
Extended Abstract

Motivation As text-to-image models become more widely deployed, controlling undesirable
content generation is increasingly important for safety, ethical, and legal reasons. Existing concept-
erasure methods are capable of avoiding target classes during image generation, but will often do
so at the expense of image quality. This tension motivates the need for more robust models that can
better balance the safety-fidelity tradeoff.

Method We treat diffusion-based image generation as a sequential decision process and use
Diffusion Denoising Policy Optimization (DDPO) to learn a policy that steers generation away from a
chosen target concept - in this case, "teddy bear." We evaluate three models: baseline Stable Diffusion
(SD1.4), a hyperparameter-tuned Erased Stable Diffusion (ESD) model, and our RL-finetuned model.
All methods are tested on a balanced dataset of prompts containing both target (“teddy bear”) and
non-target (“bear”) classes.

We optimize for both concept suppression and prompt adherence via a reward composed of three
object detectors (our "ensemble") and a CLIP score for semantic alignment between the prompt and
image. While the ensemble penalizes for the presence of the target concept, the CLIP term encourages
the preservation of relevant details from the prompt. To further improve diversity in image outputs,
we also implement a Pass@k Policy Optimization (PKPO) reward transformation as in Walder and
Karkhanis (2025) . This transformation better optimizes for pass@k and allows for greater policy
diversity without an explicit entropy maximization term. When evaluating the models, we measure
concept erasure effectiveness, image quality, and robustness against adversarial prompting.

Implementation We implement on top of Stable Diffusion 1.4. Our modified reward is computed
using our ensemble of three object detectors: YOLO, DETR, and ResNet. We also leverage OpenAI’s
OpenCLIP to generate a CLIP score for semantic alignment between the generated image and the
input prompt. The final reward for target class c = teddy bear :

Per-detector score: fd(x) = max{ confi : classi = c } ( 0 if no such box ),

Ensemble confidence: f̄(x) = 1
3 (fYOLO + fRT-DETR + fFRCNN) ,

Training reward: g(x) = 0.2− f̄(x) + fCLIP .

PKPO samples n trajectories. The k − 1 trajectories with the lowest rewards are given a weight of
zero and the remaining are weighted based on their rank (i.e. the highest reward gets the highest
weight). The original paper extends this, as well as a leave one out baseline, to the continuous reward
setting rather than a binary pass/fail. Since this method only transforms the rewards, the only change
is the advantage estimation and the rest of the PPO training can remain unchanged.

Results The ensemble confidence score achieved by our RL-based model is 0.0770, compared to
0.1357 for ESD and 0.3741 for SD1.41. To measure image quality, the Fréchet Inception Distance
(FID) scores are 119.94 (RL), 127.00 (ESD), and 98.99 (SD1.4). When faced with Ring-a-Bell
adversarial prompting, ensemble confidence scores increases to 0.1785 for the RL-based model,
0.4490 for ESD, and 0.9262 for SD1.4.

Discussion Our RL-based approach consistently outperforms SD1.4 and ESD in both concept
erasure and image quality preservation, achieving a better safety-fidelity tradeoff. It also demonstrates
greater resilience to adversarial prompting, exhibiting far smaller increases in target class detection
under Ring-a-Bell attacks. However, these gains come at a significantly higher computational cost
when compared to ESD (1̃4 hrs vs. 0̃.5 hrs).

Conclusion In this work, we investigate reinforcement learning as a post-training method for
concept erasure in text-to-image diffusion models. We show that our RL-based approach outperforms
Erased Stable Diffusion in both target concept suppression and preservation of image quality, even in
the face of adversarial prompting. Additionally, our qualitative analysis shows that incorporating a
Pass@k-style sampling strategy improves output diversity in image generations.

