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Abstract. Large-vocabulary instance segmentation is constrained by
long-tailed category distributions and fine-grained inter-class ambiguity.
While data synthesis offers a promising alternative, current paradigms
have complementary limitations: text-to-image (T2I) methods inherit
noisy pseudo-labels and struggle on rare classes, whereas copy-paste
methods compromise contextual realism. To address these issues, we pro-
pose a hybrid pipeline coupling T2I generation with context-aware image-
to-image (121) editing. The T2I branch provides broad category and scene
diversity, while a teacher-student scheme ensures label reliability by se-
lectively retaining only prompt-specified categories. To strengthen su-
pervision for rare classes, we introduce VRAIN (Verified Rare-class
Augmentation via INstructed editing), a novel 12 editor. VRAIN inserts
high-confidence instances at semantically appropriate locations within
in-the-wild scenes, yielding semantically coherent and visually natural
edits that reduce domain gaps and enable targeted augmentation. On
the LVIS benchmark, our method surpasses existing baselines, improv-
ing overall AP by up to +4.0 points and rare-class AP by up to +9.5
points, while scaling effectively with backbone capacity.

Keywords: Generative Data Synthesis - Image Diffusion Models - Hy-
brid Data Pipeline - Long-Tailed Instance Segmentation

1 Introduction

Instance segmentation is a critical task, underpinning diverse applications from
autonomous driving [4,5] and robotics [16,44,50] to visual understanding [3, 26,

| and image editing [21, 25, 38]. However, achieving robust performance relies
on large, densely annotated datasets, which are costly to build. This bottleneck
is particularly acute for large-vocabulary benchmarks such as LVIS [9] with their
long-tailed category distributions. While methods like re-weighting [32, 33, 52],
balanced sampling [3,11,52], and classifier calibration [28,36,37] help alleviate the
imbalance, they cannot resolve the underlying data scarcity of rare categories [9].
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Fig.1: Mutually Complementary T2I-I12I1 Data Synthesis. (a) Existing T2I
methods (e.g., MosaicFusion [15]) offer diverse scenes but lack label accuracy, while

(c) Copy-Paste-based 12I methods (e.g., X-Paste [51] and DiverGen [(]) offer accurate
labels but reduce realism. (e) Our hybrid framework combines two proposed modules:
(b) a T2I branch for scene diversity with reliable labels via teacher-student adaptive
pseudo-labeling, and (d) context-aware I2I edits for realistic, accurate instance-level
supervision. This unified approach achieves state-of-the-art results on LVIS benchmark.

This data scarcity has motivated recent work on synthetic data generation,
leveraging advances in image generative modeling [12, 17,31, 19] as a scalable
alternative to manual annotation for improving long-tailed instance segmen-
tation. Current generative data synthesis methods fall into three paradigms:
text-to-image (T2I), label-to-image (L2I), and image-to-image (I21). T2 meth-
ods [27,42,45], which first generate images from textual prompts and then as-
sign semantic labels via pseudo-labeling, can introduce label noise, particularly
for rare or fine-grained categories. L2I approaches [19,47,48] synthesize images
conditioned on segmentation masks, enabling precise layout control via mask-
to-image modules such as ControlNet [19]. However, scaling this approach to
large category sets remains challenging, often leading to label-image mismatches
and inaccurate annotations. In contrast, 121 approaches [6,24,51] augment real
datasets by adding new objects via copy-paste or inpainting, offering accurate
annotations for added instances. However, existing paste-based methods often
suffer from domain gaps (e.g., illumination mismatches), while inpainting strug-
gles with plausible mask placement. Interestingly, when paste-based approaches
explicitly target rare classes, performance on those classes often decreases rather
than improves [6]. This counterintuitive result suggests that naive pasting often
harms contextual realism, leading the segmentation model to overfit to synthetic
artifacts rather than learning true representations.

To overcome these limitations, we propose a hybrid data synthesis frame-
work that strategically integrates T2l generation with context-aware 121 editing
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as illustrated in Fig. 1. Our T2I branch generates diverse images of broad cat-
egories and scenes, from which pseudo labels are obtained through an offline
labeler. Since offline pseudo labels are prone to noise due to the domain gap
between real and generated images, we additionally employ a teacher-student
scheme [34] that adapts to the T2I domain and progressively refines pseudo-
label quality. However, T2I generation alone is insufficient for rare classes, which
remain difficult to label reliably. We address this limitation with our novel 121
branch, VRAIN (Verified Rare-class Augmentation via INstructed editing),
to enhance rare-class representation. VRAIN operates as a two-stage pipeline: (i)
it first performs context-aware rare-class placement via instruction-based edit-
ing to ensure natural scene integration; (ii) it then verifies the edit’s semantic
consistency and visual fidelity, generating a precise, high-fidelity annotation for
the successfully integrated instance. This two-stage “place-and-verify” process
directly mitigates the contextual inconsistency of copy-paste methods and the
mask-placement ambiguity inherent in inpainting-based approaches. By yielding
semantically coherent and visually natural edits, this process alleviates domain
gaps and compositional artifacts, while also enabling targeted augmentation for
rare categories.

