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Figure 1. Overview of the proposed method. We adopt CutMix as the synthesis function S(-) and suppress input gradients using the
provenance mask M, which is automatically obtained during input data synthesis, for auxiliary supervision. See the main text for details.

Abstract

Learning methods using synthetic data have attracted at-
tention as an effective approach for increasing the diversity
of training data while reducing collection costs, thereby im-
proving the robustness of model discrimination. However,
many existing methods improve robustness only indirectly
through the diversification of training samples and do not
explicitly teach the model which regions in the input space
truly contribute to discrimination; consequently, the model
may learn spurious correlations caused by synthesis biases
and artifacts. Motivated by this limitation, this paper pro-
poses a learning framework that uses provenance informa-
tion obtained during the training data synthesis process, in-
dicating whether each region in the input space originates
from the target object, as an auxiliary supervisory signal to
promote the acquisition of representations focused on target
regions. Specifically, input gradients are decomposed based
on information about target and non-target regions during
synthesis, and input gradient guidance is introduced to sup-
press gradients over non-target regions. This suppresses
the model’s reliance on non-target regions and directly pro-
motes the learning of discriminative representations for tar-
get regions. Experiments demonstrate the effectiveness and
generality of the proposed method across multiple tasks and
modalities, including weakly supervised object localization,
spatio-temporal action localization, and image classifica-
tion.

t Corresponding author.

1. Introduction

Deep learning has become a key technology not only for
computer vision tasks such as image classification and ob-
ject detection [24, 25], but also across many other domains,
including natural language processing [5, 9] and speech
recognition [1, 3]. Beyond advances in deep neural net-
work (DNN) architectures, this progress has been driven
by improvements in computational environments for train-
ing, which have enabled pretraining on large-scale datasets.
Such large-scale training endows DNN models with a level
of generalization that was previously unattainable, making
it possible to acquire robust representations that are less de-
pendent on any specific dataset. In practice, however, con-
structing datasets that sufficiently cover the complex and
diverse conditions encountered in real-world applications
remains challenging owing to the human cost of data col-
lection and annotation and the financial cost of hardware
procurement. When training data diversity is limited, a gap
arises between the distribution of input data during training
and that encountered during deployment. This distribution
gap is caused, for example, by changes in background, illu-
mination, and viewpoint, as well as co-occurrence relation-
ships among objects, and it degrades the generalizability of
the representations learned by the model. This problem is
particularly serious in applications demanding high levels
of generalizability and robustness, such as robotics and au-
tonomous agents.
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1.1. Limitations of Prior Work

As one approach to this problem, learning methods that use
synthetic data' (hereafter referred to as synthetic learning
methods) have been actively studied. By using synthetic
data, it becomes possible not only to collect the data re-
quired to achieve the desired generalization at lower cost,
but also to learn from samples that are difficult to collect
in the real world, including variations in object categories,
appearance, and pose, as well as background and object
co-occurrence. One such line of work comprises synthetic
learning methods based on data mixing, such as mixup [46]
and CutMix [45]. These methods synthesize challenging
training samples to recognize by combining multiple im-
ages and encourage regularization through linear interpo-
lation of supervisory labels. Methods have also been pro-
posed to augment existing training samples using gener-
ative models such as generative adversarial networks and
diffusion models [10]. By varying the text used to condi-
tion generation, they can introduce objects and backgrounds
from classes absent in the collected training data, thereby
improving the classifier’s robustness.

Despite such progress, most conventional synthetic
learning methods improve model robustness only indi-
rectly by diversifying the distribution of training samples
in the input space, without explicitly instructing the model
which input regions truly contribute to classification [14].
Specifically, prior studies employ strategies such as mix-
ing images, perturbing textures, and changing backgrounds
or context, presenting misleading cues, such as out-of-
distribution backgrounds or object co-occurrence relations
that induce incorrect classification, through positive and
negative examples. Consequently, the robustness acquired
by the model remains a side effect of training sample aug-
mentation rather than the result of directly learning features
effective for recognizing the target object. In contrast, this
can cause the model to mistakenly learn synthetic biases
and artifacts, i.e., distributions introduced by augmentation
that differ from the real distribution, preventing model ac-
curacy from scaling with data volume. In other words, prior
work relies solely on supervisory labels: the model must
determine by itself, during training, which input regions are
specific to the target object, without receiving explicit in-
struction about the true target regions (e.g., pixel regions or
patches containing the target object), despite the fact that,
in principle, the synthetic process can identify provenance
information indicating which pixels originate from which
target object.

