
Auto Cherry-Picker : Learning from High-quality
Generative Data Driven by Language

Yicheng Chen1,2, Xiangtai Li1,3, Yining Li1†, Yanhong Zeng1,
Jianzong Wu1,4, Xiangyu Zhao1,5, Kai Chen1†

1Shanghai AI Laboratory 2Fudan University
3S-Lab, Nanyang Technological University

4Peking University 5Shanghai Jiao Tong University
Project page: https://yichengchen24.github.io/projects/autocherrypicker

(e) Quantitative Comparison on LVIS

Figure 1. Illustration of quality assessment of generated data samples using CLIS. (a) and (c) compare the quality of samples with different
CLIS-L and CLIS-I scores, respectively. Samples with low CLIS fail to align accurately with the condition (e.g., contain extraneous objects
or exhibit visual flaws). (b) and (d) compare the preferences of CLIS and CLIP score [27]. (e) compares different selection methods for
the same volume of synthetic data used in downstream tasks, reporting APr and AP on the LVIS benchmark. See details in Sec. 4.2.

Abstract

Diffusion models can generate realistic and diverse images,
potentially facilitating data availability for data-intensive
perception tasks. However, leveraging these models to
boost performance on downstream tasks with synthetic data
poses several challenges, including aligning with real data
distribution, scaling synthetic sample volumes, and ensur-
ing their quality. To bridge these gaps, we present Auto
Cherry-Picker (ACP), a novel framework that generates
high-quality cross-modality training samples at scale to
augment perception and multi-modal training. ACP first
uses LLMs to sample descriptions and layouts based on
object combinations from real data priors, eliminating the
need for ground truth image captions or annotations. Next,
we use an off-the-shelf controllable diffusion model to gen-
erate multiple images. Then, the generated data are refined
using a comprehensively designed metric, Composite Lay-
out and Image Score (CLIS), to ensure quality. Our cus-
tomized synthetic high-quality samples boost performance
in various scenarios, especially in addressing challenges
associated with long-tailed distribution and imbalanced
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datasets. Experiment results on downstream tasks demon-
strate that ACP can significantly improve the performance
of existing models. In addition, we find a positive correla-
tion between CLIS and performance gains in downstream
tasks. This finding shows the potential for evaluation met-
rics as the role for various visual perception and MLLM
tasks.

1. Introduction
Recently, diffusion-based image generation methods [58,
64] have made remarkable progress, enabling various ap-
plications, including text-to-image generation(T2I) [20, 21,
57, 60, 71], image editing [5, 26, 53, 59], video genera-
tion [22, 29, 30], and more. Compared to previous gener-
ative models [13, 34], diffusion models can produce high-
quality and high-resolution examples. Thus, one essential
usage of the diffusion-based model is to generate training
data for various downstream vision tasks, such as segmen-
tation [42, 80], detection [8, 44], and visual representation
learning [38, 69]. Synthetic data alleviates the severe de-
mand for human annotation and provides a more control-
lable data production process.

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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Figure 2. Comparison with previous methods. (a) LMD [43] generates
samples conditioned on detailed image descriptions by leveraging LLMs
as the layout generator and diffusion-based models as the image generator.
Some methods [25] use CLIP filtering to future refine these samples. (b)
ACP synthesizes training samples conditioned solely on object combina-
tions in natural language and automatically cherry-picks high-quality ones
by evaluating both layouts and images. High-quality training samples are
more effective for downstream tasks.

Previous works have explored generating samples via
different types of references, such as captions [43], bound-
ing boxes [74], instance masks [49, 67], and reference im-
ages [83]. In particular, InstanceDiffusion [74] generates
images with precise instance-level control, including at-
tribute binding and localization, while maintaining high fi-
delity conditioned on detailed instances. However, these
approaches still rely on manual annotations, limiting their
scalability and diversity in generating large-scale training
datasets for downstream tasks. In addition, due to the inher-
ent randomness of generative models, the quality of gener-
ated data tends to vary, potentially impairing the effective-
ness of using this data to train downstream tasks [25]. Con-
sequently, appropriate quality assessment metrics must be
employed to rule out low-quality synthetic samples. At the
image level, current semantic-based metrics, such as CLIP-
Score [25], fall short in precisely assessing dense annota-
tions, while detector-based metrics [65] struggle to capture
detailed descriptions and finer relationships between ob-
jects. At the layout level, existing methods are constrained
by predefined rules [31] and often neglect to consider other
reasonable candidates [33]. As illustrated in Fig. 2, current
methods face limitations due to costly ground truth anno-
tations and a lack of effective quality assessment metrics.
To solve these issues, several essential questions are raised:
1) How can we reduce the reliance on annotations, includ-
ing caption and layout, while aligning closely with real data
distributions? 2) How do we measure the quality for mul-
tiple instances, and can we propose a new metric to select
good ones? 3) Does the proposed metric reflect the final
downstream performance when used for training?

