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Abstract
Recent advancements in multimodal large lan-
guage models (MLLMs) have garnered sig-
nificant attention, offering a promising path-
way toward artificial general intelligence (AGI).
Among the essential capabilities required for
AGI, creativity has emerged as a critical trait
for MLLMs, with association serving as its
foundation. Association reflects a model’s abil-
ity to think creatively, making it vital to eval-
uate and understand. While several frame-
works have been proposed to assess associative
ability, they often overlook the inherent ambi-
guity in association tasks, which arises from
the divergent nature of associations and under-
mines the reliability of evaluations. To address
this issue, we decompose ambiguity into two
types—internal ambiguity and external ambi-
guity—and introduce AssoCiAm, a benchmark
designed to evaluate associative ability while
circumventing the ambiguity through a hybrid
computational method. We then conduct ex-
tensive experiments on MLLMs, revealing a
strong positive correlation between cognition
and association. Additionally, we observe that
the presence of ambiguity in the evaluation pro-
cess causes MLLMs’ behavior to become more
random-like. Finally, we validate the effective-
ness of our method in ensuring more accurate
and reliable evaluations. See Project Page for
the data and codes.

1 Introduction

Recently, multimodal large language mod-
els (MLLMs) have made remarkable advance-
ments, enabling them to better understand the
human world and mimic human multimodal per-
ception (Li et al., 2024e; Liang et al., 2023, 2024).
This progress highlights a potential pathway to-
ward achieving artificial general intelligence (AGI),
a long-term goal in the field of artificial intelli-
gence (Yin et al., 2024; Huang et al., 2025b). As
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Figure 1: An example illustrating the inherent ambigu-
ity in association evaluation. The left image presents
an associative task where models associate the shape of
the cloud with the most similar option from the given
choices. The right image highlights two types of ambi-
guity: internal ambiguity (top), where the ground truth
is set to option A with the unreasonable explanation that
the cat’s curled posture resembles a circle; and external
ambiguity (bottom), where options B and C are equally
correct due to their similar circular shapes but are not
designated as the correct answers in this context.

a hallmark of human intelligence, creativity is
a critical ability that AGI-level MLLMs should
possess and be evaluated for (Bellemare-Pepin
et al., 2024). A key aspect of evaluating creativity
lies in assessing associative ability, which plays
a central role in creativity by driving generative
processes (Beaty and Kenett, 2023; Benedek et al.,
2012; Marron et al., 2018; Benedek et al., 2020).

Associative ability refers to the process of form-
ing novel connections between seemingly unre-
lated concepts stored in memory (Beaty and Kenett,
2023). This process is divergent, originating from a
single idea and expanding into a space of possible
ideas through paradigms such as divergent thinking,
lateral thinking or "thinking outside the box". To
evaluate associative abilities, numerous researchers
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have proposed diverse evaluation frameworks and
released various benchmarks, exploring different
dimensions of this ability. Most of these bench-
marks (Jiang et al., 2023; Kraaijveld et al., 2024;
Lin et al., 2021; Zhang and Wan, 2022; Zhong et al.,
2024b) adopt a multiple-option format, where a sin-
gle answer is designated as correct.

However, these benchmarks overlook the an-
swer ambiguity inherent in associative tasks, which
stems from the divergent nature of associations.
This ambiguity can be explicitly decomposed into
two parts: internal and external ambiguity.

(1) Internal Ambiguity. Internal ambiguity
refers to cases where the designated answer itself is
unreasonable. For example, in the associative task
shown in Fig. 1 (left), the task requires the models
to associate the shape of a cloud with an object
that resembles it (Zhong et al., 2024b). Here, the
correct answer is set as Option A, "cat", because
a cat can curl into a circular shape, as shown in
Fig. 1 (right). However, this answer is unreason-
able since the typical shape of a cat does not match
the shape of the cloud. With internal ambiguity,
models cannot identify the correct answer from op-
tions even if they possess strong associative ability,
and therefore the evaluation results fail to reflect
the true associative ability of models.

(2) External Ambiguity. External ambigu-
ity arises when the correct options include mul-
tiple equally correct options. As illustrated in
Fig. 1 (right), the correct answer, Option A, is not
unique; Options B and C are also valid because
their circular shapes closely resemble the shape
of the cloud. In this associative task, external am-
biguity occurs because multiple options share a
resemblance to the natural object’s shape. In such
cases, directly judging a model’s answer against a
ground truth lead to inaccurate evaluations.

Neglecting internal or external ambiguity in-
troduces risks that render evaluation results non-
faithful. Effectively circumventing answer ambi-
guity is critical for ensuring that benchmarks pro-
duce reliable evaluations. To address this issue, we
construct a multimodal associative benchmark that
circumvents ambiguity and provides more faithful
quantification of associative ability.

In our task design, MLLMs are required to per-
form a associative task, such as that illustrated in
Fig. 1 (left), where they identify the shape of a spe-
cific natural object in an image and then associate it
with the most visually similar object. Ambiguity in
this task arises from divergent visual associations.

To mitigate ambiguity, we propose a novel hybrid
computational method that mitigates both internal
and external ambiguity.

