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Abstract

Data synthesis has become increasingly crucial for long-tail instance segmentation
tasks to mitigate class imbalance and high annotation costs. Previous methods have
primarily prioritized the selection of data from a pre-generated image object pool,
which frequently leads to the inefficient utilization of generated data. To address this
inefficiency, we propose a collaborative approach that incorporates feedback from
an instance segmentation model to guide the augmentation process. Specifically,
the diffusion model uses feedback to generate objects that exhibit high uncertainty.
The number and size of synthesized objects for each class are dynamically adjusted
based on the model state to improve learning in underrepresented classes. This
augmentation process is further strengthened by running multiple rounds, allowing
feedback to be refined throughout training. In summary, multi-round collaborative
augmentation (MRCA) enhances sample efficiency by providing optimal synthetic
data at the right moment. Our framework requires only 6% of the data generation
needed by state-of-the-art methods while outperforming them.

1 Introduction

The advent of diffusion models has made generating high-quality images significantly easier with
lower cost [9, 23} 130, 31]]. These advancements naturally opened new possibilities for generating
training data in data-hungry vision tasks like object detection [16} [17] and instance segmentation [4}
21, 27]'| Diffusion models can synthesize images conditioned on textual descriptions, enabling
the creation of diverse and detailed datasets with labels [6, [22]. Especially for long-tail instance
segmentation, where class imbalance and high annotation costs pose significant challenges, diffusion-
based image synthesis has become a crucial solution.

Copy-paste-based methods, originally intended for augmenting training data using real image ob-
jects [8L [15], now have been extended to utilize high-quality synthetic image objects generated by
diffusion models. That is, these recent methods first generate a large pool of image objects and then
augment the training data by pasting them to real images [[L1, 37, 41]]. The advantage arises from
generating objects in a fraining-free manner, at a comparably lower cost than layout-based methods
that train the diffusion model with the training data as shown in Figure [5, 40]. However, some
studies have shown that continuously training with synthetic data can eventually degrade model
performance [12| [13]. Such finding has naturally led to research on active and curriculum learning
strategies that can incrementally select most informative synthetic objects from a pre-generated object
pool as shown in Figure [Tb|[26] 41]]. Nevertheless, preemptively constructing the object pool before
training may be suboptimal, as it can result in a significant number of unused objects and may not
include object characteristics that could address the model’s deficiencies encountered during training.

*Corresponding author
'While we designate instance segmentation as our target task, object detection is equally relevant.
39th Conference on Neural Information Processing Systems (NeurIPS 2025).
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Figure 1: Novelty of our generative augmentation strategy. Existing methods (a) train a generator
separately or (b) discard part of pre-generated data and incur extra cost. Ours (¢) incorporates
feedback from the training model into the generation process, optimizing cost and enhancing quality.

To solve this problem, we propose multi-round collaborative augmentation between a generator and
an instance segmentation model to guide the generator to build an augmented training set which can
achieve high accuracy with a smaller number of synthetic objects—i.e., toward being sample-efficient.

Collaborative Augmentation To effectively improve the power of the instance segmentation
model using synthetic images, we transfer its feedback to the augmentation process. As illustrated in
Figure[Ic| the feedback is exploited in rwo distinct places: (i) in the generation of synthetic objects
and (ii) in the pasting of these objects to real images. For the generation step, the classifier gradients
are employed to produce more challenging objects for the instance segmentation model’s classifier,
akin to prior research on image classification [[1,[19]]. Also, the class-wise validation accuracy and
classifier weights are used to ascertain an adequately mandated quantity of synthetic objects for
each class, thereby enhancing the classifier’s capacity to learn from underrepresented or difficult
classes. For the pasting step, the class-wise validation accuracy is employed to assign greater space
to underperforming classes, as larger objects are more effective in enhancing the performance of
instance segmentation [28]. In short, this two-fold feedback approach facilitates the object generator
in supplying the most beneficial data to the instance segmentation model.

Multi-Round  This novel collaborative augmentation is boosted through multiple rounds. It is
well-known that the most useful training instances vary depending on the training stage, as witnessed
by curriculum learning [3]]. Thanks to the collaborative augmentation, the feedback from the instance
segmentation model can be effectively transferred to the object generator. Then, it is more effective
to transfer such feedback periodically throughout the training stage. As a result, the generation and
pasting of synthetic objects occur incrementally, resulting in a reduced overall quantity of synthetic
objects. Regarding each incremental generation, better customized images can be supplied for the
training of the instance segmentation model at the appropriate time.

In summary, our proposed Multi-Round Collaborative Augmentation (MRCA) achieves higher or
comparable performance with only 6% of object generation compared to state-of-the-art methods [[7,
37,141]] in generative augmentation for long-tail instance segmentation on the LVIS 1.0 [[L8]] dataset,
particularly outperforming in rare classes. Extensive ablation experiments show the effectiveness
of the two-fold feedback components of MRCA. The source code is publicly available at https:
//github.com/kaist-dmlab/MRCA.

2 Related Work

Data Synthesis for Instance Segmentation Data synthesis for instance segmentation can be
broadly categorized into two main approaches. The former involves cut-and-paste (or copy-paste-
based) methods, where objects from a source image are extracted with precise boundaries and pasted
onto destination images to create new synthesized images. This approach originates from cut-and-
paste augmentation [8] and copy-paste augmentation [15]], which were initially designed for pasting
real objects to enhance data diversity.


https://github.com/kaist-dmlab/MRCA
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Building upon these foundational methods for the former approach, X-Paste [37] extends the basic
cut-and-paste method by incorporating objects from multiple sources, including both real and
diffusion-based synthetic objects, to further diversify training examples. More recently, BSGAL [41]
builds upon X-Paste by integrating instance-wise data selection strategies based on gradient and
loss information, ensuring that pasted objects contribute effectively to model training. Additionally,
DiverGen [11] focuses on diversity-centered instance generation, optimizing synthetic data to enhance
representation learning by promoting diversity among generated objects.

