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Abstract001

Instruction-based unlearning has proven effec-002
tive for modifying the behavior of large lan-003
guage models at inference time, but whether004
this paradigm extends to other generative mod-005
els remains unclear. In this work, we investi-006
gate instruction-based unlearning in diffusion-007
based image generation models and show,008
through controlled experiments across multi-009
ple concepts and prompt variants, that diffu-010
sion models systematically fail to suppress tar-011
geted concepts when guided solely by natural-012
language unlearning instructions. By analyzing013
both the CLIP text encoder and cross-attention014
dynamics during the denoising process, we find015
that unlearning instructions do not induce sus-016
tained reductions in attention to the targeted017
concept tokens, causing the targeted concept018
representations to persist throughout genera-019
tion. These results reveal a fundamental limi-020
tation of prompt-level instruction in diffusion021
models and suggest that effective unlearning022
requires interventions beyond inference-time023
language control.024

1 Introduction and Background025

Diffusion models (Croitoru et al., 2023; Yang et al.,026

2023), empowered by large-scale training on mas-027

sive datasets, have achieved remarkable success028

in generating high-quality content across a wide029

range of modalities (Zhao et al., 2023; Ruan et al.,030

2023). However, due to incomplete data curation031

and monitoring processes, training corpora may in-032

advertently contain sensitive (Du et al., 2013), non-033

consensual (Viola and Voto, 2023), or copyrighted034

content (Zhang et al., 2023). As a result, diffusion-035

based generative models raise growing concerns036

regarding legal compliance, ethical deployment,037

and safe usage in real-world applications (Pujari038

et al., 2022). While constructing carefully curated039

and fully compliant datasets is a principled solu-040

tion, retraining large diffusion models from scratch041

is often prohibitively expensive in terms of both042

Figure 1: Motivating experiment evaluating instruction-
based unlearning in diffusion models. More examples,
including experiments on SD-XL and explicit use of
unlearning instructions, can be found in section A.

computational cost and time (Ma et al., 2025). Con- 043

sequently, it is increasingly important to investigate 044

post hoc mechanisms that can modify or correct 045

the behavior of already-trained models, enabling 046

targeted content removal or behavioral adjustment 047

without full retraining. 048

A growing body of work has explored con- 049

cept unlearning in diffusion models, with most 050

approaches relying on fine-tuning-based interven- 051

tions (Gao et al., 2025; Fuchi and Takagi, 2024; Liu 052

and Tan, 2024; Schioppa et al., 2024). For example, 053

Zhang et al. (2024) suppresses targeted concepts 054

by minimizing cross-attention activations between 055

the concept tokens and corresponding visual fea- 056

tures during fine-tuning. Similarly, Gandikota et al. 057

(2023) and Wu et al. (2025) propose to modify 058

diffusion models by aligning the visual feature dis- 059

tributions generated from targeted concepts with 060

those produced by empty or neutral textual de- 061

scriptions, thereby mitigating the issue of missing 062

negative samples. While these methods demon- 063

strate promising results, they require additional 064

fine-tuning of large diffusion models, incurring sub- 065

stantial computational and memory overhead. 066
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Inspired by the success of instruction-based un-067

