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Abstract

Recent advances in generative modeling enable image edit-
ing assistants that follow natural language instructions
without additional user input. Their supervised training
requires millions of triplets ⟨original image, instruction,
edited image⟩, yet mining pixel-accurate examples is hard.
Each edit must affect only prompt-specified regions, pre-
serve stylistic coherence, respect physical plausibility, and
retain visual appeal. The lack of robust automated edit-
quality metrics hinders reliable automation at scale. We
present an automated, modular pipeline that mines high-
fidelity triplets across domains, resolutions, instruction
complexities, and styles. Built on public generative models
and running without human intervention, our system uses
a task-tuned Gemini validator to score instruction adher-
ence and aesthetics directly, removing any need for segmen-
tation or grounding models. Inversion and compositional
bootstrapping enlarge the mined set by ≈ 2.6×, enabling
large-scale high-fidelity training data. By automating the
most repetitive annotation steps, the approach allows a new
scale of training without human labeling effort. To democ-
ratize research in this resource-intensive area, we release
NHR-Edit, an open dataset of 720k high-quality triplets,
curated at industrial scale via millions of guided genera-
tions and validator passes, and we analyze the pipeline’s
stage-wise survival rates, providing a framework for esti-
mating computational effort across different model stacks.
In the largest cross-dataset evaluation, it surpasses all pub-
lic alternatives. We also release Bagel-NHR-Edit, a fine-
tuned Bagel model with state-of-the-art metrics.

Project page, dataset, and model: https://riko0.
github.io/No-Humans-Required/

1. Introduction

Recent acceleration in generative modeling has facilitated
image-editing assistants that follow natural language in-
structions. Creating such editors is a multi-stage process,
starting with foundational pre-training on large, often
noisy datasets (e.g., Brooks et al. [4], Ge et al. [9], Hui et al.
[14], Wei et al. [28], Ye et al. [33], Yu et al. [34], Zhang
et al. [36], Zhao et al. [40]). This stage adapts a base text-to-
image model to execute diverse edits and preserve unedited
regions. Next, initial SFT on smaller, curated datasets el-
evates performance on specific tasks; ObjectDrop [5] and
OmniPaint [23] have shown that as few as 2500-3300 pairs
of real photos can teach a model to remove shadows and re-
flections in object removal task. The third stage, continual
supervised fine-tuning (SFT) and preference optimiza-
tion [20, 27], handles more complex edits and improves
quality but presents a data bottleneck. It is constrained by
reliance on human annotators to review millions of pixel-
level edits, which is not the best use of expert attention.

Existing large-scale data collection methods have fun-
damental drawbacks. Cascades of external tools, e.g., for
grounding [16], segmentation [15], and inpainting [24], cre-
ate visual artifacts and can corrupt the data — if an im-
perfect “remove” edit with inpainting artifacts is inverted
into an “add” operation, the model may learn to use arti-
facts as spatial cues rather than understanding the instruc-
tion’s semantics, effectively poisoning the training data.
Approaches like 3D rendering [7] lack realism and scala-
bility, while video frame extraction [17] depends on com-
plex, error-prone auxiliary models. A lack of reliable vali-
dation metrics for detecting subtle defects persists; although
MLLMs are now used as evaluators [28, 29, 33], we found
even top models like Gemini 2.5 Pro [10] insufficient, and
we therefore fine-tuned a Gemini-2.0-flash [11] validator on
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human scoring data (Sec. 3.2).
We posit that the potential of a model after initial SFT is

under-exploited. By utilizing its new abilities and sensitiv-
ity to stochastic initialisation, the editor itself can generate
unlimited high-quality synthetic data. To realize this, we
introduce an end-to-end triplet-mining pipeline. For each
instruction, the framework generates multiple candidate ed-
its. These are pre-filtered, then judged by our fine-tuned
validator, which selects the single best edit that meets our
strict quality standards (Algorithm 1). This self-contained
framework unlocks several capabilities for continual learn-
ing:
• Direct complexity measurement for curricula: Instruc-

tion difficulty for the current model is quantified by
counting attempts for a successful edit, providing a direct
signal for an easy-to-hard learning curriculum.

• Targeted weakness correction: Rare successes on com-
plex tasks can be mined by running the model repeatedly
to harvest a targeted dataset that fixes that weakness.

• Compositional edit synthesis: Complex training data
can be created by combining multiple instructions. For
example, a single instruction can execute two additions,
one deletion, and a global style change in one pass.

