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Abstract

This paper examines the limitations of a probing method for
determining whether Large Multimodal Models (LMMs) ac-
tually understand spatial concepts in image inputs, which
may be important for users calibrating their trust during
visual-question answering. A typical approach is to prompt
these models to choose the correct matching text caption
from multiple-choice options. However, similar prompt-
ing with Large Language Models (LLMs) has been shown
to give biased results as an artifact of the multiple-choice
question (MCQ) format.

We explore the extent to which this bias persists for spa-
tial understanding tasks in LMMs, which take visual in-
puts alongside the MCQ text prompt, and go beyond recent
work in characterizing this selection bias for current mod-
els. First, we demonstrate how image-text alignment bench-
marks can be used to formulate a question for the LMM to
reveal potential bias. Then, we use eight LMM architec-
tures to perform this task using image-caption sets from the
What’s Up benchmark. We find that this multiple-choice se-
lection bias exists in LMMSs even with state of the art models
and under different methods of analysis. Finally, we discuss
future steps, as well as alternatives to MCQs for probing
spatial understanding in LMMs that could minimize bias
introduced by the prompt format.

1. Introduction

Recently, Large Multimodal Models (LMMs), such as GPT-
40 and LLaVa family [14] models, have gained popular-
ity as visual question-answering tools, since they are gen-
erative architectures capable of processing both visual and
text inputs. LMMs are transforming the way Al assistants
help people understand images and text, and it stands that
users ought to be able to test basic spatial knowledge, such
as whether a model can discern concepts like ‘left’ from
‘right’. We may ask, What is the best way to do that prob-
ing? As this paper explores, recent research has shown
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that some of the most intuitive ways of testing a genera-
tive model’s skill are prone to bias, and in this work we
reproduce and look more deeply at some of those findings.

There is a growing body of datasets and benchmarks that
are helping evaluators characterize the abilities of large pre-
trained models. In the text-only setting, multiple-choice
questions (MCQs) have been used as a straight-forward
probing method to assess the capabilities of Large Lan-
guage Models (LLMs), and a number of MCQ text bench-
marks have been proposed. However, modern LLMs have
been shown by to suffer from selection bias where they
prefer specific option order indices or option labels as an-
swers (e.g., option ‘A’), and thus are not robust against op-
tion permutations in MCQs [30]. In fact, the authors Zheng
et al. suggest that selection bias is an inherent behavioral
bias of LLMs and it cannot be addressed by simple prompt
engineering [30].

There may be implications of this for testing vision mod-
els, like LMMs. Many Vision-Language Compositional-
ity (VLQ) benchmarks have been formulated as image-to-
text retrieval problems, where vision-language models are
given as input an image and some text descriptions (can-
didate captions or answers), and the model is tasked with
selecting the matching or correct response for the given im-
age. These tasks are functionally multimodal MCQs. In
contrastively-trained cross-modal vision-language models
(e.g., CLIP [18]), which embed images and text into a com-
mon vector space based on semantics, the answer “selec-
tion” can be determined by finding the text candidate from
the answer options whose embedding is closest numerically
to the image embedding. LMMs, on the other hand, process
MCQs end-to-end as combined text and image prompts,
and generate a text answer—as a human would—rather
than only compute embeddings. Here, LMMs use language
models to generate text after processing both the text inputs
and image encodings that are produced earlier in the LMM
architecture. But since LMMs depend on language mod-
els, which are known to exhibit selection bias, we should
be cautious about relying on MCQs for evaluation without
further characterization of how this bias manifests in LMM



MCAQ tasks. These models should rely on the visual input

to ground their answer to the captioning prompts, but ear-

lier findings suggest that vision-language models are also

vulnerable to bias and option permutations [32].