Using our method, we construct the first multi-
modal associative benchmark circumventing ambi-
guity, AssoCiAm, to quantify models’ associative
abilities. Furthermore, we conduct large-scale eval-
uations on various models and identify a strong
correlation between associative ability and cogni-
tive capability. Through a series of experiments,
we analyze the impact of ambiguity on association
evaluation, which leads to random-like behavior
in models, and validate the effectiveness of our
method in mitigating ambiguity. Our contributions
are summarized as follows:
• We first introduce the answer ambiguity inherent

in association evaluation and discuss its impact
on the reliability of association evaluation.

• We construct AssoCiAm, for evaluating associa-
tive ability and propose a hybrid computational
method to circumvent the ambiguity.

• We conduct extensive experiments to assess asso-
ciative abilities of MLLMs, show the impact of
ambiguity on association evaluation, and validate
the effectiveness of our proposed method.

2 Related Work

Multimodal Large Language Model. MLLMs
are LLM-based systems capable of receiving, rea-
soning and producing outputs across multiple
modalities (Yin et al., 2024). To endow models
with such capabilities, researchers typically posi-
tion pre-trained LLMs (Chung et al., 2024; Touvron
et al., 2023a; Chiang et al., 2023; Bai et al., 2023a;
Touvron et al., 2023b) as the brain of the system
while employing multimodal encoders (Zhao et al.,
2025; Cherti et al., 2023; Radford et al., 2021; Sun
et al., 2023) as sensory components to process mul-
timodal information. Recently, various techniques
have been proposed (Li et al., 2023a; Zhong et al.,
2023; Lu et al., 2022; Zhang et al., 2023b; Huang
et al., 2025a; Zhong et al., 2024a; Yang et al., 2024;
Wu and Xie, 2024) to enhance the emergent ca-
pabilities of MLLMs, bridging the gap between
human and artificial intelligence. These advance-
ments underscore the importance of evaluation in
the research and development of MLLMs (Huang
and Zhang, 2024).
Computational Creativity. The emergence of in-
creasingly powerful MLLMs has reignited inter-
est in computational creativity (Ismayilzada et al.,
2024b). Computational creativity encompasses a
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broad range of tasks, including linguistic creativ-
ity (Mittal et al., 2022; Arora et al., 2022; Xie et al.,
2025; Chakrabarty et al., 2023; Ismayilzada et al.,
2024a), creative problem solving (Jiayang et al.,
2023; Lewis and Mitchell, 2024; Opiełka et al.,
2024; Mitchell et al., 2023; Ahrabian et al., 2024),
and artistic creativity (Yang et al., 2022; Popescu-
Belis et al., 2023; Shi et al., 2023b; Brooks et al.,
2024; Copet et al., 2024). A key underlying capa-
bility for all these forms of creativity is associative
ability, as these creative tasks rely on associative
thinking to form connections between diverse con-
cepts. Therefore, gaining insight into creativity
necessitates a deeper understanding of associative
ability, which serves as the core of creativity.
Associative Thinking Evaluation. Various frame-
works have been developed to evaluate associa-
tive ability from diverse perspectives. For instance,
DAT (Chen and Ding, 2023) assesses models’ as-
sociative abilities by measuring semantic distance,
reporting that models outperform humans in this
aspect. Additionally, the Alternate Uses Test (Guil-
ford, 1967) and the Torrance Tests of Creative
Thinking have been used to evaluate models, with
studies indicating that GPT-3 (Brown, 2020) and
GPT-4 (Achiam et al., 2023) achieve near-human
performance (Góes et al., 2023; Guzik et al., 2023;
Hubert et al., 2024; Koivisto and Grassini, 2023).
Despite these advancements highlighting progress
in associative tasks primarily dependent on diver-
gent thinking, models continue to show gaps com-
pared to humans on associative tasks requiring lat-
eral thinking or "thinking outside the box" (Jiang
et al., 2023; Kraaijveld et al., 2024; Lin et al., 2021;
Zhang and Wan, 2022; Zhong et al., 2024b; Huang
et al., 2025c). Our benchmark specifically focuses
on this type of tasks, addressing the unique ambi-
guities inherent in associative evaluations.

3 The Need for New Benchmarks

Current benchmarks have provided valuable in-
sights into the associative abilities of MLLMs
while also highlighting their limitations. How-
ever, there is still room for improvement. Given
the divergent nature of association, the ambigu-
ity present in different datasets vary and often re-
mains implicit. As a result, the ambiguity in an
associative benchmark go unnoticed during its de-
sign. This makes it essential to explicitly account
for ambiguity when constructing benchmarks to
ensure more reliable and fair assessments. Fur-

thermore, we analyze several existing benchmarks,
including BiRdQA (Zhang and Wan, 2022), Brain-
Teaser (Jiang et al., 2023), and RiddleSense (Lin
et al., 2021), by sampling 70 questions from each.
Our analysis reveals that 15.7%, 24.3%, and 17.1%
of the questions from these benchmarks contain am-
biguity, indicating that ambiguity is both prevalent
and non-trivial. These findings point to the need
for greater fairness in evaluation and highlight the
importance of developing new benchmarks that ex-
plicitly and systematically mitigate the ambiguity.

4 Construction of AssoCiAm

In this section, we present the pipeline for con-
structing AssoCiAm that mitigates ambiguity.

