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Fig. 1: OBLIVIATE removes targeted concepts from autoregressive image generation,
including nudity, gory content, and branded imagery, while preserving scene semantics.

Abstract. The widespread adoption of generative AI models has inten-
sified concerns about misuse, including the creation of unsafe or disturb-
ing imagery. To mitigate such issues, several concept erasure approaches
have been proposed to remove harmful content from multimodal gen-
erative models. Yet concept erasure for autoregressive image generation
remains largely unexplored, despite the growing relevance of these models
in recent trends toward unified multimodal architectures. In this work,
we fill this gap by introducing OBLIVIATE, a guidance-based concept
erasure method for autoregressive image generation. Our method builds
on three key design choices: KL-based supervision over visual token
distributions, trajectory-level updates over full autoregressive rollouts,
and aligned visual prefixes for stable target construction. We evaluate
OBLIVIATE on three state-of-the-art autoregressive text-to-image mod-
els, LiQuip, EMU3-GEN, and JANUS-PRO, covering the erasure of explicit
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content, graphic violence, and branded imagery. OBLIVIATE consistently
outperforms current alternatives, reducing nudity on the defensive RAB
benchmark from 91.58 to 3.15 while preserving overall model utility.
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1 Introduction

Image generation has advanced rapidly in recent years, with modern models
achieving a level of realism and controllability that was previously out of reach.
Larger models, larger datasets, and increased computation have allowed us to
model the high-dimensional distribution of natural images with remarkable fi-
delity. These advances have been realized through a range of generative paradigms,
including direct pixel prediction as well as generation in surrogate spaces such
as continuous latents or discrete visual tokens. As a result, modern image gen-
erators can produce outputs that are often difficult for humans to distinguish
from real images. But greater realism also raises the stakes of misuse. As image
generators become more capable, inhibiting the generation of harmful, unsafe, or
legally sensitive concepts becomes increasingly important. This need for control
has brought growing attention to concept erasure, which aims to remove tar-
geted unsafe capabilities from a pre-trained generative model while preserving
its broader generation quality. The appeal of concept erasure lies in its flexible
yet persistent character: rather than retraining a model from scratch or relying
solely on superficial inference-time safeguards, it offers a direct way to edit model
behavior after training with minimal impact on general utility. Over the past few
years, this promise has led to substantial progress in diffusion-based image gener-
ation, where concept erasure has become a mature line of research [11}{19//27,/56],
and is already reflected in frontier releases such as FLUX.2 |21].

However, text-to-image generation has recently seen renewed interest in au-
toregressive (AR) architectures [3338l51], driven by the pursuit of vision-language
unification [6439,45H47], where a single transformer backbone supports both mul-
timodal understanding and generation [7l/43|. By casting image synthesis as next-
token prediction, these models inherit the scalability and modeling benefits that
have fueled progress in large language models. Yet this architectural shift has also
created a growing safety gap. While concept erasure has matured in diffusion-
based image generation, corresponding methods for autoregressive models re-
main underexplored, even though they are equally vulnerable [28|36}/42].

In this work, we bridge this gap by introducing OBLIVIATE, a method for
concept erasure in autoregressive text-to-image models. Inspired by approaches
for diffusion models, our method applies teacher guidance to increase the like-
lihood of safe visual tokens when conditioned on the critical target concept. A
direct translation of diffusion-style erasure to autoregressive image generation,
however, proves ineffective in practice: prior work shows that this setting requires
a careful balance between the dynamics of autoregressive sequence modeling and
visual generation, where desirable properties such as full-trajectory updates are
difficult to realize because the target signal becomes unstable [9]. OBLIVIATE
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addresses this tension by introducing a pseudo-unconditional branch that shares
the same wisual prefix as the conditional branch, together with a smooth KL-
based objective over logit distributions. Figure [I] illustrates OBLIVIATE on three
established autoregressive models, showing the removal of nudity, gory content,
and brand symbols from the generated images while preserving scene semantics.
Our main contributions are threefold. First, we identify the main obstacles that
prevent diffusion-based concept erasure methods from transferring directly to
the autoregressive setting. Second, we show how to overcome these challenges
through KL-based logit supervision, trajectory-level updates over full rollouts,
and an aligned pseudo-unconditional branch. Third, we demonstrate strong em-
pirical performance on three state-of-the-art autoregressive image generators
across multiple erasure scenarios, reducing explicit-content detection on the chal-
lenging Ring-A-Bell benchmark [42] from 91.58 to 3.15 on L1QuID [47] and lower-
ing brand detection to near zero across three established autoregressive models.

2 Background & Related Work

In this section, we discuss the prior work that underpins this paper. We begin
by laying out the fundamental principles of autoregressive image generation and
then review concept erasure methods to situate our approach within the broader
literature on safety interventions for generative models.

