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Abstract

Multimodal Large Language Models (LLMs) have recently achieved promising
zero-shot accuracy on visual question answering (VQA) — a fundamental task
affecting various downstream applications and domains. Given the great potential
for the broad use of these models, it is important to investigate their limitations in
dealing with different image and question properties. In this work, we investigate
whether multimodal LLMs can perceive small details as well as large details in
images. In particular, we show that their zero-shot accuracy in answering visual
questions is very sensitive to the size of the visual subject of the question, declining
up to 46% with size. Furthermore, we show that this effect is causal by observing
that human visual cropping can significantly mitigate their sensitivity to size.
Inspired by the usefulness of human cropping, we then propose three automatic
visual cropping methods as inference time mechanisms to improve the zero-shot
performance of multimodal LLMs. We study their effectiveness on four popular
VQA datasets, and a subset of the VQAv2 dataset tailored towards fine visual
details. Our findings suggest that multimodal LLMs should be used with caution in
detail-sensitive VQA applications, and that visual cropping is a promising direction
to improve their zero-shot performance. Our code and data are publicly available.

1 Introduction

Visual question answering (VQA) is a fundamental task with a broad range of downstream applications
in many critical domains, from biomedicine [[19, 14, 9] to traffic monitoring [23| 25]] and remote
sensing [[17, [13]]. Zero-shot VQA — answering visual questions in a domain without having access
to annotated data from that specific task and domain — is of particular interest since collecting
reliable answers for an extensive number of question-image pairs is expensive and time-consuming,
and thus impractical for many downstream tasks due to lack of access to experts or privacy and
security concerns [26]. Recently, multimodal Large Language Models (LLMs) [I11} [1} [15] have
shown promising accuracy in zero-shot VQA, commonly attributed to their pretraining on terabytes
of image and language data with billion-parameter Transformer-based neural networks. Given their
potentially broad adoption in downstream tasks, it is crucial to study their limitations in dealing with
various phenomena in images and questions. To that end, in this work, we investigate whether their
question-answering ability is affected by the size of the visual object of interest.
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Question: Are there any street signs in the picture? Question: What kind of bird is this?
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Figure 1: The effect of visual cropping on the probability of answers predicted by BLIP2 in zero-shot
VQA. The x-axis represents the crop size around the relevant visual subject of the question (x-axis
labels are indices to the cropped images displayed below each plot that the model sees at each step).
The model gradually finds the correct answer as it looks closer and perceives smaller visual details.
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In Figure[I] we provide two motivating examples to illustrate a limitation in multimodal LLMs that
we will study in this paper in more detail. In these examples, we ask BLIP2 (FlanT5XL) [11]], the
state-of-the-art multimodal LLM in zero-shot VQA, two questions about relatively small objects in
the image, i.e., questions concerning visual details. In the absence of any prior empirical evidence,
it is reasonable to assume that the BLIP2 accuracy is not significantly affected by the size of the
question’s visual subject because of the large representational capacity of multimodal LLMs and their
pretraining on a large variety of images containing objects of various sizes. In Figure [T] (left), we
observe that initially the model does not recognize the existence of a small street sign and assigns
lower probability to the correct answer; however, zooming into the image 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. In Figure[T] (right), we observe further
evidence of this limitation in perceiving visual details. The model initially predicts white as the type
of the bird; however, when we zoom into the image towards the bird via visual cropping, without
changing the question in any way, we observe that the model gradually assigns higher probability
to the correct bird type of egret, suggesting that the model was not making a semantic error of
misunderstanding what type means, neither was it confused about where to look, rather it was unable
to perceive sufficient details to discriminate egret from other white birds, which is enabled by visual
cropping. This observation is particularly surprising since the visual encoding in BLIP2 is not
theoretically restricted in its visual resolution and therefore should be able to perceive the traffic sign
and recognize the bird type regardless of their relative visual sizes. The main goal of this paper is
to investigate the extent of the limitation observed in Figure [I]and potential solutions to mitigate its
consequences. Our study will focus on two variants of BLIP2 as the state-of-the-art for zero-shot
VQA (outperforming Flamingo [[L]) and the only fully open-sourced multimodal LLM.