4.1 Overview of The Pipeline

AssoCiAm follows a multiple-option question-
answering format. A test sample consists of two
main components. (1) An image. As illustrated in
Fig. 2 (d, e, f), an image is a mask, e.g. Fig. 2 (b),
filled with natural objects such as clouds, beaches,
and waterfalls, embedded in a natural background.
(2) A Question-Options pair. Questions and op-
tions are presented in text format. For each ques-
tion, models are given m options, only one of which
is correct; we term this an mT1 question. Our
benchmark includes three subtasks: 4T1, 7T1, and
10T1, each consisting of a series of mT1 questions
with 4, 7, and 10 options, respectively.

To construct the benchmark, we design a two-
stage pipeline. (1) Avoiding Internal Ambigu-
ity, which collects images while avoiding internal
ambiguity. We collect representative masks that
eliminate internal ambiguity. Using these masks
as guidance, we generate images and review them
to ensure quality and consistency. (2) Avoiding
External Ambiguity, which constructs Question-
Options pairs while mitigating external ambiguity.
We introduce a structured way to model the op-
tions to systematically mitigate external ambiguity.
Based on this model, we apply an optimization
method to select appropriate distractors and con-
struct reliable test samples.

4.2 Avoiding Internal Ambiguity

We propose a hybrid computational approach to
eliminate the internal ambiguity during the process
of collecting masks and images that we need. In
this context, eliminating internal ambiguity means
ensuring that shapes of masks are representative.
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First, we collect masks extracted from images.
The images come from the publicly available
ILSVRC12 dataset (Russakovsky et al., 2015). The
dataset is specifically designed for image classifi-
cation, focusing on typical features of each class,
making it well-suited for extracting representative
masks. We sample 25 images per class and use the
SAM model (Kirillov et al., 2023) to extract their
corresponding masks. For instance, Fig. 2 (b) is
the mask extracted from Fig. 2 (a).

(d) Cloud Image (e) Beach Image

(a) Origin Image (b) Mask (c) Regeneration

(f) Waterfall Image

Figure 2: Examples for images used in our method. (a)
is a image collected. (b) is the mask extracted from (a).
(c) are images regenerated guided by (b) and overlaid
with (b). (d, e, f) are final images used in our benchmark.

Second, we filter and augment masks that rep-
resent image classes, following a key principle: a
representative mask should be inherently recogniz-
able and align with general human perception.

To facilitate this, we first apply a computational
filtering method to simplify the selection process
and help human experts work more efficiently and
precisely when refining and selecting representa-
tive masks. The method is based on the premise
that a truly representative mask should enable a
regenerated image, guided by the mask, to be
recognized as belonging to its original class.

Specifically, we use a control diffusion
model (Rombach et al., 2022; Zhang et al., 2023a;
Huang et al., 2023; Shi et al., 2023a) to regen-
erate images guided by masks, with irrelevant re-
gions overlaid to reduce visual distraction. For each
mask, eight images are regenerated to mitigate ran-
domness. As shown in Fig. 2 (c), a rabbit image
is regenerated and overlaid with its corresponding
mask from Fig. 2 (b).

Next, we use CLIP (Radford et al., 2021) to clas-
sify the regenerated images. A mask’s representa-
tiveness is measured by the average classification
probability across its regenerated images. Masks

scoring above 97% are retained for further review.
Human experts then are invited to select the most

representative masks from this filtered set. Ad-
ditionally, human experts include a small number
of masks sourced from the public website flaticon,
which provides free-to-use images for project pur-
poses. These masks, though excluded from the
selected classes, are commonly associated with the
context of our task. This final collection of masks
thus constitutes the original mask set.

With the original mask set, we use the control
diffusion model (Rombach et al., 2022; Zhang et al.,
2023a; Huang et al., 2023; Shi et al., 2023a) to
generate images of clouds, beaches, and waterfalls,
each guided by its corresponding mask, as shown in
Fig. 2 (d, e, f). A subsequent manual filtering step
ensures consistency, clarity, and completeness of
the generated images, thereby eliminating internal
ambiguity in AssoCiAm.

4.3 Avoiding External Ambiguity

To construct Question-Options pairs for Asso-
CiAm, we use the selected classes as candidate
distractors. To avoid external ambiguity, it is es-
sential to prevent distractor classes with shapes
similar to the correct answer from being selected.
Since the most representative mask for each class
has been identified, the similarity between shapes
of two classes corresponds to the similarity be-
tween their corresponding masks.

Given this, we represent the relationships among
options using a graph. Specifically, we define an
undirected complete graph G = ⟨V,E⟩, where
V = {v1, v2, . . . , vn} represents the set of classes,
and E = {eij} is the set of edges. Each edge eij
quantifies the similarity between masks vi and vj ,
serving as a measure of their resemblance.

To determine the optimal set of distractors and
answers, we define a subgraph G′ = ⟨V ′, E′⟩,
where V ′ ⊆ V and E′ ⊆ E, with v0 ∈ V ′ rep-
resenting the correct answer. Ensuring the unique-
ness of the correct answer corresponds to minimiz-
ing the following function:

S(G′) =
∑

vi∈V ′,i ̸=0

1

|V ′| − 1
e0i, (1)

where eij represents the similarity between the
classes vi and vj . This ensures that distractors are
as dissimilar as possible from the correct answer.

