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Abstract

Evaluation of synthetic images is important for both

model development and selection. An ideal evaluation

should be specific, accurate and aligned with human per-

ception. This paper addresses the problem of evaluating

realism of objects in synthetic images. Although methods

have been proposed to evaluate holistic realism, there are

no methods tailored towards object-centric realism evalua-

tion. In this work, we define a new standard for assessing

object-centric realism that follows a shape-texture break-

down and proposes the first object-centric realism evalua-

tion dataset for synthetic images. The dataset contains im-

ages generated from state-of-the-art image generative mod-

els and is richly annotated at object level across a diverse

set of object categories. We then design and train the OLIP

model, an architecture that considerably outperforms any

existing baseline on object-centric realism evaluation.

1. Introduction
Generative models have become excellent at synthesizing
high-quality diverse images from text [28–31]. Diffusion
models, a particularly effective type, can create impressive
images that closely follow complex prompts [17].

Evaluating these models is critical, not only for further
improvement but also for selecting best models for spe-
cific applications. To this end, several model-level eval-
uation metrics have been introduced, including FID [10],
FID1 [7], and CMMD [13]. These metrics primarily mea-
sure the distribution divergence of generated vs. reference
images, offering a general perspective on model quality.
However, they do not align well with human perception and
they lack the granularity necessary to detect specific quality

errors essential for subsequent improvement.
To address these limitations, new evaluation methods

and benchmarks increasingly focus on alignment with hu-
man perception and a finer taxonomy of image defects.
The field has evolved from broad metrics like Aesthetic
Score [1], PickScore [16], and CLIPScore [9], towards more
nuanced assessments, such as dividing overall image quality
into realism (fidelity) and text-image alignment [37]. More

recently, even finer-grained text-image alignment evalua-
tion systems like TIFA [12], VQAScore [22] and Rich-
HF [21] have been introduced.

Despite this trend there remains surprisingly limited fo-
cus on decomposing the fidelity/realism aspect of generated
images (Tab. 1). Unlike text-image alignment, which can
anchor evaluation around each semantic concept in the text
prompt [12, 22], image realism does not benefit from such
straightforward anchoring. This makes guiding annotators
to assess specific aspects of realism challenging.

We propose an evaluation framework, a dataset and an
algorithm to be more specific on image evaluation. Inspired
by anchoring text-image alignment evaluation to prompts,
we ground our realism evaluation on individual objects, in-
troducing what we term object-centric realism, or OcR.

For each image, OcR is assessed at the object level,
with each evaluation comprising a shape score and a texture
score. This separation aligns with human perception and
reflects the image generation process itself, where shape
(mesh) and texture (material) are typically defined indepen-
dently. We developed an annotation framework that facil-
itates efficient and consistent collection of OcR data from
human annotators, resulting in an object-centric evaluation
dataset. Sec. 3 provides further details.

Additionally, we develop a set of algorithms to assess
OcR, ranging from low-effort prompt engineering and zero-
shot/few-shot learning approaches to our own OLIP model,
which is specifically designed and trained for this task. Re-
sults demonstrate that existing image realism algorithms
are largely ineffective in this context—some performing al-
most randomly—yet we identify promising directions for
adaptation, with our model achieving state-of-the-art per-
formance. This work is detailed in Sec. 4.

Our contributions are: 1. Introducing an object-level im-
age realism evaluation framework with a systematic assess-
ment method. 2. Compiling the first dataset dedicated to
object realism assessment in synthetic images. 3. Propos-
ing a suite of automated evaluation methods and present ex-
tensive experimental results for estimating object realism in
synthetic images.

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
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Figure 1. Overview of our method. (a) In this work, we are focusing on image realism evaluation task. (b) Existing methods, like TIFA,
VQAScore, ImageReward, etc., give realism evaluation on the image-level, without interpretable details on their realism score. (c) Our
method, Object-centric Realism evaluation, not only provide detailed scoring per object, but also evaluating in both shape and texture.