2.1 Autoregressive Image Generation

Autoregressive (AR) image generation frames synthesis as a next-token predic-
tion task, mirroring the sequential modeling of AR language models. Following
the success of the Transformer architecture [44], early works like DALL-E [33]
and Parti [50] demonstrated that high-fidelity images could be generated by
flattening 2D latent grids into 1D sequences. These models typically operate
on a discrete latent space learned by VQ-VAE [43] or VQ-GAN |[7], where an
image is represented as a series of vector quantized (VQ) visual tokens. This dis-
cretization casts text-conditioned image synthesis as autoregressive prediction
in visual token space. Let ¢ = {e¢1,...,car} denote the text-token prefix and
x = {x1,...,zn} the image-token sequence of length N. The model generates
each image token zj conditioned on both the text prefix and the previously
generated image tokens X = {z1,...,zr_1}, yielding the factorization

N
p(x|e) =[] p(ar | x<k,0). (1)
k=1

However, early VQ-based AR models were constrained by quantization errors
and the quadratic cost of self-attention over long sequences, lagging behind dif-
fusion models in synthesis quality [16L|34,135]. Recent works show that these
limitations can be mitigated through scaling and architectural refinement. Large
AR image generation models, such as LLAMAGEN [38], enable high-fidelity image
synthesis competitive with diffusion models. Furthermore, VAR [41] redefines the
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AR paradigm by moving from 1D raster-scan orders to a multi-scale approach,
predicting visual tokens across resolutions in a coarse-to-fine manner. More re-
cent advancements extend the AR paradigm to multimodal processing by inter-
leaving text and visual tokens within a single transformer. While early unified
models like CHAMELEON [39] require expensive training from scratch, JANUS [46]
and its successor JANUS-PRO [6] reduce costs by leveraging pretrained language
backbones. They introduce a decoupled visual encoding strategy to resolve the
conflict between visual understanding and generation tasks. EMU3 [45] further
scales this unified approach across text, image, and video, though it often requires
task-specific refinement to match unimodal specialists. Moving toward complete
integration, LIQUID [47] preserves a strictly unified backbone by extending pre-
trained LLMs with visual tokens, achieving cohesive token predictions across
text and image modalities.

2.2 Concept Erasure

Concept erasure permanently alters the model weights to eliminate targeted con-
cepts while preserving overall utility, making it significantly harder to circumvent
than inference-time steering mechanisms like SLD [36] or SAFREE [49]. In dif-
fusion models, which serve as the primary domain for erasure research, this is
typically achieved by fine-tuning a student model under the guidance of a frozen
teacher framework. The teacher provides a refined target distribution either via
negative guidance to steer the student away from the undesired concept |11],
or via benign surrogate targets that guide it toward safe alternatives [19,[56].
Formally, the student model ¢y is optimized to match the safe teacher prediction
€tgt When conditioned on an unsafe prompt c:

min B, [[leo(ze | 1) — eea 7] @)

where z; denotes the intermediate noisy latent state at diffusion timestep ¢ [16].

This idea was further refined in related work that explored restrictions to
certain parameter subsets for closed-form updates [12], multi-adapter fusion for
scalability [27], or adversarial inner loops for improved robustness against cir-
cumvention attempts [14}18}37,/53]. Recently, ERASEFLOW [20] showed that
concept erasure becomes more effective when training is performed over entire
generation trajectories rather than isolated intermediate states.

In contrast to image diffusion systems, autoregressive text generation oper-
ates over discrete tokens from a pre-trained text vocabulary V rather than over
image latents or pixels. Thus, erasing unwanted behavior amounts to ensuring
that pe(y) is small for all token sequences y = (y1,...,yr) € VI if y € Vunsate,
where Yunsate denotes the set of undesired text token sequences. Approaches
include closed-form rewirings to replace factual knowledge [29,(30], and gradient-
based approaches like RMU [23], which identify suspicious activations and map
them to random noise. DOOR [54] goes further by actively promoting alternative
refusal strategies. Finally, ELM [10] operates in a student-teacher framework and
employs a cross-entropy loss to suppress the generation of harmful text tokens.
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Concept erasure for autoregressive image models remains significantly less ex-
plored. Unlike text generation, image generation produces sequences that often
span thousands of tokens and must satisfy additional spatial constraints imposed
by the underlying two-dimensional image structure. These regularities only be-
come meaningful through the joint decoding of the full token sequence, rather
than through the token-wise decoding process typical of text-only LLMs. As a
result, methods developed for concept erasure in language models do not transfer
naively to autoregressive image generation. The same holds for mechanisms from
diffusion-based erasure, whose core properties, such as temporal momentum and
global denoising, rely on dynamics that differ fundamentally from autoregres-
sive image generation, where iteratively growing token sequences encode partial
images and token order encodes spatial structure.