To this end, we propose Auto Cherry-Picker (ACP), a
data generation pipeline leveraging pre-trained generative
models and LLMs to generate images, detailed descriptions,
and layout annotations for cross-modality perception and
reasoning tasks. ACP comprises a raw data generator and
a comprehensive data filter. The raw data generator rede-
fines the current data synthesis paradigm by minimizing de-
pendence on predefined annotation from original training
data and instead using object combinations in natural lan-

guage. Leveraging these combinations, we first use LLMs
to sample fine-grained scene graphs, including object at-
tributes, relations, captions, and spatial layouts. Next, con-
trollable T2I models generate images based on these scene
graphs. This pipeline enables scalable synthetic data gen-
eration while aligning with real data distributions through
object combinations rooted in real-world data priors. It
also addresses unbalanced distribution issues by adjusting
the category proportion, especially in long-tailed scenar-
ios. To ensure the quality of synthetic data, we introduce a
comprehensive metric, Composite Layout and Image Score
(CLIS), in data filter. CLIS evaluates the reasonableness of
generated layouts (CLIS-L) and the quality and alignment
of generated images (CLIS-I). CLIS-L assesses the similar-
ity between generated and ground truth layouts from data
priors. Fig. 1(a,b) shows that high-quality layouts assessed
by CLIS-L mirror real-world layouts and are more likely
to yield high-quality images. CLIS-I evaluates visual qual-
ity and alignment with scene graphs, using priors from pre-
trained large-scale models. Fig. 1(c, d) shows that images
with high CLIS-I exhibit superior visual quality and strong
alignment with their corresponding scene graph. The fil-
tered scene graphs and corresponding images are used as
training samples.

Through comprehensive evaluations, CLIS significantly
enhances the performance of the state-of-the-state gener-
ation model, InstanceDiffusion, across various generation
perspectives, including image fidelity, alignment to text,
and layout control. Additionally, we observe a positive
correlation between CLIS and performance gains in down-
stream tasks. Scaling up the training samples generated
by ACP results in substantial performance gains in percep-
tion and reasoning tasks, particularly in long-tail and open-
vocabulary scenarios. On the LVIS dataset [19], we observe
a +6.0% improvement in APmask

r for the long-tail setting
using Mask R-CNN [24] and a +1.3% gain in APbox

novel for
the open-vocabulary setting using Grounding DINO [50].
Additionally, we achieve a score of +80.1 on the MME
benchmark and an accuracy improvement of +0.4 on the
GQA benchmark with LLaVA-v1.5 [47], validating its effi-
ciency in multi-modal perception and reasoning settings.

We summarize our technical contributions as follows:

• We propose ACP, an innovative training data generator
for cross-modality perception and reasoning tasks. It is scal-
able and aligns with real data distributions.
• We design a comprehensive metric, CLIS, to filter gener-
ated data effectively by assessing layouts and images based
on priors from real data or pre-trained large-scale models.
• Extensive experiments on visual and cross-modality per-
ception and reasoning benchmarks demonstrate that ACP
enhances model performance across various downstream
tasks. The correlation between CLIS and performance gain
among downstream tasks is well studied.
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2. Related Work
Text to Image Generation. Diffusion-based ap-
proaches [54, 57, 58, 60] generate images as iterative de-
noising steps from random noise. Stable Diffusion [58] per-
forms diffusion steps in the latent space of pre-trained au-
toencoders to achieve efficient training and sampling. Sub-
sequent studies extend text-to-image diffusion models with
layout controllability by introducing auxiliary input sig-
nals [40, 85] or spatial tokens [82] during training. An-
other line of works [4, 9, 11, 63, 79] follows a training-free
approach by directly intervening the cross-attention layers
during the sampling process. However, these controllable
T2I methods rely on visual annotations during inference.
With recent progress in the field of LLMs, LLM has been
introduced in the T2I system to enhance text understanding
and alignment [14, 16, 43, 56, 77, 81], further extending
methods to condition on detailed text descriptions without
the need for manually designing layouts. LMD [43] and
LayoutGPT [14] use LLMs as text-guided layout generators
through in-context learning. SLD [77] uses LLM to cor-
rect the misalignment between the generated images and the
user prompt in an iterative closed-loop process. RPG [81]
further adopts the recaptioning and planning of MLLM for
subregion generation. Compared to previous works, we ex-
tend the generation paradigm to be conditioned on simple
object combinations in natural language, broadening its ap-
plicability in scaling up synthetic data.
Learning from Synthetic Data. Deep learning models, es-
pecially for dense prediction tasks, typically require large
amounts of data, which can be costly. Therefore, many
works use synthetic data to approximate information gath-
ered or measured in the real world [73, 76]. Synthesiz-
ing training samples with dense annotations is conditioned
on various references. Some works [8, 49, 67] utilize the
layout-to-image paradigm to synthesize training samples,
conditioning on visual annotations like segmentation masks
or bounding boxes. Some [42, 78] utilize an off-the-shelf
perception model or adopt a perception head to obtain dense
annotations of synthetic images generated based on detailed
text descriptions. A series of works [17, 87] can condi-
tion on objects via copy-paste synthesis pipeline. However,
the reasonableness of layouts is not considered. Among all
these studies, no works explore a fully reasonable language-
driven pipeline. To fill this gap, our method is driven purely
by language and does not require expensive, manually an-
notated dense labels.
Generative Model Evaluation. Assessment of AI-
generated content is challenging due to its subjective nature
and the complexity of factors contributing to the generation
quality. Metrics like Inception Score (IS) [61], Fréchet In-
ception Distance (FID) [28], and LPIPS [86] are commonly
used for visual quality and diversity assessment. Some
methods [7, 27] focus on the alignment between text and

generated image. CLIPScore [27] computes the cosine sim-
ilarity between text features and generated-image features
extracted by CLIP. BLIP-CLIP [7] applies BLIP [39] to
generate captions, then calculates the CLIP text-text cosine
similarity between the generated captions and text prompts.
For layout quality assessment, LayoutDM [33] proposes
Maximum IoU [36] to measure the similarity between gen-
erated and real layouts. They compute an optimal match
between generated and real layouts, maximizing the aver-
age IoU for corresponding categories. HRS [2] and T2I-
CompBench [31] evaluate fixed spatial relationships, such
as right, bottom, near, etc., of layouts using simple rules.
Compared to these metrics, CLIS evaluates instance-level
results in complex scenes and combines the reasonableness
of layout and visual quality in one shot, making it a suitable
metric to generate high-quality data for downstream tasks.

3. Method
Auto Cherry-Picker is a training-free cross-modality per-
ception and reasoning dataset generation pipeline. It can
produce pairs of images and scene graphs conditioned on
object combinations while automatically selecting high-
quality ones for training downstream models. We first in-
troduce the preliminary in Sec. 3.1. Then, we detail our
framework, including the raw data generator and the data
filter in Sec. 3.2. Finally, we explain the deployment on
various downstream tasks in Sec. 3.3.

3.1. Preliminary
Task Formation. Given a data pool DP = {Dt}Tt=1, where
Dt denotes the training set for downstream task t, the objec-
tive is to generate a high-quality synthetic dataset Dt that,
when combined with original Dt, enhances model perfor-
mance on the corresponding downstream task t.
Data Priors. Data priors are defined as

P = {pi = ((si, oi), ri, Li)|Li = {(ls, lo)ik}Mi
k=1}

N
i=1 (1)

where si denotes the subject list, oi denotes the object list,
(si, oi) denotes the object combination, ri represents the re-
lationship between them, Li is a set of ground truth layouts
corresponding to (si, oi) and ri. We use LLMs to extract
layouts, corresponding categories, and relationships from
open-source datasets DP , resulting in data priors P .
Synthetic Data. A single item di in synthetic dataset D is
defined as

di = {(Gi, Ii) | Gi = (ci, {(Sk,Ok)}Ki
k=1)} (2)

(Sk,Ok) = {(sk, ok), (as, ao)k, (ls, lo)k, rk} (3)

where Ii denotes the image, and Gi denotes the scene
graph. Gi includes an overall caption ci and a set of de-
tailed instance-level annotations (Sk,Ok). Each pair in-
cludes original labels (sk, ok), attributes (as, ao)k, layouts
(ls, lo)k, and their relationship rk.
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Figure 3. Illustration of Auto Cherry-Picker pipeline. It contains a (a) raw data generator and a (b) data filter using CLIS. Conditioned on input object
combination sampled from data priors, Scene Graph Generator generates detailed attributes, relations, captions, and corresponding layouts. Subsequently,
the Image Generator produces images based on the scene graph. These raw layouts and images are refined through filters using CLIS-L and CLIS-I,
respectively, to produce high-quality training data.