The latter approach involves layout-based methods, where bounding boxes or segmentation masks
are given a priori for generating images for object detection. GeoDiffusion [5] and ODGEN [40]
generate bounding box coordinates derived from the dataset and condition the diffusion model to
produce objects accordingly. InstaGen [14]] instead synthesizes images and creates bounding box
annotation by training an instance-level grounding head. However, these methods cannot be extended
to instance segmentation tasks because of the high complexity of segmentation masking. Even for
layout-based methods that provide segmentation masks as a condition [25]], the diverse geometric
knowledge of the diffusion model cannot be fully utilized owing to the fixed segmentation mask.

Diffusion with Guidance The diffusion model generates the data following a data distribution
p(z) by learning the denoising process. Recent diffusion models are based on classifier-guidance [6]
or classifier-free guidance [22] that learns the data distribution conditioned on class labels p(z|y).
That is, V; log pg - (x|y) = Vg logpe(x) + vV log p(y|x), where pg(x) is the generative model’s
data distribution of an image x parametrized by 6, p(y|z) is the classifier’s probability of a class y
given z, and v is a guidance weight controlling classifier influence.

ControlNet [36] proposed a more structured approach by injecting additional spatial conditions
into the diffusion process without retraining the base model, allowing fine-grained control over
outputs. More recently, Universal Guidance [2]] emerged as a general framework that can direct
diffusion models using arbitrary signals through plug-and-play mechanisms, broadening the flexibility
and applicability of guided generation. Altogether, these methods have significantly expanded the
controllability and reliability of diffusion-based generative models.

3 Methodology: MRCA

3.1 Problem Formulation

An instance segmentation model is trained using a training set D™% = {(x;,y;)}|,, where
x; is an image, y; is a set of annotations for the image x;, and T is the total number of images.

HGI'C, yi = {yi,j|yi,j = (bbi’j, mi g, clm])}“]ﬁ:‘l’ where bbiyj, mi j and Cij denote the bounding bOX,

segmentation mask, and class of the j-th object.

We aim to augment the original training set D" through data synthesis to increase data diversity,
rectify class imbalance, and enhance model generalization. To achieve this goal, a set of image
objects O%Y" = {o; | 0; = (I;,y;)}|2., is created using a generative model G with a given label
y; from the set of classes as well as a dichotomous segmentation model S, where B represents the
given budget of data synthesis. Two functionf] are internally used for this augmentation process
A(Dreal) = D9, as shown in Figure[2]

* Gen(B): It generates B image objects to compose O°¥"™, where the number of objects per class is
automatically determined by the learning progress of the instance segmentation model.

* Map-Paste(o): For each object o € O°¥™, it first selects the real image and annotations, (z,y) €
Dreel | that o will be pasted. Consequently, the mapping between objects and images, P, is
constructed. For each pair of an object and an image (o, (z,y)) € P, it then pastes o into = and
accordingly updates the corresponding set of annotations y. That is, it returns an augmentation
(2',y’) from (x,y) € D" and 0 € O*Y".

As a result, an augmented training set D9 = {(x},y%:)} |Z, is used instead of D"**!. Note that the
number of images is fixed to N whereas the number of annotations in these images is increased by B,
following the common convention [11} 37, 41]. It is also possible to expand the set of images that are
used for augmentation, and we leave it as a topic of future work.

2Auxiliary arguments (e.g., a generative model) of the functions are omitted for simplicity.
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Flgure 2: Inside of the multi-round collaborative augmentation with Gen(-) and Map -Paste(-). The
model guidance and class-wise metrics are delivered from the model of the previous round to the
copy-paste pipeline in the current round to optimize the Gen(-) and Map-Paste(-) processes.

Let’s consider two instance segmentation models trained on D% and D%, respectively. The
performance difference between these models on the test set D*¢*¢ indicates the quality(Q) of the data
augmentation. Therefore, the primary challenge is to find an augmentation process A g that maximizes
the quality of data augmentation within a specified budget B with respect to D™*!. Specifically, let
M7ee and M9 denote the instance segmentation models trained on D"* and D9, respectively,
and £ denote the loss function. Then, the objective is formalized as finding .4 5 such that

argAInax Q(Ap(D"*)) = argAInax{—E(w)y)NDmE(M““g (2),y) + E(w)y)NDmE(M’”e“l (x),¥)}
B B
ey

3.2 Multi-Round Collaborative Augmentation

To address the challenge, we propose the frame- Warm-up | Round 1 | Round N | Final Result
work of multi-round collaborative augmenta- =
tion (MRCA), which exploits the feedback from Segmentation
an instance segmentation model through mul- M i, R
tiple rounds. Figure[3|shows its overall proce- N

dure. MRCA consists of a warm-up stage and N L @ E@
rounds, where each round comprises one or sev- Rea Datok f ’

. K .1 SynData 1}/ Syn Data Syn Data
eral epochs of the instance segmentation model i — Training
training. We initially run the warm-up stage by Object |1 Object || — Feedback
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real data and generating objects with no feed- ~~ Map-Paste()
back. After the warm-up stage or a round is
completed, the feedback from the instance seg-
mentation model is applied to both Gen(-) and Map-Paste(-) of the next round. Therefore, the instance
segmentation model and the object generator collaboratively augment the training data. See Appendix
[A7T]for the pseudocode of this augmentation pipeline.
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Figure 3: Multi-round collaborative augmentation.

For every round, the training of the instance segmentation model and the generation of image objects
are done simultaneously on multiple GPUs. However, the training is dependent on the generation
since the generated objects are required for the augmentation of the training set. To overcome the
delay caused by the dependency, the generated objects are passed to the next round for training. In
summary, at the round r, we generate objects with the feedback from the previous round » — 1 and
provide the generated objects to the next round r + 1.

Budget Constraint We set the generation budget B equal to the maximum number of generations
possible in the training time of each round. By doing so, both the generation and training steps can
overlap on different GPUs and thus are processed without delays.

