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1. Current Status of Manipulation Datasets
Most existing IML benchmarks are annotated in a one-
shot manner, providing only the final binary manipulation
mask. However, the underlying manipulation workflows
that give rise to these datasets are far from single-step. Early
benchmarks such as Columbia (2006) [7] and CASIA v1.0
(2013) [3] largely consist of pure copy–paste operations.
CASIA v2.0 (2013) [3] already introduced additional post-
processing steps such as geometric transforms and bound-
ary smoothing.

Subsequent datasets demonstrate increasingly multi-
stage editing procedures. NIST16 (2019) [5] and IMD20
(2020) [13] were constructed through professional forensic
pipelines that involve object removal, inpainting, color ad-
justment, and blending — inherently multi-step sequences.
The most recent datasets, including COCO-GLID [6]and
AutoSplice (2023) [8], are based on diffusion models whose
generative dynamics are iterative by design, making their
manipulation process intrinsically multi-step.

Thus, although these datasets appear as one-shot bench-
marks in their released annotations, the manipulations
they contain are products of multi-stage generation pro-
cesses. This structural inconsistency further motivates our
sequence-prediction perspective, which aligns directly with
the progressive nature of real-world manipulations.

2. Data Distribution
2.1. Traditional IML Training Protocols
Following the standard settings in IMDL-BenCo [12],
our experiments in the Traditional one-shot IML sce-
nario adopt both the MVSS and CAT protocols, consis-
tent with Section 4.3 of the main paper. The MVSS pro-
tocol uses CASIA v2.0 [3] as the sole training set and
evaluates on CASIA v1.0 [3], Columbia [7], NIST16 [5],
IMD20 [13], COCO-GLID [6], and AutoSplice [8], provid-
ing a benchmark for cross-source and cross-manipulation
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Figure 1. Distribution of manipulation step counts in the synthetic
multi-step dataset.

generalization. The CAT protocol constructs a balanced
multi-source training set from CASIA v2.0, FantasticReal-
ity v1 [9], IMD20, and the four tampCOCO [10] subsets
(sp/cm/bcm/bcmc), sampling 1840 images from each train-
ing subset per epoch [12] to ensure distributional consis-
tency. Its evaluation set matches the MVSS protocol but ex-
cludes IMD20, enabling a fair assessment of unified learn-
ing under heterogeneous training distributions.

2.2. Synthetic Multi-Step Dataset
To support the proposed sequence prediction paradigm
(Section 3.1.1 of the main paper), we construct a synthetic
multi-step dataset based on the manipulated images of CA-
SIA v2.0 using our tree-structured reverse sampling algo-
rithm. The resulting dataset contains 3680 samples, each
exhibiting a multi-step editing trajectory with highly non-
uniform step counts. The statistical distribution, visualized
in Figure 1, reveals a long-tailed structure that closely re-
flects realistic manipulation processes. This dataset com-
pensates for the limitations of existing IML benchmarks,
which provide only the final manipulation mask and lack su-
pervision over intermediate editing stages, thereby mitigat-
ing the dimensional collapse phenomenon associated with
one-shot learning.
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2.3. Hierarchical Sequence Structure of the Test Set
The HSIM dataset serves as the test set in our sequence pre-
diction experiments. Each image is constructed through a
hierarchical and stepwise editing workflow: manipulation
paths are first designed using GPT-4o and then realized via a
progressive pixel-level refinement process assisted by GPT-
Image-1. This results in multi-path samples with explicit
temporal ordering and hierarchical dependency structures,
fully aligned with the sequence prediction formulation in
Section 4.4 of the main paper.

Two distributional properties of HSIM are particularly
relevant to evaluating sequence-level generalization. First,
the number of complete manipulation paths per image ex-
hibits a clear long-tailed structure: 79% of the images con-
tain 1–10 valid paths, 19% contain 10–20 paths, and only
2% exceed 20 paths. This reflects realistic variability in
manipulation-path complexity. Second, despite this hetero-
geneity in path counts, the editing depth within each path
is highly consistent: every valid path in HSIM contains ex-
actly 4–5 manipulation steps. This combination of “diverse
path counts but compact step depth” makes HSIM a con-
trolled yet representative test environment, enabling a pre-
cise assessment of the model’s cross-depth and cross-path
generalization capabilities and its ability to capture the un-
derlying temporal dependencies of manipulation sequences.