2 Related Works

Multimodal LLMs can be broadly grouped into two categories: end-to-end pretrained models, and
modular pretrained models. The former group includes architectures that are explicitly designed
for processing joint image and language data, most notably, the dual-encoder [16], the fusion-
encoder [10], the encoder-decoder [3]], and the unified transformer [22], which are trained with
common pretraining objectives: image-text matching and contrastive, and masked language modeling.
The second group aims to overcome the expensive pretraining cost of the former group by learning to
adapt existing pretrained models: some models use a frozen image encoder and finetune an LLM with
the pretraining objectives [24, 27]], whereas some models instead freeze the LLM and finetune the
vision encoder with additional adaptor layers [1,21]. The most successful such model is BLIP2 [11]],
which freezes both the vision encoder and the LLM, and directly learns a transformer-based module
on pretraining objectives to bridge the modality gap of its frozen underlying models. The granular
sensitivity of multimodal LLMs, including BLIP2, to image and question properties, has not been
thoroughly studied. We aim to bridge this gap in the present paper.



Table 1: Sensitivity of zero-shot accuracy of VQA models to the size of visual concepts in TextVQA.
As the relative visual size of the answer decreases (right to left in each row), we observe a significant
decline in the accuracy of original models, whereas visual cropping reduces this accuracy gap.

Answer Bounding Box Size (.5)

Model Crop Method
< 0.005 [0.005,0.05) > 0.05
w/o cropping 19.91 29.07 36.81
BLIP2 (FlanTSx2)  human-crOP 32,06 4131 38.84
w/o cropping 19.38 26.09 33.28

BLIP2 (OPT2.35)  yiman-CROP  27.19 34.36 33.25

3 Sensitivity of Zero-Shot VQA Models to the Size of Visual Concepts

In this section, our goal is to quantitatively test our qualitative observations in Figure ] that the
zero-shot VQA models struggle with describing fine visual details in images. To that end, we consider
the Text-VQA dataset, where for each question we can find the ground-truth bounding box containing
the correct answer (detailed in Appendix [B]). We partition its validation set into three groups based
on the relative size of the ground truth boundmg box S = AA
the answer boundlng box, and A, denotes the total area of the 1mage 1) S < 0.005 con51st1ng
of 2822 question-image pairs, 2) 0.005 < S < 0.05 consisting of 1833 question-image pairs, and
3) S > 0.05 consisting of 345 question-image pairs. If a model’s perception is not sensitive to the
size of visual concepts, we expect it to have similar accuracy in all three groups. In Table[I] we
observe that the accuracy of both BLIP-2 variants declines across the three groups as the answer
bounding box becomes smaller (see w/o cropping rows). BLIP-2 (FlanT5) exhibits an accuracy
decline of 46% from group 3 (largest visual concepts) to group 1 (smallest visual concepts), and
BLIP-2 (OPT) exhibits a similar decline of 42%. These findings show that both models answer
questions about visual concepts more accurately when their relative size is larger, i.e., they struggle to
perceive fine visual details. Furthermore, to confirm that the issue is causally related to the size of the
visual concept, we conduct an intervention study, where we provide the models with visually cropped
images based on the ground-truth bounding boxes, denoted as human-CROP. We observe in Table|[T]
that human-CROP significantly improves the accuracy of both models, but more importantly, under
human-CROP the accuracy across the three groups becomes more similar: the decline between the
largest visual concept setting (group 3) to the smallest one (group 1) is less than 19% for both models.
This suggests that the perception limitation is indeed caused by the size of the visual concepts, and
that visual cropping can improve the perception of visual details by the zero-shot VQA models.