However, minimizing S(G′) alone can lead to a
scenario where the distractors are highly similar to
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each other. This allows the model to identify the
correct answer by eliminating the distractors based
on their mutual resemblance rather than truly recog-
nizing the correct answer. To address this issue, we
include the variance σ2(G′) of all edge weights
in G′ as a regularization term, which measures
the spread of similarities among options relative
to their mean and does not directly indicate the
magnitude of similarity. The combined objective
function is expressed as:

F (G′) = S(G′) + λσ2(G′), (2)

where σ2(G′) represents the variance of all the
edge weights, and λ is a regularization parame-
ter that controls the trade-off between minimizing
similarity and maintaining variance.

To construct the graph, we calculated the simi-
larity between masks via DINO-v2 (Oquab et al.,
2023; Darcet et al., 2023), which focuses exclu-
sively on their geometric shapes since the masks
are binary (black and white) and differ primarily in
shape. Then, Genetic Algorithm (Mirjalili and Mir-
jalili, 2019; Holland, 1992; Mitchell, 1998; Gold-
berg, 2013) is applied for the optimization. The
implementation of the Genetic Algorithm is pro-
vided in Appendix A.3.

Finally, we construct Question-Options pairs for
the benchmark within the generated images and the
algorithm. For each mT1 subtask, we select three
questions per image. These questions express the
same meaning but are phrased differently to query
the model. This design helps minimize randomness
in the evaluation process. Then, for each question,
our algorithm selects distractors based on the cor-
rect answer to generate m options. In this way,
we construct the final test samples and assemble
AssoCiAm, which circumvents both internal and
external ambiguity.

4.4 AssoCiAm Analysis

AssoCiAm consists of 2,025 test samples, each
comprising an image with a corresponding
Question-Options pair. The images are of high
quality, with a resolution of 512, ensuring suffi-
cient detail to effectively convey the necessary in-
formation. The benchmark includes three mT1
tasks with varying difficulty levels. AssoCiAm
covers 25 classes, encompassing diverse aspects of
daily life, ensuring its comprehensiveness. These
key attributes make AssoCiAm a lightweight yet
comprehensive benchmark for evaluating the as-

sociative ability of models. Table 1 provides an
overview of the key statistics of AssoCiAm.

Statistics Value
Class 25
Image 225
Image Resolution 512× 512
4T1 Question 675
7T1 Question 675
10T1 Question 675

Table 1: Key statistics of AssCiAm. mTn question rep-
resents question with m options and n correct answers.

5 Experiment Setup

5.1 Model Seclection
MLLMs. To comprehensively assess model per-
formance, we consider a range of both open- and
closed-source multimodal large language mod-
els. For each model family, we include a se-
ries of available models, ranging from good to
better performance. (i) InternVL2 (Chen et al.,
2024c,b; Gao et al., 2024; Wang et al., 2024; Chen
et al., 2024a), (ii) LLaVA-Next (Liu et al., 2023b,a,
2024; Zhang et al., 2024; Li et al., 2024b,a,d),
(iii) LLaVA-OneVision (Li et al., 2024c), (iv)
MiniCPM-V (Yao et al., 2024), (v) Yi (AI et al.,
2024), (vi) CogVLM (Wang et al., 2023; Hong
et al., 2023, 2024), (vii) mPLUG-Owl (Ye et al.,
2023a,b, 2024), (viii) Otter (Li et al., 2023c,b),
(ix) Qwen-VL (Bai et al., 2023b), (x) Visual-
GLM (Ding et al., 2021; Du et al., 2022), (xi)
MiniGPT-4 (Zhu et al., 2023; Chen et al., 2023),
(xii) ChatGPT-4o mini (Hurst et al., 2024), (xiii)
Gemini-1.5-pro (Team et al., 2024).
Human experts. To investigate human perfor-
mance on this task, we invite three human experts
to complete a quiz consisting of 10% of our bench-
mark, randomly sampled from the benchmark.

5.2 Evaluation Settings
In our experiments, we use Top-1 accuracy as the
evaluation metric, as it provides a fair measure for
the multiple-option question-answering format and
is widely adopted in prominent commonsense rea-
soning tasks (Mihaylov et al., 2018; Talmor et al.,
2018; Bisk et al., 2020). We evaluate model perfor-
mance across three subtasks, reporting individual
accuracy scores for each. To obtain a comprehen-
sive understanding of models’ associative abilities,
we compute the weighted average accuracy across
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Figure 3: Linear regression lines illustrate the relationship between scores of association and cognition. mT1
represents association performance on mT1 tasks, while Avg. indicates the overall performance. The X-axis
represents the cognition scores, and the Y-axis represents the association scores. The Pearson Correlation quantifies
the correlation between association and cognition. The shaded area indicates the data points within a 95% confidence
interval around the regression line.

Model Size 4T1 7T1 10T1 Avg.