3.2. ACP Framework

As depicted in Fig. 3, we aim to design a high-quality cross-
modality training data generator comprising two key com-
ponents: a raw data generator and a data filter. The former
seeks to generate data, while the latter selects good ones.
Raw Data Generator. ACP generates data samples by har-
nessing information from data priors P to 1) closely align
with real data distributions and 2) enable scalable genera-
tion. As shown in Fig. 3(a), to generate di, the generator
first samples object combinations {(sk, ok)}Ki

k=1 from P .
Next, LLMs generate descriptions from these initial combi-
nations, leveraging their in-context learning capability [6].
The description contains detailed attributes {(as, ao)k}Ki

k=1,
relationships {rk}Ki

k=1 between different objects, and an
overall dense caption ci. Then, we utilize the spatial rea-
soning ability of LLMs to plan layouts based on the rela-
tionships and descriptions of objects. The LLM involved
in this process is referred to as the scene graph generator.
Using the synthetic detailed description and spatial layouts,
we adopt an off-the-shelf diffusion-based image generator
to generate images by initiating the reverse diffusion pro-
cess with different random noise.
Data Filter. For the raw generated data from stage one,
a data filter is utilized to cherry-pick high-quality training
data. As depicted in Fig. 3(b), the Layout Filter with CLIS-
L and the Image Filter with CLIS-I assess the quality of

layouts and image contents separately.
(a) Layout Filter. Precise relationships between objects in
detailed image captions are essential for reducing hallucina-
tions [84] and enhancing the reasoning abilities of MLLMs.
Layout attributes provide important relational information,
serving as valuable supplements for image-level evaluation.
High-quality layouts are also crucial for improving the like-
lihood of image generators generating high-quality images.
Since synthetic layouts lack ground truth, data priors are
used to assess the reasonableness of layout pairs. Intu-
itively, we assume that a layout pair similar to the existing
high-quality layout pairs is itself of high quality. CLIS-L
evaluates this similarity from three perspectives: size, dis-
tance, and direction. Formally, given an object combination
(s, o), their relationship r, and corresponding layout pair
L1 = (ls, lo), the reference layouts from data priors can be
denoted as LP = P ((s, o), r), CLIS-L is defined as:

CLIS-L(s, o, r,L1) = Fp({Ssize(L1,L2)+

Sdist(L1,L2) + Sdir(L1,L2)}|L2 ∈ LP )
(4)

Here, Fp refers to the operation of obtaining the p-th per-
centile to make CLIS-L robust against potential errors in P .
Ssize and Sdist are computed using the following similarity
function Ssim:

Ssim(L1,L2, t) = 1− |ft(L1)− ft(L2)|
max(ft(L1), ft(L2))

(5)
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Input Object Combination: [man, parasail]

Synthetic Description by ACP: A man in a swimsuit is holding a colorful 
parasail over the water.

InstanceDiffusion CLIS + InstanceDiffusion

Input Object Combination: [cup, cup, plot, shelf, sofa, sofa]

Synthetic Description by ACP: Two blue ceramic cups are placed on a 
wooden table. Behind the table is a beige couch, with a small potted 
plant on it. Behind the couch is a wooden shelf holding towels on its 
lower shelf. A dark brown sofa is on the right of of the couch.

CLIS + InstanceDiffusionInstanceDiffusionInstanceDiffusion CLIS + InstanceDiffusion

Input Object Combination: [zebra, zebra, zebra]

Synthetic Description by ACP: Three zebras are standing close to each 
other in a field.

Figure 4. Comparison of generation results based on the same input object combinations and synthetic descriptions with and without CLIS. More generation
results can be found in Appx. 13.