Realism
Eval FID CLIP

Score
Img.
Rwd TIFA VQA

Score
Rich-
HF Ours

Generic 3 7 3 7 7 3 3
Obj-level 7 7 7 7 7 7 3

Table 1. Comparing image realism granularity across methods.

2. Related Work
The two most commonly evaluated synthetic image at-
tributes are: a. image realism, a.k.a. fidelity, which mea-
sures the overall quality and realism of generated images
and b. text-image alignment which assesses how well the
image aligns with the text prompt. Other metrics like model
bias (e.g., race, gender), aesthetics, reasoning capacity, tox-
icity, and multilingualism [4, 18] have been also studied but
not yet commonly applied.

Model-level image realism metrics like Fréchet Incep-
tion Distance (FID) [11], CMMD [13] and Learned Per-
ceptual Image Patch Similarity (LPIPS) [34] use pre-trained
neural networks to assess the quality of generated imagery.
Although useful for model selection, these metrics rely on a
reference dataset, operate at the model level rather than im-
age level, and lack generalization to text-image alignment.

To address these limitations, CLIPScore [27] was pro-
posed. It measures the cosine similarity between the embed-
ded image and text prompt. Although impactful, it struggles
on complex prompt and evaluate compositionality [35, 38].

To further enhance alignment with human perception,
approaches like ImageReward [37] and PickScore [16] fine-
tune vision-language models on large-scale human ratings.
To get more granularity and specificity, Divide-and-conquer
approaches [25, 33] use large language models (LLMs) to
decompose prompts into simpler components for analysis.
A notable technique within this framework is Question Gen-
eration and Answering (QG/A), exemplified by TIFA [12],

DSG [6] and more recently VQA [22] where questions are
extracted from prompts, and the alignment score is com-
puted based on the accuracy of the answers by a visual
question-answering (VQA) model. These works signifi-
cantly pushed the field forward, but they primarily focus on
granular text-image alignment. When focusing on image
realism axes, these algorithms produce a holistic, generic
score instead of being more specific, which we want to solve
in this study by object-level realism.

The closest work to ours is RichHF-18K [21] published
recently. It collects a dataset of human feedback for T2I
generation including plausibility, alignment, aesthetics, and
overall quality, each with a scalar rating. They also collect
a heatmap annotations of regions that are implausible and
misaligned to text prompt. This work is close to ours as
both trying to collect more granular ratings for image real-
ism, us with object-level realism and RichHF with artifacts
heatmaps. However, the two are significantly different as
we focus explicitly on object-level shape and texture quality
for every single object in the image, rather than localizing
artifacts in the image.

3. Object-centric Realism Dataset
3.1. Data Preparation
We illustrate the data preparation and annotation pipeline
in Fig. 2. We start from a set of 2500 images of 17 fash-
ion and home product categories sold online. Each image is
captioned using LLaVA-1.6-7b with 1000 tokens [23]. Cap-
tions are passed to recent T2I models to synthesize seman-
tically similar images. We apply four state-of-the-art mod-
els representing a variety of model architectures and train-
ing strategies, i.e. FLUX-dev [17], FLUX-schnell [17],
StableDiffusion-XL (SDXL [2]) and Segmind [32].
We generate 3500 images per model and add 10% real im-
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Figure 2. Data preparation and annotation pipeline. We collect a set of real images of products sold online 1 . Each real image is
captioned 2 . Resulting text is used to generated synthetic images 3 on which we ground target objects 4 . Objects are shown to humans
for annotation 5 . In the annotation pipeline, objects are assessed individually for shape and texture realism. Here we illustrate the
hypothetical annotation of a PLANT A , VASE B and CABINET C . Additionally, we collect holistic realism labels on a small subset D .

ages. We use a fine-tuned DETR model [5] to detect object
bounding boxes. This results in 16K bounding boxes. We
filter small objects (< 1% of the image size) and objects
with low detection confidence (mAP 1 < 0.5). We further
conduct a manual cleanup to remove boxes where an object
is not presented regardless of the predicted object category.
This removes 646 (4%) wrong boxes.