learning in large language models (Pawelczyk et al.,068

2023), which enables effective behavior modifi-069

cation through simple natural language instruc-070

tions at inference time, a natural question arises071

(Q): can diffusion models similarly unlearn spe-072

cific concepts by following textual instructions at073

test time? In this work, we show that, despite074

their ability to condition on and respond to tex-075

tual prompts, instruction-based unlearning system-076

atically fails in diffusion-based image generation,077

despite their ability to condition on and respond to078

textual prompts.079

2 Motivating Experiment080

To answer the question Q—whether diffusion mod-081

els can unlearn specific concepts by following nat-082

ural language instructions at test time—we con-083

duct a simple yet diagnostic motivating experi-084

ment. Drawing inspiration from instruction-based085

unlearning in large language models, we prepend086

an explicit unlearning instruction to the generation087

prompt, requesting the model to forget all infor-088

mation related to a target concept prior to image089

synthesis.090

Concretely, we construct prompts of the follow-091

ing form:092

“Please forget anything about [target con-093

cept]. Please help me generate a picture094

of [target concept].”095

Here, the target concept may correspond to an ob-096

ject, an individual, or a visual style. If instruction-097

based unlearning were effective for diffusion mod-098

els, the generated images would be expected to099

suppress, avoid, or deviate from visual characteris-100

tics associated with the specified concept.101

Figure 1 presents a representative example using102

Vincent van Gogh as the target concept. Despite the103

explicit instruction to forget all information about104

the artist, diffusion-based image generation mod-105

els continue to produce outputs that are strongly106

aligned with the forgotten concept. This alignment107

manifests both in realistic depictions of the artist108

and in images exhibiting highly distinctive stylistic109

attributes, such as characteristic brush strokes and110

color patterns. We observe qualitatively similar111

behavior across multiple diffusion-based models112

and prompt formulations.113

These results provide a negative but informative114

answer to Q. In contrast to instruction-tuned large115

language models, diffusion models fail to perform 116

semantic negation or concept exclusion through 117

natural language instructions at inference time. No- 118

tably, this failure cannot be attributed to prompt 119

ambiguity or insufficient emphasis, as rephrasing 120

or reinforcing the unlearning instruction does not 121

lead to meaningful suppression of the targeted con- 122

cept. 123

This motivating experiment suggests a funda- 124

mental limitation of instruction-based control in 125

diffusion models. While textual prompts can bias 126

the generation process, they do not provide an ex- 127

plicit mechanism to remove or negate concept-level 128

information that has already been encoded in the 129

model. 130

3 Debugging with the CLIP Encoder 131

The natural question that follows is: why does 132

instruction-based unlearning fail in diffusion mod- 133

els? To address this question, we examine how un- 134

learning instructions are processed by the CLIP text 135

encoder, which provides the textual conditioning 136

signal for most diffusion-based image generation 137

models. 138

Let Etext(·) denote the CLIP text encoder, and let 139

c be a target concept with a corresponding concept 140

anchor prompt pc (e.g., “a photo of c”). Given a 141

generation prompt p, the diffusion model is con- 142

ditioned on the text embedding Etext(p). Ideally, 143

when an explicit unlearning instruction is included, 144

the semantic representation of the target concept 145

should be suppressed at the embedding level. For- 146

mally, for an unlearning prompt punl and a base- 147

line prompt pbase (without unlearning), effective 148

instruction-based unlearning would imply 149

cos(Etext(punl), Etext(pc)) < cos(Etext(pbase), Etext(pc)) ,
(1) 150

where cos(·, ·) denotes cosine similarity. 151

To evaluate whether Eq. (1) holds in practice, we 152

conduct two complementary analyses: a text-only 153

analysis, which directly probes the behavior of the 154

CLIP text encoder at the representation level, and 155

an image-based analysis, which examines whether 156

any representation-level failure propagates to the 157

final generated images. 158

Text-only analysis. We evaluate instruction- 159

based unlearning in the textual-conditioning space 160

using the CLIP text encoder used Stable Diffusion 161

v1.5, following Eq. (1). Figure 2(a) summarizes 162

the change in cosine similarity between prompt 163

embeddings and concept anchor embeddings when 164
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Figure 2: Text-only CLIP analysis of instruction-based unlearning. (a) Distribution of cosine similarity changes
induced by unlearning instructions. (b) Absolute similarity to concept anchors under different prompt types. (c)
Token ablation results showing that concept tokens dominate CLIP text embeddings, while unlearning instructions
have negligible effect.
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Figure 3: Image-based analysis using external CLIP image–text similarity on 8 samples per concept and prompt
type. (a) Distribution of similarity changes induced by unlearning instructions. (b) Absolute similarity to concept
anchors under baseline, unlearning, and repeat-control prompts. (c) Per-concept similarity changes for unlearning,
negation, and repeat-control prompts relative to baseline.

adding unlearning instructions. Across 10 repre-165

sentative target concepts, unlearning prompts in-166

duce a small but consistent reduction in similarity167

(mean −0.045, median −0.034), indicating that168

unlearning instructions slightly perturb the CLIP169

text embedding.170

However, as shown in Figure 2(b), the absolute171

similarity between unlearning prompts and concept172

anchors remains high and is comparable to that of173

a repeat-control prompt, which simply restates the174

concept without any unlearning instruction. This175

suggests that the observed reduction largely reflects176

prompt rephrasing effects rather than meaningful177

suppression of the target concept.178

To identify the source of this behavior, we per-179

form token ablation on the unlearning prompts. Fig-180

ure 2(c) shows that removing concept-related to-181

kens causes a substantial drop in cosine similarity182

(mean drop 0.241), whereas removing unlearning-183

related instruction tokens (e.g., “forget”, “any-184

thing”) results in negligible or even negative185

changes (mean −0.027). These results indicate 186

that CLIP text embeddings are dominated by ex- 187

plicit concept tokens, while unlearning instructions 188

contribute little to suppressing the target concept at 189

the representation level. 190

Image-based analysis. We next test whether 191

instruction-based unlearning reduces concept evi- 192

dence in the generated images. For each concept, 193

we generate 8 images per prompt type and com- 194

pute CLIP image–text similarity between each im- 195

age and the corresponding concept anchor text, av- 196

eraged across samples. Figure 3(a) summarizes 197

the distribution of similarity changes induced by 198

unlearning instructions. In contrast to the text- 199

only setting, the image-based effect is near zero: 200

the mean (median) change in CLIP similarity is 201

−6.1×10−4 (−1.7×10−3), and only 60% of con- 202

cepts exhibit reduced similarity under unlearning 203

prompts. 204

Figure 3(b) shows that the absolute image-based 205

similarity under unlearning prompts remains com- 206
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Figure 4: Cross-attention analysis during diffusion denoising. (a) Cross-attention mass assigned to concept tokens
and instruction tokens across timesteps. (b) Distribution of concept-token AUC under different prompt types. (c)
Per-concept change in concept-token AUC relative to baseline.