3. Evaluation on the Synthetic Multi-Step
Dataset

3.1. Quantitative Experiments
This experiment aims to verify whether RITA can still main-
tain leading performance when trained on the Synthetic
Multi-Step Dataset, a dataset that contains multi-step ma-
nipulation trajectories. To ensure a fair comparison, all
models are trained and evaluated under identical data set-
tings, with the only difference lying in the form of supervi-
sion they receive.

RITA is trained with full multi-step supervision: the
model learns to predict each intermediate manipulation
mask in sequence and performs multi-step rollout during
inference. The final-step prediction is treated as the final
detection result, while any pixel predicted as manipulated
at any intermediate step is unified as 1 to match the binary
evaluation format used by baseline models.

Baseline models (MVSS [1], CAT-Net [10], PSCC [11],
TruFor [6], Mesorch [20], etc.) are trained on the same
images but can only access the final binary mask (single-
step final mask) and do not observe any intermediate editing
states. As shown in Table 1, RITA consistently outperforms
all single-step models across all six cross-source datasets in
the MVSS protocol, achieving the highest overall and cross-
source averages. Moreover, when we remove multi-step su-
pervision and constrain RITA to single-step prediction (w/o

Algorithm 1: MonotonicF1Match(P,M)

Input: Predicted sequence P = {P1, . . . , PTp
}

Ground-truth sequence M = {M1, . . . ,MTg
}

Output: Average F1 score of the optimal
monotonic alignment

// 1. Compute pairwise similarity
matrix

Initialize matrix F ∈ RTp×Tg ;
for i = 1, . . . , Tp do

for j = 1, . . . , Tg do
F [i, j]← F1 score(Pi,Mj);

// 2. Find the optimal cumulative
score via Dynamic Programming

Initialize DP table D ∈ RTp×Tg to store maximum
cumulative scores;

for i = 1, . . . , Tp do
for j = 1, . . . , Tg do

if i = 1 then
D[i, j]← F [i, j] ; // Base case:
first predicted step

else
// Find max score from any

valid previous alignment
max prev score←
max1≤k≤j D[i− 1, k];
D[i, j]← F [i, j] +max prev score;

// 3. Extract and normalize the
final score

max cumulative score← max1≤j≤Tg
D[Tp, j] ;

// Find the best path’s total
score

if Tp > 0 then
F1match ← max cumulative score/Tp;

else
F1match ← 0;

return F1match;

multi-step), its Overall Avg drops from 0.486 to approx-
imately 0.298, a decrease of nearly 20 percentage points.
This further highlights the importance of maintaining the
full sequence prediction framework in RITA.

3.2. Qualitative Experiments
We further conduct a qualitative analysis to examine how
RITA behaves when trained on multi-step synthetic data but
evaluated on a standard one-step test set. As shown in Fig-
ure 2, the model does not collapse into a single-shot pre-
dictor; instead, it retains a clear internal multi-stage reason-
ing process throughout inference. We consistently observe



Table 1. Fair comparison between multi-step and single-step training methods. All models use the same Synthetic Multi-Step Dataset;
RITA is trained on intermediate masks, while baselines are trained only on the final mask. Results are evaluated under the MVSS protocol.
Column-wise best scores are in red, second-best results are underlined.

Model Source-Aligned Cross-Source Overall Avg
CASIAv1 Coverage Columbia NIST16 IMD2020 CocoGlide Autosplice Cross-Source Avg

MVSS 0.534 0.259 0.386 0.246 0.279 0.291 0.294 0.292 0.327
CAT-Net 0.581 0.296 0.584 0.269 0.273 0.290 0.354 0.344 0.378
PSCC 0.381 0.286 0.573 0.185 0.251 0.399 0.487 0.363 0.366
Trufor 0.434 0.331 0.689 0.257 0.258 0.399 0.439 0.395 0.401
Mesorch 0.639 0.319 0.744 0.321 0.350 0.317 0.356 0.401 0.435
Ours 0.422 0.357 0.793 0.306 0.360 0.503 0.661 0.497 0.486

Figure 2. Qualitative results of RITA on a one-shot test dataset.
Although trained on a multi-step dataset, the model still exhibits a
multi-stage refinement process: early steps emphasize salient ma-
nipulation cues, while later steps progressively correct errors and
consolidate true manipulated regions, resulting in clean and coher-
ent final masks.

two characteristic behaviors: (1) Salient-Cue First Acti-
vation: in the first step, the model preferentially highlights
the most prominent manipulation cues—such as boundary
inconsistencies, structural discontinuities, or conspicuous
texture anomalies—thus providing a coarse but meaning-
ful initialization of manipulated regions; (2) Progressive
Error-Correction Refinement: in the following steps, the
model iteratively expands, suppresses, or reshapes these ini-
tial activations, correcting false positives and consolidating
fragmented predictions into coherent manipulated regions.