• Flexible input sourcing: The framework uses real and
synthetic inputs. Real images provide authentic sce-
narios, while synthetic images enable exploration of the
long-tail, including impossible-to-photograph scenar-
ios (e.g., a corgi in a spacesuit on a rocket).

• Unparalleled simplicity and flexibility: The frame-
work is model-agnostic and requires no external specialist
models for segmentation, depth estimation, or grounding.
To demonstrate effectiveness, we release NOHUMAN-

SREQUIRED DATASET (NHR-Edit), a public dataset of
720k rigorously validated triplets (for representative sam-
ples, see Figure 1 and Figures C.8-C.19 in Appendix).
Building on this data, we release BAGEL-NHR-EDIT, a
LoRA-tuned BAGEL [8] variant trained on NHR-Edit that
surpasses the base model on two benchmarks. Our primary
contribution is this end-to-end pipeline, a powerful engine
for advancing research in self-improving generative mod-
els [6, 39].

2. Related Work

Our research builds upon two main pillars of generative
modeling: methodologies for creating instruction-based
editing data and the paradigm of model self-improvement
through preference optimization.

2.1. Methodologies for Editing Data Generation

Creating high-quality editing data is a foundational chal-
lenge, with existing approaches presenting unique trade-
offs.

Pipelines on Real-World Data. A common strategy is a
cascade of models to edit real images, like in AnyEdit [34]
and ImgEdit [33], which use pipelines for detection [16],
segmentation [15], and inpainting [24]. Each stage can
propagate errors, and global edits struggle to preserve de-
tails. Video-based methods like Step1X-Edit add complex-
ity with pipelines for motion estimation and background fil-
tering [41]. These approaches can also suffer from dataset
bias (Schuhmann et al. [22]).

Fully Synthetic Generation. Synthetic generation offers
more control but has its own drawbacks. Methods range
from 3D rendering [7], which is labor-intensive and lacks
photorealism, to diffusion-based techniques [9, 14, 40] that
can introduce artifacts, alter details, or generate data mis-
aligned with real-world distributions.

Specialist Models. OmniEdit [28] trains specialized
models for each task (e.g., inpainting, attribute modifica-
tion) integrated into similar pipelines. While ensuring qual-
ity for simple tasks, this inherits cascade complexity and
error propagation issues and cannot handle complex, com-
positional instructions.

Our work differs by using the editor model itself as
the data source, creating a simple framework that bypasses
complex pipelines and specialist models.

2.2. The Metric Gap in Image Editing
Evaluation is a key challenge, as traditional, reference-
based metrics (e.g., LPIPS [37], DINO [21], CLIP-
Score [12]) correlate poorly with human preference and are
unsuitable for our generative framework. While MLLM-
based reward models have emerged in related fields (IQA,
T2I, T2V) [30, 31, 38], their use in editing was pioneered
by VIEScore [29], which showed GPT-4o judgments align
well with human preferences. Subsequent work like Om-
niEdit and ImgEdit built on this by distilling judgments or
fine-tuning MLLMs. However, curating data for SFT de-
mands higher precision. We found that even top models
like Gemini 2.5 Pro [10] are unreliable for detecting sub-
tle editing flaws (Fig. C.7). We therefore developed a spe-
cialized validator by fine-tuning Gemini-2.0-flash [11] on
human preference data to achieve the necessary sensitivity.

2.3. Self-improvement and Iterative Learning
A model generating its own data for self-refinement is
a highly effective concept, proven in NLP [20, 26] and
extended to generative vision [35]. Our framework is
an automated engine applying these preference alignment
techniques to image editing. Algorithms like DPO [27]
and KTO [2] require scalable preference-labeled data,
which our pipeline automatically provides. By solving
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Object Human Ambience

Turn the cake stand into fine porcelain 
& make the counter of  reclaimed wood

Place a large glass vase on the floor
& delete the fluffy pink cushion

Switch the pullover to a floral cardigan
& the long skirt to ankle-length trousers

Turn her eyes brown & make her smile

Make the ground frost-laden

Make it sunrise & alter the robin’s 
feathers to a shimmering silverAdd a tiny bright yellow taxi toy

Figure 1. High-quality samples from our NHR-Edit dataset.

the data generation and labeling bottleneck, our work en-
ables applying these powerful self-improvement techniques
to instruction-based image editing.