3.2. Collecting Human Assessment
Our annotation pipeline involves assessing OcR of synthetic
objects from two aspects, i.e. object shape and object tex-
ture. Annotators are asked to evaluate shape and texture
photo-realism of the objects independently. This two-aspect
assessment follows the shape-surface mental model in 3D
graphic rendering [24] and the practice of measuring the
perception of visual realism in images [26]. For each ob-
ject, we present its global visual context, i.e full image, and
the reference category predicted by the grounding model to
the annotators. Annotators are asked to judge OcR on a 1
to 5 point Likert scale [14]. We recruit nine annotators with
experience in evaluating synthetic images. Each object is
first evaluated by two annotators. If the two annotations
diverge largely, i.e. difference � 3 for any of the 5-scale
questions, the object is included in a re-evaluation task to
collect a third annotation. We use the Cohen’s Kappa score
[8] and the rate for re-evaluation requirements to keep track
of the annotators’ performance.

We collected valid annotations for 15K objects from
14K images across 17 object categories. We obtain two

1Mean of the average precision scores for all classes.

photo-realism scores, i.e. shape realism and texture real-
ism, for each object by averaging annotators’ annotation.
We further derive an average OcR score by averaging its
shape and texture scores. Additionally, we collect dense
object-level realism and holistic image-level realism on a
subset of 1.5K objects from 210 images with 83 object cat-
egories being grounded 2. The dataset is balanced across
models and object categories We randomly split the dataset
into train (95%) and test (5%).

The annotation alignment (Cohen’s Kappa score) be-
tween two annotators is 0.4 for shape realism assess-
ment and 0.34 for texture realism assessment, and the re-
evaluation rate 10%. During the process, we observe a grad-
ual improvement in annotation quality. This emphasizes the
importance of conducting pilot tasks at the beginning of the
annotation task. The interested reader should refer to Ap-
pendix A for further details of the data collection and anno-
tation quality.

3.3. Dataset Analysis
In this section, we detail general data attributes, discuss the
relationship between shape and texture photo-realism, and
investigate how OcR contributes to holistic image realism.

3.3.1. Data Overview
Fig. 3 shows the distribution of the object shape and tex-
ture realism scores. Both scores are skewed to the left with
relative fewer counts in the lower score range.

OcR breakdowns by generative model are shown
in Fig. 4. A few observations can be made. First, the score

2Refer to Fig. 13 in Appendix A.2 for a complete category list
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Figure 3. Overall OcR distribution. Figure 4. Shape and texture realism by model. Figure 5. Shape-texture score dis-
crepancy by model. ⌅: 0, ⌅: 1 ⌅:
2, ⌅ � 3.

Figure 6. Shape and texture realism by object category.
ART FRM: ART FRAME, DEC PIL: DECORATIVE PILLOW, TOY FIG: TOY FIGURE.

ranks stay consistently across models for shape and texture.
Besides overall expected differences coming from training
protocols, data and model architecture3, one can also ob-
serve: (i) FLUX-dev ranks higher than real images, which
while surprising might also show capability of the model to
synthesize not only artifact-free images but also images that
have standard lighting, contrast and composition which hu-
mans tend to prefer. (ii) Time-step distillation barely hurts
performance (FLUX-schnell vs FLUX-dev) contrary to
model distillation (SDXL vs. Segmind) that considerably
degrades performance.