Collaborative Augmentation Given the budget constraint, our main idea is to leverage feedback
from the instance segmentation model M during the augmentation process. The intuition is that the



model M holds valuable information that can help generate the most useful objects in Gen(-) and
guide optimal placement during Map-Paste(-), thereby using the budget more effectively. Employing
model feedback for generative data augmentation has been shown effective in classification tasks by
directly aligning augmentation with the model’s objective as in previous studies [1,134]. We formalize
this widely-accepted idea as Assumption [3.1| with specific conditions.

Assumption 3.1 (Collaborative Augmentation Improves Quality). Let A denote a data augmentation
applied to a dataset D, and let f4 denote the feedback from a model My trained on the dataset D.
Then, under the conditions of (C'1) sufficient model capacity, (C2) controlled distribution shift, and
(C3) proper feedback direction, the augmentation guided by f4 has higher quality than the unguided
augmentation. That is,

(CL) A (C2) A (C3) = QLA(Ds f4)) = Q(A(D)). @

Conditions for the Assumption We first define the information metric Zp (M) as a measure of
how well the model M, captures the distribution of the dataset D. It can be measured by the average

accuracy, i.e., Ip(My) = ﬁ > (wy)eD ﬁ > yey 1[39 € My(2) s.t. IoU(y, §) > 0.5].

* (C1) Sufficient model capacity: Model capacity can be represented by the empirical risk
Remp. Which is defined as the average loss £ over the dataset D. Formally, Ry, (My) =

ﬁ > (erynep L(Mg(x:),y:). To ensure that the model retains available learning capacity, the

AR ermp(M)
—a <0

* (C2) Controlled distribution shift: The knowledge gained through augmentation should surpass the

adverse effect of distribution shift caused by the augmentation. Formally, given the data distribution
, ) . dDrc1 (pol|p§7),)
pp and the model’s learned distribution p,; —over time ¢, ———7——=— < 0.

* (C3) Proper feedback direction: Given the information from the model My on the dataset D, the
feedback f4 should properly guide the augmentation process toward quality maximization. For
example, the feedback should be applied in the direction that increases diversity and uncertainty
of the dataset (proper direction), not decreasing them (improper direction). That is, [Zp (M) >

Ip(M] A (C3) = QA(D; f5)) = Q(A(D)).

Under the sufficient model capacity and controlled distribution shift conditions, the average accuracy
of the model M, on the dataset D increases through training according to the definitions. That is,
(C1) A (C2) — Ip(My) > Zp(0). Combining it with the proper feedback direction condition (C'3),
we obtain the overall guarantee that Q(A(D; fy)) > Q(A(D)) holds under these conditions.

Similarly, as the model is trained by the data with higher quality of augmentation, the quality of
the feedback from the model will increase accordingly. We incrementally formalize this concept as
Lemma[3.2]

empirical risk should be decreasing over time, i.e.,

Lemma 3.2 (Collaborative Augmentation with a Further Trained Model Improves Quality). Let A
be a data augmentation applied to a dataset D, and let f4, be the model feedback obtained from a
model trained for r rounds. Then, under Assumption[3.1|with the three conditions (C1, C2, and C3),
the augmentation guided by a further trained model fy _ provides higher quality than the one guided
by fs,_,. That is,

Q(A(D; f5.)) > Q(A(D; f,_,)), forr > 0. 3)

Proof. By Assumption [3.1] under sufficient model capacity (C'1) and controlled distribution shift
(C2), Ip(My,) > Ip(M,, ). Also, more information guides augmentation of higher quality under
proper feedback direction (C3), so (C'1) A (C2) A (C3) = Q(A(D; fp,)) > QA(D; fg,_,)). O

Multi-Round Augmentation = We further claim that applying feedback in multiple rounds is supe-
rior to a one-time feedback under certain conditions. The high-level idea is that iterative augmentation
incorporates feedback from a recently trained model instance, ensuring that the augmented data aligns
with the model’s evolving needs. We formalize this statement in Theorem 3.3

Theorem 3.3 (Multi-Round Collaborative Augmentation Improves Quality). Let A be a data aug-
mentation applied to a real dataset Dy = D", and let fe, denote the model feedback obtained



from a model My, trained on the dataset available at the round r. Consider a multi-round augmenta-
tion, where augmentation is performed over N rounds. The augmented dataset at the round r with
cumulative budget +; B is defined as

r— syn syn ]‘
Dy x5 =A1p(Do; fo, ,UiZ1 O""), forr=1,2,--- N, [O;""|= B @

Then, multi-round collaborative augmentation has higher quality compared to a single-round collab-
orative augmentation. That is,

Q(Dn,p) > Q(D1,5), for N >1. )
Proof. The detailed proof is provided in Appendix O

To ensure that the theoretical claims hold in practice, we specifically design MRCA to keep the
assumption better. First, we run the training process until the model validation accuracy saturates to
verify that the current round has more information than the previous round, Zp (My,.) > Ip(My, ).
While this statement is usually true since the model learns from newly generated objects, learning on
only a portion of the dataset sometimes leads to biases and information loss. Therefore, we train the
model for multiple epochs between rounds to incorporate the entire dataset. Second, the feedback
fe,. itself should be properly applied to the augmentation process toward the direction that maximizes
the quality of augmentation. Since the mechanism of how feedback improves augmentation quality
solely depends on its design, we explain the details of how each feedback guides the augmentation
process toward quality maximization in the next section.

3.3 Feedback on Object Generation

Class-Wise Budget Optimization Class-wise budget optimization dynamically adjusts the number
of synthetic objects for each class based on the model’s state. Specifically, the number of objects to

create for aclass ¢ € {1, , ¢;pas } at the round 7, B,.(c), is computed as
B 1
r<2:B,(c)= . , r>2:B(c)=0,(1—Ar_2.) [|Crege— Crsc 5 , (6)
max r—2,c

where C,. . is the classifier weight, A, . is the validation accuracy, and S, . is the number of objects
in the augmented training set. The scale factor o, scales the budget for each round so that the sum
of B,.(c) is equal to B. Eq. (0) targets generation on classes with low accuracy, low coverage, and
scarce data. It is straightforward how budget is weighed on classes with low validation accuracy and
a low number of training instances for sample efficiency. The classifier weight C, . is defined as the
weight vector corresponding to a class c in the final classification weight matrix at the round . The
classifier weight difference term ||Cy_2 . — Cy_3 .|| reflects how much the class has learned between
the rounds, indicating room for improvement. Therefore, we provide more budget to classes with
larger weight differences to maximize the learning efficiency.