3. Methodology
This section details our autonomous triplet-mining pipeline,
which comprises four modules: (i) a prompt engineer
for generating consistent text-to-image (T2I) and image-
to-image (I2I) instructions; (ii) a T2I generator; (iii) an
instruction-guided image editor; and (iv) a multi-stage vali-
dation stack.

3.1. Automated Mining Pipeline
Figure C.6 and Algorithm 1 overview the pipeline (full
prompts can be found in Appendix A). The process starts
with initial constraints (e.g., topic, style) which are used
by a prompt engineering module (Algorithm 1a) to pro-
duce a T2I prompt (pt2i) and corresponding edit instructions
({pe}k), as shown in Listing 1. While supplied manually
here, these constraints could be automated.

For each T2I prompt, the pipeline generates N candi-
date source images (I0) using different random seeds (Al-
gorithm 1b). Each source image undergoes M edit attempts
for every instruction pe. This yields a large pool of can-
didate triplets ⟨I0, pe, Ie⟩, which are subjected to a coarse
pre-filtering step before final validation (see Sec. 3.2). In
the final stage, for each unique pair ⟨I0, pe⟩, the highest-
quality edited image I⋆e is selected by maximizing the ge-
ometric mean of its scores (

√
saes · sadh, see Algorithm 1).

We chose this metric because it enforces a balance between
aesthetic quality and instruction adherence, proving particu-
larly robust for highly imbalanced scores where a candidate
excels on one criterion but fails on the other. This prevents
the selection of, for instance, a visually pleasing but seman-
tically incorrect edit. The winning image is added to the

final dataset D only if both of its scores exceed predefined
quality thresholds.

Listing 1 Example of a generated T2I prompt and its corre-
sponding edit instructions.
\\ T2I prompt
"prompt": "A living room with a large
window: a small cactus on the
windowsill, a half-eaten bowl of cereal
on the coffee table, a remote control,
a crocheted blanket, and a dog toy on

the rug.",
\\ I2I prompts for editing
"edits": [

"Get rid of that cactus.",
"Remove the cereal bowl.",
"No remote control, thanks.",
"Lose the crocheted blanket.",
"Eliminate the dog toy.",
"Remove the cactus, cereal, remote,

blanket, and toy"
]

3.2. Validation Framework

Robust validation is a key challenge in automated triplet
mining. Our two-stage process uses a Qwen-VL 72B pre-
filter to discard obvious failures, reducing calls to the more
expensive final validator. While this open-source model
cannot filter all noise, it is effective. The second stage uses
a specialized Gemini 2.0 Flash model, fine-tuned on a cu-
rated corpus, to assign final aesthetic and instruction adher-
ence scores.
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Algorithm 1 Pipeline Pseudocode

Algorithm 1a: SamplePromptsDesign

Require: Task description in PA.1

Ensure: Set P =
{
(pt2i, {pe}k)

}
m

1: P ← OpenAI o3
(
PA.1

)
2: return P

Algorithm 1c: Autonomous Triplet-Mining Pipeline

Require: Task description in PA.1, parameters N,M ,
Taes, Tadh

Ensure: Final dataset D
1: D ← ∅, Pool← ∅
2: P ←SAMPLEPROMPTSDESIGN(PA.1) {1a}
3: for all (pt2i, {pe}k) ∈ P do
4: Pool←

Pool∪TRIPLETMINING(pt2i, {pe}k, N,M) {1b}
5: end for
6: for all distinct ⟨I0, pe⟩ in Pool do
7: S ← {Ie | ⟨I0, pe, Ie⟩ ∈ Pool}
8: saes(Ie), sadh(Ie)← Gemini

(
I0, pe, Ie,PA.2

)
for

every Ie ∈ S
9: S ← {Ie ∈ S | saes ≥ Taes ∧ sadh ≥ Tadh}

10: if S ≠ ∅ then
11: I⋆e ← argmax

Ie∈S

√
saes(Ie) sadh(Ie)

12: D ← D ∪ {⟨I0, pe, I⋆e ⟩}
13: end if
14: end for
15: D ← D∪APPLYINVERSIONS(D) 3.6
16: D ←BCFILTER(D, Tinv,aes, Tinv,adh) 3.6
17: D ← D∪APPLYBOOTSTRAPS(D) 3.6
18: return D