1Lower ensemble scores are better here because it means lower average teddy bear detection confidence, i.e.
better erasure.
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Abstract

As text-to-image models become more widely deployed, controlling undesirable
content generation is increasingly important for safety, ethical, and legal reasons.
Existing concept-erasure methods are capable of targeted concepts but often de-
grade image quality or remain vulnerable to prompt-based attacks. We investigate
reinforcement learning (RL) as a post-training approach for concept erasure in
diffusion models, using a reward that combines an ensemble of object detectors
with a CLIP-based semantic alignment term.
We evaluate our approach against Stable Diffusion 1.4 and a hyperparameter-tuned
Erased Stable Diffusion (ESD) model on the task of removing the teddy bear
target class. Our RL-based method achieves lower ensemble detection confidence
than ESD (0.0770 vs. 0.1357) while exhibiting less image degradation (FID 118.77
vs. 127.00). Under Ring-a-Bell adversarial prompting attacks, our method also
demonstrates greater robustness, with adversarial ensemble confidence rising to
0.1785 compared to 0.4490 for ESD. Additionally, we find that integrating a
Pass@k-style sampling strategy improves output diversity and mitigates mode
collapse. Together, these results suggest that reinforcement learning is a promising
direction for more powerful concept erasure in text-to-image diffusion models.

1 Introduction

As text-to-image models usage becomes more prevalent in real-world settings, it’s increasingly
necessary to control the generation of undesirable content in image outputs.

Text-to-image model safety is both practical and important as the cost of inference dramatically
decreases and the access to these models increases. There are various reasons why certain concepts
may need to be avoided, including safety concerns (e.g. harmful / inappropriate content) and legal
reasons (e.g. copyrighted material). Both safety and copyright concerns have been front and center in
the development of text-to-image models.

CARVE explores a post-training alignment technique that uses reinforcement learning (RL) to avoid
generating unsafe2 concepts in text-to-image diffusion models. Specifically, we investigate whether
RL post-training can (1) match the performance of traditional concept erasure techniques Gandikota

2Unsafe: defined here as containing images of our chosen target concept
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et al. (2023) in models (2) avoid over-erasure that classic concept erasure models are prone to and (3)
produce qualitatively better images for safe3 classes.

2 Related Work

As the models become increasingly deployed, it’s increasingly necessary to control the generation
of undesirable content in image outputs. Large scale datasets such as COCO Lin et al. (2014) have
paved the way for significant progress in image understanding and image generation. COCO provides
a cheap way to collect prompts (from image captions) and a reliable ground truth classifier since
many pretrained image classifiers are trained on COCO.

2.1 Concept Erasure Techniques

Prior work establishes various concept erasure techniques like the canonical Erased Stable Diffusion
(ESD) Gandikota et al. (2023), which erases concepts from text-to-image diffusion models by
performing fine-tuning on model weights to suppress a target concept. However, it suffers from issues
of over-erasure for closely-related concepts and reduced image quality.

As follow up work, Unified Concept Editing (UCE) Gandikota et al. (2024), redirects certain outputs
in a certain edit set E such that for each input ci ∈ E, there is a new value weight in the K/V attention
layer v∗i = W old

v c∗i while preserving maintaining the mappings of concepts in the preservation set
P the W old

v cj . This allows UCE to mitigate the over-erasure problem that ESD has. However,
since UCE operates at the input embedding level, ci, then an input that produces the same target,
but is distinct from an explicit concept in the E will still produce an image with the target. UCE’s
predisposition to Ring-a-Bell Tsai et al. (2024) attacks were shown in Nguyen et al. (2025) where the
model still produced content containing nudity and other concepts in the edit set when adversarially
prompted.

These issues can be seen in prior work, like RevAm Gao et al. (2025), which shows that using
RL-based trajectory optimizations can undo the effects of erasure mechanisms like Erased Stable
Diffusion (ESD) Gandikota et al. (2023) and Unified Concept Erasure (UCE) Gandikota et al. (2024).

2.2 RL-based Methods

As an alternative approach, reinforcement-learning based methods offer another mechanism to edit
the model weights. Traditional concept erasure methods use the models own internal representation
of a concept, which lead to the aforementioned adverse effects. Instead, we plan to use a pixel-space
classifier to penalize trajectories based on the actual output. To accomplish this, we plan to build off
of Denoising Diffusion Policy Optimization (DDPO)Black et al. (2024). DDPO provides a general
framework of rewarding/penalizing certain outputs which can be modified to perform concept erasure.