One of the first methods to address concept erasure in autoregressive image
generation is VARE [55|. However, VARE targets next-scale prediction, where
images are generated progressively across resolution levels rather than sequential
spatial tokens, which limits its generality and makes it inapplicable to most mod-
ern autoregressive models built around a unified text-image backbone. EAR [9]
extends guidance distillation from [11] to the autoregressive setting by operating
over sampled image token sequences. Yet it updates model weights only on the
basis of disjoint token windows and requires a concept-specific dataset for each
target concept. In contrast, our proposed method OBLIVIATE draws inspiration
from [20] and updates logit distributions along full generation trajectories in
parallel. We motivate and describe the mechanism of OBLIVIATE in detail next.

3 OBLIVIATE

Before introducing OBLIVIATE, we showcase why a naive translation of diffusion-
based erasure does not yield the desired results. Our starting point is the stan-
dard teacher-guided formulation used in the diffusion-based concept erasure
ESD [11]. There, a frozen teacher model 6* defines a target denoising signal
by contrasting conditional and unconditional predictions for a given timestep ¢:

eig (@1, ¢) = €g- (¢ | D) — n(ege (21 | €) — €+ (1 | D)), (3)

where ¢ denotes the target concept, @ denotes the empty condition, and n >
0 controls the erasure strength. Intuitively, this target reverses the teacher’s
concept-specific guidance, steering the edited model away from concept c. The
naive autoregressive analog of Eq. is to define a teacher target by con-
trasting conditional and unconditional next-token predictions at position k. Let
29(x<k, c) € RVl denote the logits produced by model # over the visual vocab-
ulary V, conditioned on the previously generated image tokens x.; and text
prompt c. As the visual prefixes arising from separate rollouts are generally not
aligned, we denote by X the prefix generated with prompt c, and by X, the
prefix generated with the empty prompt @. The target can then be written as
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Fig. 2: Aligned visual prefixes prevent utility collapse. (a) Using separate visual
prefixes induces high divergence between the conditional and unconditional logits used
for classifier-free guidance. (b) This instability degrades utility over training, while
prefix alignment plus full-trajectory updates enables fast erasure without collapse.

2yt = 20 (Rens @) = (20- (%ck,0) = 20 (%<, 2) ) (4)
k k * k * k
plgi = softmax(={3)), @ ~pla or 2} = arg max Plel(v). (5)

A natural training objective in the autoregressive setting is then to treat zj as
a teacher target token and optimize the student with the cross-entropy loss:

L) = —logpo(a | X<k c). (6)

However, prior work uses unaligned visual prefixes for the conditional and
unconditional branches |]§|, causing distribution divergence (Fig. @ red curve),
which distorts the model’s learned image generation capabilities before effective
erasure is achieved. This failure mode is illustrated for LiQuiD in Fig. @
(top row), where the unaligned approach disrupts image generation well before
the target concept (Coca-Cola) is erased. To mitigate the overly pronounced
divergence, we propose to align the visual prefixes of the two predictions.

Key Idea 1: Align Visual Prefixes

We reuse the generated harmful trajectory as a shared prefix for the uncondi-
tional branch, thereby forming a pseudo-unconditional branch without text
conditioning but with an aligned visual prefix. This stabilizes the target and
isolates the tokens most responsible for sustaining the undesired concept.

Concretely, let x = {Z1,...,Zn} ~ pg=(- | ¢) denote a harmful rollout sam-
pled from the frozen teacher under the harmful prompt c. Instead of evaluating
the conditional and unconditional branches on separate forward passes, we reuse
this teacher-generated trajectory as the shared prefix for both. This yields a
pseudo-unconditional prediction that is grounded in the same evolving visual
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context as the harmful generation itself. Using the same visual prefix in both
branches has two advantages. First, it stabilizes target construction, since the two
predictions are compared under the same visual context rather than across sepa-
rate generations. Second, it helps identify which parts of the trajectory are gen-
uinely concept-bearing. When conditioned on the empty prompt &, the teacher
tends to drift toward more neutral continuations even when the visual prefix
already contains early harmful structure, whereas conditioning on c continues
to reinforce harmful completions. Their discrepancy, therefore, highlights the to-
kens most responsible for sustaining the undesired concept, enabling targeted
weight updates without disrupting the broader semantics of the prompt.
We use this trajectory-aligned contrast for the target signal at position k:

28] = 20 (Re @) = 020+ (Rens©) = 20 (Rer, @), plg) = softmax(2(5)).
(7)

The original ESD formulation for diffusion models performs each update at
a single sampled timestep [11]. In contrast, autoregressive generation naturally
supports supervision over entire sequences through causal masking, rather than
limiting each gradient update to a single position. We therefore extend the ob-
jective to trajectory-wide supervision to leverage this computational advantage.