Algorithm 1b: TripletMining

Require: T2I prompt pt2i, edits {pe}k, parameters
N,M , global GPU-hour budget Budget

Ensure: Candidate pool C
1: C ← ∅, Jobs← ∅
2: for i← 1 to N do
3: seedi ← Random(i)
4: I0 ← FLUX.1-schnell(pt2i, seedi)
5: if not Qwen7B

(
I0, pt2i,PA.5

)
then

6: continue
7: end if
8: for all pe ∈ {pe}k do
9: for j ← 1 to M do

10: Jobs← Jobs ∪ {(I0, pe,Random(j))}
11: end for
12: end for
13: end for
14: while Jobs ̸= ∅ and GPU hours < Budget do
15: sample (I0, pe, s) ∼ Uniform(Jobs)
16: Jobs← Jobs \ {(I0, pe, s)}
17: Ie ← I2I DiT (internal)(I0, pe, s)
18: (saes, sadh)← Qwen72B

(
I0, pe, Ie,PA.2

)
19: if saes ≥ Taes and sadh ≥ Tadh then
20: checkp ← Qwen72B(I0, pe, Ie,PA.3,PA.4)
21: checkl ← LowLevelCheck(I0, Ie)
22: if checkp and checkl then
23: C ← C ∪ {⟨I0, pe, Ie⟩}
24: end if
25: end if
26: end while
27: return C

Validator threshold. We set the validator thresholds us-
ing an a priori rule grounded in the survival curve S(T )
(Fig. C.5 in Appendix). The curve shows a gradual decline
up to ≈ 4.3 and then enters a broad cliff over T ∈ [4.4, 4.9]
with pronounced drops at T = 4.5 (−62.1% of the initial
pool) and T = 4.9 (−84.0%). To avoid operating exactly
at a discontinuity while staying before the collapse regime,
we choose the point that maximizes the minimum distance
to these two knees. This midpoint yields T = 4.7. Ad-
ditionally, an independent 3 raters audit of 1000 randomly
sampled items further indicates that the residual errors, i.e.,
cases where the hard-filter validator makes mistakes, as any
model can — are dispersed at high scores and frequently lie
at≥ 4.7; items that pass T = 4.6 typically receive very high
scores (≥ 4.8). Consequently, raising the threshold from
4.7 to 4.8 removes almost no additional erroneous samples

while shrinking the dataset. We therefore adopt the first re-
liable operating point before the collapse region, T = 4.7.
We note that an exact operating point could, in principle,
be obtained only through a thorough manual audit, ideally
yielding per-category thresholds. However, such curation is
labor-intensive and beyond scope. The survival-curve rule
above provides a sufficient and stable choice for our appli-
cation, as supported by the results in subsection Human
manual audit and cross-dataset comparison in Sec. 3.7.

Low-level check. The absolute-difference image D =
|Ie − I0| is thresholded (> 40) and analysed with
ConnectedComponents using 4-connectivity and 32-
bit labels; a triplet is discarded if the largest connected com-
ponent covers < 0.5% of all pixels flagged as changed. This
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purely heuristic, optional filter empirically outperforms a
raw image-difference threshold. Cutoff level was also found
during the threshold analysis of T .

Human manual audit. In a blinded audit of n = 300 ac-
cepted triplets (Tab. C.4 in Appendix), residual issues were
low: 5.0% T2I-inherited imperfections, 4.3% difficult re-
movals under complex lighting or occlusion, 3.3% small
residuals after deletion, and 1.6% minor inpainting near the
edit area.

3.3. Gemini Validator
While many pipelines use general-purpose models like
GPT-4o [14, 28, 29] for evaluation, they are not optimized
for fine-grained pixel-level changes (see Fig. C.7 in Ap-
pendix). To obtain reliable estimates, we fine-tuned a
Gemini-2.0-flash [25] model on a dedicated human-
annotated corpus. This corpus was meticulously con-
structed to cover a wide spectrum of edit qualities, using
a combination of an in-house DiT editor and proprietary
models like Grok [32] and Gemini. This diverse sourc-
ing ensures the assessor was trained on a broad distribution
of potential successes and failures, preventing overfitting.
Following HQ-Edit [14], OmniEdit [28] and AnyEdit [34],
each image is rated on two five-point scales: (i) Instruc-
tion score and (ii) Aesthetics score. The collected set con-
tains 2998 training and 827 validation examples; every ex-
ample is judged by two to four independent raters. Inter-
rater reliability, as mean pair-wise Spearman correlation,
is ρ = 0.41 ± 0.09 for Aesthetics and ρ = 0.64 ± 0.05
for Instruction, corresponding to moderate and substantial
agreement. The higher consistency on the instruction axis
is expected, as semantic correctness is less subjective than
aesthetics. To aggregate scores, each rating is first normal-
ized by subtracting the annotator’s bias, computed relative
to the same triplets they rated. The bias bj for each rater j
is