Experimentally, our approach achieves state-of-the-art results on the LVIS
benchmark, significantly outperforming existing paste-based augmentation and
T2I baselines. Notably, it demonstrates remarkable effectiveness for both overall
and underrepresented categories. Furthermore, our method scales effectively with
larger backbones, demonstrating its practicality as a scalable solution for data
generation in large-vocabulary instance segmentation.

In summary, our key contributions are as follows:

— We propose a unified T2I-12I data synthesis framework that leverages T2I
for scene diversity and 121 editing for enhanced realism and rare-class repre-
sentation.

— We design VRAIN, a novel “place-and-verify” 121 pipeline, which leverages
instruction-based editing for semantically coherent placement and introduces
a verification stage to generate accurate annotations.

— We achieve state-of-the-art performance on the LVIS benchmark, especially
on rare categories and demonstrate effective scaling with larger backbone
models.

2 Related Work

2.1 Image Generative Models

High-quality T2I generation is dominated by diffusion models, which have rapidly
evolved from DDPM [12] and latent diffusion [31] to more efficient flow-matching
formulations [20,22]. Modern architectures such as Flux [17] and Qwen-Image [40]
further boost fidelity and scalability by adopting Diffusion Transformer (DiT) [29]
backbones with flow-matching objectives. These T2l advances also empower
instruction-based 121 editing—pioneered by InstructPix2Pix [2] and extended by
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unified frameworks like Flux-Kontext [18] and Qwen-Image-Edit [10]—enabling
semantically consistent, language-guided generation and editing. Our dataset
synthesis framework is built on these generative and editing developments.

2.2 Data Generation for Segmentation Task

Recent advances in generative modeling have led to various data generation
strategies for segmentation, broadly categorized as T2I, L2I, and I12I. T2I meth-
ods generate images from textual prompts, often using diffusion attention maps |

,45] or fine-tuning perception decoders [42] for pseudo-labeling in few-shot set-
tings. For example, MosaicFusion [45] divides the image canvas into mosaic [1]-
like regions and simultaneously generates multiple objects. However, most T2I
approaches are effective on small-scale data or for a limited number of cate-
gories [27,43], struggling to scale to large-scale, in-the-wild scenarios.

L2T methods generate images conditioned on segmentation masks, enabling
precise control over object layout. Some works [19, 47] utilize mask-to-image
modules like ControlNet [46,49], while others [18] extend this framework by
designing text-to-mask modules for mask diversity. However, extending L2I to
large-vocabulary datasets such as LVIS [9] remains challenging. Mask-only con-
ditioning often fails to faithfully render the semantics of numerous fine-grained
categories, leading to label-image mismatches.

I2I methods expand datasets by editing existing images. Copy-paste tech-
niques, such as X-Paste [51] and DiverGen [6], leverage generative models to
create diverse instance pools for composition onto real images. This success-
fully covers large categories where L2I methods struggle; however, the pasted
instances often appear visually distinct from their surroundings (e.g., illumi-
nation or blending mismatches), limiting training gains. Inpainting-based ap-
proaches [14,24] synthesize objects into masked regions. While effective in con-
strained domains (e.g., road scenes [14,24]), they have not scaled to in-the-wild,
large-category datasets like LVIS, due to the challenges of realistic mask place-
ment and high semantic diversity of scenes.

Our hybrid framework addresses these complementary failures. We harness
T2I for diversity but mitigate its label noise by employing prompt-consistent
filtering and teacher-student refinement. We then use our I2I branch to address
both T2I’s rare-class weakness and prior I2I’s realism gap, providing high-fidelity,
targeted augmentation that scales effectively on LVIS.

