terval contains roughly 60–80 images. This design purpose-
fully includes highly saturated grids, with some reaching
100% occupancy, to create scenarios of extreme visual con-
gestion that stress a model’s perceptual and reasoning capa-
bilities. By spanning from sparse layouts to densely packed
scenes in a balanced manner, this design ensures EmojiGrid
serves as a rigorous stress test for evaluating a VLM’s ro-
bustness against varying levels of visual complexity.

Figure 5: Linguistic and visual complexity in EmojiGrid.
(Left) The distribution of question token lengths for English
(EN) and Chinese (ZH). The deliberate long-tail design en-
sures models are evaluated on a spectrum of query complex-
ities, from concise commands to verbose, multi-part ques-
tions. (Right) The distribution of images by emoji density
(ratio). The near-uniform coverage of densities from 30%
to 100% creates a rigorous testbed for VLM performance
across varying levels of visual clutter.

4 Evaluation on EmojiGrid
4.1 Experimental Setting
Benchmark Models. We evaluate 25 VLMs on Emo-
jiGrid, covering a diverse range of model scales and
training paradigms. For open-source models, we evaluate
DeepSeek-VL2 (Lu et al. 2024), Gemma3-[4B/12B/27B]
(Team et al. 2025b), GLM-4.1V-9B-Thinking (Team et al.
2025d), Intern-VL3-[8B/14B/38B/78B] (Zhu et al. 2025),
Kimi-VL-A3B-[Instruct/Thinking] (Team et al. 2025c),
LLaVA-V1.6-Mistral-7B-HF (Liu et al. 2023), Llama-3.2-
11B-Vision-Instruct (Meta AI 2024), Mistral-Small-3.1-
24B-Instruct (Mistral AI 2025), Phi-4-Multimodal-Instruct
(Microsoft et al. 2025), Qwen2.5-VL-[7B/32B/72B] (Bai
et al. 2025), and QVQ-72B-Preview (Team 2024). For
proprietary models, we evaluate Claude-4-Sonnet, Gemini-
2.5-[Flash/Pro], GPT-4o, GPT-o4-mini, and Qwen-VL-
Max. Notably, GLM-4.1V-9B-Thinking, Kimi-VL-A3B-
Thinking, QVQ72B-Preview, Claude-4-Sonnet, Gemini-
2.5-Flash, Gemini-2.5-Pro, and GPT-o4-mini are catego-
rized as reasoning-enhanced models.

Evaluation Metric. Since each QA pair in EmojiGrid has
only one correct answer, we adopt exact-match accuracy (%)
as the primary evaluation metric for VLMs’ performance on
each task. Specifically, for numeric answers, multiple-choice
questions (e.g., options A, B, C, D), and fact-checking tasks
(yes/no), we apply a strict exact-match criterion for scoring.

Human Evaluation. To establish a robust benchmark for
human-level performance, we constructed EmojiGrid-lite,

13813



Model Perception and Information Extraction Relational and Structural Reasoning Abstraction and Advanced Cognition Overall
Loc. & Id. V. Attr. Anal. Count. & Agg. Overall Spa. & Rel. Conn. & Geom. Cons. & Patt. Overall Sem. & Emo. Log. & Hypo. Comp. Reas. Overall

Human Baseline 98.30 94.00 95.75 96.10 90.45 88.72 95.60 92.84 94.90 90.02 91.70 93.20 94.05

Closed-Source Models
Claude-Sonnet-4* 72.45 71.18 41.31 53.84 67.32 49.68 59.89 59.26 57.84 53.21 45.89 52.95 55.34
Gemini-2.5-Falsh* 94.58 77.43 52.96 64.60 78.24 62.58 69.84 70.32 66.16 67.90 63.68 66.11 66.85
Gemini-2.5-Pro* 94.43 84.79 60.04 71.23 81.34 70.35 76.99 76.44 69.01 75.46 75.03 72.93 73.37
GPT-4o 85.00 57.08 33.74 45.80 54.21 41.42 69.90 57.31 57.33 46.90 34.97 47.55 49.98
GPT-o4-mini* 87.18 68.19 42.82 54.97 66.91 52.63 59.72 59.89 62.54 58.06 44.50 56.06 56.85
Qwen-VL-Max 69.20 58.07 36.25 46.26 60.21 38.94 71.60 59.13 59.80 50.38 42.35 51.71 51.89