We split the object categories into four groups, i.e.
APPAREL, DECOR, FURNITURE and TEXTILES ( Fig. 6).
APPAREL categories have higher shape realism than texture
realism whereas FURNITURE categories follow the oppo-
site trend. This suggests that synthetic models have more
challenges generating realistic shapes than texture for rigid
objects (SOFA, BED) and vice versa for non-rigid objects
(SHIRT, PANTS). Such discrepancy does not exist in real
objects. For example, the average texture realism score
of FURNITURE categories is 0.14 greater than their shape
score for synthetic objects, but for real objects, such differ-
ence is only 0.05. TEXTILES categories also have consis-

3FLUXmodels have 4⇥ more parameters than SDXL and 8⇥ more than
Segmind.

tently higher shape realism than texture realism mainly due
to their relatively simple and unified structure. Additionally,
decoration-related categories (DECOR, TEXTILES) have
high OcR in general. This is likely because decoration ob-
jects, e.g. WALL ART and CURTAIN, usually have sim-
ple geometry, and they are typically highly stylized which
makes minor distortions negligible. However, categories
like TABLE and BOOTS follow specific real-world stan-
dards for structure, material and functionality. In Fig. 7
we show representative samples from assessment buckets.

3.3.2. Shape vs. Texture Realism
The correlation between shape and texture realism of an
object is 0.52 4. This indicates that while moderately cor-
related, the two factors preserve independent information.
There are 8% objects with high shape-texture realism dis-
crepancy. 5 Model ranking for overall OcR (Fig. 4) are the
same as their ranking for shape-texture realism alignment
(Fig. 5). This suggests that models which synthesize less re-
alistic objects also synthesize objects with higher misalign-
ment in terms of shape and texture realism. As for more
extreme cases where shape and texture difference � 3, real

4Spearman correlation.
5Absolute assessment scores between shape and texture have a differ-

ence � 2. In green and red in Fig. 5.
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Figure 7. Dataset examples ordered by Shape and Texture realism. Off diagonal images present discrepancy between the two aspects
labelled. Realism increases towards the bottom-right corner.

objects have the least prevalence in this bucket than any
of the synthetic models. For object category breakdowns,
we observe the same trend that categories with higher
OcR have lower misalignment in shape and texture real-
ism. Specifically, APPAREL and FURNITURE have higher
shape and texture discrepancy than DECOR and TEXTILES
For example, SOFA, BED have the largest shape-texture
realism discrepancy whereas DECORATIVE PILLOW and
ART FRAME have the least. (Refer to Fig. 14(b) in Ap-
pendix A.2).

3.3.3. Object vs. Image Realism
We ask ourselves: “What does object realism tell us about

image realism?”. Tab. 2 shows that image realism has a
moderately positive correlation with object shape and tex-
ture realism (see “All Objects”). We were further interested
if this relationship depends on object relative size. It seems
that, when evaluating image realism, annotators tend to fo-
cus more on larger objects. This is shown by larger corre-
lation between scores of the largest-sized object and image
scores (see “Largest” vs “Smallest”).

Most practitioners would still be interested in evaluat-

ing images not objects in images. In the same table (see
row “Average”) we show that by averaging over all object
scores in an image, one obtains a very good predictor (corre-

Type Shape Texture Joint
All 0.57 0.56 0.59
Largest 0.63 0.56 0.63
Smallest 0.57 0.53 0.58
Average 0.78 0.77 0.79

Table 2. Spearman correlation between object and image realism.
All: all objects; Largest: object with largest relative size (pixels
from total); Smallest: object with smallest relative size; Average;
correlation between average score of all objects and holistic score.

Figure 8. Feature selection for holistic and object realism score
regression. Here features represent objects in the image. Most
salient 5 are most informative for overall image quality.

lation 0.79) of the image holistic realism. This strengthens
the point that image realism is mostly perceived in terms of
object realism.
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Does one need to estimate realism over all objects in an

image for a good prediction of image realism? It appears
that most salient five objects are enough. We perform a lin-
ear regression analysis between holistic image realism and
object realism. We remove 13 (6%) images with too few
(< 5) or many (> 10) objects from the analysis. We per-
form a 5-fold cross-validation for conducting a Recursive
Feature Elimination (RFE) by iterative removing of the least
important object realism scores. Feature selection results
are shown in Fig. 8. The conclusion is clear. Object realism

scores of the largest five objects of the image predict most

of the holistic image realism (MSE = 0.45,R2 = 0.62).