Our goal in this paper is to build on these earlier stud-
ies by looking more closely at how LMMs confuse options
even on visually-unambiguous MCQs related to basic spa-
tial relationships (i.e., does low visual-reasoning difficulty
sufficiently mitigate selection bias?), and what directions re-
main for controlled ways of evaluating spatial understand-
ing in LMMs. The contributions of our work include:

* a quantitative evaluation that finds evidence that LMMs
are susceptible to positional bias in spatial MCQ tasks,
with varying biases observed across different LMMs
(even those with larger model sizes), and

* a discussion of new directions for investigating bias in
the next generation of large pre-trained models, as well
as next steps for understanding LMM spatial-reasoning
skills without relying on the MCQ format.

The remainder of this paper is organized as follows: In
Section 2, we describe related work on using MCQs as an
assessment for LLMs (and biases discovered), along with
other benchmarks and probing methods for reasoning in
these models. In Section 3, we present a formative study
to spot-check whether modern LMM architectures are still
susceptible to the same biases found earlier, which led to
newly identified research questions. We detail a follow-on
comparative study across LMMs in Section 4, summarize
our findings in Section 5, and outline new research direc-
tions in Section 6.

2. Related Work

Multiple-choice question answering with Large Lan-
guage Models. How should one go about prompting an
LLM to answer a multiple-choice question in the first
place? In fact, studies have looked at alternative prompt-
ing schemes to understand their benefits and costs. Robin-
son et al. contrasted cloze prompting versus multiple-choice
prompting (MCP), which differ in how the likelihoods of
generated outputs are used to ‘answer’ the question [20].
In cloze prompting, each candidate answer’s likelihood by
the LLM is compared, and the most likely one is treated as
the answer. But as the authors note, this process blurs the
likelihood of the produced sentence with the accuracy of
the response to the actual question, which can lead to prob-
lems (e.g., the most accurate response may be unusual in
the language). They also found that different normalization
approaches to the probabilies compared in cloze prompting
led to different answers. Instead, the authors argue for MCP,
where the prompt binds option ID symbols to a set of option
labels (A, B, C, etc.) and they treat the LLM’s answer as the
option associated with the highest-likelihood option label.
Research building on MCP has discovered new challenges,
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however.

Imposing a list of options in a MCQ prompt has been
shown to reveal biases related to this construction. Re-
cent work by Zheng at al. [30] found that LLMs are not
reliable MCQ selectors, demonstrating that some models
are biased to particular selections independent of the cor-
rectness of those captions. For the open-source LLMs the
researchers evaluated, they prompted the model with the
multiple-choice question, accessed the probabilities of op-
tion ID tokens, and chose the most-likely option as the
‘answer’. In the case of GPT, where these probabilities
were not available, they compared the first token generated
with the gold answer. The authors found that both position
bias—where LLMs may prefer answers because of their po-
sitions in a sequence of options—and foken bias—where
LLMs may prefer, for example, ‘A’ over ‘B’—both occurr
and in some cases may interact. Another contribution of
this work was a debiasing method called PriDe that esti-
mates the selection bias on each option through a sampling
process, and then removes the weight of that bias when de-
coding the likelihoods of the options for the model’s answer
in the remaining tests [30].

Initial evidence that the presence of visual context alone
is not a solution to selection bias. Zong et al. followed
up on this work and demonstrated that the selection bias is
also present when testing different vision-language models
on visual benchmarks [32]. Furthermore, they highlighted
the challenge of debiasing model responses, showing that
PriDe is only effective when applied to MCQs in their orig-
inal order; it cannot address using permutations of options
for a single question to score a model’s accuracy (which,
of course, should not confuse a robust question-answering
system). LLMs were previously shown to be vulnerable to
permuting the order of the options [17], and even the spe-
cific choice of option ID symbols (e.g., ‘1’ versus ‘i’) can
influence the accuracy or interact with specific permutations
of the options. Zong et al. conclude that “not only are the
[LLMs evaluated] not invariant to permutation, but the spe-
cific way in which they are not invariant is dependent on the
choice of symbols” [32].

