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Abstract

Generative AI systems, especially those driven
by autoregressive and diffusion-based models,
are known to struggle with spatial reasoning.
As such, it becomes critical to understand how
humans regard those failure modes. In this
paper, we examine how humans judge differ-
ent types of errors in images generated by a
text-to-image model. We curated prompts that
described common household objects with vari-
ance in number, spatial relations, and orienta-
tions, and generated a variety of images using
each prompt. Humans observed pairs of im-
ages generated using the same prompt and an-
swered a set of systematic questions about each
image. Survey results showed that incorrect
spatial orientation regularly emerges as a rea-
son that the generated images do not accurately
represent the prompt. We further investigated
how RLHF-based multimodal reward models
score prompt-image alignment over the same
data, and whether they can reliably distinguish
the better image in a pairwise setting, as hu-
mans do. We find that even though a general
cross-task reward model may output alignment
scores that accord with those of humans, its
reasoning traces are flawed with respect to spa-
tial orientational and relational indicators—the
very factors that human annotators rated as the
most consequential errors in generated images.
Our results show that human annotators regard
spatial reasoning errors as highly impactful on
the correctness of generated images, and un-
dermine the reliability of multimodal reward
model scores as a baseline for evaluating image
quality.

1 Introduction

There is increasing interest in deploying sophisti-
cated AI in physically-grounded scenarios where
spatial reasoning is a core requirement, such as
collaboration with humans, graphic design or au-
tonomous navigation. A core assumption in such
collaborations is that the AI system will be able to

Figure 1: DALL-E 3 generated image given the prompt
“an upside-down bowl in the colander”.

engage in the same kind of situated, contextually-
grounded spatial reasoning that comes naturally to
humans. However, this remains to yet be borne out
in reality.

For instance, text-to-image generative models,
including both autoregressive and diffusion-based
methods, have seen rapid progress in recent years
(Ramesh et al., 2021; Ding et al., 2021; Esser et al.,
2021; Yu et al., 2022; Saharia et al., 2022; Ramesh
et al., 2022). Given a prompt, these models can
generate high-fidelity images. But despite this im-
provement, they still lag considerably in their abil-
ity to capture realistic physical and spatial relation-
ships that are obvious to humans. For example,
Fig. 1 shows a DALL-E 3 generated image the
prompt “an upside-down bowl in the colander”. In
the generated image, the meaning of the configu-
rational cue “upside down” has been ignored or
misinterpreted.

In order to bridge this gap, it is critical to under-
stand not only the kinds of errors that generative
AI systems make in the domain of situated rea-
soning, but also how human observers regard or
respond to those errors, and to enable some level
of theoretically-grounded explanation as to why
generative AI systems make these errors. In this
paper, we conduct an examination of how humans
rate the severity of different types of generation er-



rors made by a text-to-image generative model, and
establish that errors in spatial reasoning, and partic-
ularly those pertaining to object orientation, have a
strong effect on human ratings of image correctness.
Further, we assess the alignment of independent
multimodal reward model’s assessments of image
correctness with human judgments, and show that
even if raw scalar rewards assigned to an image
by a reward model roughly aligns with scores give
by humans, the underlying reasoning generated by
the reward model may contain significant errors,
particularly in the cases of images that do not ade-
quately match the prompts. Our results show that
not only do humans consider spatial reasoning er-
rors significantly impactful on image correctness,
but modern multimodal reward models are sensi-
tive to the same issues with spatial reasoning and
configuration seen in image generators. Our data
and code is available at: https://github.com/
csu-signal/rel_multrewardmodel

2 Related Work

Spatial reasoning as demonstrated by humans is
a sophisticated and multifaceted capability (Stock
et al., 2022). Spatial reasoning systems emerge
in infancy and then remain roughly constant over
a human lifetime (Shusterman and Spelke, 2005).
On the other hand, the development of spatial rea-
soning capabilities in young children is thought to
be a crucial prerequisite for other types of reason-
ing such as mathematical reasoning (Davis et al.,
2015), linguistic reasoning (Simms and Gentner,
2019), and cultural reasoning (Li and Gleitman,
2002; Li et al., 2011).