3 Methods

We generate synthetic training data through two complementary paradigms: (i)
T2I generation for diverse scene synthesis, and (ii) I21 editing for context-aware
augmentation of real images. The T2I branch (Sec. 3.1) provides broad seman-
tic coverage across all categories in the long-tailed dataset. However, assigning
accurate annotations remains a challenge; conventional offline models, trained
exclusively on real images, produce noisy pseudo-labels due to the domain gap
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Flg 2: Overview of Hybrid Data Generatlon and Training Framework. We
combine two complementary paradigms: (i) T2I generation for diverse scenes over all
categories Can and (ii) 121 editing (VRAIN) for rare categories Cror with accurate
instance-level supervision. (iii) A student Mstudent jointly learns from both Dror and
Dia1. For Dror images I, an EMA teacher Mieacher generates refined pseudo-labels
Abeacher merged with offline labels A% to form the final supervision A,,. As training
proceeds, the teacher adapts to the T2I domain, progressively improving initially noisy
pseudo-labels (pseudo-label adaptation). For example, rare classes (e.g., sparkler and
water gun)—missed by the offline labeler and initially unlabeled—are gradually labeled
correctly as the teacher adapts with the support from rare-class-targeted 121 data.

between real and generated images. We therefore treat this T2I set as a source
of weakly-labeled data, Droy. In contrast, our I2I branch (VRAIN, Sec. 3.2)
enhances rare-class representation. Because these edits are driven by specific in-
structions, the identity and location of the newly inserted instance are explicitly
known, yielding accurate, instance-level labeled data (Drar) that provide reliable
supervision for rare categories where T2I struggles. Our final synthesized dataset
is the union of these two complementary sets, Dgen = {Drar, Pra1}. Finally, we
introduce a teacher-student scheme (Sec. 3.3) to train the student model on this
hybrid dataset. In this semi-supervised loop, an EMA-updated teacher gener-
ates dynamic, online pseudo-labels for the Dror. The student is jointly trained
on these progressively refined T2I pseudo-labels to expand category and scene di-
versity, while also incorporating the labeled I2I data for accurate, instance-level
supervision. An overview of the entire process is depicted in Fig. 2.

3.1 Text-to-Image Generation

Our T2I method consists of two stages: (i) generating a set of text prompts
and corresponding images, and (ii) offline pseudo-labeling with text-consistent
filtering. First, to generate text prompt set 7 of size Niext, we randomly sample
a subset C), of size [ from the total category set C,);. We then create a descriptive
prompt ¢,,, composed of these selected classes using GPT-4o [13]:

T ={tm | tm = GPT-40(Cy,)}. (1)
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Method APPox Apmask ppPox ppmask
(a) Real-only 34.5 30.8 24.0 21.6

(b) High-threshold Filtering 35.8 32.0 31.2 28.0

(¢) Text-consistent Filtering 36.7 33.0 32.1 28.9
Table 1: Comparison of T2I Pseudo-label Filtering Strategies. We compare
models trained with T2I data, where the raw predictions Afn are filtered using either
(b) a high-threshold strategy or (c) our text-consistent strategy. Our method (c) re-
tains semantically valid, low-confidence instances that high-threshold filtering discards,
resulting in improved overall and rare-class AP.

Subsequently, we generate an image I,,, from the created text prompt using the
image generation model @1op [17] and construct Npop unlabeled T2I dataset as
image-category pairs: Dror = {(In, Ci) | I = Pror(tim)}

Second, we pre-compute a set of offline labels for this dataset. We process
each image I,,, with a pre-trained public instance segmentation model [55] Mp
to obtain an initial set of raw predictions, A = Mp(I,,). To leverage the
prior knowledge that I,,, was generated from the prompt ¢,, containing classes
Cm, we apply a text-consistent filtering process Fiext. For the k-th predicted
instance annotation af, this filter retains only the instances whose predicted
classes belong to C,:

AP = Fiow (AT C) = {af |al € AP | class(a]) € C’m}. (2)
The effectiveness of this text-consistent filtering is validated in Table 1. Our filter-
ing method yields superior results compared to high-threshold instance mining.
This demonstrates that our filtering strategy, which leverages prompt knowledge,
is more effective than relying solely on high-confidence scores. It successfully re-
tains valid instances, even those with low-confidence, that are consistent with
the text prompt. These filtered offline labels, A” , are then used as one of the

m?

supervision sources in our training pipeline, detailed in Sec. 3.3.