Finally, several ideas have emerged to help evaluators in-
terpret how large models respond to MCQs (with MCP in
particular). Wang et al. found that LLMs might actually be
generating the “least incorrect” option rather than the defini-
tive correct one [23]. A suggestion in their work is to aug-
ment datasets by changing MCQs into a set of True/False
questions about the individual options, among other adapta-
tions. Another idea is to have models generate an explana-
tion before answering, which may prime the context so the
model can give a more accurate option selection [17].

Probing vision-language models for compositional rea-
soning. Recently, a variety of benchmarks have been de-
veloped with the goal of probing vision-language mod-



(a) Left: “There is a mouse cake for a birthday.” Right: “There is a birthday (b) Left: “A pink scoop of ice cream on top and a blue scoop on bottom.”
Right: “A pink scoop of ice cream on bottom and a blue scoop on top.”

cake for a mouse.”

Figure 1. Two examples of image-caption pairs from Winoground [22]. The emphasized words in each caption can be swapped to describe
an alternate paired image in the data set, as shown. These include swapping both object concepts (Figure 1a) and prepositions (Figure 1b).

els for their compositional reasoning capabilities. Notable
datasets and work in this space include Winoground [22],
the ARO benchmark [28], SUGARCREPE [9], and BiVLC
[16]. Datasets that focus on spatial reasoning in scenes in-
clude What’s Up [13], COCO-spatial [22], and GQA-spatial
[22].

A goal in many of these benchmarks is to create an
image-caption alignment task that can only be solved if the
model is capable of distinguishing the correct caption from
alternative incorrect ones. Two examples from Winoground
are shown in Figure 1, where alternative captions have an
identical bag of words but their arrangement differs and they
align to distinct images. For our purposes of testing spatial
reasoning in LMMs with benchmarks like these, we con-
sider selecting the image and then using the alternative cap-
tions (one being accurate) as multiple-choice options.

Focusing on spatial relationships. The ability of LMMs
to generate arbitrary outputs opens up other ways to probe
the spatial understanding of these models. For example,
Rajabi and KoSeckd developed an extension to the What’s
Up benchmarks called GSR-Bench [19], which added finer-
grain annotations like bounding boxes around the image ob-
jects and additional depth relations. One use case for this
benchmark is to prompt models to output 2D coordinates
for grounded regions of interest. This opens the door to new
metrics, especially how best to give partial credit for the out-
puts that indicate some spatial understanding (e.g., quanti-
fying overlaps between Al and human-curated responses on
spatial tasks [4]).

Other tasks, like map interpretation or maze navigation,
may test fundamental spatial reasoning abilities in differ-
ent kinds of large pretrained models. Wang et al. proposed
SpatialEval, a novel evaluation suite for spatial-related un-
derstanding with multimodal models and LLMs (given text-
based image descriptions) that spans several task types [24].
An interesting finding in their experiments was a number
of LMMs performed tasks better when given only a text
description of the visual content, rather than the original
image plus the description, which suggests that image en-
codings may be harder to reason about for LMMs than a
well-curated text description, and that having both distracts
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from—rather than improves—the text reasoning. Our ex-
periments differ in that we focus on spatial reasoning in im-
ages that do not have a faithful, accompanying text descrip-
tion available to the model at reasoning time. In fact, one of
our goal’s of evaluating spatial understanding capabilities
in LMMs might be to determine their fitness for automated
image captioning in vision systems.

3. Preliminary Study: Are Current LMMs Bi-
ased on Compositional MCQs?

Our starting point for investigating whether current LMMs
still exhibit selection bias was to perform a formative exper-
iment using the popular Winoground benchmark [22]. The
authors of Winoground evaluated the benchmark against
embedding-based vision-language models like CLIP, but a
key question is how LMMs do at this compositional rea-
soning task, given questions about the ease of discerning
the word swaps based on sentence likelihood (e.g., [9]) and
known positional bias in LLMs. Note that for the remain-
der of this paper, we label LMM architectures that contain
LLM components using a comma to separate the visual and
language components (e.g., “LLaVa-1.6, Mistral-7B”).