Across the entire test dataset, RITA follows a stable
three-step prediction schedule, and this autoregressive pat-
tern is consistently observed: the first step identifies salient

manipulation traces, the second step further discovers ad-
ditional related regions by conditioning on earlier predic-
tions, and the third step revises and corrects errors intro-
duced in previous steps to produce a clean and coherent fi-
nal mask. These observations demonstrate that even in a
one-step evaluation dataset

4. Structure Matching with Dynamic Pro-
gramming

This section provides the full algorithmic details of Mono-
tonicMatch(Algorithm 1), which is referenced in the main
paper (Sec. 3.1.3, Hierarchical Sequential Score) and de-
ferred to the Supplementary Material.

A core challenge in evaluating the predicted path is
that its length (Tp) may differ from the ground-truth path’s
length (Tg). A simple frame-by-frame comparison is there-
fore inadequate. To address this, we introduce Monotonic-
Match, a dynamic programming algorithm designed to find
the optimal alignment between the two sequences.

The goal of MonotonicMatch is to identify a monotonic,
non-decreasing mapping between the steps of the predicted
sequence and the ground-truth sequence. This mapping is
“optimal” in that it maximizes the cumulative stepwise F1
score along the alignment path. First, we compute a pair-
wise F1 score matrix F ∈ RTp×Tg , where each element
F [i, j] represents the F1 score between the i-th predicted
mask and the j-th ground-truth mask. Then, a dynamic
programming table is populated to find the path that yields
the highest average F1 score, enforcing the monotonic con-
straint. The detailed procedure is outlined in Algorithm 1.

5. Robustness
This robustness analysis belongs to the main paper, Sec-
tion 4.3.1 (Performance Comparison), and complements the
quantitative comparison by evaluating model stability under
realistic perturbations.

To comprehensively assess the stability of different mod-
els under realistic conditions, we consider three represen-
tative perturbation families that widely occur in practical



Table 2. Robustness under common image perturbations. Entries are mean Binary F1 on the test set computed under the CAT-
Net evaluation protocol. Perturbations include Gaussian noise (standard deviation), Gaussian blur (kernel size), and JPEG compression
(quality factor). The rightmost Average is the arithmetic mean of the per–condition means within each block (including “None”).

Pertubation Model Sandard Deviations Average
None 3 7 11 15 19 23

GaussNoise

MVSS 0.495 0.502 0.500 0.492 0.493 0.489 0.489 0.494
CAT-Net 0.533 0.512 0.500 0.484 0.473 0.462 0.454 0.488
PSCC 0.555 0.539 0.531 0.522 0.521 0.518 0.512 0.528
Trufor 0.531 0.450 0.418 0.398 0.381 0.366 0.372 0.417
Mesorch 0.593 0.563 0.543 0.529 0.521 0.517 0.507 0.539
Ours 0.643 0.622 0.609 0.602 0.598 0.592 0.590 0.608

Kernel Size Average
None 3 7 11 15 19 23

GaussBlur

MVSS 0.495 0.422 0.349 0.310 0.273 0.244 0.225 0.331
CAT-Net 0.533 0.487 0.458 0.429 0.417 0.402 0.392 0.445
PSCC 0.555 0.509 0.454 0.414 0.377 0.343 0.310 0.423
Trufor 0.531 0.422 0.367 0.317 0.254 0.191 0.147 0.318
Mesorch 0.593 0.526 0.471 0.430 0.387 0.340 0.292 0.434
Ours 0.643 0.577 0.523 0.505 0.485 0.467 0.456 0.522