2.3 Pass@k Optimization

Pass@k is an evaluation metric, primarily used in code-based generation and reasoning tasks thus
far Chen et al. (2021). By generating k outputs for a single prompt and measuring the probability
that at least one of the k outputs meets the criteria, a better assessment of the model’s performance is
reached while encouraging diversity in outputs. We are interested in exploring its applications in safe
image generation.

Currently, many RL objectives optimize for pass@1 which can result in a loss of output diversity.
Recent papers have shown that a gradient estimate for the pass@k metric is possible and by optimizing
specifically for pass@k, models can learn more diverse reasoning paths improving performance on
difficult math/reasoning tasks.

Image generation greatly benefits from diverse outputs and so we plan to examine how this objective
impacts generation quality and diversity.

3Safe: defined here as free of images of our chosen target concept
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3 Method

We treat diffusion-based image generation as a sequential decision process and use Diffusion
Denoising Policy Optimization (DDPO) Black et al. (2024) to learn a policy that steers generation
away from a chosen target concept - in this case, "teddy bear".

We compare three models: (1) baseline Stable Diffusion (SD1.4), (2) hyperparameter-tuned Erased
Stable Diffusion (ESD) model, and (3) our RL-finetuned model. Each model is evaluated on 500
prompts (250 “teddy bear” + 250 “bear”).

Given the same prompts and target concept, we evaluate whether our RL-based approach more
effectively suppresses the concept while maintaining image quality.

3.1 RL-Based Erasure

We build on DDPO, which modifies the Stable Diffusion pipeline to expose log probabilities at each
step. With these log probabilities, we can apply traditional RL methods like PPO. DDPO optimizes a
PPO objective with the baseline being a per-prompt Monte Carlo estimate of the value function.

DDPO has been shown to work well at finetuning text-to-image models with general rewards,
including prompt adherence. We plan to apply this method to the dual of the problem, concept
erasure.

Traditional Concept erasure models almost always use the models internal representation (CLIP) to
modify the weights. However, the boundaries between concepts may not be clear leading to issues
like over-erasure and also opens the door for text-based adversarial attacks. By training on external
supervision we hope to mitigate over erasure and gain resistance to these attacks.

3.2 Reward Design

Our initial RL fine-tuning approach trained the model to suppress the target concept using a reward
defined as the negative mean detection confidence of teddy bears in generated images, computed
using an ensemble consisting of RT DETR Lv et al. (2024) Lv et al. (2023), YOLO Jocher et al.
(2026), and ResNet Lin et al. (2014).

Figure 1: Checkpoint Results on Target Prompt

Figure 2: Checkpoint Results on Unrelated Prompt

Figure 1 shows generations across checkpoints 0–50 for the prompt “a teddy bear sitting on a chair.”
To assess impact on unrelated prompts, Figure 2 shows the same checkpoints on the prompt "an
astronaut riding a horse on mars."

Using ensemble confidence as the reward, the model learned to avoid teddy bear image generation
without significantly sacrificing image quality. However, it also seemed to abandon the rest of the
prompt context. By epoch 50, the teddy bear was truly gone, but so was the chair in the prompt.
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Generation also appeared to converge to a small subset of bear cubs / puppies for teddy bear prompts,
which could be a sign of mode collapse.

To address our model’s tendency to omit prompt details, we modify the reward by incorporating a
CLIP-based Radford et al. (2021) term that measures semantic alignment between the input caption
and the generated image. While this encourages the model to preserve the additional context in the
prompt, it also acts as an opposing force to the ensemble teddy bear detection signal.

Our final reward definition:
For a target class c = teddy bear:

Per-detector score: fd(x) = max{ confi : classi = c } ( 0 if no such box ),

Ensemble confidence: f̄(x) = 1
3 (fYOLO + fRT-DETR + fFRCNN) ,

Training reward: g(x) = 0.2− f̄(x) + fCLIP .