3.1. Experiment Setup

Data In Winoground, each example has two images
(Io, I) with corresponding captions (Cp,C7). The two
captions contain the same words but in a different order.
We use the subset of relation swaps, that reorders elements
(verbs, adjectives, prepositions, and/or adverbs) that take
nouns (objects) as semantic arguments. In this set, some
relations are spatial in nature (prepositions) while others in-
clude different kinds of modifiers. In our study, permuta-
tions of the order of options are tested for each query image.

Model In this preliminary experiment, we used LLaVa-
1.6, Mistral-7B with a greedy generation parameter.

Prompt Since there are two alternative captions for each
image in Winoground, two prompts per image are evaluated
where the option order is swapped. Each prompt has the
form: “Which caption is correct: (a) <caption 1> or (b)
<caption 2>7”



Selected option

(a) (b)
Correct option (@ 085 0.15
P (b) 058 042

Table 1. Results from spot-checking LLaVa-1.6-Mistral-7B on
MCQ image-caption alignment tasks using Winoground [22]

3.2. Findings

Table | shows the selection results for the model on our
MCQ tasks. For LLaVA-1.6, Mistral-7B, the model se-
lects the correct option overall around 64% of the time. But
when option (b) is the correct answer, the model selects this
option only 42% of the time, worse than random chance
(50%). Overall, the model chooses option (a) in 71% of
the examples, exhibiting a bias towards the first option (>
test, p-value < 10~%). Therefore, we find that positional
bias is still a problem for this LMM. This raises additional
questions for further investigation:

» With more distractor options and LMM architectures, can
we find support for the claim that positional bias can ap-
pear beyond the first option in the MCQ? One finding by
Zheng et al. in their LLM MCAQ testing was that positional
bias was prevalent across models, but not necessarily in
the same option index [30].

Is selection bias present when a task’s answer is more
obvious to humans and less ambiguous in the visual con-
text? We expect the subset of Winoground examples fo-
cusing on prepositional swaps (see Figure 1b) is a lower
bar of difficulty to solve as MCQ tasks, since these exam-
ples generally contain overt spatial differences between
the image pairs, and may be less dependent on one’s in-
terpretation compared to other relation swaps (e.g., Fig-
ure la). A test set focusing only on these spatial relations
might cause LMMs to exhibit less selection bias.

Do we see any effect on selection bias when the option ID
symbol is changed from (a, b) to another enumeration?
This would provide additional evidence for or against the
spurious symbol correlation found by a recent study [32].
In the next section, we describe our follow-on experiments
aimed at answering these questions.

4. Study: Comparing LMMs on a Spatial
MCQ Test

The preliminary experiment led us to hone in on selection
bias that might exist in spatial-understanding MCQs tasks
for LMMs. By focusing on basic spatial relationships in the
MCQs, we want to test selection bias not just with a visual
context but where the task is as unambiguous as possible. In
a sense, we are interested in knowing if making the MCQ
task as simple and evident as possible (to a human) reduces
the selection bias earlier studies have found. We make the

H2b:
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following hypotheses:

H1: LMMs will not exhibit significant selection bias (po-
sition or ID based) identifying basic spatial relation-
ships in an image through MCQs. Having access to
additional vision context will mitigate the effect of
MCAQ selection bias on basic spatial tasks.

If selection bias does exist, LMMs with larger param-
eter sizes exhibit less-biased spatial understanding an-
swers compared to smaller models.

If selection bias does exist, it is more attributable to
positional bias than the specific option ID symbols
used, as seen in earlier studies with LLMs.

4.1. Models

Table 2 lists the LMM architectures, language models
(LLMs), and model sizes (parameters) used in our exper-
iments. We compare various LMMs to contrast differences,
if any, across architectures. To investigate the effect of
LLMs on selection bias in LMMs, we evaluate the same
architecture with different language models. We also vary
language model size to determine if the number of parame-
ters has an effect on the option-selection bias observed.