Model FID↓ CLIP score↑ YOLO score↑

Stable Diffusion [58] 56.8 26.6 N/A

BoxDiff-SD [79] 60.0 26.4 4.4
BoxDiff-GLIGEN [79] 61.0 25.9 21.5
GLIGEN [40] 63.5 25.4 35.1
InstanceDiffusion [74] 53.5 25.2 45.6

GLIGEN w. CLIS 59.9 (-3.6) 25.8 (+0.4) 36.8 (+1.7)
InstanceDiffusion w. CLIS 48.9 (-4.6) 25.8 (+0.6) 47.9 (+2.3)

Table 1. Generation results of CLIS on the COCO val set.
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Figure 5. Consistent with human judgement. See details in Appx. 10.

where t ∈ {Area, IoU,RD} denotes the attribute ft focuses
on. Specifically, fArea computes the area ratio of layout pair,
while fIoU and fRD compute the IoU and relative distance,
respectively. Thus, we define Ssize and Sdist:

Ssize(L1,L2) = Ssim(L1,L2,Area) (6)

Sdist(L1,L2) = Ssim(L1,L2, IoU) + Ssim(L1,L2,RD) (7)

For Sdir, we compute the cosine similarity between direc-
tion vectors of L1 and L2:

Sdir(L1,L2) = cos(fDir(L1), fDir(L2)) (8)

where fDir computes the direction vector between two lay-
outs.
(b) Image Filter. To enable models with strong perception
and complex reasoning abilities, we emphasize the visual
quality of the image and its alignment with correspond-
ing detailed descriptions. A pre-trained image captioning
model generates global and local descriptions for synthetic
images, respectively, where clear descriptions indicate high
image quality and fidelity. Local descriptions are generated
by guiding the model to focus on the corresponding layouts.
An LLM then compares these descriptions with those in the
generated scene graph to evaluate alignment. Thus, CLIS-I
is formulated as:

CLIS-I(G, I) = Fsim(G′T , GT ) = Fsim(FC(I,G
L), GT ) (9)

where GT represents the textual part of the scene graph
G (global caption and local objects attributes), GL repre-
sents the layouts within G, I is the synthetic image cor-
responding to G, and FC , Fsim denote the captioning and

similarity functions, respectively. Notably, CLIS-I includes
instance-level scores without additional calculations, en-
abling instance-level filtering. Please refer to Appx. 6 for
details of foundation models and prompts utilized in ACP.

3.3. Deployment on Downstream Tasks
Cross-modality data generated by ACP can be readily trans-
formed into training samples for various downstream tasks.
In this work, we validate its generalizability in two primary
settings: visual perception and multi-modal perception and
reasoning.
Visual Perception Tasks. Layouts naturally serve as
bounding boxes for detection tasks in synthetic training
samples. To further deploy these samples for segmentation
tasks, we adopt SAM [37] to obtain masks within the lay-
out. Combining these segmentation masks with layout an-
notations and images prepares synthetic samples for visual
perception tasks, especially in unbalanced scenarios such as
long-tailed instance segmentation and open-vocabulary ob-
ject detection.
Multi-modal Perception and Reasoning Tasks. For in-
struction fine-tuning of MLLMs, we construct question-
answer pairs using a predefined question template. De-
tails can be found in Appx. 7.1. The synthetic instruction
data aims to enhance the perception and reasoning abilities
of MLLMs. The question template includes prompts that
require models to provide detailed descriptions of objects
based on location or category, localize objects from descrip-
tions, distinguish relationships between objects, and more.
CLIS Setting. CLIS selects high-quality samples through
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Figure 6. Correlation between CLIS and performance gains on down-
stream tasks. (a,b): Synthetic data with different ranges of CLIS-I on
long-tailed instance segmentation and open-vocabulary detection scenarios
of LVIS benchmarks using Mask R-CNN and Grounding-DINO as base-
line, respectively. (c,d): Synthetic data with different ranges of CLIS-L on
multi-modal perception and reasoning MME and GQA benchmarks based
on LLaVA-v1.5.

two approaches: 1) it chooses the highest-scoring image and
layouts from a set generated from the same object combi-
nations, and 2) further to refine high-quality training sam-
ples for different downstream tasks, it applies independent
score thresholds for layouts (CLIS-L), instances, and im-
ages (CLIS-I). Please see Appx. 7.2 for more details about
CLIS computation, score distribution, and filtering ratio.

4. Experiments
We first introduce experiments set up in Sec. 4.1. We then
validate CLIS in Sec. 4.2 from two perspectives: 1) its cor-
relation with image fidelity of generated samples and 2) its
correlation with the performance gain in downstream tasks.
Next, we demonstrate ACP’s effectiveness on several down-
stream tasks and demonstrate its potential for continuous
scaling up of data size in Sec. 4.3. We validate the de-
signed modules in ACP via a series of ablation studies in
Sec. 4.4. More results are available in the supplementary
material. All the source code and datasets will be available
to the public.