Lower f̄(x) means the detectors see the teddy bear less strongly, i.e. better erasure.

3.3 pass@k

A common issue with RL and erasure specifically is mode collapse. Since the objective is to simply
avoid generating a certain class, the model could learn to generate similar subjects in its place
regardless of the prompt. For image generation, we expect the model to keep its ability to produce
diverse images. While entropy maximization methods exist, our reward encourages all generations
that do not include a teddy bear, regardless of quality. As a result, maximizing entropy would in
nonsensical, noisy images since there is nothing to ground the entropy.

Pass@k is an evaluation metric, primarily used in code-based generation and reasoning tasks thus
far Chen et al. (2021). Most RL methods, however, optimize for pass@1 with the hopes that a high
Pass@1 also translates to a high pass@k.

Recent advancements have given methods to specifically optimize for pass@k and this style of
optimization has been shown to work for long-horizon ambiguous tasks Walder and Karkhanis (2025).
Since image-generation with DDPO for concept erasure is a long-horizon task with more than one
valid path, we believe PKPO works especially well for this. It has also been shown that these methods
can encourage exploration without an explicit entropy maximization term.

The proposed gradient estimator is simply a rescaling of the gradient of the log probabilities. This
scale si for sorted rewards gi is defined as,

si =
1(
n
k

) n∑
j=1

mijgj

where mii =
(
i−1
k−1

)
if i ≥ k − 1 or 0 otherwise and mij =

(
j−2
k−2

)
if j > i and j ≥ k and k ≥ 2 and

0 otherwise.

The baseline is derived as

1(
n
k

) ∑
|I|=k

(max
j∈I

gj − max
j∈I\i

gb)

where i ∈ I ⊆ {1, 2, ..., n}.

4 Experimental Setup

4.1 ESD Hyperparameter Tuning

Because ESD performance is sensitive to its hyperparameters setting, we start by performing a
hyperparameter sweep to identify a strong baseline for comparison. This ensures that we are making
a fair comparison between the baseline and RL-based models.
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λneg Iterations Ens. (base) Ens. (ESD) FID (base) FID (ESD) Deg. (%)

1 200 0.3741 0.2898 98.99 93.39 -5.65
1 500 0.3741 0.2378 98.99 97.30 -1.70
1 1000 0.3741 0.2316 98.99 99.15 0.17
2 200 0.3741 0.1871 98.99 115.63 16.82
2 500 0.3741 0.1553 98.99 119.90 21.13
2 1000 0.3741 0.1357 98.99 127.00 28.31
5 200 0.3741 0.0835 98.99 146.44 47.94
5 500 0.3741 0.1259 98.99 134.82 36.20
5 1000 0.3741 0.0560 98.99 159.97 61.61

10 200 0.3741 0.1088 98.99 146.04 47.54
10 500 0.3742 0.0539 98.99 164.66 66.35
10 1000 0.3741 0.0527 98.99 156.84 58.45

Table 1: ESD-u hyperparameter sweep on teddy bear (SD1.4) ensemble confidence (lower =
stronger erasure); FID vs. matched COCO; degeneration = (FIDESD − FIDbase)/FIDbase × 100.
Baseline metrics are identical across rows.

Figure 3: Visualization of mean confidence and FID degeneration across a grid of iteration and
negative guidance parameters

From Figure 3, we see increasing negative guidance and training iterations leads to more successful
erasure at the cost of higher FID degeneration compared to the SD1.4 baseline. Moving forward
we will use λneg = 2 and Iterations = 1000 (highlighted in blue in Table 1) since it provides a
significant improvement in erasure, given by 13% ensemble confidence, when compared to the 37%
in SD1.4 baseline and has acceptable FID degradation at 28%.

4.2 RL Hyperparameters

Base DDPO was run on two A100-80GB GPUs with the following parameters:

• Sample Batch Size: 8
• Batches per Epoch: 6
• Train Batch Size: 4
• Grad Accumulation Steps: 6
• Learning Rate: 3e-4

This configuration gives two gradient updates per epoch which allows for some off-policy but is
mostly on policy. Since this is a difficult task with a decently long horizon (50 steps), we wanted to
make sure learning was stable.