3.2 Image-to-Image Editing

While our T2I branch provides broad diversity, it struggles to produce accurate
instance-level annotations, especially for rare categories prone to label noise. A
high-quality seed set of verified rare-class annotations is therefore essential, as it
bootstraps the online pseudo-labeling methods (e.g., EMA teacher [34]). 121 ap-
proaches, which can add new objects with accurate annotations, offer a promis-
ing solution. However, prior I12I methods suffer from critical flaws: copy-paste
techniques produce contextually inconsistent artifacts, while inpainting-based
methods struggle to identify suitable mask regions in complex scenes. Motivated
by these limitations, we propose VRAIN (Verified Rare-class Augmentation
via INstructed editing), illustrated in Fig. 3. VRAIN is a principled two-stage
pipeline designed to overcome these realism and placement challenges, perform-
ing (1) context-aware rare-class placement via instruction-based editing, and (2)
verification of the edit’s fidelity to generate trustworthy annotation.
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Fig.3: VRAIN “Place-and-Verify” Pipeline. Our two-stage framework ensures
high-fidelity I2I editing. (i) Place: A VLM proposes a semantically coherent instruc-
tion (inst™) for inserting a rare class (¢*) that fits naturally within I;ea1. An instruction-
based editor @1o1 then synthesizes Ieqit. (ii) Verify: Ieqit is then validated. The new
instance is localized via SSIM difference and open-vocab detection, semantically con-
firmed by a VLM filter, and masked using SAM. Finally, an annotation updater resolves
occlusions with A,eal, integrating the new instance to produce the trustworthy final an-
notation Aeqit.

Rare-class Proposal and Synthesis. A central challenge in rare-class gener-
ation is selecting a semantically fitting category and determining its placement,
ensuring the inserted instances are contextually coherent with the scene. This
process is key to reducing the unrealistic compositions of previous copy-paste
methods. To this end, we leverage a Vision Language Model (VLM) [54] to
ensure semantic consistency, by selecting the most suitable category from a can-
didate set for a given image, and then generating its placement instruction. This
candidate set (Cy) is formed by sampling ) categories from all target categories
Chog for a given real image I,ca from the training dataset Dyeal = {(Ireal, Areal) }-
The sampling is performed using a softmax-based sampler (C; ~ Sc,, (Q)) that
is weighted by the generation count of each class (initialized to zero), penalizing
frequently generated classes. The VLM is then prompted with I.., and the can-
didate set Cy to recommend a suitable category c* along with the corresponding
textual instruction inst*:

(c*, inst™) = VLM (Irea1, Cy), (3)

where inst* is the natural language instruction fed to the editor, while ¢* is the
explicit category label passed to the annotation stage (see the supplementary
material for details). Finally, inst* is used by an instruction-based editing model
D191 [18] to produce the edited image: Toqit = Pror(lreal, inst™).

Verification and Annotation. Although the instruction-based editor @yof
produces visually plausible results, these edits may suffer from contextual mis-
matches or rendering artifacts. To ensure annotation quality, VRAIN performs a
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verification and annotation stage that evaluates both semantic consistency and
visual fidelity of each edited image. First, to locate the edited region, we com-
pute a structural similarity (SSIM [39]) difference map between I,ca and Iegit,
thresholding at 7eq;; to identify modified pixels. Second, to detect the new ob-
ject, we apply an open-vocabulary detector [7] within this coarse area, searching
for the intended category ¢* and producing a set of candidate detections Age.

However, Ay may contain false-positives or artifacts. To semantically verify
these candidates, we introduce a VLM-based filter, Fyrm(Adet,c*). For each
detection ay, € Aqet, We prepare an image I é)(ﬁ’t‘(ak) by overlaying its bounding box
in red on the edited image. The VLM is then prompted with this visualization
along with a template-based question ¢ (e.g., “Is the red bounding box in the
image a ¢*7”). The VLM outputs a binary ‘Yes’ or ‘No’ response. A detection ag
is confirmed only if the VLM responds ‘Yes’:

FVLM(AdCt7C*) = {ak ‘ akGAdct,VLM(I&fi’g,tc*;ak): Yes}. (4)

For all verified objects in Fypn, we obtain instance masks utilizing Segment
Anything Model (SAM) [30]. These new masks are then added to the original
annotation A,.,. However, this integration can create occlusions, where new
SAM masks overlap with an existing ground-truth mask from A, . Thus, we
update in A,ea) by subtracting the new SAM masks from any overlapping original
masks to produce the final annotation Aeqs;. If this process yields at least one
verified instance mask, the generation count for category c¢* is incremented by
one. This entire procedure is repeated until the total count for Cior reaches the
target Niop, resulting in the final dataset Diop = {(Zegit, Aedit) } of size Nioj.