bj =
1

|Nj |
∑
i∈Nj

si,j︸ ︷︷ ︸
Rater j’s mean score

− 1

|Nj |
∑
i∈Nj

s̄i︸ ︷︷ ︸
Mean score of triplets rated by j

(1)

where Nj is the set of triplets rated by rater j, Ri is the set
of all raters for triplet i, and s̄i =

1
|Ri|

∑
k∈Ri

si,k denotes
the mean score of triplet i.

The final score Si for a triplet is then the mean of the
bias-corrected scores:

Si =
1

|Ri|
∑
j∈Ri

(
si,j − bj

)
(2)

Using this annotated validation set, we benchmarked
our task-specific, fine-tuned Gemini 2.0-flash

model against its original version, the larger Gemini
2.5-pro [25], and Qwen 2.5 72B. Table 1 compares
the mean absolute error (MAE) and Spearman ρ. Vanilla
checkpoints suffer from calibration error, whereas fine-
tuning halves the MAE and boosts rank correlation on the
instruction axis from 0.36 to 0.82, outperforming even
the larger 2.5-pro model. Notably, the fine-tuned model
provides high-quality scores directly, without a costly
chain-of-thought step, confirming a specialized assessor
is a more efficient paradigm for large-scale filtering. To
further validate our assessor’s robustness, we benchmarked
it against the publicly available ImgEdit validator [33] on a
per-category basis. Overall, our assessor nearly doubles the
rank correlation (overall ρ = 0.79 vs. 0.41). Category-level
breakdowns — including large gains on Replace and
Compose are provided in Appendix Tab. B.2.

Table 1. Quality metrics of the assessor model on validation data.
I — Instruction, A — Aesthetic.

Model I MAE ↓ I ρ ↑ A MAE ↓ A ρ ↑
Qwen 2.5 72B 0.961 0.551 0.839 0.361
Gemini-2.5-pro 0.869 0.609 0.915 0.523
Gemini-2.0-flash 1.241 0.359 1.063 0.245
Gemini-2.0-flash
(finetune) 0.503 0.815 0.568 0.631

3.4. Image Editing Backbone
Our framework requires an instruction-guided image-to-
image (I2I) model that takes a source image I0 and prompt
pe to produce an edited image Îe. We use a proprietary, in-
ternal diffusion-based editor but treat it as a black box. This
modular design ensures no component depends on the edi-
tor’s internals, allowing it to be swapped with any other I2I
model. The external validation stack reinforces this modu-
larity.

3.5. Implementation Details
Component specification. Our pipeline is fully modular;
each block can be replaced by any compatible alternative.
Unless otherwise noted, we use the following defaults:
• Prompt engineer. We query the reasoning-centric Ope-

nAI o3 model [18] with the template A.1 to jointly emit a
text-to-image (T2I) prompt and a set of k logically con-
sistent edit instructions.

• T2I generator. Source images are synthesised with
FLUX.1-schnell [3] at a random resolution (long side ∈
[860, 2200] px; aspect ratio bounded by 1:6 ≤ AR ≤ 6:1)
using 4 steps.

• Plausibility gate. We retain only sample seeds whose
captions pass a plausibility check by Qwen2.5-VL-7B [19]
using (Appendix, Prompt A.5).
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• Instruction-guided editor. By default we employ our
internal I2I DiT model with 18-28 diffusion steps.

• Soft pre-validation filter. Candidate edits first pass a
coarse screen with Qwen2.5-VL-72B using (Appendix,
Prompts A.2, A.3, A.4).

• Hard validation filter. The fine-tuned Gemini valida-
tor (Sec. 3.2) runs at temperature 0.0 with (Appendix,
Prompt A.2).
All Qwen-VL calls use the HuggingFace

transformers default configuration with tempera-
ture 10−6.