The two-round gap between the left-hand term and the right-hand term in Eq. () results from two
factors. One round gap occurs because the generation uses metrics from the model trained on the
previous round. Another round gap is required to earn time for generating objects. This intentional
gap allows efficient pipelining of generation with feedback, resulting in minimal halts.

Feedback-Guided Object Generation To imbue each object with richer class information, we
incorporate feedback from the instance segmentation model M into the diffusion process. Specifi-
cally, the diffusion sampling is steered by the gradients of M with respect to our chosen criterion C.
By using entropy as the criterion, we synthesize objects that become progressively more difficult for
the model to learn over successive rounds. Mathematically, the diffusion process is conditioned as

Vo 10g poyw(zly) = Ve logpe(z) + Vi logp(ylr) + wVa.C(x,y, My), (7

where - is the scale of classifier guidance and w is the scale of feedback guidance. Compared to
previous work [1] on a classifier model, computing feedback guidance from an instance segmentation
model requires an additional technique. A general instance segmentation model produces multiple
objects’ bounding boxes and segmentation masks from a given image which cannot be directly used
for guidance. Fortunately, we aim to generate a single object per image in our method. Therefore,
we set the whole image as the box proposal and compute the remaining layers of the instance
segmentation model. The detailed algorithm is provided in Appendix



3.4 Feedback on Map-Paste of Objects

Recall the two stages of the Map-Paste process defined in Section [3.1] The first stage is Map, where
we create a set of mappings P between o € O%¥" and (z,y) € D"**. The second stage is Paste,
where each mapped object in (o, (z,y)) € P is scaled by s, which is adaptively determined by class
accuracy, and is pasted onto the mapped image to create the final augmented image (', y’). We aim
to maximize the learning of the instance segmentation task through optimizing each stage.

Quota-Balanced Unique Mapping Previous studies [37} 41]] adopt a purely random assignment
of synthetic objects to real images, P = {(o, (x,y)) | ¥(2,y) € D" o ~ Uniform(O%¥")}.
While random mapping serves as a strong baseline, it becomes suboptimal under a tight object
generation budget. Furthermore, random mapping hinders our class-wise budget optimization since
some generated objects may never be selected.

To address these limitations, we introduce quota-balanced unique mapping. In this scheme, once an
object o is drawn from the synthetic object pool O%¥™, it is removed so that each synthetic object
contributes exactly once toward its class quota. When O®Y" is exhausted, it is refilled with the initially
generated object pool. This scheme ensures that, across the entire augmentation process, each class is
represented according to its budget ratio prescribed in Section[3.3]

Accuracy-Based Object Resizing When pasting an object, existing approaches [37} 41]] draw
object size from the distribution of each class in the real dataset, i.e., s ~ N (g1, O'z), where u. and
o2 are the mean and variance of objects of a class ¢ in D"**!, While such an approach helps match
the overall scale between synthetic and real objects, it fails to boost learning for rare or low-accuracy
classes, since their typically smaller object sizes remain hard to distinguish and learn from.

To remedy this imbalance, we introduce a resizing scheme based on the validation accuracy of each
class. Specifically, objects from low-accuracy classes are scaled larger to enhance the visibility of
their features, thereby facilitating better feature extraction. In contrast, objects from high-accuracy
classes are generated at smaller scales to reduce their influence during training and prevent the model
from overfitting to already well-represented classes. This simple yet effective strategy balances the
contribution of each class by providing richer visual cues for underrepresented classes, enhancing the
model’s ability to recognize rare objects. The detailed algorithm is provided in Appendix [A.3]

4 Experiments

4.1 Experiment Settings

Datasets and Implementation Details Instance segmentation and object detection experiments
are mainly conducted on the LVIS v1.0 dataset [[18] as in the relevant literature, with supporting
experiments on the Pascal VOC dataset [10] and the Open Images V5 dataset [24]. CenterNet2 [39],
with a ResNet-50 [20]] backbone, is used as our main instance segmentation model, implemented
in Detectron2 [33]]. The Swin-L [27] backbone is also used for comparison with baseline methods.
Stable Diffusion 3 Medium [9] is used as our generation model, and BiRefNet [38] is used for
segmentation on the generated objects. After generation or segmentation, CLIP [29] is used to filter
out the low-quality objects whose score is smaller than 0.25.

Our model is trained for 10 rounds, with each round consisting of 9,000 iterations and a batch size
of 16. Our multi-round collaborative augmentation serves as the sole modification to the baseline
training pipeline. We evaluate performance using average precision (AP) for both bounding box
detection and instance segmentation while also analyzing results across different class frequencies
(rare, common, and frequent classes) as defined in LVIS. We use 8 NVIDIA GeForce RTX 3090
GPUs, where 4 GPUs are used for training the model, 3 GPUs for generating objects, and 1 GPU for
segmentation. Only for the Swin-L experiment, we use NVIDIA A40 GPUs instead to fit the model
in the GPU memory. To run both training and generation without waiting for another process, the
number of object generations per round is empirically set to 6 x 1203 (number of classes in LVIS).
Besides, v and w in Eq. (7)) are set to 5.0 and 0.03, respectively. Further details about the experiments
are provided in Appendix [C]

Compared Methods We compare our MRCA with strong generative copy-paste methods, in-
cluding X-Paste [37], BSGAL [41]], and DiverGen [11]. The numerical results of the baselines are
borrowed from the BSGAL and DiverGen papers owing to the same experiment settings.