GPT-4o-mini - 34.81 17.93 15.56 20.01
InternVL2-40B 40B 38.67 25.78 23.85 27.32
InternVL2-26B 26B 44.89 25.19 21.63 27.25
InternVL2-8B 8B 48.59 24.30 13.48 23.77
InternVL2-4B 4B 34.07 18.37 13.93 19.25
Qwen-VL-Max (0809) - 45.19 35.85 23.11 31.56
Qwen-VL-Plus (0809) - 44.00 25.78 22.67 27.77
LLaVA-OneVision-72B 72B 52.59 39.11 32.30 38.43
LLaVA-OneVision-7B 7B 53.33 39.41 32.15 38.60
LLaVA-Next-72B 72B 44.15 27.26 23.41 28.64
LLaVA-Next-34B 34B 39.56 26.67 18.37 25.17
LLaVA-Next-mistral-7B 7B 30.96 24.00 16.74 21.87
MiniCPM-V 2.6 8B 50.37 29.33 18.67 28.26
MiniCPM-Llama3-V 2.5 8.5B 45.63 26.67 23.70 28.87
MiniCPM-V 2 2.8B 47.41 26.67 16.74 25.89
MiniCPM-V 3B 40.89 22.81 12.74 21.46
Yi-vision - 40.30 30.37 21.93 28.24
Yi-VL-34B 34B 35.26 22.52 15.85 21.77
Yi-VL-6B 6B 31.85 16.15 12.74 17.52
CogVLM-17B-chat 17B 19.85 11.11 4.59 9.67
CogVLM2-19B-chat 19B 43.11 22.67 17.33 24.02
VisualGLM-6B 8B 27.70 13.63 10.37 14.76
MiniGPT-4-v2 8B 28.00 13.63 11.26 15.24
MiniGPT-4 (VicunaV0-13B) 13B 23.41 13.48 8.15 12.83
mPLUG-Owl3 8B 34.22 23.70 19.26 23.59
mPLUG-Owl2 8.2B 35.70 23.70 16.44 22.53
OTTER-Image-MPT7B 7B 25.63 11.26 4.89 10.96
Gemini-1.5-pro - 44.30 37.04 28.44 34.33
human - 100.00 100.00 100.00 100.00
random - 22.67 13.63 10.67 13.94

Table 2: The results of the evaluation. mT1 represents
the score for a task with m options and one correct
answer. The Avg. column represents the weighted
average score, calculated by the formula: Avg. =
(4×4T1+7×7T1+10×10T1)

4+7+10 .

the three subtasks due to their different difficulty
levels. The weight assigned to an mT1 task is m.

To ensure a fair evaluation, all models are tested
using a unified prompt template within a two-shot
demonstration setup. This setup is designed to
stimulate associative reasoning across models.

6 Results

Overall Performance. The main results are pre-

sented in Table 2. LLaVA-OneVision 7B and
LLaVA-OneVision 72B achieve the top-2 perfor-
mances across the three tasks and on the overall
average score, with only minor differences between
them. However, all models do not achieve high
scores and their scores decrease as the number
of distractors increases. These results underscore
the challenges posed by the benchmark and indi-
cate that mitigating ambiguity does not necessarily
make the benchmark too easy for models. More-
over, models still exhibit a significant gap com-
pared to human performance. This behavior high-
lights a discrepancy between models and humans in
associative tasks. Notably, human participants con-
sistently demonstrate robust associative abilities
even as task difficulty increases, whereas model per-
formance declines under similar conditions. The
inconsistency observed across model responses in-
dicates that models lack a strong ability to form
meaningful connections between seemingly unre-
lated concepts—the core of association. This limi-
tation further underscores the gap between current
models and human-level associative capabilities.

Correlation between cognition and association.
Previous studies (Martinsen, 1994, 1993; Kauf-
mann, 1979; Runco and Chand, 1995; Huang et al.,
2025d; Mednick, 1962) have highlighted that hu-
man cognitive abilities (knowledge, perception,
and reasoning) form the foundation of associative
ability (e.g., association requires adequate knowl-
edge, the ability to perceive each concept clearly,
and the capacity to reason from one concept to
another.). These theories suggest that for both hu-
mans and models, association and cognition should
exhibit at least some degree of correlation.

To analyze the correlation between cognition
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and association, we use scores from the MMMU
benchmark (Yue et al., 2024) as an indicator of
models’ cognitive ability, as MMMU is specifi-
cally designed to evaluate comprehensive cognitive
skills of MLLMs. The Pearson Correlation Coeffi-
cient (Sedgwick, 2012; Schober et al., 2018; Cohen
et al., 2009) is computed to quantify the linear cor-
relation between cognition and association. As
shown in Fig. 3, all Pearson Correlation Coefficient
values exceed 0.66, with three exceed 0.71, demon-
strating a strong positive correlation between cog-
nition and association. Most data points fall within
the confidence interval, further supporting the lin-
ear relationship. Consistent with the perspective,
the results show a strong correlation between as-
sociation and cognition, aligning well with human
cognitive theories. This further validates that our
benchmark is well designed in accordance with
human cognitive principles.

7 Analysis

To analyze the impact of ambiguity and the effec-
tiveness of our method, we focus on the following
four research questions (RQs):
• RQ1: How does the presence of internal ambigu-

ity affect the evaluation outcomes?
• RQ2: How does the presence of external ambigu-

ity affect the evaluation outcomes?
• RQ3: Does DINO-v2 (Oquab et al., 2023; Darcet

et al., 2023) focus on geometric shapes of masks?
• RQ4: Does our algorithm effectively mitigate ex-

ternal ambiguity in distractor selection process?

The ambiguity affects association evalua-
tion (RQ1&RQ2). To investigate the impact of
ambiguity, we first sample classes and their asso-
ciative questions with four options to construct an
original validation set (Ori), a subset of AssoCiAm.
Subsequently, we derive two validation sets from
Ori: one with internal ambiguity (Int) and one
with external ambiguity (Ext).