Key Idea 2: Train on Full Rollouts

We optimize over all token predictions in a sampled rollout rather than a
single position, so a single gradient update leverages N supervision signals.

This is not only substantially more efficient, but it is also better suited to
concept erasure, as harmful behavior unfolds over the generation chain rather
than at an isolated token, and aligns with prior erasure work showing improved
erasure quality from updates along complete generation paths [20].

Extending the single-step objective in Eq. [6] to the full trajectory loss yields:

N
Lrr-cE = 3 dord) = *% > logpy(j, | %<k, ). (8)
k=1 k=1

In Fig. @ (middle row), we show how no erasure occurs within the first 40
steps when using isolated token updates, while in the bottom row, full trajectory
updates already yield erasure results within the first 20 steps.

A major obstacle to full-trajectory erasure in autoregressive image genera-
tion is that most generated tokens are not concept-bearing, which has prevented
trajectory-level updates in prior work [9]. To avoid overly aggressive updates on
generic visual tokens and the resulting utility degradation, we exploit a key dif-
ference from language modeling: many language tokens strongly constrain what
can follow, whereas image-token prediction is often multi-modal, with many visu-
ally synonymous token continuations that share similar local semantics [5]. As a
result, standard cross-entropy can overemphasize isolated target tokens, whereas
supervising the distribution rather than the token naturally deemphasizes less
informative regions by spreading the probability mass more evenly.
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Fig. 3: OBLIVIATE overview. (1) A frozen base model (e.g., LIQUID) serves as
a teacher that generates a harmful image-token trajectory from the target prompt.
(2) The same trajectory conditions both conditional and pseudo- unconditional teacher
predictions, whose logits are subtracted to form the target in Eq. . ) A student
copy is then trained under the target prompt via full-trajectory KL superv1s1on.

Key Idea 3: Match Distributions with KL

We replace hard token-level supervision with a Kullback—Leibler divergence
over the predicted distributions, yielding a more comprehensive target signal.

Concretely, we train the student to match the teacher-induced target distri-
butions over the full sampled rollout via a KL divergence over the visual logits:

N
1 N
LOsrLiviare = N Z Dk (pEQ | p(k)> where pék) = softmax (2 (X<, )).

9)

In effect, the student learns to reallocate probability mass away from harm-

ful concept-related continuations and toward safer alternatives. Taken together,
OBLIVIATE combines three core ideas: aligning the conditional and uncondi-
tional branches via shared visual prefixes, trajectory-level training over full au-
toregressive rollouts, and distribution-level supervision through KL divergence
over visual logits. Together, these components suppress harmful continuations
while preserving the safe semantics of the prompt. Fig. [3] provides an overview of
OBLIVIATE with additional details and illustrations deferred to Appendix [AT]
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4 Experiments

This section introduces the experimental setup, including benchmarks, model
selection, and baselines, and then presents the findings and an ablation study.

4.1 Experimental Setup

Benchmarks and Scenarios. To evaluate the versatility and efficacy of OBLIVI-
ATE, we consider a diverse set of concept erasure scenarios spanning both broad
semantic categories and fine-grained targets. In the safety domain, we distin-
guish between explicit content, which refers primarily to nudity and the visi-
ble exposure of intimate body parts, and gory content, which includes bloody
or horror-related scenes that may be disturbing to unsuspecting viewers. For
explicit content, we evaluate on the human-validated T2I-RiskyPrompt (T2I-
RP) [52], the real-user Inappropriate Image Prompts (I2P) benchmark [36],
and the red-teaming benchmarks Ring-A-Bell (RAB) [42] and MMA-Diffusion
(MMA-Diff) [48]. Notably, the latter two were designed specifically to probe the
robustness of concept erasure methods by using indirect or optimized prompts.
For gory content, we use the bloody-content subset of T2I-RiskyPrompt. Be-
yond safety-related concepts, we also study fine-grained erasure in the form of
unbranding. To this end, we evaluate the removal of commercial entities using
the Unbranding benchmark |28]. Since the original benchmark contains only 56
prompts for the target concept (i.e., Coca-Cola), we augment it with 500 ad-
ditional curated prompts to enable a more statistically robust evaluation. We
provide example prompts from that set in the Appendix (see Sec. . To eval-
uate erasure capabilities on holistic, non-localized visual distributions, we also
evaluate artistic style removal for Van Gogh, deferring full results to Appendix