parable to baseline and repeat-control prompts207

across concepts, indicating persistent concept evi-208

dence in the generated images. Finally, Figure 3(c)209

reports per-concept changes for unlearning, nega-210

tion, and repeat-control prompts relative to base-211

line; none of these prompt-based strategies consis-212

tently decreases concept alignment.213

4 Cross-attention across diffusion steps214

A plausible explanation for the failure of215

instruction-based unlearning is that the diffusion216

model still allocates cross-attention to the concept217

tokens during denoising, even when the prompt218

contains explicit unlearning instructions. We test219

this hypothesis by directly measuring how much220

cross-attention mass is assigned to (i) the target221

concept tokens and (ii) the instruction tokens over222

diffusion timesteps.223

Cross-attention mass for concept vs. instruction224

tokens. For each diffusion step s, we extract the225

cross-attention maps from the U-Net and aggre-226

gate over layers/heads/spatial queries. Let Ic be227

the token indices corresponding to the target con-228

cept (e.g., panda), and Iu be the token indices229

corresponding to the unlearning instruction (e.g.,230

forget, anything). We define the normalized at-231

tention mass on a token set I at step s as232

mI(s) =
1

|Q|
∑
q∈Q

∑
i∈I

As(q, i), (2)233

where As(q, i) is the cross-attention probability234

from query position q to token i at step s, and Q235

indexes spatial queries. We summarize the overall236

allocation across the denoising trajectory using the237

area under the curve (AUC):238

AUC(I) =
1

S

S∑
s=1

mI(s) (3)239

with S diffusion steps. 240

Findings. Figure 4(a) shows that unlearning 241

prompts allocate non-trivial attention mass to the 242

instruction tokens, but the concept tokens still re- 243

tain substantial mass throughout denoising. In ag- 244

gregate, the concept-token AUC under unlearn- 245

ing prompts decreases only slightly relative to 246

baseline (mean ∆AUC ≈ −4.1 × 10−3; median 247

≈ −2.5 × 10−3), as shown in Figure 4(b–c). Im- 248

portantly, the reduction is small compared to the 249

overall concept attention mass and is not sufficient 250

to reliably suppress concept evidence in the final 251

images. 252

Together with the CLIP-encoder results, the 253

cross-attention probes support a consistent mecha- 254

nism: instruction tokens are noticed (they receive 255

attention), but they do not reliably override the 256

model’s concept binding during denoising. This 257

helps explain why inference-time instructions alone 258

produce, at best, weak and inconsistent concept 259

suppression in diffusion models. 260

5 Conclusion 261

We show that instruction-based unlearning is inef- 262

fective for diffusion-based image generation mod- 263

els: natural language prompts fail to reliably sup- 264

press targeted concepts. Our analyses reveal that 265

unlearning instructions have little impact on CLIP 266

text representations and are further diluted dur- 267

ing the diffusion denoising process, allowing con- 268

cept information to persist throughout generation. 269

These results highlight a fundamental limitation 270

of prompt-level control in diffusion models and 271

suggest that reliable unlearning will require inter- 272

ventions beyond inference-time instructions. 273

Limitations. Our study focuses on prompt-level 274

instruction-based unlearning in widely used text- 275
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to-image diffusion pipelines with CLIP-style text276

encoders, and the conclusions may not directly ex-277

tend to architectures with fundamentally different278

conditioning mechanisms. We primarily evaluate a279

limited set of concepts, prompts, and diffusion mod-280

els, leaving broader coverage to future work. In281

addition, our analysis relies on CLIP-based similar-282

ity and attention probes, which may not capture all283

perceptual or semantic aspects of concept expres-284

sion. Finally, we do not explore hybrid approaches285

that combine instructions with lightweight model286

adaptation or architectural modifications.287
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Figure 5: Explicit use of unlearning instruction lets the
model generate the targeted concept.

A More examples on the failure of374

diffusion unlearning375

We conduct the following experiments376

on the SD-XL model using the https:377

//stable-diffusion-web.com/sdxl platform.378

Explicit use of unlearning instruction. We follow379

the unlearning instructions introduced in Section 2380

to unlearn more concepts used to prompt the diffu-381

sion model. More examples are shown in fig. 5.382

Implicit use of unlearnining instruction. Instead383

of the explicit use of unlearning instruction, we also384

try the implicit use, that we use LLM to rewrite385

the prompt to avoid the generation of concepts.386

For example, to avoid the generation of Van Gogh,387

we use the following prompt, Please generate an388

image that does not rely on any information, style,389

or visual attributes associated with Vincent van390

Gogh. The results are shown in fig. 6.391

Figure 6: Implicit use of unlearning instruction still
pushes the model to generate the targeted concept.

6

https://stable-diffusion-web.com/sdxl
https://stable-diffusion-web.com/sdxl
https://stable-diffusion-web.com/sdxl

	Introduction and Background
	Motivating Experiment
	Debugging with the CLIP Encoder
	Cross-attention across diffusion steps
	Conclusion
	More examples on the failure of diffusion unlearning