4.2 Main Experiment Results

Table [T and Table[2]show the mean average precision (mAP) on the instance segmentation and object
detection tasks on the LVIS v1.0 dataset for the ResNet-50 [20] and Swin-L [27] backbones. The
superscripts “box” and “mask” denote the mAP for object detection and instance segmentation,
respectively. The subscripts “r”, “c”, and “f” signify rare, common, and frequent classes, respectively.
Overall, MRCA outperforms the state-of-the-art generative augmentation methods while generating
only 6% as many synthetic objects. These results indeed demonstrate the sample efficiency of MRCA,
because its multi-round collaborative augmentation delivers the most essential training data at the
appropriate time. Furthermore, the performance improvement for rare classes is more pronounced
than for other classes, because the rare classes receive superior treatment due to increased generation
budgets (§3.3]) and expanded space (§3.4). See Appendix [D]for augmented image examples.

Table 1: Comparison with the state-of-the-art methods using the ResNet-50 backbone.

Method | #Gen Objects | APPox  Apmask  Apbox ppmask  pApbox ppmask  pAppox Appask
No Aug. 0 31,50 2820 2260 2020 2930 2670 3780  33.40
X-Paste 1200k 3420 3039 2433 2221 3323 2957 39.63  34.89
X-Paste + CLIP 1200k 3435 3070 2599 2438 3283 2941 39.71 34.92
BSGAL 1200k 3540 3156  27.95 2543 3414  30.56 4007 3537
MRCA 72k 3556 31.81 2814 2593 3433 3086  40.18 3544
Table 2: Comparison with the state-of-the-art methods using the Swin-L backbone.
Method | # Gen Objects | APPox  Apmask  Apbox ppmask  pApbox ppmask pApbox Apmask
No Aug. 0 4743 4230 4100 3675 4753 4310 5014 43.83
X-Paste 1200k 49.57 4385 4487  39.66 4974 4464 5146  44.82
X-Paste + CLIP 1200k 49.80 4451 4528 4062 4933 4496 5230  45.72
BSGAL 1200k 5047 4485 4755 4237 5043 4547 5179 4526
DiverGen 1200k 5124 4548  50.07 4585 5133 4583 5164 4496
MRCA 72k 51.80 4591 5158 4684  51.86 4631  51.84  45.05

4.3 Ablation Study and Further Analysis

Effect of the Feedback on Generation and Table 3: Ablation on the components of MRCA.
Map-Paste The ablation study is conducted  Ciass Budget Model Gradient Resizing] APPox  Apmask  Apbox  Apmask

on the feedback components: class-wise budget v 3486 3133 2747 2491
o« e . . . v 35.04 31.14 27.13 24.28
optimization, model gradient-based generation, | 3401 310 2752 2489
. .- . v v 35.15 31.42 26.54 2435

and object resizing. We apply each component v v v | 356 3181 2814 2593

individually and collectively in a multi-round
manner to confirm its efficacy. Table[3]shows that each individual component contributes to perfor-
mance gain without interfering with other components.

Effect of the Class-Wise Budget Optimization Table 4: Ablation on the components of class-wise
Components  We also conduct a fine-grained  budget optimization.

ablation study on class-wise budget optimization  Numberof Validation Classifier

while keeping other main methods (model gra- ~ ©bigets  Accumey Welght | APP ARTSE APRT APREE
dient and resizing) enabled, as shown in Table 3501 3135 2736 2502
@] When using only the number of objects, we v , PHNL BEBE
observe notable improvements for rare classes. - v v 3556 3181 2814 2593

The validation accuracy term further supports common and frequent classes with low accuracy.
Nonetheless, some low-accuracy classes continue to produce similar objects across rounds. To
mitigate this issue, we incorporate the classifier weight, which reflects whether gradient feedback is
being updated over rounds. As evidenced by the improvements in the result, both validation accuracy
and classifier weight contribute effectively as intended.

Effect of the Generation Model In Table[5] Table 5: Effect of the generation model.

we compare the performance when using differ- “yieihod | APPex  APmesk  APbox  APmak
ent generatw; mo@els, Stabl@: Diffusion 1.5 [30] BSGAL (SD 1.5) | 34.82 3121 2676 2484
and Stable Diffusion 3 Medium [9]]. The hyper-  MRCA (SD 1.5) | 35.12 31.38 27.42 2521
parameters of the diffusion models are set equal, MRCA (SD 3) 3556 3181 2814 2593
with classifier guidance scale as 5.0, generation

step as 30, and image resolution as 512x512. The recent version of Stable Diffusion generates
higher-quality objects, leading to better results. When using the same version, Stable Diffusion 1.5,
the superiority of MRCA over BSGAL is still maintained in terms of the mAP for all and rare classes.




Effect of the Number of Rounds We investigate the effectiveness of applying feedback in a
multi-round manner in Table[6] The number of training rounds is adjusted from 1 to 30, given a fixed
number of total training iterations. As shown in Theorem [3.3] when the number of rounds increases
from 1 to 10, the quality of instance segmentation and object detection improves, indicating that the
quality of the augmentation improves accordingly. Over 10 rounds, however, the performance drops
because the model does not learn sufficiently between the short training rounds; that is, a single round
is unable to cover a whole epoch over in such conditions.

Table 6: Effect of the number of rounds with a fixed number of total training iterations.

# of Rounds ‘ # Gen Objects ‘ APpPox  Apmask  ppbox  pApmask  pApbox  ppmask  pApbox A pmask
1 72k 34.79 31.17 27.64 24.63 33.11 30.09 39.81 35.25
2 72k 34.96 31.09 27.33 24.35 33.28 29.90 40.19 35.39
5 72k 35.09 31.38 26.16 24.04 33.76 30.44 40.39 35.54
10 72k 35.56 31.81 28.14 25.93 34.33 30.86 40.18 35.44
20 72k 34.96 31.46 27.81 24.85 33.48 30.55 39.76 35.38
30 72k 34.81 31.13 26.86 24.49 33.45 30.14 39.82 35.15

Effect of the Curriculum Learning The pro-

Table 7: Effect of the curriculum learning.

posed MRCA generates objects and trains with  “pehoa [ APbox  ppmak  Apbox  Apmask
the curriculum divided by rounds. To check the  “MrcA (wo. curriculum) | 3523 3127 2828 2546
effect of the curriculum learning strategy, we _MRCA (w.curriculum) | 3556 3181  28.14  25.93

separately train a model from scratch given the

objects generated over all rounds of MRCA. Table [/|shows the difference depending on the existence
of the curriculum learning. Although training without the curriculum has more object quantity at the
beginning, the performance becomes lower in most cases. This result suggests that while the objects
generated by MRCA can be used for the input to any training pipeline, the optimal strategy is to use
the curriculum learning strategy provided by our method.