Sec. [A8

Evaluation Metrics. For each concept class, we use a dedicated classifier to
determine whether the target concept is present in a generated image. Based on
these predictions, we report the Concept Detection Rate (CDR |), defined as the
fraction of generated images in which the target concept is detected. For explicit
content, we use the NudeNet detector [4], which flags images containing exposed
intimate body parts. For gory content, we use the Q16 classifier [36] to detect
bloody or otherwise inappropriate visual content. For the unbranding setting, we
use an ensemble of three open-source vision-language models, QWEN2.5-VL 2],
LLAVA-1.5 |26], and PHI-3.5-VISION-INSTRUCT |1], to perform zero-shot clas-
sification of brand presence. Each model is asked whether the target brand logo
is visible in the generated image, and we aggregate their predictions through
majority voting to obtain a more robust detection signal. To assess whether
concept erasure preserves general model utility, we further evaluate image qual-
ity on a 10,000-sample subset of MJHQ-30K [22]. Across all experiments, we
report FID [15] and CLIP-Score |32] to measure visual fidelity and text-image
alignment, respectively.
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Model Selection. We evaluate OBLIVIATE on three well-established autoregres-
sive text-to-image models, covering both unified multimodal architectures and
specialized autoregressive image generators. The pool of suitable candidates re-
mains relatively limited, as competitive autoregressive image generation is still a
recent development, and several alternative systems are either not purely autore-
gressive or not publicly available. Against this backdrop, we choose LIQUID-
7B 47|, a unified autoregressive model built on the GEMMA backbone [40] with
512 x 512 image resolution, EMU3-GEN, the specialized image-generation vari-
ant of the EMU3 [45] family with 720 x 720 resolution, and JANUS-PRO [6], a
lighter model with 384 x 384 resolution that also enables direct comparison to
prior work. Across all three models, OBLIVIATE is implemented through LoRA
fine-tuning with rank 32, o = 16, and 5% dropout, and all evaluations use the
respective default inference settings of each base model. We find that the method
is fairly stable across models: LIQUID consistently uses n = 2 and EMU3-GEN
uses 7 = 1. While we vary n for JANUS-PRO to optimize specific erasure-utility
trade-offs, 7 = 10 serves as a robust default choice across all scenarios, rendering
precise parameter tuning non-critical. Full training configurations, and hyperpa-
rameter settings are provided in Appendix [A2]

Baselines. We compare OBLIVIATE against a set of inference-time steering and
concept erasure baselines. ORIGINAL denotes the unmodified base model. As a
simple training-free baseline, we consider NEGATIVE PROMPTING, which replaces
the null-text branch at inference time with a target concept string and thereby

steers generation away from that concept [3|. Concretely, the guided logits at

-, k
position k are formed as ZI(\H:), = 2g(X<k, Cneg) + 1| 20(X<k, C) — zg(x<k,cneg)),

where c is the user prompt, cpe is the concept erasure target used as a negative
prompt, and 7 is the guidance scale. Unlike concept erasure, this intervention is
applied only during inference and leaves the model weights unchanged.

We further include SAFE LATENT DIFFUSION [36], an inference-time safety
mechanism originally developed for diffusion models, which we adapt to the au-
toregressive setting and denote as SLD* (see Sec. . Compared to standard
negative prompting, SLD introduces an explicit safety guidance term and applies
an elementwise, thresholded scaling to selectively steer the denoising prediction
away from directions aligned with unsafe concepts. We also evaluate SUPERVISED
FINE-TUNING (SFT) as a standard optimization baseline. We sample 1,000 Edit-
Bench prompts 25|, insert the targeted harmful concept ¢ at random positions,
and fine-tune the model to map this sequence to the image generated by the
original clean prompt. Finally, we compare against EAR [3g], a fine-tuning based
concept erasure method designed for AR image generation with JANUS-PRO.
We use their publicly released checkpoint for explicit content. For the other two
scenarios, we train new checkpoints using their official implementation.

4.2 Experiment Results

Explicit Content Erasure. Table[[]shows that OBLIVIATE is the most effective
method overall for suppressing explicit content across all three autoregressive
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Table 1: Nudity erasure results. Erasure effectiveness is measured by Concept Detec-
tion Rate (CDR ), while utility is assessed with FID and CLIP.

