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ABSTRACT

Multimodal Large Language Models (MLLMs) have experienced rapid progress in
visual recognition tasks in recent years. Given their potential integration into many
critical applications, it is important to understand the limitations of their visual
perception. In this work, we study whether MLLMs can perceive small visual
details as effectively as large ones when answering questions about images. We
observe that their performance is very sensitive to the size of the visual subject
of the question, and further show that this effect is in fact causal by conducting
an intervention study. Next, we study the attention patterns of MLLMs when
answering visual questions, and intriguingly find that they consistently know where
to look, even when they provide the wrong answer. Based on these findings, we
then propose training-free visual intervention methods that leverage the internal
knowledge of any MLLM itself, in the form of attention and gradient maps, to
enhance its perception of small visual details. We evaluate our proposed methods
on two widely-used MLLMs and seven visual question answering benchmarks
and show that they can significantly improve MLLMs’ accuracy without requiring
any training. Our results elucidate the risk of applying MLLMs to visual recogni-
tion tasks concerning small details and indicate that visual intervention using the
model’s internal state is a promising direction to mitigate this risk.'

1 INTRODUCTION

Multimodal large language models (MLLMs) (Hurst et al., 2024; Team et al., 2024; Anthropic, 2024;
Wang et al., 2024; Li et al., 2024a; Team et al., 2025; Chen et al., 2025) have greatly progressed the
state of multimodal reasoning and planning, and are rapidly being integrated into various downstream
applications, ranging from robotics (Li et al., 2024b; Chen et al., 2024), biomedicine (Li et al., 2023a),
autonomous driving (Xu et al., 2024b; Zhang et al., 2023a) to visual mathematical reasoning (Gao
et al., 2023; Zhang et al., 2024c;b) and even food recipe generation (Chhikara et al., 2024). Given
the rapidly growing application of MLLMs, especially in critical domains such as biomedicine and
security, it is crucial to study the limitations of their visual perception to elucidate the potential risks
that may affect their downstream applications.

To motivate the limitation that will be the focus of this work, we start by presenting three revealing vi-
sual question answering examples in Fig. 1, in which we ask a popular MLLM BLIP-2 (FlanT5x1,) (Li
et al., 2023b) to identify an object’s presence or type in each image as we vary the size of the object.
In the absence of any prior evidence, we might reasonably expect the MLLM’s answer to be invariant
to the size of the object, because of the MLLM’s large representational capacity and pretraining on
a wide variety of images containing objects of various sizes. To the contrary, in Fig. |1 (left), we
observe that initially the model does not recognize the existence of a small street sign and assigns a
lower probability to the correct answer; however, zooming into the image (via more focused visual
cropping) towards the street sign gradually increases the probability assigned to the correct answer,
suggesting that the model gradually perceives more and more relevant details of the street sign.

'Our code is available at https://github.com/saccharomycetes/mllms_know.
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Figure 1: The effect of visual cropping on the probability of answers predicted by BLIP-2 FlanT5
zero-shot VQA model. The x-axis labels are indices to the respective cropped images displayed under
each plot that the model sees at each step. The model gradually nds the correct answer.

In Fig. 1 (middle), we observe further evidence of this dif culty in perceiving small details: the
model initially predictawvhiteas the type of the bird, but when we zoom into the image towards the
bird, without changing the question in any way, we observe that the model gradually assigns higher
probability to the correct bird type @&gret This suggests that the model was not making a semantic
error of misunderstanding whatpe means, rather it was unable to perceive suf cient details to
discriminateegretfrom otherwhite birds, which is mitigated by visual cropping. Similarly, in Fig. 1
(right), we observe that the model's initial answer is not entirely irrelevant (“ama” compared to the
correct answer “moma”), suggesting that the model knows where to look based on the question but
cannot accurately perceive the actual word, which is again mitigated by visual cropping.

In this work, we will study the limitation observed in Fig. 1 extensively, elucidate its cause, and
propose potential solutions to mitigate its consequences. In Sec. 3, we quantitatively show that there
indeed exists a dif culty in perceiving small visual concepts across various widely-used MLLMs. Our
ndings are consistent with prior works on evaluating the text-image matching in vision-language
joint embedding models, which have observed a reverse correlation between visual object size in
images and the text-image matching score (Zhao et al., 2022), but we further establish a causal
connection between visual concept size and MLLMs' perception ability through an intervention study.
In Sec. 4, we study whether the MLLMs' dif culty in perceiving small visual concepts stems from a

dif culty in perceiving visual details, or from a dif culty in locating the concept due to its small size.

We quantitatively show that MLLMs consistently know where to look, even when they fail to answer
the question correctly. In Sec. 5, we propose three automatic visual cropping methods—Ileveraging
the attention maps and gradients of the MLLM itself—as scalable and training-free solutions to
the visual perception limitation. Finally, in Sec. 6, we apply our proposed methods to two popular
MLLMs and evaluate them on seven visual question answering (VQA) benchmarks, showing their
ef cacy in enhancing MLLMs' accuracy, especially on detail-sensitive benchmarks.

2 RELATED WORKS

Multimodal Large Language Models (MLLMs). MLLMs are foundation models capable of
handling diverse language and vision tasks. These models fall into two categamik$o-end
pretrainedandmodular pretrained End-to-end models process joint image-language data through
architectures such as dual-encoder (Radford et al., 2021), fusion-encoder (Li et al., 2021), encoder-
decoder (Cho et al., 2021), and uni ed transformer (Wang et al., 2022), using objectives like
image-text matching, contrastive learning, and masked language modeling. Modular pretrained
models, which dominate recent state-of-the-art approaches, avoid costly full pretraining by adapting
existing components: BLIP2 (Li et al., 2023b) and InstructBLIP (Dai et al., 2023) train a Transformer-
based connector between a frozen pretrained ViT (Dosovitskiy et al., 2021) image encoder and a
frozen LLM, which transforms ViT output tokens into a xed set of image tokens in the input space

of the LLM; Qwen-VL (Bai et al., 2023), similarly uses a xed-length token connector (a single
cross-attention layer), but trains both the connector and the LLM; LLaVA (Liu et al., 2023b) and
LLaVA-1.5 (Liu et al., 2023a) instead use a linear projection and a two-layer MLP as their connectors,
respectively, and train both. Our work will contribute to a better understanding of the perception
limitations of MLLM and improve their perception scalably and without training, offering orthogonal
bene ts to existing approaches.
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