H2a:

Architecture Language Model Model Size"
LLaVA-1.6 [15] Mistral [12] 7B
Vicuna-1.5 [31] 7B, 13B
Llama-3 [1] 8B
Llama-3.2-Vision [1] Llama-3.1 [1] 11B
InstructBLIP [6] Flan-T5-XXL [5] 11B
Qwen2-VL [25] Qwen?2 [27] 7B
Qwen2.5-VL [3] Qwen2.5 [3] 3B, 7B

Table 2. Large Multimodal Model (LMM) architectures tested in
our study. 'In this table, model size is given as an approximate
value that corresponds to the number of parameters in each of the
model variations we tested, generally dominated by the language
model component.

4.2. Dataset

We chose to use the What’s Up image-caption dataset for
testing spatial relations [13]. Each example is a scene con-
taining two objects and includes four images (I, I1, Iz, I3)
with corresponding captions (Cp, Cy,Co, C3). Each set of
images changes the underlying preposition that describes
the spatial relationship between two objects (e.g., one set
of images contains a mug “on”, “under”, “left of ”, and
“right of” a table). Two other visual MCQ datasets were
considered for this experiment, but were not used. GSR-
Bench [19] extends What’s Up, but its localization annota-
tions/task (e.g., prompting for bounding regions of objects
of interest) does not lend itself to an obvious MCQ formula-
tion. As we saw in our preliminary study, Winoground [22]



(b) “A bottle on a table”

(a) “A bottle to the left of a table”

(c) “A bottle to the right of a table”

(d) “A bottle under a table”

Figure 2. Image-caption pairs from the What’s Up benchmark [13], showing distinct spatial configurations between two common objects.

has image-caption examples that contain compositional
swaps, but only a subset of them focus on aligning spa-
tial/prepositional differences, which we aim to explore here.
Furthermore, we are interested in seeing how models se-
lect option labels over a range of order-permutations, but
Winoground only has two choices per image compared to
four in What’s Up.

4.3. Methods

Our experimental setup is as follows: for a given image I,
the model is prompted to select the single correct caption
C}, from four options. Each prompt has the form: Given the
image, which caption below is correct?, then the four op-
tions are listed with the option label (e.g., ‘A’) in parenthe-
ses coming before the option text; then the model is asked
to complete “The correct answer is (.

Each test scene has four image variations in the What’s
Up dataset (one object is moved into four distinct positions
relative to another), and we formulate a set of test prompts
to pair with each image that includes all order permuta-
tions of the caption options (i.e., 24 permutations for each
of the four image variations of a scene, 96 in total). In ad-
dition, each of these prompts is applied using three sets of
option ID symbols that reflect typical enumeration schemes
for MCQs: A/B/C/D, a/b/c/d, and 1/2/3/4.

We determine a model’s selection for a MCQ prompt
by parsing the generated response text and matching it
against the answer options. Another way of determin-
ing the model’s selection is to find the most likely option-
token logit at the start of the LMM’s response generation,
but—since these likelihoods are typically hidden in LMM
outputs—this approach may not be available to an evaluator
in closed models/APIs. In initial exploration we obtained
comparable results, so we leave this as future work.

Analysis Approach We first investigate if the selection
bias observed in LLMs is present in LMMs. Related work
tested for selection bias by comparing the number of times
that the LLM selected each MCQ option label A/B/C/D
against an expected uniform distribution [30]. To test this
in our results, we will let X and Y represent the distribu-
tion of correct options (uniform for a balanced dataset) and
the distribution of options selected by the model, respec-
tively. A hypothesis test only on the distribution of selected
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options Y would ignore any associations between both vari-
ables. We instead consider the joint distribution of X and
Y, which allows us to evaluate if the model is equally biased
to a particular option across all alternate options. Therefore,
we perform additional hypothesis tests to determine if any
selection bias found is input dependent.

Other work has shown that LLMs tend to select the “least
incorrect” option when they choose incorrectly [23]. In the
dataset we use, all other captions besides the correct one are
objectively false for the paired image (no meaningful “least
incorrect”), so we do not explore that finding in our study.
Instead, we investigate if and how LMMs exhibit patterns
when they choose incorrectly. See the Supplementary Ma-
terial for more details on these hypothesis tests and results.