DDPO + PKPO was run on four A100-80GB GPUs with the following parameters

• Sample Batch Size: 4
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• Batches per Epoch: 6
• Train Batch Size: 4
• Grad Accumulation Steps: 3
• Learning Rate: 3e-4

This configuration still gives two updates per epoch but batch sizes were shrunk to make room for the
extra samples. Here n = k = 8 with k set to anneal on a linear schedule down to 1 over 50 epochs.

All runs used the same dataset of 500 prompts. These prompts were collected from the COCO dataset
from two categories: teddy bear and bear. The collection features a split of 250 prompts for each
class.

Both runs were monitored and manually stopped based on image quality from the training samples.
Once the image quality had degraded to a level that is unacceptable, the training runs were stopped
and the checkpoints were evaluated to find the best performance. Base DDPO was stopped at epoch
50 and DDPO+PKPO was stopped by epoch 25.

5 Results

We evaluate our methods by capturing the tradeoff between safety, model performance, and target
fidelity for each of the models. In particular, we focus on two primary metrics: (i) the percent
decrease in target-class generation, measured via mean ensemble confidence, as a proxy for erasure
effectiveness, and (ii) the Fréchet Inception Distance (FID), which captures overall image generation
quality. These metrics used in conjunction will reflect the balance between effective concept removal
and preservation of image quality in the models.

Additionally, we further evaluate each model through the usage of adversarial prompting, such as
Ring-a-Bell-style attacks to test whether the erased concepts can be recovered under targeted prompt
manipulation.

5.1 Quantitative Evaluation

We compare the performance of our trained RL model against SD1.4 and ESD in Table 2. Our
RL model achieves an ensemble confidence score of 0.0770, whereas hyperparameter-tuned ESD
achieves 0.1357 – an approximate 41% decrease. RL holds the lowest detection confidence across
every detector and a smaller FID penalty than ESD.

Model YOLO RT-DETR FRCNN Ensemble FID Deg. (%)

SD1.4 (base) 0.3512 0.3665 0.4047 0.3741 98.99 —
ESD 0.1073 0.1255 0.1742 0.1357 127.00 28.31
RL 0.0580 0.0969 0.0855 0.0801 119.94 25.54
RL + PKPO (ours) 0.0462 0.1005 0.0842 0.0770 118.77 16.98

Table 2: Concept-erasure comparison on teddy bear (SD1.4). Detector columns and Ensemble
report mean detection confidence (lower = stronger erasure); FID vs. matched COCO (lower = better
image quality); degeneration = (FID− FIDbase)/FIDbase × 100.

As mentioned above, we were also interested in further stress-testing the models through adver-
sarial prompting. Since many concept-erasure methods operate by modifying or suppressing text-
conditioned representations, they may remain vulnerable to attacks that indirectly reintroduce the
target concept.

One such attack is Ring-a-Bell Tsai et al. (2024), which exploits text embeddings to construct prompts
that recover erased concepts. In these attacks, a concept vector is computed as the difference between
embeddings of prompts containing the teddy bear class and corresponding prompts in which the
teddy bear class is absent. This concept vector is then used to construct adversarial prompts, which
are fed to the models in an attempt to induce generation of images containing the target class. To
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evaluate the robustness of each method, we extract the teddy bear concept vector and generate 23
adversarial prompts. Results are shown in Table 3.