Analysis on the Generation Budget In pre-
vious experiments, we empirically chose a gen-
eration budget B of 72k to efficiently pipeline
our generation and training processes, ensuring
no bubbles. This additional test examines the
effect of larger budgets on the mAP as well as the training time excluding the warm-up stage. Table|[§]
shows that the training time is proportional to the number of object generations, because multi-round
training needs to wait for the object generation to be used for augmentation. Only a small performance
improvement is observed with an increased generation budget, decreasing the sample efficiency. This
limitation of low scalability is further discussed in Appendix [E]

Table 8: Analysis on the generation budget.
# Gen Objects | Training Time | APPox  Apmask  Apbox  Apmask
36k ‘ 30h 34.82 31.21 26.76 24.84

72k 34h 35.56 31.81 28.14 25.93
144k 63h 35.58 31.84 28.51 25.99

Analysis on the Feedback Guidance Scale

Table 9: Analysis on the feedback guidance scale.
The feedback guidance scale, w in Eq. , has

it ) - ' w ‘ APbox APmask APbox APmask
a significant impact on the image quality. Table £ z
[] supports that feedback guidance can largely ~ 001 | 34.87 30.95 26.90 23.83
affect the generated image quality. The default ggg ‘;’igg ‘;’}% %g;: %gg‘;’
value w = 0.03 usually offers the best perfor- 010 | 3425 3042 2398 93

mance. The performance drops significantly for
a large w because excessively large model guidance overwhelms the trained diffusion denoising
gradients. Its effective range can be quickly identified with qualitative analysis, as a high w produces
unnatural artifacts, while a low w results in images nearly identical to unguided outputs.

Analysis on the Classifier Guidance Scale Table 10: Analysis on the classifier guidance scale.
Table[T0|presents the effect of the classifier guid-

box mask box mask
ance scale, v in Eq. (7). A higher v amplifies the 7 | AP AP AP, AP;
influence of the conditioning signal (e.g., text 3.0 | 35.21 31.35 26.59 24.33
prompt or class label) on the generation process, -0 | 35.56 31.81 28.14 25.93
7.0 | 35.32 31.58 26.89 24.68

which strengthens fidelity and prompt alignment
but pushes samples toward a narrower region of
the data distribution, thus reducing diversity among outputs. Conversely, when 7 is too low, the
diffusion model behaves closer to its unconditional form. Therefore, the generated samples exhibit
higher variability but lower fidelity and semantic accuracy, leading to visibly degraded quality. The
default value of 5.0, which has been adopted in prior studies [37, 411, is also found to be effective in
our experiments by stabilizing the tradeoffs.




Experiments on Additional Datasets We Table 11: Object detection on VOC 2012 and in-
conduct only object detection on Pascal VOC  stance segmentation on Open Images V5 long-tail.

2012m bcmause the a.mnotatlons Only sup- Pascal VOC 2012 Open Images V5 (long tail)
port semantic segmentation. For Open Images  Method | AP®® AP™ AP | APPe™ Apmask

V5 [24], due to the large size of the dataset, No Aug. ‘ 68.45 4935 44.89 | 4597 36.53

we use a pareto sampling method from previ- _MRCA | 7216 5508 5085 | 47.10 37.30

ous work [32] to create its long-tailed version.

Again, MRCA boosts the performance through our novel data augmentation pipeline in these datasets.

4.4 Qualitative Analysis

Round-Wise Object Visualization and Entropy  Figure[d visualizes a portion of generated objects
and their average entropy for each round. As shown in Figure@a] the generated objects maintain their
class characteristics over all rounds. We assess the entropy of objects with respect to two instances of
the model: (1) the warmed-up model instance, which is trained solely on real training data, and (2)
the feedback model instance, which is the model that guides the generation of the synthetic images
in the corresponding round. Given that the guidance scale is constant, the entropy (uncertainty)
respect to the feedback model M, remains similar across rounds, as shown in Figure@l However,
from the perspective of the initial model My, the feedback received from more advanced models
in subsequent rounds results in the generation of increasingly uncertain or challenging objects, as
depicted in Figure 4c| This tendency is also evident when examining the average entropy across all
classes in Figure ﬁOVerall, MRCA forms an effective easy-to-hard curriculum.

Ny 2"
Dove ey j
Dragonfly T = Y

Dustpan

\B )
Round0 Round1 Round2 Round3 Round4 Round5 Round6 Round7 Round8 Round9

(a) Examples of generated objects for each round.

w
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(b) Mean entropy of objects respect (c) Mean entropy of objects respect (d) Class average entropy respect to
to the feedback model (M,.). to the warm-up model (Mg, ). the warm-up and feedback models.

Figure 4: Examples of generated objects for each round (a), with their class-wise entropy respect to
the feedback model (b), the warm-up model (c), and their comparison over average of all classes (d).