Configuration. The optimal counts for T2I seeds (N ) and
edit retries (M ) depend on prompt difficulty and represent
a fundamental trade-off between dataset diversity, success
rate, and computational cost. While a larger M helps with
harder samples by trading compute for success probability,
a larger N improves diversity. Our choice of N = 10 and
M = 5 was a cost-effective balance for our specific model
stack and should not be considered a universal optimum.
Practitioners should tune these values based on their edi-
tor’s capabilities and instruction complexity. For instance,
a less capable model may require a higher M to achieve a
reasonable success rate. Validation thresholds are fixed at
Taes = Tadh = 4.7.

Budget-aware random scheduler. This scheduler allows
practitioners to cap total expenditure. It works by enumerat-
ing all potential seed-instruction pairs (N×k×M ), queuing
those that pass a plausibility test, and then drawing jobs uni-
formly without replacement until a predefined limit is ex-
hausted. This limit, denoted as Budget, is a user-specified
cap in GPU-hours (or API-seconds). The final compute,
quality, and dataset yield are therefore dictated by this bud-
get, not by the nominal (N,M) values. In future work, this
could be extended to adaptive sampling, such as prioritiz-
ing difficult categories or continuing retries until a pre-filter
success.

3.6. Data Augmentation
The dataset is further refined and expanded through post-
processing and augmentation.

Semantic Inversion. Any edit can be inverted by rewrit-
ing the instruction into its logical inverse using Gemini 2.5
Flash and Prompt A.6. Crucially, access to the original T2I
prompt allows preserving details for a high-quality learning
signal. For the example in Listing 1, the inverse of the com-
posite deletion is not a simple addition but a fully specified
prompt: “Add a small cactus on the windowsill, a half-eaten
bowl of cereal on the coffee table, a remote control, a cro-
cheted blanket, and a dog toy on the rug.”

Bootstrap Composition. Since each source image I0 can
be successfully edited into multiple distinct images (Ie1,
Ie2, etc.), new triplets can be constructed. Given two
successful edits, a new instruction p′e2 can be formulated
to transform Ie1 into Ie2, yielding a novel compositional
triplet ⟨Ie1, p′e2, Ie2⟩ (demonstrated in Fig. 2).

Backward Consistency filter. Semantic inversion guards
against trivial forward successes when the T2I misses an
object. If the inverse instruction (e.g., “add the cat on the
sofa”) receives a low score, we drop both the forward and
inverse triplets. This optional check depends on the T2I and
the validator and serves as an extra quality assurance layer.

Give her a smile and replace the scarf with a suit.

Replace the suit with a silk scarf and make her serious.

Make her serious. Replace the scarf with a suit.

Give her a smile. Replace the suit with a 

silk scarf.

Figure 2. Solid arrows represent forward instructions, and dashed
arrows represent their semantic inversions. Instructions for com-
positional triplets are aggregated from both forward instructions
and inversions.

3.7. NoHumansRequired Dataset
The final pipeline yields a dataset of 720 088 high-quality
triplets. Table 2 provides a detailed breakdown of data vol-
ume changes. Initial generation and editing phases have sur-
vival rates of 44% and 43% respectively, with subsequent
filtering further refining the set. Augmentation through
inversion and composition increases the dataset size by
94.88% and 30.65%.

NHR-Edit presents a variety of editing categories, while
also spanning diverse styles, perspectives, and aspect ra-
tios:
• Removal (≈ 227k) and Addition (≈ 225k). The focus is

on object removal, as successful inversions provide chal-
lenging object addition examples, crucial for improving
modern editors (Fig. C.1).

• 27 more diverse operations (≈ 103k). These include
complex object manipulations (reshape, change color or
texture, degrade and restore), ambience (change back-
ground, time of day, weather, season), and human-related
editing (emotion, haircut, clothes, accessories) — see
Fig. C.2.

• Almost 300 composite categories (≈ 165k). Bootstrap
composition (Sec. 3.6) allows the construction of multi-
operation editing triplets, invaluable as complex training
data (Fig. C.3).

• 96 various styles. Spanning from photographic compo-
sitions (e.g., DSLR, panorama, wide-angle, aerial) — to
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specific artistic choices (oil painting, sketch, anime, cro-
chet, minimalist, etc.) (Fig. C.4).

• 26 aspect ratios. From 640×1600 portraits to 1600×640
panoramas. Every image is a well-established composi-
tion, generated and edited in its native aspect ratio. The
distribution and samples are shown in Tab. C.3.