For Int, we invite human experts to replace the
original answers in Ori with unreasonable answers
and ensure that options remain dissimilar, to ex-
plicitly introduce internal ambiguity. For instance,
the original answer, ’A. Goblet,’ is replaced with
’A. Blackboard,’ and it still serves as the correct
answer. Due to external ambiguity avoidance in the
Ori, this process creates Int, where internal ambi-
guity is the primary source of ambiguity.

To study the effects of internal ambiguity com-
prehensively, we assess performance of models in

Figure 4: The evaluation results of models. Ori indicates
the scores evaluated on Ori, Int indicates the scores
evaluated on Int and Ext indicates the scores evaluated
on Ext. The red line y = 25 indicates the expected score
of answering questions randomly.

Section 6 on Ori and Int. As shown in Fig. 4 (a),
most of the scores in Int tend to approximate
random-choice performance levels, compared to
those in Ori. This finding suggests that internal
ambiguity renders models incapable of distinguish-
ing answers based on questions. Additionally, the
result of scores nearing random performance high-
lights the lack of faithfulness in these evaluations,
as models fail to answer questions through mean-
ingful associations and answer questions randomly.

Figure 5: Examples of a series of scale masks.

For Ext, we invite human experts to add new
classes to explicitly construct external ambiguity.
To achieve this, the human experts follow this pro-
cedure: observe the masks in the original mask
set (Section 4.2), use association to infer what the
masks resemble, and generate ambiguous distrac-
tors based on these associations. By replacing the
distractors in Ori with these ambiguous distractors,
we construct Ext. In this set, all distractors are
ambiguous, while all answers remain reasonable,
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(b) Masks in the same class
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(c) Similar and Dissimilar Masks
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Figure 6: Heatmaps of similarity among masks. A similarity score of 1 indicates a high degree of similarity, while a
score of 0 indicates a high degree of dissimilarity. The number in axis denotes the id of masks. (a) illustrates the
similarity among a series of scale rabbit masks. (b) illustrates similarity among different chrysanthemum masks.
In (c), id 3 is the shark mask; id 0 to 2 are masks of ambiguous distractors; id 4 to 6 are masks of unambiguous
distractors. See Appendix A.5 for more results.

making external ambiguity the primary risk.
As shown in Fig. 4 (b), we use the same models

as in RQ1 and observe that most of the scores in Ext
also approach random-choice levels compared to
Ori. This result indicates that models are confused
by the choices due to all options being plausible
answers and fail to answer questions correctly, even
though they make meaningful associations.
DINO-v2 calculate the similarity among
masks (RQ3). To assess whether DINO-v2
primarily relies on geometric shapes, we scale
masks to generate a series of versions, as shown in
Fig. 5, and calculate their pairwise similarity. The
result, presented in Fig. 6 (a), shows high similarity
values, indicating that DINO-v2 primarily focuses
on geometric shapes.

Next, we evaluate whether DINO-v2 produces
consistent similarity representations for masks
within the same semantic class, despite minor ge-
ometric variations. Human experts are invited to
select representative masks from filtered set (Sec-
tion 4.2), following the key principle outlined in
Section 4.2. DINO-v2 is then employed to calcu-
late the similarity among these masks belonging
to the same class. As shown in Fig. 6 (b), the sim-
ilarity among these representative masks is high
and exceeds threshold 50%, indicating that DINO-
v2 exhibits robustness to small shape differences
within the same class.

Finally, we examine whether DINO-v2 can cap-
ture shape-level similarity across different semantic
classes. To this end, human experts gather rep-
resentative masks of ambiguous distractors from
RQ2 to create an extension set. We sample classes
and calculate similarity among their own masks,
the masks of their ambiguous distractors, and the

masks of their unambiguous distractors. The re-
sults, illustrated in Fig. 6 (c), show that similarity
among shark and its ambiguous distractors is high,
whereas the similarity scores between shark and its
unambiguous distractors are much lower. Further-
more, the similarity between shark and its ambigu-
ous distractors is significantly higher than that be-
tween shark and its unambiguous distractors. These
results indicate that DINO-v2 effectively measures
geometric similarity between masks from both sim-
ilar and dissimilar classes.

Overall, our findings demonstrate that DINO-v2
predominantly encodes geometric shape informa-
tion, enabling robust assessment of visual similarity
across a wide range of mask classes.
The algorithm circumvents external ambigu-
ity (RQ4). In Section 4.2, we invited human ex-
perts to refine the masks and images to ensure
the avoidance of internal ambiguity. So, we only
analyze the effectiveness of the algorithm in Sec-
tion 4.3. In this experiment, we use the extension
set (RQ3) and manually label ambiguous distrac-
tors for each class in the original mask set (Sec-
tion 4.2). For each class in the original set, we
perform two processes: randomly selecting dis-
tractors from the extension set, repeated ten times,
and applying the algorithm to select distractors,
also repeated ten times. An answer and its cor-
responding distractors form a multiple-option set.
We then count the number of these multiple-option
sets that contain ambiguous distractors. As shown
in Table 3, 15% of the randomly selected multiple-
option sets overall include ambiguous distractors.
For each option quantity, the proportion of ran-
domly selected multiple-option sets containing am-
biguous distractors increases as the number of op-
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tions grows. In contrast, none of the algorithm-
selected sets contain any ambiguous distractors.
These results clearly highlight the effectiveness of
the algorithm in avoiding external ambiguity.