4.1. Implementation Details
Datasets. We evaluate generation quality using COCO [45]
following prior works [11, 12]. We randomly sample 1181
images from the COCO validation set, each paired with a
fixed caption. For downstream tasks, we conduct object de-
tection and instance segmentation experiments on COCO
and LVIS v1.0 [19]. Additionally, we evaluate image-based
visual question answering (VQA) using the MME [15] and
GQA [32] benchmarks. The MME Perception benchmark is
widely used to evaluate the perception abilities of MLLMs.
GQA is a comprehensive dataset for assessing visual rea-
soning abilities.
Baselines. For generation models, we primarily select ex-
isting controllable diffusion-based T2I models, including
GLIGEN [40], BoxDiff [79] and InstanceDiffusion [74],

Figure 7. Data scaling on the LVIS benchmark using Mask R-CNN.

following their official settings. We also include Stable
Diffusion [58] as a baseline T2I model. For downstream
tasks, we adopt Mask R-CNN [24] and CenterNet2 [89] as
baselines for long-tailed instance segmentation. For open-
vocabulary object detection, we use Grounding-DINO [50,
88], and for VQA, we employ LLaVA-v1.5 [46, 47].
Evaluation Protocols. To assess image-level quality, we
employ the Fréchet Inception Distance (FID) [28] with the
COCO validation set as the reference dataset. We also use
the CLIP score and YOLO score [41] to measure align-
ment and layout accuracy, respectively. For segmentation
and object detection, we use Average Precision (AP) as
the primary evaluation metric and report AP for novel and
rare categories in open-vocabulary and long-tailed scenar-
ios, respectively. For VQA benchmarks, we report the aver-
aged score for MME and accuracy for GQA. Please refer to
Appx. 8 for more details about the setup of our experiments.

4.2. Study Efficacy of CLIS

Generation Results. We first evaluate the efficacy of CLIS
from a conventional generative perspective. Table 1 shows
that CLIS enhances generation quality, as evidenced by a
decrease in FID scores and increases in both CLIP and
YOLO scores when applied to both GLIGEN [40] and In-
stanceDiffusion [74], demonstrating its effectiveness and
generalizability. We also present visualization results in
Fig. 4, comparing samples generated with and without
CLIS, using the same input object combinations and syn-
thetic descriptions. CLIS enhances layout quality in both
action-based and complex multi-object scenarios. Further-
more, it ensures better visual quality and alignment between
images and textual descriptions. We additionally evaluate
its consistency with human preference in Appx. 10.
Correlation with Performance Gains on Downstream
Tasks. We first compare CLIS with other widely used se-
lection metrics. ACP generates 30K raw training samples
for long-tailed instance segmentation. We then apply three
different selection methods (random, CLIP, and CLIS) to
pick the top 50% of synthetic data to train Mask R-CNN.
Fig. 1(e) shows that CLIS achieves the highest score on
LVIS, demonstrating its superior correlation compared to
other metrics.

We further analyze the separate correlation of CLIS-I on
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Table 2. Results on visual perception downstream tasks. (left): LVIS long-tailed instance segmentation benchmarks. (right): Open-
vocabulary object detection benchmarks.

Method Backbone APmask
r APmask

Mask R-CNN [24] ResNet-50 9.3 21.7
w. ACP ResNet-50 14.5 (+5.2) 22.8 (+1.1)

CenterNet2 w. Copy-Paste [18] Swin-B 29.3 39.3
w. ACP Swin-B 30.7 (+1.4) 39.6 (+0.3)

Dataset Method Backbone APbox
novel APbox

LVIS Grounding-DINO Swin-T 31.7 48.7
w.ACP Swin-T 33.0 (+1.3) 49.2

COCO Grounding-DINO Swin-T 60.4 57.1
w.ACP Swin-T 60.8 (+0.4) 56.9

Table 3. ACP boosting the results on the multi-modal MME and GQA
benchmarks.

Method LM Backbone MME GQA

LLaVA-1.5 Vicuna-7B 1434.4 58.9
LLaVA-1.5 Vicuna-13B 1438.3 60.7
LLaVA-1.5 LLama-3-8B 1445.3 60.1

LLaVA-1.5 w. ACP Vicuna-7B 1514.5 (+80.1) 59.3 (+0.4)

visual perception task performance and CLIS-L on multi-
modal perception and reasoning tasks. We sample an equal
number of synthetic samples across different CLIS-I and
CLIS-L ranges to train baseline models, using 10K samples
for CLIS-I and 1.3K for CLIS-L. Fig. 6 shows that higher
CLIS-I correlates with improved performance in both long-
tailed and open-vocabulary settings. Similarly, a positive
correlation is observed between CLIS-L and performance
on the MME and GQA benchmarks. These results validate
the effectiveness of using CLIS in data filter across various
downstream tasks.