1.2. Overview and Contributions

Building on this observation, this paper tackles the problem
of guiding the model to directly learn discriminative repre-

'In this paper, we regard samples generated by software simulators,
data augmentation, or generative models as synthetic data.

sentations of regions corresponding to the target object in
the input space (hereafter referred to as target regions), by
treating provenance information obtained during the syn-
thetic process as an auxiliary supervisory signal. Specifi-
cally, we propose a new learning framework for synthetic
data that uses target region information from the synthetic
process to instruct the model which input regions should be
learned and which should be ignored. This instruction is
realized by input gradient guidance, which separates gra-
dients” in the input space between target and non-target
regions and optimizes a penalty term, called the “prove-
nance loss,” that suppresses gradients over non-target re-
gions. Compared with prior work, the proposed method has
two key properties through input gradient guidance: (1) it
suppresses the model output (e.g., logits) from being driven
by non-target regions, and (2) it directly acquires target-
focused representations rather than relying on indirect regu-
larization through training sample augmentation. Moreover,
the proposed method is modality-agnostic and independent
of any specific synthetic learning method. Provided that
the synthetic process can identify non-target regions in the
input space that cause spurious correlations, the proposed
method can be introduced without annotation cost to a wide
range of synthetic learning methods, from simple mixing
methods such as CutMix to methods based on image gener-
ation models. In experiments, the proposed method is com-
pared with recent state-of-the-art (S0TA) methods across
multiple tasks, including weakly supervised object localiza-
tion, weakly supervised spatio-temporal action localization,
and image classification, and its effectiveness is validated
through comprehensive ablation studies.

The contributions of this work are twofold: (1) we show
that input gradient guidance based on provenance informa-
tion from the synthetic process promotes the learning of tar-
get region-focused representations and suppresses spurious
correlations, and (2) we demonstrate that this finding gen-
eralizes across multiple tasks and modalities.

2. Related Work

2.1. Suppressing Spurious Correlations

Spurious correlations refer to cases where a model mistak-
enly learns apparent correlations or biases unrelated to the
target object, such as background or co-occurrence relation-
ships among objects, instead of learning the true character-
istics of the target object. For example, when a particular
background is frequently observed together with the target
object, the model may incorrectly associate the background
with target-object features [26]. Such degradation in recog-
nition robustness becomes particularly pronounced under

2Hereafter, for simplicity, we refer to the gradients obtained by differ-
entiating the model output or loss function with respect to elements in the
input space (e.g., pixel values) simply as input gradients.



domain shift [14]. It has also been noted that, in weakly su-
pervised learning for video recognition [34], learning tends
to rely on object parts or background rather than the target
action. Various methods have been proposed to suppress
this problem. These include approaches that adjust the final
layer to reduce the contribution of non-robust features [17],
methods that identify and remove features unrelated to the
target object [18], and attention-based learning [12] that
guides the model toward regions consistent with human-
interpretable visual evidence. However, these methods are
limited in applicability because they require manual anno-
tations, such as auxiliary labels related to attributes, capture
environments, and gaze regions, and impose architectural
constraints on DNNs.

Similar to the proposed method, prior work [29] operates
on input gradients, regularizing them to align with human
gaze regions. The proposed method nonetheless differs in
two key aspects: (1) it generalizes the provenance loss to the
multi-class setting, and (2) it proposes a learning framework
that introduces input gradient guidance into synthetic-data
learning.

2.2. Learning with Synthetic Data

Synthetic learning methods that suppress spurious correla-
tions through training data augmentation have been actively
studied in recent years. Prior work can be broadly catego-
rized into three approaches: using simulators, data augmen-
tation, and generative models, each of which is described
below.

2.2.1. Use of Simulators

Synthetic learning methods based on simulators have been
widely studied for constructing large-scale datasets under
a variety of software-controlled conditions. Representative
examples include studies that synthesized urban driving-
environment data using GTA-V [27] and studies that repro-
duced diverse human actions and poses [41]. While these
studies can automatically obtain detailed annotations, a key
challenge is the human cost of developing the simulator.
Furthermore, because synthetic data exhibit a domain gap
relative to natural images, domain adaptation is often re-
quired in practice [39].

2.2.2. Data Augmentation

To avoid both the simulator development cost and the do-
main gap problem, many studies have explored synthesiz-
ing unseen data from real images. In addition to classical
methods based on geometric and photometric transforma-
tions [16, 21], methods have been proposed that improve ro-
bustness by randomly masking divided image patches [36]
and by mixing multiple images and labels [45, 46]. A fun-
damental limitation of these approaches, however, is that
they cannot synthesize data with diversity beyond the dis-
tribution of the original training samples, such as variations

in capture environments or target-object appearance.

2.2.3. Use of Image Generation Models

Image generation models have greatly advanced synthetic
learning methods in recent years [10, 11, 32]. In particular,
diffusion models capable of generating high-fidelity images
can precisely control attributes such as the types and ap-
pearances of background and foreground objects and cam-
era position. For example, Stable Diffusion [28] can edit
specific regions in a real image via text prompts, enabling
parts of a real image to be transformed into photorealistic
elements that do not actually exist. Based on this capa-
bility, learning methods have been proposed that generate
task-relevant images with diverse appearances and incorpo-
rate them into training [10]. Compared with simulators or
data augmentation, these methods can express synthetic re-
gions more naturally, reproducing data distributions closer
to real environments and thereby improving model robust-
ness. However, because image generation models can still
produce synthetic artifacts, model accuracy does not neces-
sarily scale with data volume [10].