Computer systems, up to and including mod-
ern neural language models, do not undergo the
same developmental phases as humans, and thus
they encode spatial information differently. There
have been a number of prior approaches to this
problem in particular. Pre-neural language model-
ing, these ranged from broad formal and cognitive-
based approaches (Bateman et al., 2010; Moratz
et al., 2001), to qualitative spatial calculi, which
render continuous point and space distributions in
discrete categorical terms more amenable to com-
putational processing while retaining human inter-
pretability (Randell et al., 1992; Moratz et al., 2002;
Scivos and Nebel, 2004; Moratz and Ragni, 2008;
Albath et al., 2010).

Pustejovsky (2013) forwarded the related notion
of object habitats or conditioning environments

that enable or disable afforded object behaviors
(Gibson, 1977). Pustejovsky and Krishnaswamy
(2016) extended this to a theoretically-grounded
encoding in which a habitat is defined as a pre-
condition C wherein if a program π is enacted, the
deterministic result R is realized (C → [π]R). The
habitat also encodes the notion that certain objects
have intrinsic surfaces and directedness (e.g., the
top of a bottle). Empirically, these preconditions
are frequently encapsulated within the orientation
of the object, and with canonical vs. non-canonical
orientations (e.g. an upright vs. an inverted bottle
or one on its side (Krishnaswamy and Pustejovsky,
2022)). Ghaffari and Krishnaswamy (2024a) and
Ghaffari and Krishnaswamy (2024b) showed how a
large cross section of multimodal LLMs struggled
to reason correctly about habitats and orientation,
even when they frequently succeeded in their rea-
soning about related concepts like affordances, and
hypothesize that this is due in part to a bias toward
canonical object orientation in training data.

Likewise, recent approaches have showcased
the struggles modern language models (includ-
ing multimodal variants) continue to have with
spatial reasoning and related tasks. Chen et al.
(2024) and Cheng et al. (2024) highlight how a
lack of 3D knowledge in training limits LLMs’
and VLMs’ spatial reasoning abilities, and Saad
et al. (2025) show that underlying spatial reasoning
limitations in SOTA LLMs limit the effectiveness
of Gricean understanding and other tasks. Con-
well et al. (2024) shows, among other things, that
text-to-image generative models are susceptible to
hallucinating extra objects when the prompt de-
scribes plurals. Conwell and Ullman (2023) also
emphasizes that text-guided visual generation mod-
els such as DALL-E 2 fail at correctly representing
simple relations involving objects and agents.

Building on RLHF, reward modeling has ex-
panded from text to visual generation. ImageRe-
ward (Xu et al., 2023), HPSv2 and HPSv3 (Wu
et al., 2023; Lin et al., 2024), and PickScore
(Kirstain et al., 2023) learn human preferences
for text-to-image generation, improving correla-
tion with human judgments and guiding diffusion
models beyond CLIP-based evaluations. Despite
progress, multimodal reward models remain task-
specific and lack a rigorous evaluation. In this work,
we stress-test multimodal reward models’ ability to
evaluate text-image alignment on a spatial reason-
ing task.

https://github.com/csu-signal/rel_multrewardmodel
https://github.com/csu-signal/rel_multrewardmodel


2.1 Human Preference Alignment in
Text-to-Visual Generative Models

Given this apparent difference in human vs. gener-
ative AI spatial reasoning abilities, we can examine
how these differences affect humans’ and AIs’ as-
sessments of spatial reasoning.

Various evaluation protocols (Madhyastha et al.,
2019; Yu et al., 2022; Hessel et al., 2021) have
been proposed to measure alignment between im-
ages and text. Some prior works (Radford et al.,
2021; Yu et al., 2022) use the alignment score of im-
age and text embeddings determined by pretrained
multi-modal models, such as CLIP (Radford et al.,
2021). However, because scores from pre-trained
models tend to be misaligned with human intent,
researchers have also introduced human evaluation
(Saharia et al., 2022).