5 Conclusion

The proposed multi-round collaborative augmentation (MRCA) framework enables generating objects
that are continuously more informative to the instance segmentation model with a considerably small
amount of data generations (e.g., 6%). The instance segmentation model consistently guides the
diffusion generation process to create objects that elicit greater uncertainty from the model, hence
generating more informative samples, while employing class-wise budget optimization to determine
the appropriate number of generations for each class. Then, accuracy-based scaling effectively
places the generated objects in real images to focus on learning of rare classes. Experiment results
demonstrate that MRCA outperforms the state-of-the-art generative copy-paste augmentation methods
for instance segmentation. In conclusion, we assert that the MRCA framework presents a highly
promising avenue for enhancing the performance of instance segmentation.
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A Algorithm Pseudocode

A.1 Multi-Round Collaborative Augmentation Pipeline

The overall procedure of MRCA is explained in Algorithm [I| composed of two phases: the warm-up
phase and the multi-round phase. At the warm-up phase, the instance segmentation model My is
trained with real training data in parallel with the generation of objects by G. When both processes
terminate, the multi-round phase starts. Similar to the warm-up phase, the multi-round phase also
undergoes parallel training and generation. The difference lies in applying the feedback from the
previous round’s model to both object generation and training data augmentation. For the final round,
the object generation does not proceed since there are no more training rounds left to use them.
Eventually, MRCA returns the trained instance segmentation model and the set of generated objects.

Algorithm 1 Multi-round collaborative augmentation pipeline

1: Given instance segmentation model M, parametrized by ¢ at a round r that creates feedback
fo. object generator G, real training data Dy = Drealtotal round N

2: Do in parallel > Warm-up phase
3: Train My, ., on Dy — Mgy,

4: Generate objects by G with no feedback — O7"

5: end

6: forr =1to N do > Multi-round phase
7: Do in parallel

8: Augment Dy with Ul_, O;Y" and feedback fy, , — D,, Train My, , on D, — M,
9: if » # N then
10: Generate objects by G with feedback fy4, _, from My, — O¥"

11: end if
12: end
13: end for

14: Return trained instance segmentation model My, generated objects UY ; O;¥"

A.2 Diffusion with Feedback from the Instance Segmentation Model

The feedback-guided diffusion-based object generation is explained by two hierarchical algorithms.
At a higher level, Algorithm 2] describes where the feedback is applied in the diffusion process. A
general diffusion process is composed of multiple denoising steps, where the scheduled denoising is
applied sequentially. We apply the feedback guidance selectively after the scheduled denoising to
keep the uncertainty in range so that the generated images remain in the context of the input class. In
our experiments, the feedback guidance is applied every 5 steps out of 30 steps, for a total of 6 times
per image. The hyperparameter w in Line 6 is set to 0.03.

Algorithm 2 Denoising the diffusion model with a criterion function

1: Given stable diffusion model latent state z;, denoising U-Net €y with scheduler o (t), conditioning
T, stable diffusion vae decoder vge., instance segmentation model My, scale of feedback
guidance w, and criterion function C

2: for each step ¢t from T to 1 do

3: € =eg(zt,t,79) > Predict noise
4: zi_1 =z —o(t)é > Denoise according to the scheduler
5: if ¢ is step for object detector feedback then

6: zi—1 = zj_1 —wC(2z{_1, My, vgec) > Apply instance segmentation model’s feedback
7: else

8: Zt-1 = 2p_4

9: end if

0: end for

1:

—_—

Return denoised latent state z
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Algorithm [3]explains in more detail how the instance segmentation model and the criterion function
compute the gradients for the diffusion model. The key idea is setting the whole image as the object
proposal for extracting the features, since we generate a single object per image. Lines 2—5 explain
the criterion function computation line by line.

Algorithm 3 Applying the criterion function to the instance segmentation model

1: Given intermediate stable diffusion model latent state z;_,, stable diffusion vae decoder v4e.,
instance segmentation model M consisting of backbone(feature extractor) by and classifier cg,
and criterion function C

2: T4—1 = Vdee(2i_1) > Create an image from latent variable
3: feat = by(&4—1) > Extract features from detector’s backbone
4: logits = cy(feat(prop)) > With whole image as proposal, classify corresponding features
5: grads = C(logits, z;_4) > Calculate gradients respect to criterion function
6: Return gradients on latent state grads

A.3 Object Resizing Based on Class-Wise Evaluation

Algorithm @ provides a more detailed explanation of the resizing method. Given the average
precision A. of a specific class, we assign a scale factor to a class, which will cause its objects to
be resized in accordance with the scale factor. For three values of A., 0%, A (mean), and 100%,
A, = 0% — scale = spmaz, Ace=A— scale=1, A.=100% — scale = ﬁ For other
values of A., we linearly interpolate in log scale.

Algorithm 4 Computing a scale factor based on average precision (AP)

1: function COMPUTE_SCALE_FACTOR(A., A)

2: Input: A, (Average precision of a class ¢), A (Mean average precision of all classes), S;qz
(Maximum scale)
3: Output: Computed scale factor
> Log scale values for interpolation
4:  log_scale_min <+ In(s2,,,) > Scale at A, = 0%
5: log_scale_max <« In (%) > Scale at A. = 100%

~ > Piecewise linear interpolation in log scale
if A. < A then

6
7: log_scale < log_scale_min (A_AAC)
8: else
9: log_scale < log_scale_max (1%‘6:’%)
10: end if
11: return scale = exp(log_scale)

12: end function

B Proof of Theorem 3.3

We begin by expressing the quality of the final dataset in the multi-round setting
Q(Pn.5) = Q (Ay 5(Do: fo, -, U O ®)

Consider the %B objects created at a round 7. Since the feedback from the recent model fy, , is
more informative than fy,_,, Zp(My, ,) > Ip(My, ), by Lemma

Q (A 5(D0: fo, .U OF) 2 Q (Ag 5(Poi fo, 0 UZTOM™). ©)
Similarly, continuing for %B objects atrounds r — 1,7 —2,--- |1,
Q (Az 5P fo, ., UZEOM™)) = Q (Ag 5(Dos o, VIO (10)
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Q (Ax2 (Do fir, OF") = Q (Ag 5(Dos fo, D)) an

By multiplying all inequalities from Eq. () to Eq. (TT),
Q (A 5(Do: f5, .U OPM) = Q (Ag 5(Doi fo,0)) (12)
= Q(Dx.5) = Q(Dy.5). (13)

C More Details for Experiments

Object Edge Smoothing When pasting objects, we do not employ any methods for smoothing
object edges, such as Gaussian blurring or alpha/Poisson blending. Based on previous work [[15] and
our own evaluation, the edge handling methods have no significant effect on the overall performance.