Model | Method | CDR | | Utility
| | T2I-RP  I2P RAB MMA-Diff | FID | CLIP ¢
Original 45.82 17.83 91.58 20.30 14.24 13.06
Liquip Negative Prompt 17.67 7.73  35.79 7.60 16.24 13.13
SLD* |36| 25.23 6.66  58.95 7.30 15.09 13.12
Supervised Fine-tuning 27.26 13.00 45.26 16.20 14.60 13.05
OBLIVIATE (Ours) 3.73 5.26 3.15 2.80 15.41 13.10
Original 45.91 7.73 82.10 23.80 12.14 13.32
EMU3-GEN Negative Prompt 10.30 3.43 24.21 3.20 15.80 13.29
SLD™* |36| 20.43 2.58 48.43 5.30 15.09 13.12
Supervised Fine-tuning 27.98 7.55 61.05 13.50 12.82 13.23
OBLIVIATE (Ours) 4.97 1.18 11.57 1.30 15.33 13.41
Original 62.08 14.39 55.79 18.70 12.39 13.16
Negative Prompt 18.47  10.74 18.95 6.00 13.74 13.40
Janus-Pro | SLD* |36| 50.44 20.31  22.10 5.70 18.32 13.40
Supervised Fine-tuning 45.74 10.52 50.95 14.60 11.86 13.14
EAR [9] 28.33 6.02 11.58 0.80 31.63 13.16
OBLIVIATE (Ours) 18.11 5.15 1.05 1.00 12.31 13.35

models. On L1QUID, it reduces the Concept Detection Rate (CDR) from 45.82
to 3.73 on T2I-RP and from 91.58 to 3.15 on the adversarially crafted RAB
benchmark, substantially outperforming Negative Prompting, SLD*, and SFT.
While SFT preserves utility, its safety boundaries are fragile, leaving a high
residual CDR of 45.26 on RAB. A similar trend holds for EMU3-GEN, where
OBLIVIATE achieves the lowest CDR on all four benchmarks and is particularly
strong on I12P and MMA-Diff, reducing detection to 1.18 and 1.30, respectively.
On JANUS-PRO, OBLIVIATE improves over all alternative methods on T2I-RP,
I2P, and especially RAB, where it lowers CDR to 1.05 compared to 11.58 for
EAR and 50.95 for SET. Although EAR attains the best score on MMA-Diff,
this comes at a severe cost in utility, increasing FID to 31.63, whereas OBLIVIATE
preserves image quality at the level of the original model with an FID of 12.31.
To illustrate the semantic shift caused by EAR, we provide generations from the
evaluation in Appendix Sec.[A4] We attribute this gap in part to our trajectory-
aligned target construction, where the pseudo-unconditional branch is evaluated
on the same visual prefix as the conditional branch. This shared visual context
yields a more faithful guidance signal and helps preserve generation fidelity.

Gory Content Erasure. The gory-content results in Table 2a] show that eras-
ing violent and bloody visual concepts is substantially more challenging than
suppressing explicit content, yet OBLIVIATE still provides the strongest overall
reduction in concept detection across all three models. On LIQUID, it lowers the
CDR from 87.65 to 39.06, clearly outperforming Negative Prompting, SLD, and
SFT while maintaining competitive utility. On EMU3-GEN, the gains are more
moderate but remain consistent. The most challenging case is JANUS-PRO, but
OBLIVIATE still yields the greatest improvement, reducing CDR from 94.74 to
77.83 without severe utility degradation.
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Table 2: Additional concept erasure results for gory content (EI) and branded content
@ across all three autoregressive image generation models.

(a) Gory content erasure results. Safety is mea- (b) Coca-Cola erasure results on the augmented
sured by Concept Detection Rate (CDR |), while Unbranding benchmark measured by CDR |.

utility is assessed with FID and CLIP. Utility is assessed with FID and CLIP.
Model | Method | COR | | Utility Model | Method | COR | | _ Utility
| | T21 - RP | FID | CLIP ¢ | | Coca-Cola | FID | CLIP 1
Original 87.65 1424 13.06 Original 94.60 1424 13.06
Liguin Negative Prompt 66.19 17.83  13.12 Liquin Negative Prompt 73.56 1548 13.14
SLD* [36] 76.62 16.19  13.11 SLD* [36] 84.35 14.82  13.11
Supervised Fine-tuning |  79.45 1459 13.05 Supervised Fine-tuning |  14.21 1424 13.03
OsLiviaTE (Ours) 39.06 | 1677  13.03 OsLiviaTe (Ours) 5.22 14.34  13.07
Original 86.94 12,14 13.32 Original 98.74 12,14 13.32
) Negative Prompt 62.25 18.84  13.37 o o | Negative Prompt 58.09 13.96  13.19
EMUS-GEN | g Ty [36] 62.86 16.23  13.35 EMUS-GEN | g1 - [36] 91.37 14.80  13.27
Supervised Fine-tuning |  76.72 1257 13.17 Supervised Fine-tuning |  64.03 1211 1317
OsLiviaTE (Ours) 56.78 | 16.17 1347 OsLiviaTE (Ours) 4.14 1417 13.40
Original 94.74 12,39 13.16 Original 87.77 12.39  13.16
Negative Prompt 90.89 1372 13.20 Negative Prompt 63.31 1319 13.22
Janus-Pro | SLD* [36] 85.02 18.03  13.25 Janus-Pro | SLD* [36] 59.35 1767 13.25
Supervised Fine-tuning |  86.23 11.87  13.15 Supervised Fine-tuning | 32.19 1153 13.15
EAR [9] 88.06 1284 13.21 EAR [9] 85.61 1770 13.74
OBLIviATE (Ours) 77.83 | 1422 13.06 OsLiviaTE (Ours) 0.18 1176 13.19