Open-Source Models
DeepSeek-VL2 42.70 35.90 19.77 27.05 33.98 20.94 54.07 38.88 49.13 34.08 23.37 36.79 33.52
Gemma3-4B 45.20 36.44 19.49 27.28 38.54 24.52 65.25 45.98 40.03 33.48 10.31 29.64 33.93
Gemma3-12B 49.70 41.34 25.35 32.71 42.15 24.94 58.45 44.28 50.87 40.35 20.62 38.92 38.13
Gemma3-27B 57.10 52.91 26.93 38.08 49.50 31.46 52.98 45.96 49.60 42.47 19.29 38.85 40.82
GLM-4.1V-9B-Thinking* 68.81 66.04 36.13 48.79 64.62 43.48 53.89 54.19 53.45 47.10 37.84 46.96 50.02
Intern-VL3-8B 64.60 53.45 27.92 39.47 55.64 32.34 59.95 50.99 55.53 41.11 28.23 43.00 44.14
Intern-VL3-14B 67.50 59.80 29.03 42.47 57.57 30.32 63.38 52.45 56.43 44.84 33.09 45.98 46.64
Intern-VL3-38B 74.60 53.39 30.65 42.89 51.89 31.12 64.03 52.26 57.30 43.55 29.84 45.96 46.74
Intern-VL3-78B 71.70 55.45 31.13 42.61 55.25 32.38 64.60 52.85 56.90 45.12 35.66 46.94 47.09
Kimi-VL-A3B-Instruct 48.50 37.40 24.30 30.68 36.62 24.83 53.30 40.42 50.27 33.21 20.99 36.25 35.34
Kimi-VL-A3B-Thinking* 55.21 57.23 31.05 41.75 54.12 40.41 54.39 50.42 50.84 42.72 28.22 41.82 44.55
LLaVA-V1.6-Mistral-7B-HF 27.80 33.87 18.51 24.39 35.26 21.05 54.07 39.29 42.10 30.28 18.19 31.41 31.10
Llama-3.2-11B-Vision-Instruct 43.20 31.12 20.45 25.90 34.12 19.95 52.62 38.03 40.93 28.33 13.29 28.95 30.63
Mistral-Small-3.1-24B-Instruct 55.80 58.23 27.89 40.30 51.46 28.83 55.88 47.04 46.33 41.95 37.40 42.35 43.03
Phi-4-Multimodal-Instruct 44.00 42.26 25.31 32.50 47.25 23.23 48.98 41.30 45.50 35.40 22.59 35.69 36.20
Qwen-VL2.5-7B 44.50 51.56 27.90 37.15 53.10 22.27 44.73 40.97 46.47 36.90 28.00 38.05 38.62
Qwen-VL2.5-32B 48.60 50.65 30.04 38.44 42.54 27.08 62.92 46.89 53.13 39.09 25.76 40.71 41.78
Qwen-VL2.5-72B 73.70 61.00 36.16 47.56 57.67 36.61 68.05 56.22 57.47 50.87 38.73 50.04 51.02
QVQ-72B-Preview* 39.59 35.69 20.60 27.19 39.09 26.61 60.74 44.82 49.10 33.29 15.56 34.43 34.83

Table 2: Performance comparison of VLMs on EmojiGrid (%). Models marked with an asterisk (*) possess reasoning capabil-
ities. Dark green and Light green indicate the top-ranked and second-ranked performance within each group, respectively.

a curated subset of our main dataset. This subset was for-
mulated through stratified sampling of 50 images, yielding
over 3,000 question-answer pairs that maintain comprehen-
sive coverage all three dimensions and nine sub-tasks. Three
human participants answered every question under the same
constraints imposed on VLMs—no external tools or internet
access. Their accuracy provides an empirical ceiling on task
performance, especially for spatial and relational reasoning.
Furthermore, EmojiGrid-lite serves as a specialized bench-
mark for evaluating the reasoning proficiency of advanced
VLMs, particularly by measuring the average length of their
generated thought-process tokens.

4.2 Main Results
Tab. 2 presents the performance of 25 VLMs across
nine tasks spanning three cognitive dimensions on the
EmojiGrid benchmark. Overall, larger models demonstrate
superior performance, with closed-source models gener-
ally outperforming their open-source counterparts. Among
closed-source models, reasoning-enhanced variants such as
Gemini-2.5 series, GPT-o4-mini, and Claude-Sonnet-4 sig-
nificantly outperform standard models like Qwen-VL-Max
and GPT-4o. This performance gap clearly demonstrates the
effectiveness of reasoning augmentation in enhancing model
accuracy. Notably, GPT-4o ranks lowest among closed-
source models with only 49.98%, further highlighting the
importance of advanced reasoning capabilities.

Within the open-source model category, Qwen-VL2.5-
72B exhibits remarkable reasoning capabilities, achieving
the highest scores across five tasks. Meanwhile, GLM-4.1V-
9B-Thinking demonstrates competitive overall performance

despite having only 9B parameters, securing top rankings in
three tasks. This suggests that architectural innovations and
reasoning enhancements can compensate for parameter lim-
itations. Across model families including Gemma3, Intern-
VL3, and Qwen-VL2.5, larger parameter versions consis-
tently deliver significant performance improvements over
their smaller counterparts, underscoring the benefits of scale
in vision-language modeling.