The prior work described above focuses on diversifying
training samples, and model recognition accuracy improves
only indirectly as a side effect of increased training data.
In contrast, the proposed method uses target region infor-
mation from the synthetic process as a supervisory signal
to directly suppress spurious correlations, including back-
grounds and object co-occurrences unrelated to the target
object in real images, as well as biases and artifacts intro-
duced during synthesis.

3. Proposed Method

3.1. Overview

As shown in Fig. 1, the proposed method is a learn-

ing framework composed of three elements: (1) synthe-

sis of training data, (2) learning for the downstream task,
and (3) regularization using provenance information. As
in prior work on synthetic learning methods, the synthe-
sized training samples and supervisory labels are used for
downstream-task learning. Regularization is additionally
introduced, using the provenance information obtained dur-
ing synthesis as an auxiliary supervisory signal, to suppress
the model from relying on input regions unrelated to the
target object.

The proposed method uses provenance information
through the following two processes.

* Provenance extraction: The synthesis function S(-) is ap-
plied to input data = (e.g., an image or a set of skeleton
points) to generate synthetic data , supervisory labels,
and provenance information I, which indicates the super-
visory label to which each element of = (e.g., a pixel or
skeleton point) belongs.



* Input gradient guidance: Spurious correlations are sup-
pressed by introducing the loss Lpg, which regularizes
the input gradients to be consistent with the provenance
information (referred to as the provenance loss).

The model is trained using both the downstream-task
loss L5 for the classification problem and the provenance
loss Lpg. Leis is computed as the cross-entropy between
the model output g for the synthetic data £ and the synthetic
label y. The total loss function during training is defined as
follows:

Liotal = Las + alpg, (D

where « is a coefficient controlling the strength of regular-
ization by input gradient guidance.

3.2. Provenance extraction

In this paper, we consider three types of synthesis methods
S(-) and describe how the synthetic data & and the prove-
nance information I are computed. The overall process of
data synthesis and provenance extraction is illustrated in
Fig. 2.

3.2.1. Image mixing

Synthetic learning methods that mix images [19, 23, 45]
create new synthetic data (Z, ) by combining two samples,
(za,ya) and (zp,yp). Specifically, a binary mask image
M € {0,1}7>W is first created, and for each location in
the synthetic image Z, it determines whether the value is
taken from zo (M (u,v) = 1) or zp (M (u,v) = 0). For
example, in CutMix [45], M contains a rectangular region.
Z is computed as follows:

T=Moza+(1—-M)O s, (2)

where © denotes the element-wise product. The supervi-
sory label is computed as a soft label § using the mixing
ratio A sampled from a uniform distribution over [0, 1] and
the supervisory label of each image y € {0, 1}V.

7=ya +(1—Nys. 3)

In this section, we directly use the mask M in Eq. (2) as
the provenance information. That is, the provenance infor-
mation corresponding to the supervisory labels y4 and yg is
defined as I = M and Iy = 1 — M, respectively. There-
fore, a pixel (u,v) in the synthetic image that contributes
to the prediction of ya is sampled from x and satisfies
IA(u,v) = 1. The same applies to yg. Through the above
process, exact provenance information is obtained for each
pixel in the synthetic image.

3.2.2. Mixing Skeleton Sequences

A synthetic learning method for mixing skeleton se-
quences [15] combines pairs of skeleton sequences and su-
pervisory labels, (za,ya) and (zg,yp), together with the

features X and Xp extracted from x and zp, respec-
tively, following the same procedure as in the previous sec-
tion. Here, let z € REXFXEXV denote a skeleton se-
quence, where P is the maximum number of skeletons de-
tected in each frame, F' is the number of frames, K is the
number of joints, and V is the input feature dimension for
each joint (e.g., the detected position in the image). These
inputs are transformed by a DNN into per-skeleton features
X € RPXFXE where F is the feature dimension. The fea-
tures are then masked using the element-wise product ® as
follows:

XA:MQXA, XB:(l—M)QXB; “4)
where M € {0, 1}7*F*F is a binary spatio-temporal mask
that replaces with 0 all elements in all frames for skeletons
indexed from 1 to P/N T with 0 (T is an integer, e.g., 2). The
synthesized feature X is computed as follows.

X = MaxPool(X 4; Xp). (5)

The supervisory label g is computed in the same manner as
in the previous section. Note that, in Eq. (4), an alternative
synthesized scene can be obtained by swapping M and 1 —
M.