ImageReward (Xu et al., 2023), trained and eval-
uated on 137k pairs of expert comparisons in total,
is one example of generative text to visual models
using human feedback to align multi-modal text-to-
image models with human preferences. Although
such approaches seem to be more effective than
previous image-text alignment evaluation methods
such as CLIPScore (Hessel et al., 2021), collect-
ing human preferences is a costly and challenging
process. Like other reward models (e.g., PickScore
(Kirstain et al., 2023) and HP3 (Wu et al., 2023)),
ImageReward is also designed for only image gen-
eration tasks. This limitation has motivated the
most recent adaptable and generalizable reward
models such as UnifiedReward-Think (Wang et al.,
2025) with the capability of being utilized across
multiple tasks, e.g., generation and understanding.

3 Methodology

3.1 Prompt Selection and Data Generation

We follow the prompting scheme described in Ghaf-
fari and Krishnaswamy (2024b). Each prompt de-
scribes a common object or objects in a configu-
ration that primarily concerns spatial relation(s),
cardinality (number) and orientation. The list of
objects mentioned in the prompt is given in the
appendix. The number of objects described may
vary from one to five. Spatial relations include in,
inside, on, under, or on top of. We then create three
variants of each prompt, each of which describes
a different orientation of the object: (i) no stated
orientation, (ii) a canonical orientation (e.g., an
upright cup), and (iii) a non-canonical orientation
(e.g., an inverted or upside down cup). This process

resulted in a total of 99 distinct prompts.
We chose DALL-E 3 API (Betker et al., 2023) as

the text to visual image generator. DALL-E 3 repre-
sents one of the most recent OpenAI text-to-image
models not native to the proprietary ChatGPT plat-
form. Though sophisticated, it generates a suffi-
cient density and diversity of errors for meaningful
analysis, thus satisfying our research goals, not
of improving text-to-visual generative model per-
formance in spatial reasoning tasks (which is not
possible for 3rd party researchers with closed mod-
els), but rather of analyzing errors made and human
assessments of those selfsame errors. This choice
also gives us a unique opportunity to investigate a
range of multimodal reward models designed for
text-to-visual generation and understanding tasks.
For each prompt, we generated 5 images using the
default settings, resulting in 495 total generated
images.

3.2 Human Survey and Evaluation
Using the Prolific platform, we recruited a total of
199 participants to take a survey in which each task
presented them with two images generated using
the same prompt. Each sample, consisting of a
prompt and an image pair, was presented to two
participants. Participants were asked to answer a
set of systematic questions:

1. How many objects were depicted in each im-
age (excluding surface and background ob-
jects (Talmy, 1975; Rubin, 2001a,b))?;

2. How well did each image in the pairwise com-
parison align with the given prompt (1 be-
ing no alignment and 10 being perfect align-
ment)?;

3. Which of the two images better represented
the contents of the prompt (in preference align-
ment terminology, a “winner”, although ties
were allowed if both images were equally rep-
resentative of the prompt)?; and

4. What factors made the generated images un-
representative of the prompts (a multi-answer
question allowing for incorrect number of ob-
jects, incorrect spatial relation or orientation,
hallucinated objects, or none)?

Collectively, these questions address the quali-
ties of number, orientation, and spatial relation as
they relate to the generated images’ overall repre-
sentativeness of the descriptions they purport to



represent, as well as distinct factors that detract
from that representativeness. Fig. 13 shows a sam-
ple comparison presented in the survey. Specific
image placements (left vs. right) were randomized
across individual survey instances to control for po-
sitional bias. A research protocol was approved by
the local Institutional Review Board for this study.
Participants accepted and consented to the study
via the Prolific interface. They were paid $10 per
hour, and were taken from the UK and USA and
were required to speak English. An image of the
survey is given in the appendix.

Figure 2: Participants response distribution reporting
tie and preferred images depending on the pair prompt-
images.