3.3 Model Training

The straightforward way to train an instance segmentation model [53] using the
two complementary synthesized datasets, Dgen = {Dror, Diot}, is to combine
them with the real dataset D,.s for joint training. However, unlike Dyea or
Diar, all images in Drop are fully generated, which can lead to domain gaps
and unreliable pseudo-labels using a static labeler trained only on real data. To
address this issue, we adopt an EMA-based teacher-student scheme [34], where
the student model Mgiudent learns from supervision signals generated by the
teacher model Micacher. Its parameters are updated as Ogeacher ¢ YOteacher +
(1 —7)Ostudent, Where Ogeacher and Ogtudent denote the parameters of the teacher
and student models, respectively, and 7 is the EMA decay rate. The teacher
gradually adapts to the T2I domain during training, thereby producing more
accurate pseudo-labels for T2I data. Moreover, because the teacher is also trained
on the high-quality, rare-class-focused Diop, it becomes more adept at assigning
more precise labels even for rare categories in Dror.

Specifically, at each training step, a batch is sampled from {D;ca1, Drar, Dror}-
For images in Die, and Diop, the student is trained directly using their ground-
truth annotations (Apea and Aegis). On the other hand, for images in Dror, the
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student is trained on hybrid pseudo-labels created by processing and merging
the offline (A7) and new online (A'¢2°her) labels generated by the teacher.

This training-time process for online labels is as follows. First, the online
EMA-based teacher Mieacher produces raw predictions AﬁSaCher, which are then
split into two groups according to their predicted class ¢ and the sampled cate-
gory set C,,,. Prompt-consistent instances (¢ € C,,,) are filtered using a class-wise
adaptive threshold. This threshold is dynamic; we maintain a per-category run-
ning memory of recent confidences, and the threshold for a given class is set to
Tiabel times the mean confidence of that memory, allowing the filter to adapt
as the teacher improves. Prompt-inconsistent instances (¢ ¢ C,) are assigned
an ‘unlabeled’ class if they are detected with high confidence above Tyniaper
times the mean confidence. These ‘unlabeled’ instances are excluded only from
the classification loss but are still included in box and mask losses [53], pro-
viding implicit localization supervision from objects that were confidently de-
tected but not explicitly specified in the prompt. These two sets of processed
labels (the adaptively-thresholded and the unlabeled instances) together form
the complete online pseudo-label set, /le,el“her. Finally, we merge this dynamic
online set Aeaher with the static offline pseudo-labels A via ToU-based match-
ing to produce the student’s final supervision, A,,. This strategy combines their
complementary strengths: the offline set A” provides a stable, precision-oriented
baseline of high-confidence instances with conservative coverage of common cat-
egories, while the online set AfﬁLaCher introduces progressively refined, domain-
adapted labels, especially for rare classes thanks to the auxiliary guidance from
121 data. The student Mgtyqent thus learns from both a robust baseline and dy-
namic, in-domain corrections.

4 Experiments

4.1 Experimental Settings

Dataset. We conducted experiments on LVIS [9], a large-scale instance segmen-
tation dataset featuring a long-tailed distribution of 1,203 categories. It contains
100K training and 20K validation images with 2M annotations. Based on the
number of training images per category, categories are divided into three fre-
quency groups: rare (1-10 images; 337 categories), common (11-100 images; 461
categories), and frequent (>100 images; 405 categories).

Baselines. We compare our method against three baselines: MosaicFusion [45]
(a T2I method), X-Paste [51], and DiverGen [6] (I2I copy-paste methods). We
use CenterNet2 [53], a widely used model for large-vocabulary instance segmen-
tation, for all our experiments, with two backbone configurations: ResNet-50 [10]
(640 resolution, batch size 32) and Swin-L [23] (896 resolution, batch size 16).
Following the convention of prior work [6,51], all models are trained for 180K it-
erations, initializing from their respective “Real-only” pretrained checkpoints. To
ensure a fair comparison under identical experimental settings, we reproduced
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Backbone Method T2I Dataset 121 Dataset APPo* Apmask A pbox ppmask
ResNet-50 |Real-only [53] - - 34.5 30.8 24.0 21.6
"ResNet-50 [MosaicFusion [45]| v~ [ 341 304 244 225
ResNet-50 |DiverGen [0] v 35.1 31.2 25.6 23.8
ResNet-50 | X-Paste [51] v 36.7 33.0 29.6 27.8
ResNet-50 |Ours v v 38.1 34.0 33.9 31.7
Swin-L  |Real-only [53] - - 47.5 42.3 41.4 36.8
" Swin-L |MosaicFusion [45]| v | 477 428 413 375
Swin-L  |DiverGen [0] v 49.6 442 445 398
Swin-L | X-Paste [51] v 50.1 44.4 48.2 43.3
Swin-L  |Ours v v 50.7 45.2 49.1 44.0