As in the previous section, when the provenance infor-
mation corresponding to supervisory labels ya and yp is
defined as Iy = M and Iz = 1 — M, respectively, each
element indicates whether the corresponding feature origi-
nates from X or Xp. This provides exact provenance in-
formation in the spatio-temporal domain for each element
of the synthesized feature X.

3.2.3. Image Editing by Image Generation Models

In prior work using image generation models [10], an edited
image & = G(z,p) is generated using a pretrained image
generation model G(-), which takes an input image x and a
text prompt p as inputs. Here, p is designed to modify re-
gions of the image while excluding the target object. Next,
the transformed region is estimated by comparing the input
image x with the synthesized image z, and this informa-
tion is used to compute the provenance. A difference image
D € RHXW js computed, where the value at each pixel
(u,v) is defined as

C
1 -
D(u,v) = 6 E ‘xuvc - xuvc‘ 5 (6)
c=1

where C' is the number of channels. Next, a threshold 7
is obtained from D using Otsu binarization [22], and the
provenance information I is computed as

I(u,v) = M(u,v) = (7

0 if D(u,v) >,
1 otherwise.
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Figure 2. Examples of provenance information I obtained during synthesis. I corresponds to each supervisory label.

In this paper, we assume that regions with I (u,v) = 0 cor-
respond to regions edited by the image generation model
(e.g., background or co-occurring objects), whereas regions
with I(u,v) = 1 correspond to target regions that remain
similar to the original image. Therefore, I functions as a
mask that separates the target object from the background.

Based on the above, the proposed method can obtain
annotation-free provenance information for a wide range
of synthetic learning methods, including image/skeleton-
sequence mixing methods and methods based on image
generation models.

3.3. Input Gradient Guidance

The proposed method aims to encourage the model output
for the target object to be attributable to the corresponding
target regions in the input space. To this end, we regularize
the gradient of the model output f,(Z) (logit) for each class
y with respect to the input:

af,(z
Vafy(#) = =52 @) (8)
The loss function Lpg is formulated based on this gradi-
ent; however, as described below, its computation differs
depending on whether the supervisory label § of the syn-
thetic data is a soft label or a single hard label.

3.3.1. Input Gradient Guidance for Soft Labels

In image/skeleton-sequence mixing methods, (Z, §) is con-
structed from (za,ya) and (2p,ys), and the provenance
information I distinguishes elements originating from
xa (Ia(u,v) = 1) and elements originating from xp
(Ig(u,v) = 1). In this setting, it is desirable that the logit
for class ya, fa(-) depends only on the region from xx
(Ia(u,v) = M(u,v) = 1) and not on the region from zp
(i.e., where Ip(u,v) =1 — M(u,v) = 1). The same holds
for class yp.

To enforce this, we define the provenance loss, which
suppresses the occurrence of model input gradients for both
classes in mutually irrelevant regions, as follows:

Lpc = [|(1— M) © Vafa(@) + M © Vafs(@)]s. )

This loss suppresses both the case where the input gradi-
ents of fa appear in regions originating from xp and the
reverse case, while encouraging each class to make predic-
tions based only on the regions from which it originates.

3.3.2. Input Gradient Guidance for Hard Labels

In methods using image generation models, 2 is synthesized
but retains the original single hard label y. If I(u,v) =
0 denotes an edited region and I(u,v) = 1 denotes an
unedited target region, then ideally the logit for the super-
visory label y, fy(-), should depend only on the target re-
gion (I(u,v) = M(u,v) = 1). Therefore, we introduce
the following loss function to suppress the occurrence of
the model input gradients for f, in the edited region (1-
I(u,v) =1— M(u,v) =1):

Lpc = [|(1 = M) ® Vaf,(3)];. (10)

This loss encourages the model to compute the logit by re-
lying only on the target regions.

In both the soft-label and hard-label settings described
above, Lpg acts as a regularization term that constrains the
model input gradients based on the provenance information.

3.4. Training Procedure

At each training iteration, mixing methods for image [45]
and skeleton sequence [15] randomly select training sam-
ples and regions to be mixed, and construct (Z, ¢, I). For
methods using image generation models, (Z,I) are pre-
pared in advance as a synthetic dataset and used during
training. During model optimization, Lpg is computed
using the provenance information I according to Egs. (9)
and (10), and the model parameters are updated using the
gradient of Liotal.

4. Experiments
4.1. Datasets

The effectiveness of the proposed method is evaluated for
each synthetic learning method across multiple tasks. Fol-
lowing the experimental settings of prior work, image and
skeleton-sequence mixing methods are evaluated on weakly
supervised object localization and weakly supervised action
detection, respectively, and methods using image genera-
tion models are evaluated on image classification.