Participants were allowed to report a tie when
assessing paired images, as shown in Fig. 2. This
facilitated a focus on the objective and logical cor-
rectness properties of the images with respect to
factors like number, orientation, and spatial rela-
tions, rather than aesthetic factors (illumination,
patterns, etc.). Furthermore, given the 5 images
generated with each prompt, and the full Cartesian
pairings thereof that were presented to participants,
ties allowed them to indicate where both images
represented the prompt equally well or badly. The
remaining subset of participants responses follows
the strict Bradley-Terry pairing scheme. Pairing
the images as we do here replicates the Bradley-
Terry (BT) modelization assumption of paired pref-
erences that is common in modern language model
alignment (Bradley and Terry, 1952; Ji et al., 2023),
and thus facilitates BT modeling of rewards. Ad-
ditionally, it represents a well-known compromise
between the noise inherent in gathering scores of
single samples in isolation (Sun et al., 2024) and
the complexity of collecting ranked orderings of
samples a la the Plackett-Luce model (Plackett,
1975; Luce et al., 1959). We analyze the partici-
pants observations and responses in Sec. 4.1.

3.3 Multimodal Reward Model Evaluation

Reward models play a key role in developing and
improving LLMs (Xu et al., 2025; Lambert et al.,
2025). They can support scalable model perfor-
mance evaluation and identifying systematic weak-
nesses (Zheng et al., 2023). They can also serve
as a measure of data quality, which is essential
for building synthetic-data pipelines (Wang et al.,
2023). Motivated by the success of RLHF in lan-
guage modeling (Stiennon et al., 2020; Nakano
et al., 2021; Ouyang et al., 2022), there is growing
interest in utilizing reward models to align text-
guided vision-generation models with human pref-
erences. Current reward modeling approaches in
text to visual generation models can be divided into
three types:

1. Fixed, discriminative scorers (e.g., CLIP (Rad-
ford et al., 2021), BLIP (Li et al., 2022), CLIP-
Score Hessel et al., 2021) that assign a single
global score to each prompt–image pair, with
limited sensitivity to prompt-specific evalua-
tion criteria;

2. Models based on BT pairwise preference mod-
eling that learn rewards from relative compar-
isons and induce preferences via score differ-
ence (e.g. HPSv3 (Ma et al., 2025));

3. Approaches such as UnifiedReward-Think
(Wang et al., 2025) that leverage generative
VLMs to produce richer textual judgment to
incorporate Chain-of-Thought (CoT) reason-
ing into reinforcement fine-tuning.

From the wide spectrum of available multi-
modal reward models in the text-to-visuals gen-
eration, we choose two models that are based on
RLHF—UnifiedReward-Think and ImageReward
(Xu et al., 2023)—to assess their judgment perfor-
mance on our task. ImageReward is based on point
scoring approach, while UnifiedReward-Think is
based on both point scoring and pair ranking ap-
proach and provides a CoT reasoning justification
to the score. The aim of long CoT incorporation
in the UnifiedReward-Think reward model was to
enhance its robustness and reliability (Wang et al.,
2025). We analyze the outputs of both reward mod-
els in Sec. 4.2.



4 Results

4.1 Participants’ Responses

Fig. 3 shows the average reported count of objects
in generated images plotted vs. the number of
objects described in the prompt (results of survey
question 1). There is a clear monotonic increase
in the number of reported objects in the generated
images as the number of objects in the prompt
increases, and the model is more prone to generate
extraneous images as more objects are described
in the prompt, which reinforces an observation by
Conwell et al. (2024).

However, if we break the responses down by
images where the object(s) in the prompt were
described using no explicit orientation, an explic-
itly canonical orientation, or an explicitly non-
canonical orientation, a further interesting observa-
tion emerges. As shown in Fig. 4, the prompts con-
taining non-canonical orientations are less aligned
with generated images than the remaining prompts
(results of survey question 2). As the number
of objects in the prompt increases, the human-
assessed alignment of the image with the prompt
decreases, which reflects the effect of extraneous
objects appearing in the image (Fig. 3). But when
the prompts are disaggregated by orientation type
in the prompt, we see that canonical orientations’
alignment scores decline rapidly as the number of
objects in the prompt increases, which is inversely
proportional to the average number of extraneous
objects appearing in the generated image, but non-
canonical orientations’ scores have a much lower
starting point, even when the number of objects in
the prompt is only one.