Quantity Random Algorithm

4 9.60% 0.00%
7 17.20% 0.00%
10 18.00% 0.00%

overall 15.00% 0.00%

Table 3: Comparison of distractor selection methods:
random selection and algorithmic selection. Quantity
refers to the number of options in a multiple-option set.
Random represents the overall proportion of multiple-
option sets with ambiguous distractors when selected
randomly, while Algorithm represents the proportion
when selected via the algorithm.

8 Conclusion

This paper identifies the inherent answer ambiguity
in association evaluation and validates its signif-
icant and unavoidable impact on evaluation reli-
ability. To address this issue, we propose Asso-
CiAm, a benchmark constructed through a hybrid
computational method designed to mitigate ambi-
guity. Our evaluation of MLLMs on AssoCiAm
reveals that these models still exhibit a noticeable
gap compared to human performance in associative
tasks. Furthermore, we find that associative ability
is closely related to cognitive capability, highlight-
ing the importance of advancing both aspects in
future MLLM development.

Limitations

While our tasks focus on association based on ob-
ject shapes to reflect this ability from a specific per-
spective, we aim to expand association evaluation
into a more comprehensive and broader framework
in the future. Additionally, during the evaluation
process, differences in training methods and data
among MLLMs may result in varied interpretations
of images and options. This could lead to mod-
els selecting the correct answer by excluding dis-
tractors through understanding the similar seman-
tics among the distractors rather than directly solv-
ing the task as intended. Finally, our benchmark
assigns a single correct answer to each question.
However, considering that ambiguity arises from
answer diversity, future work should explore more

evaluation frameworks, such as multiple-correct-
option or open-ended questions, which can not only
mitigate the answer ambiguity but also preserve
and leverage answer diversity serving as an intrin-
sic property of association evaluation.
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A Appendix

A.1 Details for collecting images
To collect images, whose classes are applicable to
the associative task, we first merge similar classes
into a single category to address subtle differences
between certain classes, such as cocks and hens.
Additionally, classes that are uncommon for human
recognition or lack distinct shapes are excluded.

A.2 Details for extracting masks
As the segmentation process operates in batches,
SAM (Kirillov et al., 2023) generates multiple
masks per image, which may include both class-
relevant masks and redundant masks. For instance,
Fig. 7 (b) illustrates a representative mask from
Fig. 7 (a), while Fig. 7 (c, d) shows redundant
masks.

(a) (b) (c) (d)

Figure 7: An example of masks extracted by SAM (Kir-
illov et al., 2023). (a) represents the original image of
a table lamp. (b) shows the mask corresponding to the
table lamp, which is the accurately segmented mask. (c)
and (d) illustrate redundant masks extracted from other
objects in the image (a), namely, a hand cream and a
photo frame.

To eliminate redundant masks, the following
approach is adopted: for each image, model
CLIP (Radford et al., 2021) is utilized to rank a
series of images from overlaying segmented masks
onto the original image, as illustrated in Fig. 8. The
mask corresponding to the top-ranked image is then
selected as the class-relevant one. This approach
ensures the accurate extraction of masks per image.

Overlay Images Rank Images
Table Lamp

>

Figure 8: An overview of eliminating redundant masks

A.3 Details for the Genetic Algorithm
The optimization of the function 2 is an NP-hard
problem. To address this, we adopt a genetic algo-
rithm, a classic randomized search method, that is
widely used for solving NP-hard problems. Below
are the main details of our implementation:
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Figure 9: (a, b) are similarities among a series of scale
masks. The masks belong to chrysanthemum or shark.
(c, d) are similarities among masks belonging to the
same class. In (e, f), id 0,1,2,3 indicates masks of am-
biguous distractors, id 5,6,7 are masks unambiguous
distractors. id 4 is the masks of correct answer.

Encoding and Initialization. Each solution is
represented as a binary string, where 1 indicates a
question is selected and 0 indicates it is not. We ini-
tialize the population with 50 randomly generated
selection combinations.

Parent Selection. We use a tournament selec-
tion strategy to choose parent pairs based on fitness
scores, which is calculated by function 2.

Searching. For each parent pair, we apply single-
point crossover with a probability of 0.8, i.e.,

offspring = parent1[: point] + parent2[point :].

With a probability of 0.2, the offspring is directly
copied from one of the parents without crossover.
Each offspring undergoes bit-flip mutation with a
probability of 0.05. To satisfy the selection con-
straints, we randomly flip excess 0s to 1s or vice
versa in the offspring if needed. This process is
repeated for a fixed number of generations to opti-
mize the objective function 2.