CUB CUB-200-2011 (CUB) [42] is a fine-grained image
classification dataset consisting of 200 bird classes, with
each image annotated with a bounding box (BBox) for the



target object and a class-level supervisory label. With rela-
tively few training samples per class, it was proposed as a
challenging dataset for image classification. In this study,
CUB is used to evaluate both weakly supervised object lo-
calization and image classification.

iWildCam iWildCam [20] is an image -classification
dataset composed of images of wild animals from around
the world, annotated with species labels. Because the cap-
ture environment, animal species, and imaging devices vary
substantially across images, there exists a significant do-
main shift between the training and evaluation subsets.

Waterbirds Waterbirds [31] is a two-class bird image
classification dataset consisting of landbirds and waterbirds,
in which the bird class and background environment are
constructed to be strongly correlated, making it easy for
models to make predictions based on the background rather
than the foreground. It is therefore widely used as a bench-
mark for evaluating model robustness to spurious correla-
tions.

UCF101-24 UCF101-24 is a subset of UCF101 [37] fo-
cusing on 24 action classes, with each video annotated with
both action labels and per-frame BBoxes for the target per-
son. Following prior work [15], this dataset is used to eval-
uate weakly supervised spatio-temporal action localization
with skeleton sequences as input.

4.2. Experimental Settings
4.2.1. Weakly Supervised Object Localization

This task trains the model using only per-image super-
visory labels, while at inference time predicting the ob-
ject’s BBox and class. Two models were evaluated on the
CUB dataset: VGG16 [35], pretrained on the ImageNet
dataset [30], and Spatial-Aware Token (SAT) [43], which
is a Transformer-based SoTA method. During training, data
augmentation was applied using synthetic learning meth-
ods, including CutMix, and the proposed loss function was
incorporated into each model. At inference time, BBoxes
were estimated based on class activation maps (CAM) [47]
and Attention [43] obtained from each model. Evaluation
used the implementation of Choe et al.> with MaxBox-
AccV2 [8] as the metric; following prior work, adopted
0 €40.3,0.5,0.7} as the IoU thresholds.

4.2.2. Weakly Supervised Spatio-Temporal Action Lo-
calization

This task trains the model using only video-level action
labels, while at inference time detecting each person and
predicting their actions frame by frame. The proposed

3https ://github.com/clovaai/wsolevaluation

Table 1. Comparison of weakly supervised object localization ac-
curacy between baseline methods and the proposed method on the
CUB dataset. Underlined values are reference values whose trends
are inconsistent across IoU thresholds.

MaxBoxAccV?2 (%)

Backbone Method 5203 05 07 Mean
CAM +CutMix [43] 9.1 673 o0 623

+Ours 968 74.6 23.1 65.1

CAM +ResizeMix [23] | 924 624 181 576

VGGI6 [35] +Ours 959 706 20.1 622
CAM +PuzzleMix [10] | 94.6 613 144 568

+Ours 952 648 14.6 582

TS-CAM[13] 989 877 4990 788

SCM [4] 99.6 966 717 893

. GTFormer [44] - 914 TIO -

DTS 1401 | g a7 143) 99.8 974 769 914
+CutMix [45] 998 972 774 915

+Ours 999 975 788 92.1

method was incorporated into Structured Keypoint Pooling
(SKP) [15], pretrained on Kinetics-400 [6], and evaluated
on UCF101-24. Following prior work [15], human skele-
tons were detected by HRNet [38], and the skeletons of the
top two persons with the highest joint detection scores in
each frame were used as input. Data augmentation was then
applied by mixing skeleton sequences across videos (here-
after referred to as BatchMix), and the proposed loss func-
tion was incorporated. Average Precision (AP) at an IoU
threshold of 0.5 was used as the evaluation metric.

4.2.3. Image Classification

CUB, iWildCam, and Waterbirds assess fine-grained clas-
sification accuracy, robustness to domain shift, and ro-
bustness to background spurious correlations, respectively,
and were used in this experiment to evaluate the proposed
method from different perspectives. Following the experi-
mental setting of prior work using image generation mod-
els [10], input images were edited with an image gener-
ation model before the proposed method was introduced.
ResNet-50 [16], pretrained on the ImageNet dataset, was
used as the model. Classification accuracy (Top-1) was used
as the evaluation metric.

All experiments were conducted on two NVIDIA GPUs
(Quadro GV100 and Quadro P6000).

4.3. Comparative Experiments Against Baseline
Methods

4.3.1. Weakly Supervised Object Localization

Tab. 1 shows the localization accuracy of baseline meth-
ods and the proposed method on the CUB dataset, where
the proposed method is introduced into synthetic learning
methods, including CutMix. Among VGG16-based meth-
ods, incorporating the proposed method into CAM achieves
the best mean accuracy of 65.1%. Even when the pro-
posed method is introduced into other synthetic learning
methods, namely ResizeMix [23] and PuzzleMix [19], ac-
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Table 2. Comparison of weakly supervised
spatio-temporal action localization accuracy
between baseline methods and the proposed
method on the UCF101-24 dataset.
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Figure 4. Visualization of ground-truth
BBoxes (red) and predictions of each
method (green) on the CUB dataset.