Indeed, Fig. 5 shows that incorrect object orien-
tation and incorrect number of objects are the top
two frequent errors present in all prompts (results
of survey question 4), with incorrect object orienta-
tion reported as a factor about 17 percentage points
more than number of objects. Fig. 6 shows that for
all prompts, the frequency of object count errors
dramatically increases as the number of objects in
the prompt increases beyond 3 (cf. Conwell et al.
(2024)), while the frequency of orientation errors is
much more consistent across the number of objects
in the prompt.

4.2 Multimodal Reward Models

Similar to the human survey to assess align-
ment between prompt and paired images, we as-
sessed image-to-prompt alignment with two RLHF

Figure 3: Participants reported object counts in gener-
ated images versus number of objects in prompt.

Figure 4: Participant-reported image-prompt alignment
scores for prompts describing non-canonical orienta-
tions vs. prompts that have no-orientation and stated
canonical orientation.

Figure 5: Distribution of different types of errors in
generated images from prompts with non-canonical ori-
entation.

based multimodal reward models. We chose
the CLIP-based evaluator version of ImageRe-
ward and the Qwen3-VL-7B-based evaluator ver-
sion of UnifiedReward-Think. We selected the
UnifiedReward-Think reward model to leverage



Figure 6: Distribution of different types of errors present
in generated images from all prompts.

its generalizable capability for both understanding
and generation tasks.

While ImageReward returns a simple scalar
score, UnifiedReward-Think model provides point-
wise and pairwise ranking (scores from 1 to 10),
along with chain-of-thought generated rationales
across multiple dimensions including but not lim-
ited to the following items: Semantic consistency,
Aesthetics, Authenticity, Object coherence, and
Composition. For all multimodal reward models,
we use default sampling parameters from the offi-
cial implementations; in most cases, the sampling
temperature is 1.0.

Figure 7: Alignment scores comparison between
UnifiedReward-Think reward model and survey par-
ticipants.

Fig. 7 compares the image-prompt alignment
scores returned by UnifiedReward-Think to those
of the human annotators for objects in non-
canonical orientations, plotted against the number
of objects described in the prompt. We consid-
ered the semantic consistency dimension, which is
consistently present across all the prompts in the
model output, unlike other dimensions. The distri-

bution of scores for UnifiedReward-Think model is
roughly aligned with the scores reported by human
evaluators.

Then, for the set of prompts that described ob-
jects in non-canonical orientation, we took the im-
age pairs where the two participant who took the
DALL-E 3 survey agreed on which specific image
was more representative of the prompt. Only sam-
ples where a specific images was agreed to be the
winner was considered (“left image” or “right im-
age” in Fig. 2, resolved to the specific image name,
as image placement was randomized across indi-
vidual surveys). Five prompts were not included in
this experiment, as the images generated from them
were scored as ties instead of indicating a distinct
winner. For this subset of pairs, we compare the
multimodal reward models’ assessments of which
image is better fit for the prompt, and compare
them to the human responses. The winner of the
image pair according to UnifiedReward-Think was
chosen based on the sum of scores across all di-
mensions given by the model. In the case that the
ImageReward model did not explicitly state which
image is better, we infer the preferences from the
scores assigned by ImageReward to each of the
paired images.

Figure 8: ImageReward accuracy in matching responses
from two survey participants.

Using the human responses as ground truth, Figs.
8 and 9 show the respective accuracy of ImageRe-
ward and UnifiedReward-Think responses, respec-
tively, plotted against the number of objects de-
scribed in the prompt. The average accuracy across
all prompts for ImageReward is consistently lower
than the average accuracy of UnifiedReward-Think
model across the prompts with varied numbers of
objects.



Figure 9: UnifiedReward-Think accuracy in matching
responses from two survey participants.

4.3 Divergences Between Humans and
Reward Models

Even if the high-level scalar assessments of a re-
ward model broadly align with those of humans,
the underlying reasoning for the assessment may
diverge, thus calling into question the validity of
the model assessments. This is a well-known prob-
lem in domains like scientific review and education
(Alper et al., 2024; Joachim et al., 2025; Wetzler
et al., 2025). Here we perform a similar examina-
tion in the fundamental capacity of spatial reason-
ing.