Table 2: Comparison with Baselines on LVIS validation Dataset. Our hybrid
T2I-121 approach consistently outperforms all baselines: the Real-only model, the T2I-
only method (MosaicFusion), and copy-paste 12 methods (DiverGen, X-Paste). This
superior performance holds across both ResNet-50 and Swin-L backbones, delivering
particularly strong gains on rare-class metrics and demonstrating the effectiveness of
combining both data synthesis paradigms.

DiverGen using their official code, generating 1K synthetic instance pool per
category (1.2M in total) with two generative models, and also reproduced Mo-
saicFusion following its original implementation. For the evaluation metrics, we
evaluate performance using LVIS box average precision APP°* and mask average
precision AP™** We also report rare-category results APP** and AP™ask,

Implementation Details. We generated 200K T2I images (Nt = 200K)
using Flux.1-dev [17] from a set of 40K prompts (Niext = 40K), where each
prompt was created by randomly sampling [ € [5,10] categories from the total
LVIS category set. We also generated 80K I2I images (N1 = 80K) from the
LVIS training set using Flux.1 Kontext-dev [18], targeting rare LVIS categories
with @ = 5 and an edit-region threshold 7eq;; = 5. We set the EMA decay
rate to v = 0.999, the same as the baselines, but in our framework it is used to
adaptively refine pseudo-labels rather than just for evaluation. We set 754p¢; = 0.7
and Tyniaber = 1.2 for dynamic threshold in online pseudo-labeling with running
memory size 100 per class. We used InternVL3-14B [54] as the VLM for VRAIN’s
recommendation and verification steps. Further details on VLM implementation
including prompt creation are provided in the supplementary material.

4.2 Comparison

We evaluated our approach against various data synthesis methods, as shown in
Table 2. MosaicFusion, a rare-class-targeted T2I method, offers only marginal
gains over the real-only model, indicating that despite its scene diversity, the
limited label accuracy of T2I generation constrains performance on long-tailed
datasets. Copy-paste 121 methods like DiverGen and X-Paste provide more ac-
curate instance-level labels and achieve larger improvements, yet still lag behind
our hybrid T2I-I12I framework. Our method uniquely combines the strengths of



TMI 11

/teacher training /teacher Ateacher training Ateacher
m iteration m m iteration m

() "A toddler holding a teddy bear sits on a bathroom floor near slippers, (b) "A kitchen counter with a spice rack beside a rolling pin and strawberries,
a toilet in the background, and a quesadilla on a plate beside them, warm  a screwdriver and telephoto lens near a beanie, traffic light visible through
indoor lighting, candid photography style."” the window, warm natural lighting, professional photography."

Fig.4: Examples of Pseudo-label Adaptation in T2I images. In each T2I
prompt, boldfaced and underlined words indicate the target categories for generation.
As the teacher model updates, it adapts to the T2I domain and enhances pseudo-label
(Ateacher) quality—(a) improving the toddler mask and labeling previously missed ob-
jects (e.g., quesadilla), and (b) refining masks (e.g., spice rack, rolling pin) while newly
labeling a telephoto lens.

Method APbox APmask APbox APmask
(a) Realonly 475 423 414 368
(b) MosaicFusion [15] 477 428 41.3 37.5
(c) DiverGen (rare-target) [6] 47.3 42.2 34.5 31.2
(d) Drar only (VRAIN) 48.1 43.3 429 39.5

Table 3: Comparison with Rare-class-targeted Data Synthesis Approaches.
Among methods generating data for rare categories, (c) DiverGen shows decreased rare-
class performance due to reduced realism, whereas (d) our 121 approach effectively and
practically improves rare-class performance with high visual fidelity, accurate labels.

both paradigms. It leverages T2I for broad diversity like MosaicFusion, but uses
our teacher-student adaptive pseudo-labeling to ensure high quality label. By
further incorporating VRAIN (I2I) to inject rare-class data with precise instance-
level labels, it enhances performance on underrepresented categories and boot-
straps online pseudo-labeling, boosting overall accuracy. Fig. 4 demonstrates the
EMA teacher’s progressive improvement of pseudo-labels on T2I images during
training—including the detection and mask refinement of previously missed rare-
class objects such as quesadilla and telephoto lens—effectively bootstrapping the
online pseudo-labeling process. This synergy achieves the largest gains across all
categories and especially for rare classes, improving APP°* from 34.5 — 38.1
(ResNet-50) and 47.5 — 50.7 (Swin-L) overall, and AP?** from 24.0 — 33.9
(ResNet-50) and 41.4 — 49.1 (Swin-L) for rare categories.

