
Background
Investigations have observed a bag-of-words phenomenon in vision
language models (VLMs) [1]. The models understand what objects are
in images but fail in complex compositional and positional reasoning
tasks.
The contrastive CLIP vision transformers (ViTs) that serve as image
encoders for many VLMs are not trained in a way that requires them
to discriminate between fine details in an image [1], [2]. This could
be the cause of shortcomings in VLM performance in positional and
compositional reasoning tasks.
Additionally, high levels of visual grounding in real-world image
datasets may allow models to draw inferences based on image
grounding rather than actual reasoning abilities, confounding posi-
tional or compositional reasoning benchmarks that utilize real-world
image data.

Figure 1: The shapes used in our method. From left to right, circle,
pentagon, rectangle, square, and triangle.

Experiment
To test whether the bag-of-words persists or worsens without visual
grounding, we devise the ShapeMaker to generate abstract bench-
marks containing image-task pairs. The OPTiCAL benchmark we pro-
pose consists of the Shapes30k dataset and an equal number of posi-
tional reasoning tasks. The images are generated by the ShapeMaker
and consist of images like the one in Figure 1 paired with questions
asking models to identify which shape is most to one of the cardinal
directions: top, bottom, left, and right.
ShapeMaker can be parameterized to generate other benchmarks
with different shapes and distributions of shapes, but in the bench-
mark generated for this paper (Shapes30k), there are 30,000 images
that each contain 3 different shapes arranged in an unmarked 5x5 grid
on a transparent background. The shapes are placed such that no two
out of the three shapes can be in the same column or row of the grid to
ensure that there is always an unambiguous answer. Figure 1 shows
each of the shapes in our benchmark as they appear in our data.
Models are shown image-task pairs and asked to answer with only the
name of the shape that is most to the given direction. The question
asked is shown in Figure 2’s caption.
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Abstract
Vision question answering (VQA) tasks increasingly employ Visual Language Models (VLMs), but the performance of these models degrades substantially
when applied to out-of-distribution or compositional reasoning tasks. This is especially concerning with wide access to pretrained VLMs, which could lead to
misuse and overdependence on the reasoning capabilities of these models. In this work, we analyze the root causes of poor VLM performance by isolating
and testing basic positional reasoning skills using a novel benchmarking dataset, Shapes30k, generated by our tool, ShapeMaker. Our main metric is VLM
accuracy in the positional reasoning task, and we perform significance testing to detect directional bias in the results. Pretrained VLMs sometimes score
below chance (20%) in our benchmark, and we detect varied and significant (p < 0.01) directional biases in each model.

Our Data
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Figure 2: An image from Shapes30k repeated four times to demonstrate the task directions in our benchmark. VLMs are prompted with the question “Which
shape is on __”; and the direction indicators top, the bottom, the left, or the right fill the blank. Answers are marked here with red boxes: “triangle” (top, left),
“rectangle” (bottom), and “pentagon” (right).

Results & Discussion
Tables 1 and 2 show the results of our benchmark for various freely-
available vision language modesls (VLMs) accessed via hugging face
(HF).
We identify significant (p < 0.01) directional performance bias for at
least four out of six direction pairs in each of the models studied. The
directional bias is different for differentmodels and indicates that each
model is better at identifying shapes in some directional extremes bet-
ter than in others. The cause of directional bias is an open question.

HF model/task all left right top bottom
blip2-flan-t5-xl [3] 0.117 0.112 0.144 0.0539 0.160
cogvlm-chat-hf [4] 0.634 0.508 0.623 0.618 0.786
cogvlm2-llama3-chat-19B [5] 0.592 0.505 0.535 0.606 0.722
instructblip-vicuna-7b [6] 0.315 0.278 0.289 0.343 0.350
llava-v1.6-mistral-7b-hf [7] 0.566 0.500 0.571 0.602 0.593
paligemma2-10b-pt-224 [8] 0.410 0.403 0.348 0.405 0.483
Table 1: Accuracy of HF models by task. Columns with task names
report a calculation of accuracy only for responses responding to that
task’s prompt. Best performance for each column in bold, and red
indicates performance under the chance value (20%).

HF model/task all circle pentagon rectangle square triangle
blip2-flan-t5-xl [3] 0.117 0.000 0.000 0.000 0.0924 0.490
cogvlm-chat-hf [4] 0.634 0.926 0.00691 0.653 0.811 0.781
cogvlm2-llama3-chat-19B [5] 0.592 0.825 0.0961 0.563 0.530 0.949
instructblip-vicuna-7b [6] 0.315 0.170 0.000 0.000 0.399 0.999
llava-v1.6-mistral-7b-hf [7] 0.566 0.910 0.000 0.0534 0.885 0.982
paligemma2-10b-pt-224 [8] 0.410 0.639 0.126 0.148 0.168 0.961

Table 2: Accuracy of HF models. Columns with shape names report a
calculation of accuracy only for responses where that shape was the
answer. Best performance for each column in bold, and red indicates
performance under the chance value (20%).

Limitations
We lack evidence that increased performance in our abstract bench-
markwill correlatewith increased performance on concrete tasks. Ad-
ditional grounding in normal VQA tasks could confound any measures
taken to improve performance on the abstract benchmark.
While we observe the bag-of-words phenomenon, we cannot estab-
lish the causes of high object hallucination or of poor performance on
the abstract benchmark in the VLMs studied. Significant (p < 0.01)
directional biases along different axes exist in each of the VLMs,
also. Though our analysis provides further evidence of bag-of-words,
something else causes this directional bias; and different mitigation
techniques may need to be applied to different VLMs.
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