Domain-aspect Performance. A closer examination of
Tab. 2 reveals a clear progression in task difficulty across the
three core cognitive domains of the EmojiGrid benchmark.
Both open-source and closed-source models attain substan-
tially higher scores on the Perception and Information Ex-
traction dimension, with accuracy declining consistently as
tasks advance to the Relational and Structural Reasoning
domain and, most notably, the Abstraction and Advanced
Cognition domain. This marked performance drop-off pin-
points a critical and underexplored deficiency in contempo-
rary VLMs: a limited capacity for handling abstract seman-
tic, emotional, and compositional reasoning.

Empirical results show a systematic degradation in per-
formance as task complexity increases, underscoring Emoji-
Grid’s diagnostic strength in revealing critical weaknesses
in current vision–language models. Unlike benchmarks
that emphasize near-saturated perceptual tasks, EmojiGrid
adopts a tiered cognitive design to probe advanced reasoning
beyond simple recognition. This structure enables a more
nuanced assessment of model understanding, particularly
for abstract and complex visual cognition.

Language-aspect Performance. Our analysis isolates the
impact of language on VLM performance, leveraging the
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Figure 6: Cross-lingual performance on EmojiGrid.

EmojiGrid benchmark, which consists of questions in both
English (54.9%) and Chinese (45.1%). As illustrated in Fig.
6, distinct performance patterns emerge between the two
languages. Top-tier closed-source models, particularly the
Gemini-2.5 series and Claude-Sonnet-4, demonstrate robust
cross-lingual capabilities, achieving high accuracy in both
languages. Interestingly, these leading models show excep-
tional proficiency in Chinese. However, the predominant
trend observed across both closed-source and open-source
models is a clear performance bias in favor of English.
This suggests an underlying English-centric optimization in
their development. A striking exception is GLM-4.1V-9B-
Thinking, which clearly demonstrates superior performance
in Chinese, likely reflecting its bilingual training founda-
tion. In contrast, many open-source models, often trained on
English-dominant corpora, exhibit a more significant degra-
dation in accuracy on Chinese tasks, underscoring the criti-
cal role of training data in multilingual reasoning.

Reasoning Efficiency Analysis. Beyond final-answer ac-
curacy, the computational cost of a model’s reasoning pro-
cess—measured by the average token length of its full out-
put—represents a critical yet underappreciated dimension of
performance, particularly for VLMs with reasoning capabil-
ities. Fig. 7 presents the trade-off between accuracy and av-
erage output token count across a representative set of VLMs
with explicit reasoning capabilities, distinguishing between
the global average (⃝ , all responses) and the token cost
restricted to correct responses (✩ , correct answers only).

In Fig. 7, excessive verbosity does not indicate deeper
reasoning but rather reflects model uncertainty or failure,
since incorrect answers are often accompanied by longer,
less productive outputs. For instance, models like GPT-4o
mini expend substantial computational resources on unpro-
ductive reasoning traces without achieving higher accuracy,
challenging the assumption that longer reasoning chains lead
to better outcomes. In contrast, the Gemini-2.5 series com-
bines high accuracy with efficient token usage, exemplifying
the benefits of concise reasoning. Conversely, models such
as QVQ-72B-preview, despite their brevity, exhibit unsatis-
factory accuracy, highlighting the need to balance correct-

Figure 7: Cost–benefit trade-off between average reasoning
length and accuracy.

ness and conciseness for optimal cost–performance trade-
offs. These findings collectively underscore that reasoning
efficiency is a vital, yet underexplored, axis in VLM eval-
uation. They challenge the implicit assumption that “more
reasoning is better,” revealing instead that verbosity often
signals inefficiency or internal uncertainty.

Key Insights and Observations. We summarize several
key findings as below.

• Abstract cognition remains a frontier challenge. Ab-
stract semantic and affective reasoning is still difficult for
current VLMs. Performance is often brittle and sensitive
to prompt phrasing, suggesting limited robustness to nu-
anced concepts.

• A persistent open–closed performance gap. Leading
proprietary VLMs consistently outperform open-source
models, especially on tasks requiring complex, multi-
step reasoning, underscoring advantages in scale and
training sophistication.

• Spatial reasoning scales with model capacity. Spatial
reasoning improves with model size. Reasoning-oriented
architectures further strengthen performance, indicating
the importance of both capacity and specialized design.

• The inefficiency of error in reasoning. Longer reason-
ing chains do not reliably improve accuracy. Incorrect
predictions are often accompanied by more verbose out-
puts, implying that verbosity can reflect uncertainty or
failure rather than deeper cognition.

5 Conclusion
Current VLM evaluations favor coarse recognition while
masking deficits in fine-grained perception and higher-order
reasoning. We introduce EmojiGrid, a benchmark with syn-
thesized images and hierarchical QA spanning nine cogni-
tive domains. Evaluations of 25 VLMs reveal substantial
failures in compositional, spatial, semantic, and emotional
reasoning despite strong recognition performance. Emoji-
Grid enables targeted diagnosis and progress toward cogni-
tively robust vision–language models.
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