To further analyze rare-class-focused strategies, we compare approaches that
synthesize data exclusively for rare categories, as shown in Table 3. Although
designed for rare-class enhancement, MosaicFusion again provides a marginal
improvement over the real-only model, indicating that the limited label reliabil-
ity of T2I generation constrains its effectiveness. Notably, the rare-class-focused
variant of DiverGen catastrophically underperforms the real-only baseline on
rare categories (APP°* 41.4 — 34.5). This contradictory result highlights that
naive copy-pasting harms performance due to its poor contextual coherence and
realism, encouraging overfitting to pasted instances rather than learning true
representations. In contrast, our rare-class-focused 121 approach (VRAIN) suc-
cessfully boosts rare-class performance, benefiting from high visual fidelity and
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- —
(a) "4 backyard scene with a garden hose coiled near a wok on a patio table, (b) "A coastal souvenir shop with a walrus statue near a signboard, pottery
a dove perched nearby, potatoes in a basket, and money scattered on the on shelves, a fire extinguisher on the wall, a puppet hanging from the cornice,

ground, soft natural daylight photography.” warm afternoon light, casual photography.”
Fig. 5: Examples of Final Pseudo-labels for T2I images. In each T2l prompt,
boldfaced and underlined words indicate the target categories for generation. Teacher-
generated pseudo-labels (red) are merged (@) with offline pseudo-labels (blue) to form
the final supervision. As the teacher adapts to the T2l domain, it successfully labels
rare classes—(a) dove and (b) walrus.

Method APbox pApmask ppbox ppmask
(a) Real-only 475 423 414 368
(b) Micacher only 40.4 ~ 439 479 430
(¢) Mp only 49.9 44.9 45.3 41.7
(d) Mieacher and Mp 50.3 45.1 475 43.8

Table 4: Ablation Study on T2I Pseudo-label Supervision. We evaluate the
impact of different pseudo-label sources: offline pseudo labeler (Mp), EMA teacher
(Mteacher ), and their combination. The results show that Mp provides stable super-
vision for common categories, Mieacher adaptively improves rare-class coverage, and
combining both leverages complementary strengths.

precise instance-level labeling. These results demonstrate the effectiveness and
practical applicability of our method for improving underrepresented categories.

4.3 Ablation Study

Effect of EM A-Teacher Labeling. To evaluate the effectiveness of our EMA-
teacher framework, we conducted an ablation study on T2I data labeling, as
shown in Table 4. Specifically, we trained separate instance segmentation mod-
els using either the offline pseudo labels (A”) or the EMA teacher-generated
labels (Ate2cher) as supervision. The model trained with AP achieves relatively
higher AP on common categories, reflecting the stable supervision provided by
the offline pseudo labels. In contrast, the model trained with A;“q‘fb“her leverages
pseudo labels that are progressively updated by the EMA teacher throughout
training, adaptively correcting errors and improving AP on underrepresented
rare classes. Combining both Mp and Mieacher leverages their complementary
strengths, maintaining high accuracy for common categories while improving
rare-class coverage, as visually illustrated in Fig. 5.

Reliability of VRAIN’s Verification and Annotation. To quantitatively
assess the reliability of our VLM-based verification module in VRAIN, we con-
struct a controlled perturbation benchmark from the LVIS validation set (244k
instances). We generate negative samples by randomly perturbing instance class
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&

"Add a black headset (c*) to the skier's head. "Add a black headset (c*) to the head of the dog.
The headset has a sleek design and is positioned over the skier's ears." The headset has ear cups and a microphone."

(a) Filtered-out Case (b) Filtered-in Case
Fig. 6: Qualitative Examples of the VRAIN Verification Stage. (a) A ‘helmet’
is added instead of the requested ‘headset’ (¢*), creating a semantic mismatch, and is
thus filtered out; (b) The target ‘headset’ is correctly added, passing the verification.

Method Precision Recall FP Rate FN Rate
(a) CLIP (Crop) 0.886 0.623  0.187 0.377
(b) VLM (Crop) 0.975 0521 0.031  0.478
(¢) VLM (Ours) 0.984 0.846 0033  0.154

Table 5: VLM Verification Reliability on LVIS Validation. Compared to prior
CLIP-based verification, our spatially grounded VLM verifier achieves a superior pre-
cision—recall trade-off with lower FP and FN rates.