Quality Factors Average
None 100 90 80 70 60 50

JpegCompression

MVSS 0.495 0.493 0.462 0.434 0.408 0.392 0.369 0.436
CAT-Net 0.533 0.547 0.522 0.495 0.484 0.480 0.474 0.505
PSCC 0.555 0.534 0.478 0.449 0.435 0.423 0.392 0.467
Trufor 0.531 0.481 0.437 0.408 0.387 0.366 0.318 0.418
Mesorch 0.593 0.577 0.527 0.508 0.506 0.495 0.465 0.524
Ours 0.643 0.639 0.604 0.586 0.575 0.565 0.539 0.593

imaging scenarios: (i) Gaussian noise, which emulates
sensor-level corruption and thermal noise during acquisi-
tion; (ii) Gaussian blur, which mimics defocus and motion
blur frequently introduced by imperfect optics or camera
shake; and (iii) JPEG compression, which reflects storage
and transmission artifacts due to lossy coding. For each per-
turbation family, we progressively increase the perturbation
intensity, thereby creating a spectrum of degradation levels
that range from mild to severe.

Following the CAT-Net evaluation protocol, we compute
the mean Binary F1 score for every condition, and sum-
marize the overall performance with a block-wise Average,
defined as the arithmetic mean of the per–condition means
(including the “None” case). This evaluation protocol en-
sures fairness across methods and allows us to capture the
sensitivity of each model to different perturbation strengths.

Results are reported in Table 2. Across all perturba-
tion families, our method consistently achieves the high-
est averages, obtaining 0.608 under Gaussian noise, 0.522
under Gaussian blur, and 0.593 under JPEG compres-

sion. These results represent substantial margins over
the strongest baselines (e.g., Mesorch: 0.539/0.434/0.524;
CAT-Net: 0.488/0.445/0.505), highlighting the robustness
of our approach. More importantly, we observe that prior
methods degrade significantly when perturbation severity
increases—for example, Trufor exhibits rapid performance
drops under blur and noise, and PSCC becomes unstable
under low-quality JPEG factors. By contrast, our method
maintains comparatively stable scores even at the most ex-
treme settings, such as large noise standard deviations, large
blur kernels, and very low JPEG quality.

Taken together, these experiments demonstrate that our
model generalizes robustly to realistic degradations and is
thus more reliable for deployment in unconstrained envi-
ronments.



6. Quantitative Experiment

6.1. Results on Traditional Datasets

This qualitative analysis corresponds to the main paper,
Section 4.3 (Existing Manipulation Scenarios), and comple-
ments the quantitative comparisons with visual evidence.

In addition to quantitative benchmarks, we further pro-
vide qualitative comparisons in Figure 3. We randomly se-
lected two non-semantically manipulated images and five
semantically manipulated images according to their pro-
portions in the dataset, covering diverse object categories,
background contexts, and manipulation types. This setup
ensures a representative evaluation across both manipula-
tions with clear semantic meaning (e.g., replacing or al-
tering salient objects) and manipulations that operate at a
lower, often background or texture level without explicit se-
mantic cues.

Compared with state-of-the-art baselines, our method
produces more precise and coherent masks. Specifically, the
predicted regions not only align with the manipulated ob-
ject layout but also preserve fine-grained boundaries, even
in challenging cases involving subtle splicing, occlusion,
or background-level editing. For semantically manipulated
examples, our model accurately captures the global struc-
ture of manipulated objects while suppressing false posi-
tives in unaltered areas, which is crucial for practical scenar-
ios where semantic consistency is essential. In contrast, ex-
isting baselines often either over-segment (producing large
false-positive regions) or under-segment (missing critical
manipulated parts), leading to incomplete or noisy masks.

For non-semantically manipulated cases, where manipu-
lations are less visually salient and often manifest as tex-
ture inconsistencies or geometric misalignments, our au-
toregressive paradigm demonstrates robustness by sequen-
tially refining predictions and yielding compact, accurate
masks that isolate the true tampered regions. Unlike Tradi-
tional feed-forward architectures that may overlook weak or
ambiguous traces, the autoregressive design enables itera-
tive reasoning across spatial contexts, progressively consol-
idating local evidence into globally consistent predictions.
Such a mechanism is particularly important in real-world
images, where manipulations may be subtle and interwoven
with natural variations.

Overall, these qualitative results confirm that our design
generalizes well across manipulation types, successfully
handling both semantically meaningful and background-
level manipulations. They further illustrate that the autore-
gressive paradigm provides a principled way to enhance
manipulation localization, leading to high-fidelity results
and making our method better suited for deployment in di-
verse and unconstrained environments compared with prior
approaches.