Model YOLO RT-DETR FRCNN Ensemble

SD1.4 (base) 0.8792 0.9391 0.9603 0.9262
ESD 0.3807 0.5289 0.4376 0.4490
RL 0.0900 0.0550 0.1388 0.0947
RL + PKPO (ours) 0.1506 0.1877 0.1968 0.1785

Table 3: Performance of models under Ring-a-Bell prompt attacks

When faced with adversarial prompting attacks, our RL-based model demonstrated greater resilience.
The ensemble confidence score for SD1.4 increased from 0.3741 to 0.9262 (∆ = +0.5521). Similarly,
ESD’s score increased from 0.1357 to 0.4490 (∆ = +0.3133). In contrast, our RL-based model
exhibited a smaller increase, rising from 0.0770 to 0.1785 (∆ = +0.1015). The best performing model
against adversarial attacks was the vanilla DDPO, which went from 0.0801 to 0.0941 (∆ = +0.0146).
We believe that the lack of diversity in outputs from vanilla DDPO (see Figure 4) makes it more
resilient to Ring-a-Bell attacks. So there’s a delicate balance to be struck between robustness and
output diversity in RL-based concept erasure.

5.2 Qualitative Analysis

Figure 4 highlights generated image samples for the prompt “a teddy bear sitting on a chair” from
both vanilla DPPO and DDPO + pass@k policy optimization (PKPO). Compared to vanilla DDPO,
DDPO+PKPO increases diversity in generated images and interestingly also improves prompt
adherence.

Figure 4: Image diversity between DDPO (left) vs. DDPO+PKPO (right). Prompt is "a teddy bear
sitting on a chair."

We also visualize the effects of adding a CLIP term to the overall training reward as an effort to
counteract the prompt-drift we noticed in our initial RL model. The idea is that the CLIP term will
reward the presence of other prompt artifacts. From Figure 5, we see generated images for the prompt
"a teddy bear wearing glasses reading a book." We see that the version of our model that utilizes
the CLIP term maintains the book in the generated image, whereas the version without has lost any
notion of the book.
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Figure 5: Prompt adherence when using reward with CLIP (left) vs. without (right). Prompt is "a
teddy bear wearing glasses reading a book."

6 Discussion

Our RL-based approach outperformed SD1.4 and ESD in both concept erasure and image quality
preservation. It achieved the lowest target-class generation rates and suffered the least degradation in
image quality, indicating a more favorable safety–fidelity tradeoff. These results suggest that RL can
provide a more effective mechanism for suppressing undesired concepts in image generation without
sacrificing image quality greatly.

Our adversarial prompting experiments further indicate that concepts removed by the RL-based
approach are more difficult to recover than those removed by ESD. This suggests that the model
is not simply suppressing the target concept under typical prompts or common associated tokens,
but is learning a form of concept removal that defends better against even adversarially constructed
prompts.

However, these gains came at a substantial computational cost. Training our RL-based model required
approximately 14 hours, compared to roughly 30 minutes for ESD. While our results demonstrate
that reinforcement learning can improve both concept erasure and robustness, the increased training
time may limit its practicality in settings where rapid model adaptation is required.

7 Conclusion

As image generation models get more powerful, robust safety techniques must keep up. We found
that RL-based methods for concept erasure outperform a baseline Erased Stable Diffusion baseline.
Furthermore, we find that using RL-based method with pass@k policy objective increases the diversity
in the outputs produced by the model.

8 Team Contributions

• Chris: Training pipeline, Reward construction, Stress testing pipeline

• Fabio: ESD Hyperparameter tuning, Reward construction, pass@k optimization

• Febie: Eval pipeline, Reward construction, CLIP

Changes from Proposal We originally proposed using a single ResNet classifier to compute the
reward signal. Over the course of the project, we iteratively refined the reward design, first by
replacing the single classifier with an ensemble of three object detectors, and later augmenting
the reward with a CLIP-based term that measures semantic alignment between the prompt and the
generated image. These modifications were intended to provide a stronger estimate of image detection
confidence while also encouraging stronger adherence to the prompt, particularly with regard to the
finer-grain details to avoid reward hacking.
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AI Disclosure In this project we used AI tools to create scaffolding to be able to run our project.
For example, we used Claude and Cursor to setup our Modal entry points. We also used AI to build,
meaning pull specific captions and create .cvs, for our eval from the COCO dataset. To be clear, we
did not use AI for the development of our ensemble reward, which is at the crux of our RL training.
We also did not use AI for the P
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