Method APPox Apmask pApbox pApmask
(a) Realonly 475 423 414 368
(b) D121 only (w/o verification) 47.4 42.5 39.5 36.0
(¢) Drar only (VRAIN) 48.1 43.3 429 39.5

Table 6: Ablation Study on VLM Verification in VRAIN. We compare 12]
data with and without VLM-based filtering. Removing the verification step (b) reduces
both overall and rare-class AP, indicating that the VLM filter is crucial for retaining
semantically correct and relevant instances.

labels with 30% probability while preserving the original images and bounding
boxes. We measure false positive (FP) rate when the verifier incorrectly accepts
perturbed labels and false negative (FN) rate when it rejects correct ones. We
compare three verification strategies: (a) CLIP similarity on crops (“a photo of
[class]”), (b) crop-based VLM verification (“Is the image a [class]?”), and (c¢) our
spatially grounded red-box VLM (“Is the red bounding box a [class|?”). As shown
in Table 5, the VLM verifier significantly reduces the FP rate compared to CLIP
(0.187 — 0.033). Moreover, explicitly providing spatial grounding significantly
reduces the FN rate (0.478 — 0.154) compared to the crop-based VLM, achiev-
ing a balanced trade-off between precision and recall. We further evaluate the
impact of the verification step by generating 121 data without applying VLM
filtering. As shown in Table 6-(b), generating 121 data without VLM verification
degrades both overall and rare-class performance, highlighting the importance
of semantic consistency filtering for reliable synthetic supervision. Qualitative
examples of filtered and retained samples are shown in Fig. 6.

Beyond semantic verification, we validate the mask annotation quality of
VRAIN using the ORIDa benchmark [15], which contains 108k real before/after
image pairs with physically placed objects and ground-truth annotations. By
treating the before and after images as Iea and I.qi; respectively, we apply
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Method APPox pApmask ppbox ppmask
(a) Realonly 47.5 423 414 368
(b) w/o Drar 50.3 45.1 47.5 43.8
(c) Ours 50.7 45.2 49.1 44.0

Table 7: Ablation Study on I2I Dataset. Excluding Dio1 lowers overall and rare-
class performance, emphasizing the value of high-fidelity, rare-class-targeted 121 data
that collaboratively complements T2l supervision.

our annotation pipeline and compare the resulting masks against the ground-
truth. On this benchmark, our method achieves 0.925 mAP on mask annotations,
demonstrating high annotation fidelity comparable to human-level quality [9,35].

Contribution of the I2I Data. Finally, we assessed the overall contribution
of the generated high-fidelity I2I data (Dyor) to the hybrid training framework.
As shown in Table 7, excluding Dio; leads to a noticeable performance drop,
particularly for rare categories (AP2* 49.1 — 47.5, AP™ask 44,0 — 43.8). This
confirms that Dioy successfully provides targeted rare-class coverage that comple-
ments the T2I data. By integrating these reliable, instance-level annotations, the
model learns more robust representations for underrepresented classes, further
boosting overall accuracy.

5 Conclusion

We present a unified data synthesis framework that bridges T2I generation and
context-aware 121 editing for large-vocabulary instance segmentation. Our ap-
proach effectively couples the diversity and scalability of T2I synthesis with
the realism and precise rare-class supervision of 12I editing. Through prompt-
consistent filtering and teacher-student refinement, the T2I branch achieves re-
liable label quality despite domain gaps, while the proposed VRAIN framework
provides high-fidelity, contextually coherent rare-class augmentation that rein-
forces the teacher-student learning process. Experiments on LVIS show that this
hybrid strategy surpasses existing T2l and paste-based baselines, particularly
on rare categories, and scales favorably with larger backbones. We believe this
integration of complementary generative paradigms offers a promising approach
to boosting model performance across diverse and underrepresented categories
in long-tailed instance segmentation.

Limitation. Our hybrid approach relies on off-the-shelf generative models,
which do not perfectly adhere to input instructions. For example, the T2I branch
uses prompt-consistent filtering to retain relevant instances, but it may still fail
to realize certain categories specified in the prompt. Similarly, the I2I can ignore
positional instructions and place objects incorrectly. Although these approaches
help mitigate label noise and contextual inconsistency, achieving perfect fidelity
and precise instance-level control across all synthetic data remains a persistent
challenge.
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