4 Visual Cropping Methods

To investigate whether the accuracy gain achieved by human visual cropping in Section [3]is realizable
in practice, in this section we propose three automatic cropping methods, illustrated in Figure
whose goal is to find the approximate region of interest in images, i.e. the region containing the
subject of a question, and then to zoom into that region via visual cropping: 1) c1ip-CROP where
we progressively crop the image towards the region of highest relevance to a given question using
CLIP [16]; 2) yolo-CROP where instead of progressive cropping, we use candidate bounding boxes
predicted by YOLOVS [6] to filter out regions that contain no salient objects, i.e., regions for which
CLIP could mistakenly assign high similarity; 3) sam-CROP where instead of YOLO, which provides
bounding boxes for only a fixed number of object classes, we use the segment anything model
(SAM) [7] to provide an extensive set of salient segmentation masks for each image as candidate
regions to compare to the question using CLIP. One potential drawback of visual cropping is that
some questions might need to have a global view of the image. To address this issue, we utilize the
fact that multimodal LLMs typically convert the image into a series of tokens. This allows us to
directly extend the original image tokens by concatenating the visually cropped image tokens, as
illustrated in Figure 2| More details about the methods, and examples of their success and failures
are provided in Appendix. In the next section, we will investigate the effectiveness of the proposed
methods for improving the accuracy of zero-shot VQA models.



Figure 2: lllustration of the proposed visual cropping methods applied to two variants of BLIP2.

Table 2: Accuracy of human and automatic visual cropping methods on VQA datasets. For each
dataset and model, the best cropping method is depicted in bold, and the second-best is underlined.

Model Crop Method FD-VQA TextVQA GQA A-OKVQA VQAv2
w/o cropping 33.94 25.91 43.85 43.42 63.43
clip-CROP 36.61 30.93 45.04 45.34 63.57
BLIP2 (FlanT%,. )  yolo-CROP 35.87 28.94 45.20 42.72 63.39
sam-CROP  36.33 32.31 45.23 43.00 63.85
human-CROP 42.29 37.68 - - -
w/o cropping 35.14 23.93 31.95 31.57 51.22
clip-CROP 35.60 26.35 31.14 32.69 49.67
BLIP2 (OPT;:38) yolo-CROP 34.86 25.27 30.39 29.43 48.63
sam-CROP  35.60 26.45 30.47 31.07 48.58
human-CROP 42.11 31.21 - - -

5 Experiments

In this section, we investigate the effectiveness of the proposed visual cropping methods in improving
the zero-shot accuracy of VQA models. We use two state-of-the-art zero-shot VQA models which
have open-source codgl]: BLIP2 (FlanT5XL)is an encoder-decoder LLM anBLIP2 (OPT2.3B)

a decoder-only LLM. We experiment with four popular VQA datasets, VQAIIRZGQA [5], A-
OKVQA [18], TextVQA [20], and a hew ne-detail subset of VQAv2, denoted FDVQA, to enrich
our evaluation of questions about visual details. Details of the datasets are provided in Appendix B.

Table 2 shows the accurdcyf the proposed visual cropping methods on the ve VQA datasets.
First, we consider the detail-focused datasets, FDVQA and TextVQA, where we also have access to
human annotations and can repautman-CRO&ccuracy: we observe thaiman-CROiproves

the accuracy of both the BLIP2 FlanT5 and OPT model244 and20%, respectively, showing the

full potential of visual cropping; additionally, for the proposed visual cropping methods, we observe
that while they do not achieve the full potentiallbiman-CRQERhey still successfully improve upon

both original models, witlelip-CROP achieving best improvement on FDVQA asam-CROBNn
TextVQA. Next, we consider GQA, A-OKVQA, and VQAV2. For BLIP2 (FlanT5), we observe
that visual cropping methods can improve the accuracy of the original models, which shows that
their accuracy gain on ne details (observed in FDVQA and TextVQA) does not come at the cost
of their accuracy on larger visual details and relations. However, for BLIP2 (OPT), we observe that
visual cropping methods can cause a decline in the overall accuracy. We hypothesize that this is
due to the use of a decoder-only Transformer architecture in OPT which expects visual tokens to
appear at speci c initial positions and therefore could not correctly attend to a concatenation of two
sets of image tokens (see Figure 2). We provide additional results regarding the inference time and
sensitivity of the methods to various question types in Appendix. Overall, our ndings suggest that:
1) in settings where ne visual details are the main subject of the questions, visual cropping is a
promising technique to improve zero-shot VQA accuracy; and 2) there is a need for better visual
cropping methods that can close the gap with human visual cropping.

2https://visualga.org/evaluation.html
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