3.8. Cross-dataset comparison.
We compare our dataset quality against public benchmarks
by using our fine-tuned assessor to score 5000 random sam-
ples from each. Table 3 reports the mean Instruction, Aes-
thetics, and (following OmniEdit) geometric mean scores.
With a geometric mean of 4.53, NHR-Edit establishes a
new state-of-the-art, significantly outperforming existing
datasets, including those with manual curation. This vali-
dates that our automated methodology can produce a corpus
whose quality is superior to existing benchmarks.

Method note. To justify using our assessor for cross-
dataset ranking, we ran a targeted human cross-check on a
sentinel panel spanning the spectrum in Tab. 3: the lowest-
ranked (UltraEdit), a mid-ranked set (HQEdit), and the two
highest-ranked (OmniEdit, NHR-Edit). For each dataset we
sampled n = 80 items and obtained 3 independent crowd
annotations under the same instructions as the assessor. Ta-
ble 4 reports dataset-level geometric means with 95% boot-
strap intervals. Across this sentinel panel, assessor and hu-
mans induce the same ordering (UltraEdit < HQEdit <
OmniEdit < NHR-Edit), with substantial interval overlap
in 3/4 cases and both assigning the top rank to NHR-Edit.
This probes potential misorderings at the bottom, middle,
and top regimes and provides sufficient evidence that the
assessor preserves dataset-level rank; we therefore use it to
score 5000 samples per dataset in Tab. 3. Minor numerical
differences between assessor means in Tab. 3 and Tab. 4
arise from the n = 80 subsampling.

4. Experiments
This section investigates if NoHumansRequired Dataset can
improve an existing edit method’s performance.

4.1. Experimental Setup
We use BAGEL [8], a 14B-parameter open-source multi-
modal foundation model with a Mixture-of-Transformer-
Experts architecture. We performed parameter-efficient
adaptation only to the generation expert’s attention and
feed-forward projection layers using LoRA [13] (rank = 16,
alpha = 16, dropout = 0.05, bias = “none”, batch size = 16
(it is dynamic, on average 2 per gpu), lr = 2e-5). We re-
fer to this fine-tuned variant as BAGEL-NHR-EDIT. Other
BAGEL components are frozen to preserve the model’s pre-
trained capabilities. We chose LoRA for its training stabil-
ity and substantially lower computational cost compared to
full fine-tuning. All BAGEL and BAGEL-NHR-EDIT runs

use matched batch size, optimizer, learning rate schedule,
precision, and data augmentations.

4.2. Benchmarks and Metrics
We evaluate BAGEL-NHR-EDIT against the BAGEL base-
line on GEdit-Bench [17] and ImgEdit-Bench [33], strictly
following the authors’ official evaluation protocols. For
GEdit-Bench, we use the VIEScore setup with GPT-
4o [1] to report Semantic Consistency (SC, 0-10), Percep-
tual Quality (PQ, 0-10), and Overall (O). For the ImgEdit-
Bench evaluation, we adopt the original authors’ protocol:
GPT-4o is used to score edited images across several crite-
ria, each rated on a 1-to-5 scale.

4.3. Results
Table 5 reports mean, standard deviation, and 95% confi-
dence intervals calculated from 3 inference runs with dif-
ferent seeds for each model. BAGEL-NHR-EDIT improves
over the baseline on the mean scores for both benchmarks:
on ImgEdit-Bench, the overall score increases from 3.30
to 3.33 (+0.03); on GEdit-Bench, the SC/PQ/O scores
improve from 7.61/6.18/6.53 to 7.80/6.56/6.80, with
deltas of (∆+0.19/+0.38/+0.27) respectively. Detailed
per-category results are in Appendix Tab. C.1 and Tab. C.2.

5. Conclusion

We propose an automated end-to-end pipeline to mine high-
quality triplets for instruction-guided image editing. A pre-
trained editor generates candidate edits and we retain only
successful ones after strict filtering. Instruction inversion
and compositional editing produce semantically rich, di-
verse triplets. Integrating a T2I model broadens stylistic
coverage and mitigates overfitting. The pipeline is self-
improving: as the editor advances it yields better triplets,
creating a feedback loop. We release BAGEL-NHR-EDIT,
a LoRA-tuned BAGEL variant that outperforms its baseline
on public benchmarks, and NHR-Edit to support future
research in text-based editing.