4. Estimating Object Realism
In this section we explore several automatic methods for es-
timating OcR in synthetic images. The approaches consid-
ered roughly fall in three main categories. First, we explore
how well do existing methods estimate realism. We consider
existing methods from four main categories: a. methods
that estimate human preference, b. methods that perform
image quality assessment, c. methods that compute image-
to-text alignment and d. generic vision-language models
tested in a zero-shot fashion. Second, we discuss and anal-
yse strategies for adapting vision-language models for re-

alism estimation through few-shot in-context learning. Fi-
nally, we design and train OLIP, our own architecture for
object realism estimation. For all the experiments we keep
5% of the entire data for testing and use the rest for train-
ing. Out of the 17 object categories in the dataset, only 10
are part of the test dataset6.

4.1. Existing Scoring Methods
We consider the following methods: (a) ImageReward
(IR) [37] and AestheticScore (AS) [1] estimate
human preference of synthetic images, (b) QualiCLIP
(QC) [3] performs image quality assessment,
(c) VQAScore (VS) [22] computes text-to-image
alignment and (d) LLaVA-OV [19] a generalist Vision-
Language Model (VLM) and LLaVA-Critic [36], a
variant fine-tuned for scoring and ranking.

For IR, AS, VS and QC we pass a square crop of the tar-
get object. Both IR and VS compute alignment to a text
prompt. The text prompts follow the questions asked to hu-
man annotators7(see also Sec. 3). The Mean Absolute Er-
ror (MAE) is computed against the average normalized OcR
score among all annotators while Accuracy (ACC) is com-
puted over a 5-class classification problem (each 1-5 Likert

6SHIRT, SOFA, LAMP, HANDBAG, TABLE, PANTS, BED, DRESS,
RUG, BOOTS.

7
Shape: ’[OBJ] with realistic shape and structure.’ Texture: ’[OBJ]

with realistic texture, color and shade.’; Joint ’[OBJ] with realistic shape,
structure, texture, color and shade.’. [OBJ] is one of the target object cate-
gories.

Figure 9. OLIP, the proposed model architecture. (a) The overall
architecture of OLIP. (b) Detailed architecture inside each branch.

assessment is a class). When multiple labels available the
score is averaged and then rounded to closest integer.

In the case of the LLaVA VLMs, we test several infer-
ence strategies. More specifically, when passing the image
we: (i) use the entire image with an overlaid bounding box
(img) and (ii) crop the image to only include the bound-
ing box content (crop). When prompting we use: (i) same
questions posed to human annotators (base) and (ii) em-
ploy a rephrased version that allows more flexibility for the
model (s5). The combination of these input and prompting
variations results in four inference strategies.

4.2. Adapting VLMs for OcR Estimation
To address the limitations of zero-shot approaches with
general-purpose VLMs, we introduce curated few-shot in-
context samples through carefully selecting diverse exam-
ples from the training set for each object category to en-
sure a range of shape and texture scores are presented to the
models. This diversity is crucial, as random example selec-
tion tends to bias towards average values, potentially hin-
dering the model’s ability to learn scaling mechanisms for
varying image and object qualities. We limit our few-shot
approach to five samples and apply the same four variants
(img, crop, base, s5) used in our zero-shot experiment.
Best results of zero-shot and few-shot VLMs are shown in
Tab. 3(a) and the complete ablation results are in Tab. 6 in
Appendix C. By combining these approaches, we aim to
harness the strengths of both zero-shot and few-shot learn-
ing while overcoming their individual weaknesses, poten-
tially enhancing performance across specialized tasks.8