5. Results

Summary of Findings

* Evidence of selection bias on this task (H1 not sup-
ported): On all models, the proportion of times each
option was selected, for each of the option ID symbols,
was statistically nonuniform (Table 3, x2 Test with p <
10~%). These results show that these LMMs also suffer
from selection bias.

* We also found that the selection bias towards different
options varies depending on the input: the variables X
and Y, for the correct option and selected option, are not
independent (Table S1 in Supplementary Material, inde-
pendence test with p < 10™%).

* Some models exhibited more bias than others, but
not necessarily due to model size (H2a not well sup-
ported). For example, Qwen-2.5-VL is notably less bi-
ased on the A/B/C/D tests (Figure 3) compared to In-
structBLIP and Qwen-2-VL architectures, but the dif-
ference in confusion matrices between Qwen-2.5-VL
3B and the larger Qwen-2.5-VL 7B is minimal. In
the LLaVA-Vicuna series, we also observed that the
lower-capacity language model actually outperformed the
higher-capacity 13B model in some cases.

* The positional bias appeared mostly consistent across
the sets of option ID symbols (some support for H2b).
However, we did observe some variability in the confu-
sion matrices corresponding to the different symbol sets
we tested (a/b/c/d, A/B/C/D, and 1/2/3/4).
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Figure 3.
Architecture LLM Do D1 D2 D3
LLaVA-1.6 Mistral-7B 043 025 0.18 0.15
Vicuna-7B 024 031 030 0.14
Vicuna-13B  0.08 0.37 031 024
Llama3-8B 0.10 0.37 0.31 0.22
Llama3.2- Llama3.1 041 0.18 0.19 022
Vision
InstructBLIP Flan-T5 047 024 0.14 0.16
XXL
Qwen2-VL  Qwen2-7B 035 029 0.19 0.16
Qwen2.5-VL Qwen2.5-3B  0.16 0.31 029 0.24
Qwen2.5-7B  0.17 027 0.33 0.23

Table 3. Average proportion of times each option was selected in
the MCQ experiments with pre-filled prompt on the What’s Up
dataset. Zero-based indices for p correspond to the various op-
tion ID symbols a/b/c/d, A/B/C/D, and 1/2/3/4. On all models,
the proportion of times p; that each option label was selected was
statistically non-uniform (X2 Test, p K 10’4), for all option ID
symbols. Full results in Table S2 of the Supplementary Material.

Interpreting Confusion Matrices Figure 3 and Figure 4
show the MCQ confusion matrices on the What’s Up dataset
for task sets with option labels A/B/C/D and 1/2/3/4 re-
spectively. Additional results on option ID symbols a/b/c/d,
along with a smaller LLaVa-Llama configuration (LLaVA-
1.6, Llama3-8B) across the option ID symbols, are avail-
able in the Supplementary Material. Results for option ID
symbols a/b/c/d and A/B/C/D are consistent. All confusion
matrices are normalized by rows. The main diagonal values
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(c) LLaVA-1.6, Vicuna-13B (d) Llama3.2-Vision, Llama3.1-11B
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Confusion Matrices (row-normalized) for MCQ (A/B/C/D), What’s Up dataset.

in the confusion matrices correspond to accuracy for each
option label; since all ordering permutations are tested, the
overall accuracy of each model is the average of its diago-
nal values. In matrices with higher values below the main
diagonal than above it, the model is more likely to select
options that appear before the correct choice. If the non-
diagonal values are homogeneous and symmetric, then the
model selects the same incorrect answer regardless of its po-
sition and corresponding option label in the list of choices.

LLaVA-1.6, Mistral-7B In Figures 3a and 4a, we can ob-
serve that the model is most biased towards the first option,
with average probability p; = 0.43 (Table 3). However,
the conditional probabilities of Y (selected option) given X
(correct option) in the first column are not uniform (i.e., the
bias towards the first option is not the same).