Unbranding. Table [2b| shows that OBLIVIATE is especially effective in the un-
branding setting, reducing the Concept Detection Rate of the Coca-Cola brand
to near zero across all three models. On LiQuiD, CDR drops from 94.60 to 5.22,
on EMU3-GEN from 98.74 to 4.14, and on JANUS-PRO from 87.77 to 0.18. In
all cases, this substantially outperforms the inference-time steering baselines,
SFT, and for JANUS-PRO, the fine-tuning based EAR method. Although SFT
successfully preserves or improves utility metrics, it leaves a prominent trade-
mark footprint, such as a 32.19 CDR on JANUS-PRO. In contrast, the utility
shift under OBLIVIATE is minimal on LIQUID, comparable to that of the base-
lines on EMU3-GEN, and on JANUS-PRO, the FID even improves relative to the
original model. The remarkable margin of OBLIVIATE over all baselines in the
unbranding setting can be explained by the structure of branded concepts and
our targeted loss formulation. Unlike explicit or gory content, brand identity
is often characterized by localized visual patterns designed to withstand visual
distortions, such as simple color schemes or basic logo shapes. Due to their ro-
bust design, multiple different token configurations can produce similar brand
markings. Methods that rely on concrete token supervision may suppress one
realization of the concept while leaving nearby alternatives unaffected.

By contrast, the KL-based objective in OBLIVIATE acts on the full predic-
tive distribution rather than on a single target token. Combined with negative
guidance, this suppresses not only the most likely brand-specific token, but also
nearby alternatives that would produce a visually similar symbol or pattern. The
qualitative samples in Fig. [fa] support this behavior. In the Coca-Cola examples
for L1QUID, OBLIVIATE does not merely perturb the original logo rendering, but
steers the generation away from the characteristic red-and-white brand design
altogether, yielding a more generic can instead. In the subsequent section, we
corroborate our loss choice by comparing it to the cross entropy alternative. The
trajectory-based formulation further strengthens local erasure, since the teacher
rollout already follows a branded generation path and the contrast with the
pseudo-unconditional branch can isolate the parts of the sequence that keep the



OBLIVIATE: Erasing Concepts from Autoregressive Image Generation Models 13
N sIb® [ SET. | /Obliviate [ Original | * Obliviat

Explicit Content
Explicit Content

BF T
I gl A
€ e €
2 2
c < 2 c
5 4 s
@ T o
2| 2|
S|y o 2 o S
) ¢ > S
kJ > P y &

Unbranding (Coca-Cola)
Unbranding (Coca-Cola)

(a) Liquip (b) EMU3-GEN
Fig. 4: Qualitative OBLIVIATE results on (a) LIQUID and (b) EMU3-GEN in
direct comparison to the ORIGINAL, NEGATIVE ProMPTING (NP), SFT, and SLD*

baselines samples. OBLIVIATE consistently outperforms the other approaches. A similar
grid of samples for JANUS-PRO is provided in Fig. in the Appendix.

model anchored to the brand. As a result, OBLIVIATE removes brand-specific
structure while leaving the surrounding scene semantics largely intact.

4.3 Ablation Study

Effect of the Negative Guidance Scale. Table [3a] examines the role of the
negative guidance scale 7, which controls the strength of concept repulsion in
the teacher target. Across models, increasing n generally strengthens erasure but
also introduces a clearer utility trade-off. On LiQUID, moderate values around
1n = 2.0 to 3.0 provide the best balance, yielding strong reductions in CDR, while
keeping FID close to the original model. On EMU3-GEN, larger values improve
erasure further, but this comes at a pronounced cost in FID, indicating a sharper
sensitivity to aggressive guidance. JANUS-PRO exhibits a similar pattern at a
higher operating range, where stronger guidance can further suppress the tar-
get concept, especially on adversarial benchmarks, but with diminishing returns.

Effect of the Erasure Prompt. Table studies how the choice of concept
prompt c affects erasure in two settings: a semantically diffuse concept in the
form of explicit content, and a visually localized concept in the form of the Coca-
Cola logo. For explicit content, we report the average CDR across all 4 safety
benchmarks. The comprehensive prompt consistently outperforms the simple one
across all models, with especially large gains on EMU3-GEN, suggesting that se-
mantically broad concepts benefit from a richer textual specification that covers
a wider neighborhood of related meanings. For Coca-Cola, the trend reverses:
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Table 3: Ablation studies for OBLIVIATE. Left: varying the negative guidance scale 7.
Right: varying the concept prompt c. Broader concepts benefit from richer semantic
descriptions, whereas a brand symbol is better erased through a precise prompt.