Figure 3. Qualitative analysis of SOTA models on Traditional
datasets. We randomly selected and compared two semantically
manipulated images and five non-semantically manipulated im-
ages according to their proportions in the dataset. The first two
rows show non-semantically manipulated examples, while the last
four rows correspond to semantically manipulated cases. The
rightmost column presents our two-step reasoning results: the or-
ange region indicates Step 1, and the green region Step 2. The
second-to-rightmost column shows the corresponding 0/1 mask
outputs.

Figure 4. Qualitative results on the proposed HSIM dataset. Each
row corresponds to one sample, where columns show sequential
tampering steps (Step 0–Step 3). GT denotes the ground-truth
mask at each stage, while Pred indicates our predictions. Our
method successfully tracks manipulation evolution across steps,
aligning predictions with the progressive nature of multi-step ed-
its.

6.2. Results on Sequence Manipulation

This qualitative analysis is part of the main paper, Section
4.4 (Sequence Manipulation Scenario), and provides visual



illustrations of multi-step localization behavior.
To further evaluate the capability of our autoregressive

framework, we conduct qualitative analysis on the proposed
multi-step manipulation dataset, as shown in Figure 4. Un-
like Traditional benchmarks where manipulations are ap-
plied once, these cases involve sequential tampering oper-
ations, progressively altering different regions or objects in
the same image. Such a setup better reflects real-world sce-
narios, where images may undergo multiple edits over time.

As illustrated in Figure 4, our method is able to trace ma-
nipulation evolution across steps, from the initial local in-
sertion (Step 0) to cumulative object-level alterations (Step
3). The predicted masks closely align with ground-truth an-
notations at each stage, successfully distinguishing newly
introduced manipulations from previously existing edits.
This progressive localization ability highlights the effective-
ness of our autoregressive paradigm: rather than collapsing
all manipulations into a single mask, it incrementally builds
up tampering evidence in a temporally consistent manner.

For example, in Sample 1, the small inserted pattern
(Step 0) is correctly identified, followed by precise delin-
eation of the lemon slice (Step 1) and cup boundary (Step
2). In Sample 2, where both object-level (ball) and small
patch manipulations are present, our model captures the
structural evolution while avoiding confusion between new
and old tampering. Finally, in Sample 3, the method ro-
bustly localizes subtle manipulations across different se-
mantic categories (e.g., structural edits on poles and bicy-
cles), demonstrating generalization across diverse manipu-
lation styles.

These results suggest that our framework is inherently
well-suited for multi-step tampering detection, offering in-
terpretability by revealing how manipulations accumulate
and evolve, which is not possible with Traditional one-shot
segmentation baselines.

7. RITA as a Process-Guided Data Synthesis
Instructor

This section provides the detailed content of the case study
introduced in Section 4.5 of the main paper, illustrating how
RITA guides the forgery synthesis pipeline to produce more
precise and process-aligned synthetic data.

In manipulation localization, synthesizing training sam-
ples that include manipulation types unseen during train-
ing is one of the most important strategies for improv-
ing model generalization [14, 18]. Existing image and
document forgery detectors typically rely on manually de-
signed editing pipelines or randomly sampled combinations
of atomic operations to create synthetic forgeries. [15, 16]
These synthetic images are then fed to the base model in
an attempt to improve robustness to newly emerging ma-
nipulation types. However, such heuristic strategies cannot
guarantee realistic editing logic, and the generated manip-

Figure 5. Examples of RITA-guided atomic-step decompositions
on the OSTF dataset. RITA identifies meaningful atomic opera-
tions—such as text addition, text erasing, and text self-blending.

ulations often deviate significantly from the characteristics
of these new forms of tampering.

In contrast, this case study demonstrates that RITA acts
as a reliable and structured instructor for data synthesis.
Instead of relying on manually hypothesized operation se-
quences or randomly composed atomic operations, RITA
extracts the latent manipulation process from an unseen
sample, decomposes it into reusable atomic editing steps,
and provides precise, process-aligned guidance on how syn-
thetic data should be constructed. Importantly, RITA does
not directly synthesize images; rather, it provides target-
domain editing programs that can be applied to clean im-
ages, enabling synthetic manipulations whose editing logic
faithfully matches the target domain. This produces consis-
tent, transferable, and stylistically accurate synthetic data,
improving generalization to unseen manipulation types.