4.3. OLIP: Object-centric Scoring Model
We propose OLIP, an architecture specifically designed for
realism estimation. It contains three major components: (1)

8For an overview of prompting strategies, see Appendix D.
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Method Shape Texture Average Joint
MAE #ACC "MAE #ACC "MAE #ACC "MAE #ACC "

Random 0.345 0.223 0.337 0.232 0.341 0.227 0.342 0.211
ImageReward [37] 0.287 0.229 0.268 0.297 0.277 0.263 0.263 0.316
AestheticScore [1] 0.247 0.298 0.228 0.356 0.237 0.327 0.228 0.321
QualiCLIP [3] 0.218 0.267 0.191 0.307 0.204 0.287 0.199 0.349
LLaVA-OV (ZS) [19] 0.165 0.273 0.172 0.317 0.168 0.295 0.174 0.375
VQAScore [22] 0.192 0.302 0.159 0.382 0.175 0.342 0.164 0.407
LLaVA-Critic (FS) [36] 0.204 0.343 0.168 0.454 0.186 0.398 0.178 0.414
OLIP (Ours) 0.136 0.439 0.123 0.489 0.130 0.464 0.118 0.539

((a)) Object realism prediction performance.

Model Design MAE # ACC "
Full OLIP 0.118 0.539

– Full image 0.132 0.479
– Multi-head 0.130 0.486
– Deep proj. 0.136 0.446
– All 0.148 0.387

((b)) Ablation study of OLIP model variations.

Table 3. (a) Object realism prediction performance. (b) OLIP ablation study. (a) MAE: Mean. Absolute Error, ACC: Accuracy. Shape:
‘[OBJ] with realistic shape and structure.’ Texture: ’[OBJ] with realistic texture, color and shade.’; ZS: Zero-shot; FS: Few-shot; Average:
average of Shape and Texture; Joint ’[OBJ] with realistic shape, structure, texture, color and shade.’. [OBJ] is one of the target object
categories. (b) – Full image: no full image to attend. – Multi-head: a single head for all tasks. – Deep proj.: a linear instead of a deeper
projection head. – All:: no full image, no multi-head, no deep proj.

a global-local multi-modal encoder, (2) a multi-head atten-
tion and (3) a MLP regression projector. The three com-
ponents combine into a data-efficient regression model for
object-level shape, texture realism evaluation. An illustra-
tion of the architecture is shown in Fig. 9.

We use pre-trained BLIP [20] as the backbone on extract-
ing the multi-modal embedding. It remains frozen through-
out training. The frozen BLIP ensures that the foundational
language-image representations remain consistent through-
out training. Inspired by human perception on object qual-
ity which considers global context and local attention, we
extract embedding for both full image and object crop, us-
ing object category name as prompt. This practice is differ-
ent from previous image holistic evaluation method where
prompts like “A good image” and “A bad image” are used.
This gives us two 512 dimensional embedding vectors, for
full image and object crop respectively.

To assess quality dimensions independently, the model
applies three quality attention heads: Shape Head, Texture
Head, and Joint Head. Each attention head employs multi-
head attention with 8 heads and a dropout rate of 0.1. Each
attention head takes the full image embedding as query and
crop image embedding as key and value and is connected
to a dedicated prediction head, which processes attention-
enhanced embeddings through a 4-layer MLP with ReLU
non-linearity. The MLP gradually reduces its hidden layer
dimensions {1024 ! 768 ! 384 ! 1} with layer normal-
ization and dropout at rate of 0.2. At the output layer, the
1-dimension scalar is mapped to their corresponding range
with a scaled and translated Sigmoid function. We use MSE
loss for all regression heads. AdamW optimizer [15] is used
with learning rate = 1e�4 with cosine annealing scheduler

and with weight decay = 0.01. See Appendix B for addi-
tional implementation details.