Table 3. Comparison of image classification
accuracy between baseline methods and the
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Figure 5. Weakly supervised object localization
accuracy as the coefficient « of the provenance
loss in the total loss is varied on the CUB dataset.

Table 4. Comparison of hyperparame-
ter tuning efficiency for each method in
weakly supervised object localization on
the CUB dataset. VGG16 is used as the

Method CUB iWildCam | Waterbirds base model
Method Taput AP Baseline 70.8 75.0 62.2
Chéron o7 al. [7] 77 Random Augment 67.8 71.3 64.0
Anura e[a]‘ 0] RGB 35'0 CutMix [45] 68.0 772 63.4 Method | #Runs (search space) | Acc. (%) | Total (h)
g el al. : 14 CutMix 16 (Ir, wd) 623 31
SKP15] 374 ALIA [10] 717 835 71
g } +Ours (Mean) 72.040.1 844407 80. 7116 +0 18 (Ir, wd, @) 64.7 11
+BatchMix | Skeleton | 38.0 +Ours (Max) 72.1 85.1 82.3 "t 48 wda) 65.1 30
+Ours 39.7
curacy improves by 5.1 pp and 1.3 pp, respectively. With method further improves AP by 1.7 pp (39.7%). These

DeiT-S as the base model, the SoTA method SAT achieves
amean accuracy of 91.4%; fine-tuning with CutMix slightly
improves this to 91.5%, and incorporating the proposed
method further improves it to 92.1%. These results confirm
that provenance-information-based input gradient guidance
is broadly effective for image-mixing synthetic learning
methods.

Fig. 3 shows Guided Grad-CAM [33] visualization re-
sults for the target object (Sparrow) on CutMix-synthesized
images. Without the proposed method, gradients appear in
regions unrelated to the target object, indicating that model
predictions depend on synthesized regions; with input gra-
dient guidance, gradients are suppressed over synthesized
regions and concentrated on the true target-object regions.
Fig. 4 shows the attention heatmap visualization results for
evaluation samples using SAT as the base model. The at-
tention distributions more closely match the bird silhouette,
indicating that input gradient guidance prevents SAT from
attending to background regions and suppresses spurious
correlations. Furthermore, the proposed method not only
reduces spurious correlations but also enables more accu-
rate segmentation of the target object.

4.3.2. Weakly Supervised Spatio-Temporal Action Lo-
calization

Tab. 2 shows the localization accuracy of baseline methods
and the proposed method on the UCF101-24 dataset. Intro-
ducing BatchMix into SKP [15] (baseline: 37.4%) demon-
strates the effect of skeleton-sequence mixing augmenta-
tion, improving AP to 38.0%. Incorporating the proposed

gains demonstrate that leveraging provenance information
from skeleton-sequence mixing to perform input gradient
guidance encourages the model to attend to action-relevant
skeletons in the spatio-temporal domain, thereby improving
localization accuracy.

4.3.3. Image Classification

Tab. 3 shows image classification accuracy on CUB, iWild-
Cam, and Waterbirds, where the proposed method is intro-
duced into ALIA [10], which edits training samples using
an image generation model.

On CUB, the baseline accuracy without ALIA is 70.8%;
introducing ALIA improves it to 71.7%, and further incor-
porating the proposed method consistently improves it to
72.0%. On Waterbirds, where robustness to spurious corre-
lations is required, the substantial gain brought by introduc-
ing the proposed method to ALIA (9.6 pp) directly supports
the effectiveness of input gradient guidance for suppressing
spurious correlations.

Taken together, these results confirm that the proposed
method’s provenance-guided input gradient regularization
works as intended across multiple tasks and modalities.

4.4. Ablation Study

4.4.1. Effect of Introducing the Provenance Loss

Fig. 5 shows the results obtained by varying the contribu-
tion of the provenance loss Lpg in the total loss using the
coefficient v in Eq. (1). When «v is varied during training for
weakly supervised object localization on the CUB dataset,
the localization accuracy changes smoothly, indicating that



Table 5. Comparison of training efficiency for each
method in weakly supervised object localization on
the CUB dataset. VGG16 is used as the base model.

Table 6. Comparison of the
proposed method across
mask-image

Table 7. Comparison of the proposed method with
respect to the quality of the difference-mask im-

patterns of  age before and after image editing used as prove-

provenance  information. nance information. See Sec. 4.4.4 for details.
Meth(?d BS | Acc. (%) | Epochs | Sec/Epoch | Total (h) | Mem. See Sec. 4.4.4 for details.
CutMix 2; gi? ?(5) :ig (])?) :ggg Mask AFG area | CUB | Waterbirds
b - : : - — Ours 0 72.1 818
Hours |6 | e 15 180 08 | 7GB Acc. s o0 i
Random | 60.5 +Dilation ; : :
Unmasked | 61.1 +30% | 718 81.2
) 10% 719 817
65.1
+Erosion | 300, | 715 81.4

the learning process does not strongly depend on a specific
value of o.. Furthermore, the accuracy achieved with the in-
troduction of the provenance loss consistently exceeds that
of CutMix, demonstrating that stable performance can be
obtained over the range @ € [0.01,0.09].