We therefore launched a secondary survey
among 99 Prolific participants to validate the
correctness of reasoning traces provided by the
UnifiedReward-Think model. Similar to the ini-
tial main survey described in Sec. 3, participants
from UK and USA were recruited under the same
human subjects research protocol and consent struc-
ture. Participants in this survey were compen-
sated $12 per hour. In the study, participants were
provided with the prompt-image pairs along with
UnifiedReward-Think’s reasoning about the im-
age’s representativeness of the prompt for each
image. They were asked to answer “Does the re-
ward model reason correctly overall?” for each
image and its associated CoT rationale. For each
prompt and pair of images, three participant re-
sponses were collected, each of which may con-
stitute a pair yes-yes, no-no or yes-no/no-yes. An
image of this survey is given in the appendix.

Fig. 10 presents statistics over the responses of
the two participants who most consistently agreed
that both reasoning traces in the pair were correct,
across all responses for all prompts that described

Figure 10: Participant judgment of UnifiedReward-
Think reasoning traces in secondary survey.

objects in non-canonical orientation. As shown,
345 responses are either no-no or one yes and one
no (in other words, at least two participants did
not agree that both reasoning traces were correct),
while there are only 235 yes-yes responses that con-
firm the correctness of the reasoning traces. Over-
all, this result indicates that in more than 50% of
reasoning traces by UnifiedReward-Think, at least
one of the reasoning traces for the paired images is
considered incorrect, and close to 20% are consis-
tently incorrect.

We additionally investigated the types of mis-
takes in the reasoning traces of the UnifiedReward-
Think model for prompts involving objects in
non-canonical configurations. Given the DALL-
E3 generated image, its associated prompt and
UnifiedReward-Think model’s CoT rationale, we
utilized the vision-language model, Gemini-3-flash-
preview, as a judge to identify which categories
were incorrectly stated in the reasoning traces and
to quantify their frequency of occurrence. An ex-
ample of the question we prompted for object ori-
entation in Gemini-3-flash-preview was "Look at
this image. Does it show the upside-down bowl?
Please answer with ’Yes’ or ’No’ and provide a
short, specific explanation.". The similar approach
was taken for the case of spatial relation and num-
ber of objects. In other words, object configuration,
spatial relation and number of objects stated in the
reasoning traces were extracted to check their cor-
rectness against the prompt and generated image.

We observed that similar to DALL-E3 gener-
ated images, the CoT rationale generated by the
UnifiedReward-Think model contain numerous er-
rors.1 Examples of such errors include objects

1The outputs generated by the Gemini-3-flash-preview
model were subsequently reviewed by an annotator to remove
potential model-induced errors, ensuring the correctness of



lying on their sides being incorrectly interpreted
as upside down, and object quantities exceeding
three being miscounted. Fig. 11 illustrates the ac-
cumulation of errors and their frequencies across
all reasoning traces, highlighting the two most fre-
quent mistake types—spatial orientation and object
count—in the UnifiedReward-Think model’s rea-
soning traces.

Figure 11: Frequency and type of mistakes present in
UnifiedReward-Think model’s reasoning traces.

5 Discussion
In the first phase of our study, incorrect object orien-
tation emerged as a critical factor affecting human
participants’ assessment of image alignment with
prompt. Incorrect number of objects was a sec-
ondary factor, aligning with findings by Conwell
et al. (2024). Ostensibly, human evaluations may
consider images generated from prompt describing
n objects that contain > n objects as technically
containing at least n objects, and thus satisfying
the n objects constraint. In model-theoretic terms,
a scene containing 3 objects is a semantic conse-
quence of (⊨) the scene containing 5 objects, even
though this is pragmatically misleading. However,
orientational cues are mutually exclusive; for in-
stance, an object cannot be both upright or on its
side and inverted at the same time. Human eval-
uators strongly rate such discrepancies as a factor
in making the generated image unrepresentative
of the prompt. This is particularly true of images
generated from a prompt containing an object de-
scribed in a non-canonical orientation, and such
spatial reasoning errors correlate with lower over-
all alignment score of the image to the prompt.