OLIP addresses Object-centric Realism through several
design features: (1) usage of the full image as query in at-
tention to provide more quality context, (2) separated atten-
tion/projection heads for texture, shape, and joint realism,
as each requires different visual aspects (e.g., boundaries for
shape vs appearance for texture) and (3) deeper projection
head instead of linear projection to accommodate complex
quality definition. We perform ablations on these designs in
Tab. 3(b). Independently, each ablation causes 6-10% drop
in accuracy and over 15% when ablated together.

4.4. Discussion

All results are documented in Tab. 3. Qualitative examples
are shown in Fig. 10. VLM ablations are in Appendix C.
We discuss them in the following.

Existing methods are approximate at best and sometimes

only slightly better than random in OcR. This is true regard-
less of their type, i.e. Human Preference, IQA or VLM,
and is particularly true for ImageReward, QualiCLIP and
zero-shot LLaVA-OV. Interestingly, VQAScore and few-
shot LLaVA seem to be best among this set of methods
tested in the wild.

Existing methods are especially bad with unrealistic ob-

jects. One can see a few examples in Fig. 10. Most often
than not, these methods fail badly with heavily distorted ob-
jects which can be problematic in practical scenarios.

All methods perform better in evaluating texture realism.
This holds regardless of having been trained or not and re-
mains true for the proposed architecture.
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Figure 10. Object realism for a selected set of images from ground-truth (Human), selected baselines and OLIP. Color coding reflects
discrepancy to ground-truth from low (green) to high (red).

Methods that need prompting
9

benefit from aligning to

both shape and texture jointly
10. This shows that OcR ben-

efits from explicitly specifying both realism aspects in a sin-
gle comprehensive prompt than using separate prompts.

Specialized in-context learning enhances VLM capabil-

ities. Adapting VLMs using few-shot in-context learning
effectively improves OcR compared to the zero-shot set-
ting11. Specialist VLMs further outperform the generic
VLMs in few-shot learning ( Tab. 6 in Appendix C). These
indicate that specialized vision-language models with few-
shot learning represent a promising direction for developing
complex multimodal scoring mechanisms.

Designing and training a dedicated architecture shows

considerable improvements over baselines. Particularly ef-
fective is the combination between strong pretraining (BLIP
backbone) and dedicated design (object and holistic atten-
tion). This is confirmed by best results across the board and
considerable improvements on unrealistic objects.

5. Conclusion and Limitations
In this paper, we have introduced an object-level realism
evaluation framework. Based on it, we have compiled the
first dataset devoted to object realism assessment in syn-

9All methods except AestheticScore
10See column “Joint” v.s. column “Average” of Tab. 3(a)
11See row “LLaVA-OV (ZS)” v.s. row “ LLaVA-Critic (FS)” of

Tab. 3(a)

thetic images. Finally, we have discussed a suite of exist-
ing evaluation methods and proposed a model dedicated to
OcR. In additional to OcR evaluation, the proposed pipeline
has application opportunities in (1) localized editing for
quality enhancement and (2) model improvement via fine-
tuning or human preference alignment. These do not come
without limitations. First, we base our study on a diverse but
limited number of image types and object categories. Fu-
ture work would be needed for real-world scale generaliza-
tion. Then, additional information that object-level speci-
ficity brings comes with added computational cost. Several
models passes, one per object, would be required for dense
realism evaluation with a prerequisite of object grounding.
This cost can be significant for certain applications. In ad-
dition, adapting to new artifacts and models is persistently
unclear and difficult, which remains an on-going complex-
ity until a powerful system that resembles human perception
is established. In this work, we propose careful artifacts
definition, meticulous data collection, and robust model de-
velopment, with the hope that it can help our community
tackle this problem. Finally, realism estimation remains a
challenging problem. While we address the issue of sub-
jectivity in annotation by focusing on objects with broad
consensus in general understanding, and we show promis-
ing results in modelling, considerably more improvement
has to be made until automatic realism assessment closes
the gap with human perception of realism.
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