4.4.2. Evaluation of Training Efficiency

Tab. 5 compares training efficiency before and after intro-
ducing the proposed method into the baseline CutMix for
weakly supervised object localization on the CUB dataset.
When the batch size is fixed at 32, the proposed method re-
quires higher memory usage and longer training time per
epoch owing to the second-order loss differentiation in-
volved in gradient guidance. However, this overhead can
be mitigated by reducing the batch size (e.g., from 32 to
16), with no resulting barrier in terms of localization ac-
curacy, convergence time, or memory usage. In addition,
second-order differentiation of the loss was computed us-
ing PyTorch autograd* and AMP?, while the loss function
was computed in FP32 to avoid numerical instability during
training, thereby preventing NaN/Inf losses.

4.4.3. Evaluation of Hyperparameter Tuning Efficiency

Tab. 4 shows hyperparameter tuning results before and af-
ter introducing the proposed method into the baseline Cut-
Mix for weakly supervised object localization on the CUB
dataset. The hyperparameters requiring tuning for CutMix
are the learning rate (Ir) and weight decay (wd); introducing
the proposed method additionally requires tuning the coeffi-
cient v described in Sec. 4.4.1. When the number of tuning
trials (#Runs) is comparable before and after introducing
the proposed method (16 vs. 18) and when comparable tun-
ing time is spent (31 vs. 30), the proposed method improves
accuracy over CutMix in both cases, confirming that intro-
ducing the proposed method does not degrade hyperparam-
eter tuning efficiency.

4.4.4. Evaluating the Effectiveness of Input Gradient
Guidance Using Provenance Information

To verify the effectiveness of provenance-information-
based input gradient guidance, the provenance mask is re-

4htt ps://pytorch.org/docs/stable/autograd.html
5 An abbreviation for PyTorch’s Automatic Mixed Precision technique
for efficient execution of DNN models.

placed with alternative patterns and the resulting accuracy is
compared. Tab. 6 shows object localization accuracy on the
CUB dataset under two settings: (1) random binary values
assigned per pixel (Random), and (2) gradient regulariza-
tion applied over the entire input image without a mask (Un-
masked). Both settings perform worse than the proposed
method, confirming that the accuracy improvement is at-
tributable specifically to the use of provenance information,
not to gradient regularization alone.

In addition, in the evaluation of image classification for
image editing methods, Tab. 7 compares classification ac-
curacy after applying dilation and erosion to the target re-
gions (I(u,v) = 1 regions) in the difference-mask image
before and after image editing described in Sec. 3.2.3. Di-
lation and erosion of the target regions correspond to mis-
takenly including background or foreground pixels, respec-
tively, in the target-object region. Provided that the ratio
of the changed target region area (i.e., pixels mistakenly
guided by input gradient guidance) remains within 30%,
the performance drop stays below 1%, confirming that input
gradient guidance is robust to moderate imprecision in the
provenance mask.

5. Conclusion

This paper proposed a learning framework for synthetic data
that uses provenance information in the input space ob-
tained during the synthetic process as an auxiliary super-
visory signal to promote the acquisition of representations
focused on target regions. By introducing input gradient
guidance that separates input gradients based on target and
non-target regions and suppresses gradients over non-target
regions, the model output is prevented from depending on
non-target regions, such as background and synthetic arti-
facts, enabling the model to directly learn discriminative
representations of target regions. Evaluations across mul-
tiple tasks and modalities, including weakly supervised ob-
ject localization, weakly supervised spatio-temporal action
localization, and image classification, confirmed the effec-
tiveness and generality of the proposed method.


https://pytorch.org/docs/stable/autograd.html
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Table 8. Hyperparameters of each dataset during training.

Training dataset UCF101-24 [37] CUB [42] iWildCam [20] Waterbirds [31]
Backbone HRNet VGG16 DeiT-S ResNet-50 ResNet-50 ResNet-50
Mixing probability 1.0 1.0 0.79 - - -
Amount of
Augmented Data Added. i i ) 1000 2224 839
Loss weight a in Eq. (1) 0.01 0.05 0.01 0.1 0.1 0.1
Optimizer SGD SGD AdamW SGD SGD SGD
Number of epochs 40 15 10 20 10 20
Batch size 30 32 32 128 128 128
Learning rate 7.5e-3 le-2 le-5 le-3 le-3 le-3
LR scheduler linear linear linear cosine cosine cosine
Weight decay 2.5e-5 Se-4 5e-3 le-5 le-4 le-4
Momentum 0.9

6. Implementation Details

In this section, we provide details on data augmentation and
training hyperparameters.