Reason for Using the ResNet Backbone Since the overall performance trend remains consistent
across different backbone models (ResNet and Swin-L), we choose a lighter model to enable more
extensive ablation studies within a given time. Notably, the performance improvement reported in
Table[T] and Table 2]is even larger when using the Swin-L backbone, supporting that our ResNet-
based ablation results do not overstate the effectiveness of MRCA. The ResNet backbone is more
memory-efficient and can be trained on a 24GB RTX 3090, whereas the Swin-L backbone requires a
higher-memory setup, such as a 48GB A6000 or larger. We believe that both models are important, as
they represent a trade-off between model size and performance, which is an important consideration
for practical deployment, particularly in on-device scenarios.

Overlap of Augmented Objects The augmented objects can be overlapped in our experiment
setting. When an object is overlapped, its object mask is adjusted to eliminate the obscured portion.
This scheme is a common practice in the relevant studies [7} 137, 41]].

Unrealistic Augmented Objects Our approach follows the line of research established by X-
Paste [|37]], BSGAL [41]], and DiverGen [[11]], which leverage synthetically generated, often unrealistic,
map-pasted images to improve performance. While the augmented images may not share the same
distribution as the original images in terms of object size, they still contribute positively to instance
segmentation performance by incorporating knowledge from the generation model. The MRCA
framework further enhances this effect by explicitly optimizing both object generation and pasting
strategies. It is worth noting that the use of visually unrealistic images for data augmentation has
been widely observed to be effective in improving downstream performance. For instance, also in
image classification, CutMix [35]] often produces implausible examples such as images featuring a
cat’s head on a dog’s body.

D Visualization of Augmented Images

We visualize some of the augmented images in Figure[5] During training, we paste 1-3 generated
objects onto an image from the real LVIS training set. We keep the number of pasted objects small to
minimize the deviation in the average number of objects per image compared to real images. The
sizes of the objects are managed with our accuracy-based resizing scheme (§3.4). For example, in the
first image, the class “cockroach” has low accuracy, and therefore an object of that class is pasted
with a larger size compared to its actual size from real images.

E Limitations

The current implementation of MRCA shows low scalability, meaning that generating more objects
with the current framework does not lead to a large increase in performance. This downside is due
to our method’s focus on uncertainty, which is effective in generating small-scale datasets since
there is a low chance of overlap between objects. However, generating large-scale datasets without
a diversity-focused method may generate similar objects, resulting in low scalability. Increasing
the diversity of the generated objects effectively addresses the scalability issue, as reducing overlap
between objects allows for the acquisition of more information. DiverGen [[L1], a prior study that
focuses on the diversity of the generated dataset, supports our earlier argument with scalable results.
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Figure 5: Examples of augmented images.

Furthermore, the current framework only works with a single generator to efficiently use feedback.
Previous studies, such as BSGAL [41]] and DiverGen [[11]], demonstrate that using multiple generation
models for generating objects can enhance data quality by increasing diversity. Therefore, employing
multiple generation models in our multi-round augmentation framework remains a future task. Such
an approach can increase diversity in another dimension, as well as solve the scalability issue.

We also note that scaling of rare classes can lead to undesirable effects in domains where object size
carries critical contextual meaning. For instance, in medical imaging or other domains with consistent
scales, resizing objects may distort important spatial cues and disrupt the natural size distribution.
To mitigate such risks, resizing strategies should ideally be avoided or applied only within narrow
bounds when using MRCA in these settings. However, in real-world image datasets such as LVIS [18]],
PASCAL [10], and OpenImages [24], where object scales vary greatly even within the same category,
we did not observe notable negative impacts on detection performance. By carefully constraining
the maximum scaling coefficient, we ensured that objects did not become unnaturally large or small
while maintaining overall realism. Moreover, as the representation of rare classes improves through
successive training rounds, their resulting scale distribution tends to align more closely with natural
proportions, further reducing the potential adverse effects of scaling.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The main claims are clearly provided in the abstract and introduction of the
paper with its scope.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: The limitations are provided at a separate appendix section.
Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]
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Justification: The assumptions and theorems are completely provided.

Guidelines:

The answer NA means that the paper does not include theoretical results.

All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

All assumptions should be clearly stated or referenced in the statement of any theorems.
The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: All the details are provided in the experiment section and the attached appendix.

Guidelines:

The answer NA means that the paper does not include experiments.
If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer: [Yes]
Justification: The code for data generation and training and testing are provided.
Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/public/
guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run
to reproduce the results. See the NeurIPS code and data submission guidelines (https:
/Mmips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: The training and test details are provided in the experiment section and the
appendix.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

 The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer:

Justification: This paper does not provide error bars, but we conduct extensive experiments
over many ablation settings.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).
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8.

10.

¢ It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

» For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: The compute resources and their training time are provided in the experiment
section.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justification: This paper is conducted under the guidance of Code Of Ethics.
Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).
Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [NA]
Justification: The societal impact of this paper is intractable.
Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.
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11.

12.

» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: This paper do not release data or models that pose such risks.
Guidelines:

» The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: This paper uses LVIS v1.0, Pascal VOC 2012, OpenlmagesV5 datasets, Stable
Diffusion 1.5 and 3 generation models, Detectron2 and X-paste code, and properly cite
them.

Guidelines:

* The answer NA means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

* If assets are released, the license, copyright information, and terms of use in the package
should be provided. For popular datasets, paperswithcode.com/datasets has curated

licenses for some datasets. Their licensing guide can help determine the license of a
dataset.
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14.

15.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

« If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justification: This paper do not introduce any new assets.
Guidelines:

* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: This paper does not involve crowdsourcing nor research with human subject.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]

Justification: This paper does not involve crowdsourcing nor research with human subject.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
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16. Declaration of LLLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]
Justification: This paper does not involve LLM as our core method development.
Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM) for what
should or should not be described.
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