Limitations
Our framework is bounded by its component models: it can-
not produce triplets for operations the base editor cannot
perform, a limitation only partly mitigated by multi-seed
sampling. Data quality also depends on the T2I genera-
tor and instruction LLM, which can introduce biases from
templates or priors. LLM-written instructions may diverge
from real user phrasing, though diverse prompting reduces
this gap.

Reporting absolute GPU-hours would be misleading as
costs depend on chosen models and API pricing. Instead,
we provide stage-wise survival rates in Tab. 2 to help esti-
mate required generations and costs for a given model stack.
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Table 2. Each stage statistics for 63 292 prompts. Taking 3 072 385 generation attempts, the survival rate can be estimated as 15.3%,
excluding the squeezing step.

Processing Stage Method / Model ∆ (%) Remaining Vol.

Initial Generation FLUX.1-schnell — 1 171 773
Generation Filtering Qwen-7B −56.00 515 584
Editing Generation In-house DiT +495.90 3 072 385
Editing Filtering Qwen-72B (Pre-Filter) −57.00 1 321 126
Low Level Check Connected Component Analysis −3.00 1 281 492
Quality Scoring Gemini Validator (Hard Filter) −63.21 471 523
Final Selection ArgMax Selection −31.01 325 287

Inversion Gemini 2.5 Flash +94.88 633 904
Composition Bootstrap & Concatenation +30.65 828 212
Backward Consistency Filtering Gemini Validator (Hard Filter) −13.06 720 088

Table 3. Quality metrics across editing datasets, sorted in ascend-
ing order by geometric mean. The ’Type’ column indicates the
generation method: A for Automatic and M for Manual. The as-
terisk (*) denotes a highly curated automatic dataset.

Dataset Type Instr. ↑ Aesth. ↑ Geom. ↑
UltraEdit A 2.67 3.30 2.92
Seed Part 2 M 3.20 3.03 3.09
Seed Unsplash A 3.01 3.84 3.28
InstructPix2Pix A 3.17 3.58 3.30
MagicBrush A 3.62 3.27 3.38
AnyEdit A 3.39 3.64 3.44
HQ-Edit A 2.90 4.21 3.45
ImgEdit A 3.26 3.91 3.49
Seed OpenImages A 3.42 3.86 3.50
Seed Part 3 M 4.06 4.37 4.13
OmniEdit A* 4.21 4.35 4.23

NHR-Edit A 4.56 4.52 4.53

Table 4. Gemini (assessor) vs. Human geometric mean (Geom.),
shown as mean ± half-width of the 95% nonparametric bootstrap
CI (B = 2000) over n = 80 items per dataset (3 raters/item),
recomputing Geom. per resample.

Dataset Gemini Geom. ↑ Human Geom. ↑
UltraEdit 3.00 ± 0.14 3.05 ± 0.15
HQEdit 3.52 ± 0.15 3.54 ± 0.15
OmniEdit 4.30 ± 0.16 4.50 ± 0.15

NHR-Edit 4.54 ± 0.12 4.75 ± 0.09

Ethics & Societal Impact. NHR-Edit contains only syn-
thetic images generated with FLUX.1-schnell from Chat-
GPT o3 prompts; no photographs of real people are used,
so consent/privacy risks tied to real-person imagery are not

Table 5. Overall results comparing our BAGEL-NHR-EDIT with
the baseline. We report mean ± standard deviation and [95% con-
fidence intervals]. The best results based on the mean are in bold.

Bench. Metric BAGEL BAGEL-NHR-EDIT

ImgEdit Overall
3.30 ± 0.03
[3.23, 3.36]

3.33 ± 0.02
[3.28, 3.38]

GEdit SC
7.61 ± 0.15
[7.23, 7.98]

7.80 ± 0.07
[7.63, 7.97]

PQ
6.18 ± 0.15
[5.82, 6.55]

6.56 ± 0.08
[6.37, 6.75]

O
6.53 ± 0.14
[6.19, 6.87]

6.80 ± 0.07
[6.63, 6.98]

implicated (though incidental resemblance is possible). We
rely on provider safeguards and automated post-filters to re-
duce NSFW or biased samples, but filtering is imperfect and
no manual curation was performed, so some undesirable
cases may remain. Because editing models can be misused,
the dataset is released for research use only. Prompt diver-
sity was encouraged, yet representation biases may persist;
downstream users should assess content, apply safety fil-
ters, and comply with applicable laws and policies before
deployment.
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