4.3. Synthetic Dataset Scale Up
Data Scaling. To investigate the data scaling effects, we
conduct experiments on LVIS using Mask R-CNN as the
baseline, varying the size of synthetic data. Fig. 7 illustrates
that ACP consistently boosts performance with increasing
data volumes. Remarkably, ACP achieves its best results
with the largest data size (100K), reaching an APmask

r of
15.3 (+6.0) and an APmask of 22.8 (+1.1), which shows
potential for continuous scaling up. Interestingly, we find
that as the volume of selected data grows, performance ini-
tially rises rapidly while plateaus after roughly 50K syn-
thetic examples. To balance computation efficiency with
performance gains, we choose 50K as our default synthetic
data volume for subsequent experiments.
Long-tailed Instance Segmentation Benchmark. Table 2
(left) presents our results on the long-tailed instance seg-
mentation settings of LIVS. ACP demonstrates significant
performance gains over the commonly-used Mask R-CNN
baseline, with an improvement of 1.1% in APmask, and
the most notable improvement in rare categories (+5.2%
APmask

r ). We also observe consistent performance im-
provements with a stronger CenterNet2 baseline, which
employs Swin-B as the backbone and copy-paste [18] for
data augmentation. With this setup, ACP achieves a 1.4%
higher APmask

r . This underscores ACP’s strong generaliza-

Table 4. Compared with existing data generation methods on the LVIS
benchmark. MosaicFusion defaults to using 4K synthetic images of rare
categories. For a fair comparison, we extend it to all categories, denoted as
MosaicFusion†. Additionally, we adjust the rare ratio in ACP by incorpo-
rating 2K rare synthetic images while keeping the total number unchanged,
denoted as ACP‡.

Method Backbone APmask
r APmask Backbone APmask

r APmask

CenterNet2 (baseline) ResNet-50 17.8 26.1 SwinB 27.3 34.1
w. X-Paste [87] ResNet-50 17.9 28.0 SwinB 26.8 35.1

w. MosaicFusion [80] ResNet-50 19.6 26.7 SwinB 29.8 34.3
w. MosaicFusion† ResNet-50 18.6 27.0 SwinB 29.2 34.6

w.ACP ResNet-50 19.2 28.0 SwinB 29.6 35.2
w.ACP‡ ResNet-50 21.8 28.1 SwinB 30.6 35.1

tion ability across different detector architectures and its ef-
fectiveness in conjunction with existing data augmentation
methods.
Open-vocabulary Object Detection Benchmark. We fur-
ther demonstrate the effectiveness of ACP in the challeng-
ing open-vocabulary detection setting. We use Grounding-
DINO [50] as our baseline, which is pre-trained on large-
scale data corpus, including Objects365 [62], GoldG [35],
GRIT [55], and V3Det [72], totaling 61.8M images, fol-
lowing [88]. Table 2 (right) shows that ACP performs fa-
vorably against Grounding-DINO by 1.3% in LVIS APbox

n

and 0.4% in COCO APbox
n , despite using a limited volume

of generated training samples compared to the size of pre-
train real data. This validates how high-quality synthetic
data can complement real data effectively.
Multi-modal Benchmarks. We further evaluate the effec-
tiveness of ACP on multi-modal perception and reasoning
tasks. We adopt LLaVA-v1.5 with Vicuna-7B as our base-
line. Table 3 indicates that ACP significantly enhances the
model’s perception ability on the MME benchmark, achiev-
ing an improvement of 80.1, which exceeds the perfor-
mance of LLaVA-v1.5 even with stronger language model
backbones such as Vicuna-13B and LLama-3-8B. Addition-
ally, ACP improves performance on the widely recognized
GQA reasoning benchmark. These results validate the ef-
fectiveness of our method in cross-modality settings.
Comparison with Previous Methods. We conduct a
quantitative comparison with X-Paste [87] and MosaicFu-
sion [80] using CenterNet2 with two backbones, ResNet-50
and Swin-B. Table 4 shows that ACP consistently achieves
the highest APmask on both backbones and strikes a strong
balance between APmask and APmask

r . When adjusting the
rare ratio, ACP‡ can further enhance APmask

r significantly.
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Table 5. Ablation study on Layout Generator. We compare our method
to ACP with ground truth layouts on the LVIS using Mask R-CNN as our
baseline.