LLaVA-1.6, Vicuna series We observe that Vicuna-7B is
biased towards the third and second options in Figure 3b (C
and B) and the second and first options in Figure 4b (options
2 and 1). Vicuna-13B is most biased towards the second
and third options in Figures 3c and 4c (B and C, 2 and 3).
Interestingly, it is also most likely to get the answer wrong
when the correct choice is the first option.

Llama3.2-Vision, Llama3 In all of our tests, this is the
model that appears to place most of its weight on the diag-
onal (i.e. higher accuracy). Despite having that high accu-
racy, it shows bias toward the first option under each of the
option ID symbols variations (Figures 3d and 4d).

InstructBLIP, Flan-T5 XXI. In Figures 3e and 4e, we
see this model is most biased towards selecting the first op-
tion (options A and 1), but also to the second option in Fig-
ure 4e (option 2).
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Figure 4. Confusion Matrices (row-normalized) for MCQ (1/2/3/4), What’s Up dataset.

Qwen Series In Figure 3f, we observe that Qwen2-VL 7B
is biased towards options A and B. Meanwhile, in Figure 4f
looks to be biased towards option 2. For Qwen2.5-VL 3B,
the model looks to have a stronger bias towards the last three
options (B, C and D) in Figure 3g. In Figure 4g, the model is
biased towards options 2 and 3. Overall, the model is most
biased towards the second and third options. For Qwen2.5-
VL 7B, the model is overall most biased towards the third
options (C and 3) followed by the second options (B and 2)
in Figures 3h and 4h. Compared to Qwen2-VL 7B, the bias
to the first option is also reduced.

Model Size In the cases where we evaluated different
model-size variations of the same architecture (LLaVA-1.6,
Vicuna series and Qwen2.5-VL series), the confusion ma-
trices of the larger models are very close to their smaller
counterparts, with some interesting differences. Compar-
ing LLaVa-1.6, Vicuna-7B with LLaVa-1.6, Vicuna-13B (in
both Figures 3 and 4), we see that the lower-capacity lan-
guage model actually outperforms the higher-capacity 13B
model when the correct option is in the first position. For
Qwen2.5-VL, the larger language model component (7B)
shows slightly more uniformity off the diagonal compared
to the 3B model. With A/B/C/D options (Figure 3), the
smaller model selects option A less than other options in
general.

6. Discussion and Future Work

In general, we did not find support for the hypothesis
that LMMs—with a visual context accompanying the basic
spatial multiple-choice question (MCQ) prompt—are less
prone to selection bias compared to previous findings (H1).
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Zong et al. [32] noted that the presence of visual context in
the MCQ tasks “may intuitively add a layer of resilience”
to bias vulnerabilities, but it did not mitigate the option-
permutation attacks explored in their work; similarly, we
find that the visual context is not a sufficient selection-bias
mitigation even in simple spatial MCQs.

Furthermore, we found that LMMs with larger parame-
ter sizes also struggle to give unbiased responses to MCQs
that are aimed at revealing spatial reasoning capabilities
(H2a). In other words, as newer, higher-capacity LMMs
are released, we should not necessarily expect this type of
prompting to become more reliable. We found some sup-
port for H2b, as positional biases were generally consis-
tent in models across the sets of option ID symbols, al-
though there were some examples of interesting differences
attributable to the symbol sets (e.g., contrasting Figure 3f
and Figure 4f).

In the remainder of this section, we discuss open direc-
tions in this area of research.

More controlled comparative evaluations. A limitation
in our current study is that we did not exhaustively com-
pare LMM architectures utilizing the same LLM compo-
nents and model sizes. The goal in doing so would be to
better pinpoint why some LMMs exhibit more bias than oth-
ers on the What’s Up tasks, and potentially to better predict
when how new architectures perform with respect to bias.