When we consider the performance of mul-
timodal reward models in assessing the text-to-
image outputs, we observe that although the image-
prompt alignment scores returned by a modern
model such as UnifiedReward-Think may roughly

Fig. 11.

(a) The image perfectly depicts an inverted strainer basket on
a table. The object is clearly a colander, it is placed upside
down, and it is on a wooden table, matching all elements of
the caption.

(b) This image also perfectly matches the caption. It shows a
strainer basket, it is inverted, and it is resting on a wooden
table surface.

Figure 12: UnifiedReward-Think reasoning traces pro-
vided for semantic consistency for generated paired im-
ages and prompt “An inverted strainer basket on a table.”

align with those assigned by human evaluators,
the reasoning given for the score is significantly
flawed, especially when the objects in the prompt
are described in non-canonical orientations. Fig. 12
shows one such indicative example of images gen-
erated from the prompt “an inverted strainer basket
on the table”. In both cases, the reward model
claims that the image aligns very well with the
prompt and proceeds to conflate the orientation of
the objects (on their sides) with being inverted or
upside down. Thus our qualitative and quantitative
results show that even if the scalar reward aligns
with that assigned by humans, the generated rea-
soning traces might be erroneous in the presence
of images that are misaligned with the prompt.

6 Conclusion

In this paper, we have examined both humans’ and
multimodal reward models’ assessments of rea-



soning errors in generative text-to-image models.
Our results show that spatial orientation errors are
particularly impactful on human ratings. We also
show that multimodal reward models are sensitive
to the same types of errors, and that even though
UnifiedReward-Think more frequently agreed with
human assessments of image-prompt alignment
than ImageReward, the underlying reasoning that
led to the assessment frequently contains signifi-
cant flaws, especially when reasoning about images
in which the image generator include spatial rea-
soning errors about orientation.

The reliability and robustness of multimodal re-
ward models for assessing text-image alignments,
like that of generative text-to-image models them-
selves, appears to be strongly challenged by spatial
reasoning tasks, especially those related to reason-
ing about objects in non-canonical configurations.

Limitations

This study did not assess the performance of newer
text-to-image models such as the GPT-Image or
Nano Banana families due to access constraints
imposed by the Gemini and OpenAI APIs and web
interfaces. While newer closed models possibly
output fewer errors for prompts that are structurally
more simple, they still are not error-free. Our ex-
periment using Gemini-3-flash-preview, a newer
closed vision-language model, also demonstrates
that same spatial reasoning errors are still present
despite of recent advances. At the end, we must
reiterate that our research question in this paper
was directed not at how to improve text-to-image
model performance but rather toward how humans
perceive different kinds of generation, especially
spatial reasoning errors, and how human and AI
assessments of text-to-image outputs align or differ
across a variety of examples, including instances
of both text-image alignment and misalignment.
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A Appendix

The list of objects mentioned in our prompts used
in DALL-E3 model is: bench, bowl, bucket, can,
pitcher, chair, colander, cup, desk, glass, gravy
boat, jug, laundry basket, measuring cup, mug,
pan, plate, pot, saucepan, strainer basket, luggage,
vase, cardboard box, sofa.

Fig. 13 shows the initial survey given to Prolific
participants to assess the correctness of generated
images with respect to the prompt, and the catego-
rization of error types, as discussed in Sec. 3..

Fig. 14 shows the survey given to Prolific par-
ticipants to assess the quality of UnifiedReward-
Think’s reasoning about image alignment with
prompt, discussed in Sec. 4.3.

A sample of chain of thought traces generated
by the Unified Reward-Think model is presented
in Fig. 15. The reasoning associated with Image 1
in Fig. 15 is illustrative of how the model wrongly
reasons about semantic consistency while generat-
ing a point-wise score of 9 out of 10 at the same
time.



Figure 13: Sample image pair with prompt and questions in Prolific participant survey.

Figure 14: Survey given to Prolific participants to assess quality of UnifiedReward-Think reasoning.



Figure 15: Sample of complete chain of thoughts generated by UnifiedReward-Think model.
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