Model Layout Generator APmask
r ↑ APmask ↑

Baseline × 9.3 21.7

ACP × 11.3 22.9
ACP ✓ 12.2 23.0

Table 6. Ablation study on CLIS-I. We compare three variants of CLIS-I
by filtering images generated from the same scene graph.

Model FC Fsim FID↓ APmask
r ↑ APmask↑

Baseline × × N/A 9.3 21.7

CLIP × ✓ 40.8 10.3 21.9
CLIP-text ✓ × 41.2 11.3 22.2
CLIS-I ✓ ✓ 41.3 11.5 22.3

In contrast, X-Paste yields high APmask but provides no ad-
ditional gains on APmask

r compared to the baseline. Mean-
while, MosaicFusion boosts APmask

r but offers only modest
APmask improvements, and its advantage in rare categories
diminishes when extended to all categories. While ACP’s
APmask improvements over X-Paste are relatively mod-
est, ACP achieves significant gains in APmask

r , enhancing
the robustness and practicality of trained detectors. These
results demonstrate the superiority of synthesizing images
with reasonable layouts compared to composing training
examples by pasting multiple synthesized instances onto a
background. Efficiency analysis can be found in Appx. 11.

4.4. Ablation and Analysis
Layout Generator. We perform an ablation study on the
layout generator by comparing with ACP utilizing ground
truth layouts derived from training annotations. First, we
conduct a qualitative comparison by showcasing images
generated from both ground truth layouts and synthetic lay-
outs in Fig. 8. The layout generator is capable of produc-
ing high-quality, reasonable layouts and helps mitigate is-
sues such as overlap and small object sizes in ground truth
layouts, which can lead to sub-optimal results in diffusion
models. Next, we perform a quantitative comparison using
5K synthetic samples on LVIS with Mask R-CNN as our
baseline. Table 5 shows that ACP with synthetic layouts
achieves a +0.9% increase in APmask

r compared to ACP
with ground truth layouts, demonstrating the effectiveness
of generated layouts. We hypothesize that this improvement
is due to the layout generator introducing data augmenta-
tion at the layout level rather than solely relying on the im-
age generator’s image-level augmentation while maintain-
ing sufficient quality for the image generator. Further ex-
amples can be found in Appx. 13.1.
Components of CLIS-I. We conduct an ablation study on
two operations in CLIS-I: Fsim and FC in Eq 9. Specifi-
cally, we replace LLM alignment function Fsim with CLIP

(a) Ground truth layouts (b) Synthetic layouts

A wooden coffee table
A wooden coffee 
table

A brown leather armchair
A brown leather 
armchair

A beige leather armchair

A beige leather 
armchair

A white bathtub
A white bathtub

A blue and white striped 
shower curtain A blue and white striped 

shower curtain

Figure 8. Visualization of the comparison between ground truth layouts
and synthetic layouts, along with their corresponding synthetic images.

text alignment score and replace image caption function FC

with CLIP score to directly measure alignment between im-
age and text. For the same set of scene graphs, the Im-
age Generator produces 4 images for each scene graph,
and these image filtering methods independently select the
highest-scoring image. Each method generates the same
volume of data (4K) and uses the same scene graph an-
notations. We evaluate these methods from both genera-
tion perspectives and performance gains in the downstream
task. In particular, we use the LVIS benchmark and Mask
R-CNN as the baseline detector. Table 6 shows that CLIS-I
demonstrates the most significant performance gain in the
downstream task, with a +2.2% increase in APmask

r , align-
ing with our initial motivation. Interestingly, while CLIP
selection excels in generation evaluation, it yields subopti-
mal results in the downstream tasks. This highlights that
CLIS-I is more strongly correlated with downstream task
performance gains than conventional generation metrics.

5. Conclusion
In this paper, we propose Auto Cherry-Picker, a cross-
modality training data generator conditioned on object com-
binations with a comprehensively designed CLIS metric to
ensure the quality of generated data. ACP is effective in
various downstream tasks, including perception and rea-
soning tasks, particularly in improving the performance in
annotation-scarce scenarios. CLIS can be used to pick high-
quality generation samples, where we also find the gener-
ated data with higher CLIS can lead to better performance
for perception tasks. Moreover, our method can be easily
adapted to stronger LLMs and image generation models.
Our research bridges the gap between generation data and
downstream performance. We hope our results can inspire
generation metric design in the future.
Limitations. Scaling the synthetic data size is resource-
intensive. Currently, we only utilize a limited volume of
synthetic data to ensure quality. Exploring methods that
leverage low-quality data would be beneficial. We present
more details on limitations and future work in the Appx. 9.
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