A.4 Algorithm in Section 4.3

We summarize our algorithm and the process of
our algorithm is shown in Alg. 1
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Algorithm 1 External Ambiguity Avoidance
Input: The masks set V and answer mask v0. The
regularization parameter λ. The number of masks
n and choices m.
Output: The optimal set of distractors and
answers V ′∗

1: Initialize graph G: eij = DINO-v2 (vi, vj)
2: Construct objective function F (G′) in Eq. (2)
3: Optimal F (G′) via GA(n,m,G, v0, λ)

▷ GA: Genetic Algorithm
4: Select the G′∗ = argminG′F (G′)
5: Decode V ′∗ from G′∗ =< V ′∗, E′∗ >
6: return V ′∗

A.5 DINO-v2 calculate the similarity
As shown in Fig. 9 (a, b), the similarities among a
series of scale masks are consistently high. Addi-
tionally, Fig. 9 (c, d) demonstrates that similarities
among masks within the same class are predomi-
nantly above 70%, with the lowest values still close
to 50%. Fig. 9 (e, f) highlights a clear distinc-
tion between similar and dissimilar masks: similar
masks exhibit higher similarity scores, while dis-
similar masks have notably lower scores. Although
in Fig. 9 (f), the similarities between the correct
answer masks and ambiguous distractor masks are
not as high as in other cases, they remain signifi-
cantly higher than those between the correct answer
masks and unambiguous distractor masks. These
results underscore that DINO-v2 primarily focuses
on the geometric shapes of masks.

A.6 λ balances S(G′) and σ2(G′)

We analyze the effect of λ using the original mask
set, as selecting an appropriate λ for constructing
AssoCiAm depends on the properties of the origi-
nal set. A series of λ values are tested by sampling
some masks as v0 and applying our algorithm to
calculate the corresponding S(G′) and σ2(G′). As
shown in Table 4, increasing λ results in an upward
trend in S(G′) and a downward trend in σ2(G′).
With a well-chosen λ, S(G′) increases moderately,
while σ2(G′) decreases significantly, achieving a
balanced trade-off between the two metrics.

A.7 Prompt
Prompt template used in evaluation is shown
below:
You are a test subject participating in an associa-
tive ability test. Your task is as follows: Given an
image and a question, you need to fully utilize your

V0 λ S(G′) σ2(G′) ∆S(G′) ∆σ2(G′)

12

0 0.1278 0.0062 0.00% 0.00%
0.5 0.1278 0.0062 0.00% 0.00%
1 0.1309 0.0029 2.39%↑ -52.72%↓
2 0.1309 0.0029 2.39%↑ -52.72%↓
5 0.1350 0.0012 5.62%↑ -79.83%↓

17

0 0.1423 0.0087 0.00% 0.00%
0.5 0.1423 0.0087 0.00% 0.00%
1 0.1468 0.0034 3.10%↑ -60.31%↓
2 0.1468 0.0034 3.10%↑ -60.31%↓
5 0.1557 0.0010 9.42%↑ -89.02%↓

18

0 0.1503 0.0081 0.00% 0.00%
0.5 0.1510 0.0032 0.45%↑ -60.63%↓
1 0.1510 0.0032 0.45%↑ -60.63%↓
2 0.1535 0.0011 2.17%↑ -86.44%↓
5 0.1535 0.0011 2.17%↑ -86.44%↓

25

0 0.1601 0.0233 0.00% 0.00%
0.5 0.1610 0.0036 0.53%↑ -84.56%↓
1 0.1610 0.0036 0.53%↑ -84.56%↓
2 0.1610 0.0036 0.53%↑ -84.56%↓
5 0.1712 0.0009 6.93%↑ -96.27%↓

Table 4: The values with different λ. V0 indicates the
id of the answer. ∆S(G′) and ∆σ2(G′) are the the
change of S(G′) or σ2(G′) relative to that calculated
with λ = 0. ∆S(G′) = (S(G′)−S(G′)λ=0)

S(G′)λ=0)
; ∆σ2(G′) =

(σ2(G′)−σ2(G′)λ=0)
σ2(G′)λ=0)

associative abilities and choose the best option
from the given choices to answer the question. The
given image and multiple-choice question are in
the INPUT, specifically:
1.IMAGE: A provided image
2.QUESTION: A given question related to the
image, requiring association to answer
3.OPTION: The given options, from which you
need to select the best option based on your
associative thinking to answer the question
Your OUTPUT should include ANSWER, formatted
as follows:
A/B/C/D
One of the letters A, B, C, or D, representing the
best option for answering the question.
Please strictly follow this format to output the
answer for the question posed in the INPUT

Associative thinking helps people understand
things from different perspectives, enabling them
to quickly adapt to new situations and improve
problem-solving abilities. In the field of LLM,
associative ability is also a very important metric.
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Now, we will test your associative thinking. Based
on the given image, fully utilize your associative
abilities to think about the given question, and
select the best option from the given choices as
your answer. Then, output your answer in the
specified format.

Below are some examples. Please strictly
follow the format.

Example 1:
INPUT: {

"IMAGE": ,
"QUESTION": "Observe the mountain in the

image and use your associative thinking to consider
what it resembles. Please choose the best option
from the following choices to answer the question.",

"OPTION": "(A) Fish tank
(B) Tissue
(C) Eye
(D) Water bottle"
}
OUTPUT: C

Example 2: INPUT: {
"IMAGE": ,
"QUESTION": Carefully observe the shape of

the lake in the image. What does it remind you of
using your associative thinking? Please choose the
best option from the following choices to answer
the question.",

"OPTION": "(A) Cat
(B) Phone
(C) Rock
(D) Alarm clock"
}
OUTPUT: A

Referencing the above examples, based on
the following latest INPUT information, use
associative thinking to analyze the given image,
and select the best option from the provided
choices to answer the question. Strictly output the
result in the same format as shown in the examples.

INPUT: {
"IMAGE": ,
"QUESTION": "<question>",
"OPTION": "<option>"

}
OUTPUT:
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