As described in Sec. 3.2.3, provenance information is de-
rived by computing a difference image between the gener-
ated and source images, followed by Otsu binarization [22],
to produce a binary mask distinguishing target regions from
non-target regions.

As illustrated in Fig. 6, paired examples of synthetic-data
samples alongside their corresponding provenance masks
are visualized. Only a subset of these difference-based
masks accurately captures the true target regions; many in-
clude residual background or synthetic artifacts. Improving
provenance information quality, for example by leveraging
cross-attention signals from the image generation model in-
stead of relying solely on difference images, is an important
direction for future work.

6.1. Hyperparameters

The hyperparameters for each dataset and synthesis setting
are summarized in Tab. 8. Two types of synthesis are con-
sidered: mixing-based synthetic learning methods for local-
ization and image editing methods for classification.

For the mixing-based synthetic learning methods (Batch-
Mix and CutMix in Secs. 4.3.1 and 4.3.2), skeleton inputs
with an HRNet backbone are used for weakly supervised
spatio-temporal action localization on UCF101-24, and im-
age inputs with VGG16 and DeiT-S backbones are used for
weakly supervised object localization on CUB. The mixing
probability (second row of Tab. 8) is set to 1.0 for UCF101-
24, and to 1.0 and 0.79 for CUB with VGG16 and DeiT-S

backbones, respectively.

For image editing methods (ALIA in Sec. 4.3.3) on
CUB, iWildCam, and Waterbirds, we use ResNet-50 as the
backbone for image classification. Instead of using a mix-
ing probability, we control the number of generated images
added to each training set (“Amount of Augmented Data
Added” in Tab. 8). Following ALIA [10], we generate 1000
additional images for CUB, 2224 for iWildCam, and 839
for Waterbirds.

The loss balancing weight « in Eq. (1) is selected for
each dataset and task (see Tab. 8) and kept fixed during
training. For skeleton-based localization on UCF101-24,
we train HRNet with SGD for 40 epochs using a linear
schedule. For weakly supervised object localization on
CUB, we train VGG16 for 15 epochs with SGD and DeiT-
S for 10 epochs with AdamW, both using a linear sched-
ule. For experiments with the image editing method on
CUB, iWildCam, and Waterbirds, we train ResNet-50 with
SGD for 20, 10, and 20 epochs, respectively, using a cosine
schedule. The batch size, learning rate, weight decay, and
optimizer are provided in Tab. 8.

Across all settings, we use a momentum of 0.9. The
learning rate, weight decay, and « are tuned via coarse-to-
fine grid search, while other hyperparameters follow stan-
dard practice for each backbone and dataset.

7. Ablation Study
7.1. Training Efficiency

As accuracy results are presented in Secs. 4.3.1 and 4.3.3,
this section focuses on training efficiency. We measure effi-
ciency by the number of epochs required to reach peak val-



idation performance (“Best epoch”) under identical setups
in Sec. 4.2, as summarized in Tabs. 9 and 10.

7.1.1. Image mixing

Compared with CutMix, our method reduces the Best epoch
from 50 — 15 on VGG16 (=~ 3.3x fewer epochs) and from
30 — 10 on DeiT-S (3x fewer). This consistent reduction
indicates faster and more stable optimization across both
CNN and transformer backbones.

7.1.2. Image Editing by Image Generation Models

On CUB, our method reaches peak performance in 10
epochs, compared with 15 for ALIA (1.5x faster). On
iWildCam, it converges in 5 epochs, compared with 10 for
ALIA (2x faster). On Waterbirds, it reaches peak perfor-
mance in 10 epochs, compared with 15 for ALIA (1.5x
faster). These consistent trends across datasets with differ-
ent distribution shifts suggest that provenance-guided regu-
larization improves sample efficiency.



Table 9. Accuracy and training efficiency compari- Table 10. Accuracy and training efficiency comparison on CUB, iWildCam, and
son of mix-based image synthesis (WSOL on CUB). Waterbirds for the image editing method.

Best CUB iWildCam Waterbirds
Method Backbone Acc. (%) T epoch | Method Acc. (%)1T Bestepoch| | Acc.(%)T Bestepoch] | Acc.(%)1 Bestepoch ]
CutMix 62.3 50 ALIA 71.7 15 83.5 10 714 15
+ours | YOGI6[35] 65 1 15 +Ours 72.0 10 84.4 5 80.7 10
CutMix . ) 91.5 30
+Ours | DTS [40] 92.0 10

(a) Generated images from image editing synthesis.

Figure 6. Visualization of image editing synthesis and the corresponding provenance masks.

(b) Provenance masks derived from difference images.
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