7.1. Cross-Domain Setup and Baseline Performance

We adopt an A → B cross-domain setting, where domain
A is TSROIE [19] and domain B is OSTF [16]. Three
representative single-step document manipulation localiza-



tion models (Mesorch [20], FFDN [2], and DTD [15]) are
trained on the original TSROIE training set (2747 images)
and evaluated on the OSTF test set to obtain baseline cross-
domain performance.

We adopt an A → B cross-domain setting, where do-
main A is TSOIRE [19] and domain B is OSTF [16].
These single-step models (Mesorch [20], FFDN [2], and
DTD [15]) are trained using the ForensicHub [4] frame-
work on the original TSOIRE training set (2747 images)
and then evaluated on the OSTF test set to obtain baseline
cross-domain performance.

7.2. Training RITA with Atomic Editing Operations
We then train a RITA model on our private doc-
ument dataset, which contains 23 strictly de-
fined atomic manipulation types, including mo-
saic variants (such as mosaic block blur
and mosaic block random color), text ad-
dition (text add), text erasing (text erase),
text removal (text remove), and self-blending
(text self blending). Unlike the RITA in the
main paper, pixel values here represent atomic operation
categories directly, and the temporal order is expressed
only by the index of each step in the output sequence. Each
predicted mask encodes one atomic operation type, and the
full sequence forms a reverse-order editing program.

7.3. Atomic Decomposition of Unseen OSTF Sam-
ples

After training, we apply RITA to manipulated samples from
OSTF. As shown in Fig. 5, RITA predicts a short and plau-
sible atomic sequence, typically:

text erase→ text add→ text self blending.

Here, text add corresponds to inserting new text using
the PIL rendering functions, text self blending is
implemented by applying motion blur and median filtering
to simulate blended text regions, and text erase is per-
formed by using LaMa [17] to remove the specified text
region.

7.4. Constructing the Cross-Domain Augmented
Set TSROIE AUG

Using the atomic editing programs recovered from OSTF
(domain B), we apply these programs to clean images from
TSROIE (domain A) and construct 2551 guided synthetic
samples, denoted as TSROIE AUG. RITA only provides the
editing instructions; the actual synthesis is performed by
applying these instructions to clean images. This aligns
TSROIE’s manipulation logic with OSTF while preserving
its visual appearance, achieving A→ B manipulation-style
transfer.

We retrain Mesorch, FFDN, and DTD on the combined
training set (TSROIE TRAIN + TSROIE AUG) and evalu-
ate them on OSTF. As shown in Table 3, all models achieve
substantial improvements.

Table 3. Effect of RITA-based atomic-program augmentation on
the OSFT dataset. Random augmentation is denoted by †.

Model Before Afte ∆

Mesorch 0.1749 0.3770 +0.2021
Mesorch † (random) — 0.0265 —

FFDN 0.2665 0.3849 +0.1184
FFDN † (random) — 0.0412 —

DTD 0.1921 0.2311 +0.0390
DTD † (random) — 0.0583 —

7.5. Ablation Study: Failure of Random Atomic
Combinations

To rule out the possibility that the performance gains arise
from generic random augmentation, we perform a con-
trolled ablation in which both the atomic operation types
and their ordering are sampled uniformly at random. This
form of augmentation provides no structural guidance, ig-
nores the editing logic commonly present in real forgeries,
and produces manipulation patterns that are highly incon-
sistent with those observed in the target domain.

As shown in Table 3, random augmentation leads to ex-
tremely poor performance across all models. For exam-
ple, the Mesorch model, which achieves 0.1749 before aug-
mentation and 0.3770 with RITA-guided augmentation, col-
lapses to only 0.0265 under random augmentation, losing
almost all discriminative ability. Similar catastrophic degra-
dation is observed for FFDN and DTD, confirming that ran-
dom atomic combinations introduce severe distributional
mismatches rather than useful diversity.

This stark contrast highlights that only structured,
process-aligned atomic sequences recovered by RITA can
produce effective synthetic data. Random compositions fail
to approximate realistic manipulation processes and there-
fore provide no benefit for model generalization. RITA’s
guidance is thus not merely helpful but essential for gener-
ating transferable and domain-consistent training samples.

8. Ethics Statement
The HSIM dataset used in this paper was entirely cre-
ated and manually annotated by the authors’ research team.
No external annotators or third-party contributors were in-
volved in the data collection, manipulation, or labeling pro-
cess. All data were generated under controlled conditions,
contain no personally identifiable information, and fully
comply with ethical standards for academic research.
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