Evaluation with Large Reasoning Models. Recently
there has been a surge of interest in Large Reasoning Mod-
els (LRMs), such as OpenAl’s ol [11] and 03, Deepseek’s



R1 [8], and Gemini 2.0 Flash Thinking [7]. Through gen-
eration of reasoning tokens (i.e., an extended chain-of-
thought) prior to giving its final answer, these models have
shown strong performance across a wide range of reasoning
benchmarks. In future work, we aim to extend our analysis
by investigating how LMMs that leverage LRMs as their
backbone language model affect the kinds of biases present
in answering multiple-choice questions. An advantage to
this approach is that we can use the reasoning chain to better
understand how the model makes its decisions and identify
how its “thinking” may differ based on the positioning of
the correct answer. We believe this can potentially enable a
deeper understanding of what causes positional biases.

Attempt to debias, or drop MCQs for evaluat-
ing vision-language alignment? Given that current-
generation LMMs are still prone to selection bias on spatial
MCQs and that debiasing methods like PriDe may not be
robust to different ways of writing the same test [32], we
argue for exploring other means of testing an LMM’s spa-
tial reasoning without the MCQ format. One alternative ap-
proach is to prompt the LMM for more complete, freeform
scene descriptions of images, and then parse these outputs
into scene representations that are comparable with ground-
truth annotations about the spatial relationships visible. Re-
cent work has looked at recovering and comparing struc-
tures between modalities like text and images. For example,
Multimodal Named Entity Recognition (MNER) and Multi-
modal Relation Extraction (MRE) are information retrieval
tasks that aim to recognize entities and extract relations
among them using information from multiple modalities,
such as text and images [10, 26]. Dependency-based RE
methods (e.g., parsing sentences using syntax dependency
trees) have shown to be successful, and can be applied in
the task of MRE, as shown by Zheng et al. [29]. They
propose the MNRE dataset, a knowledge graph containing
30k named entities and 23 relations types [29]. However,
their work does not cover spatial relations between entities,
which is an opportunity for extending this work in the fu-
ture. For their multimodal representation, they build the vi-
sual graphs with a pretrained scene graph generator [21] and
fine-tune a BERT encoder with separator tokens for entities.
These kinds of scene graphs could be helpful outputs in a
spatial-understanding evaluation pipeline for LMMs.
Developing metrics for probing methods like scene
graph elicitation and extraction is less straightforward than
looking at accuracy or selection bias in MCQs. One related
metric is SPICE, for Semantic Propositional Image Caption
Evaluation [2]. Although the authors in that work create
scene graphs from the image captions, their metric uses sets
of entity-relation and entity-attribute tuples (similar to n-
grams) and calculates F1-score on the two sets of tuples (the
ground truth and predicted caption). We think using seman-
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tic embeddings to compare ground truth annotations against
extracted scene structures—rather than tuples bound to en-
tity/relation/attribute words—could be a more flexible path
forward, but more exploration of this idea is needed.

7. Conclusion

Our study contributes evidence that Large Multimodal
Models (LMMs), even with visual contexts where spatial
relationships are visible and unambiguous, are biased in
answering multiple-choice questions (MCQs) about these
scenes. Our findings reinforce earlier results that show se-
lection bias in LLMs. We argue that this bias (i.e., prefer-
ring certain option positions) is difficult to overcome and
structural in the LLM, and as a result, LMM architectures
which contain language models are also prone to this bias.
Probing models with MCQs that are expected to be “easy”
for the model a priori—or relying on the improved capabil-
ities of new LMM architectures—are not realistic solutions
to avoid this selection bias.

Our analyses demonstrated different statistics over con-
fusion matrices to take a closer look at this MCQ bias. An
exciting open opportunity is to study how next-generation
Large Reasoning Models, whose inputs and outputs will be
similar to LMMs but also produce reasoning tokens, per-
form on these kinds of tests and whether enumerating that
reasoning fixes the bias or helps evaluators better under-
stand why it occurs. We also see areas to improve prob-
ing spatial understanding in LMMs that avoid the MCQ for-
mat altogether, instead focusing on prompting and parsing
more free-form spatial descriptive outputs into structures
that are comparable with scene annotations for evaluation
purposes.
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