(a) Effect of the negative guidance scale n on explicit- (b) Effect of the concept prompt c used

content erasure. Larger n generally strengthens sup- to construct the teacher target. We com-
pression but introduces a trade-off with utility, espe- pare simple and comprehensive prompts for

cially for LiQuip and EmMU3-GEN. explicit-content and Coca-Cola erasure.

Model | Eta (n) CDR | | Utility Scenario | Model | Prompt ¢ | CDR | | FID | CLIP 1
\ | T2I-RP 2P RAB MMA-Diff | FID § CLIP 1 Liquin Caimple ‘ 6.36 ‘ 1546 13.14
1.0 7.01 559 1.05 5.20 1472 13.09 Ceomp. 3.74 | 1541 1310
) 2.0 373 526 3.15  2.80 | 1541 13.10 oo 2778 | 13.54 1330
Liquip 3.0 3.20 387 421 3.50 16.09 13.08  Dxplicit ‘F‘”"-f-G” . ‘ 4.76 ‘ 1533 13.41
4.0 6.48 3.65 4.21 3.20 16.48 13.16 : —
N pe— 821 | 1230 13.26
1.0 4.97 118 11.57  1.30 1533 13.41 Ceomp 6.33 | 1231  13.35

Eau3. G | 125 5.60 3.22 14.74  1.60 17.24  13.42
o 1.5 320  0.97 10.53  0.80 20.63  13.50 Liquip Csimple ‘ 5.22 ‘ 1434 13.07
2.0 2.58 0.86 5.26  0.40 25.62  13.60 Ceomp 5450 | 1449 1301
- P . 2 i | Coimple 414 | 1417 1340
1.0 8348 730 105 1.20 1256 13.23  Branding | Bau3-Gen | il ‘ L1e ‘12.33 12

Jants.Pro | 80 19.89 559 1.05  0.00 |13.78 13.42
10.0 18.11 5.15 1.05 1.00 12.31  13.35 JAnUS-Pro | Ceimple ‘ 0.18 ‘ 11.76  13.19
12.0 2043 591 0.00  0.30 13.08  13.33 Ceomp. 19.60 | 1534 1331

the simple prompt based on the exact brand name performs substantially better
than the more descriptive alternative on all models. Concretely, Csimple =“Coca-
Cola logo”, whereas the comprehensive variant is Ceomp. =“classic handwritten
white calligraphic script with flowing white lettering of the words Coca-Cola on
red background”. We provide the remaining prompts in Appendix [AG]

Distribution Supervision. Table [] compares Cross Entropy token supervi-
sion with KL distribution matching for LIQUID in the explicit content scenario.

While KL-supervision improves era-
sure on three of four CDR bench- Table 4: KL vs. CE ablation in OBLIVIATE

marks (T2I-RP, RAB, MMA), the (L1QuiDp) for explicit-content erasure.

main advantage lies in the reduc- ‘ CDR | Utility
tion of distribution shift (FID) that Loss|T2-RP 12P RAB MMA |FID | CLIP f
is caused by trajectory-level training.  CE ‘ 4.77  4.73 526 440 | 23.24 13.06
These results support Proposal 3 (cf. KL 875 526 315 280 [15.41 15.10
Sec. . Matching the full predictive

distribution provides a richer signal than hard token targets and an implicit
regularization that avoids overly aggressive updates in unrelated image regions.

5 Limitations & Conclusion

OBLIVIATE transfers the negative-guidance principle from diffusion-based con-
cept erasure to autoregressive image generation. In diffusion models, negative
guidance contrasts conditional and unconditional predictions at a denoising step
to steer the model away from a target concept. In the autoregressive setting, the
analogous signal must be defined over next-token distributions along a grow-
ing visual sequence. OBLIVIATE evaluates two teacher predictions on the same
visual prefix: a conditional prediction using the target prompt and a pseudo-
unconditional prediction using empty textual conditioning. Their difference de-
fines a concept-suppressing target distribution, which supervises the student
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Table 5: Multi-object erasure of five ImageNet classes on JaNUs-Pro (n = 10).

Erased classes ‘ Avg. CDR | ‘ Utility
\ | FID | CLIP{ POPE1 GenEval

- 75.76 12.39 13.16 87.83 79.38
Tench 0.00 11.98 13.21 87.62 76.80
Tench + F. Horn 0.00 11.84 13.20 87.67 74.30
Tench + F. Horn + G. Truck 12.20 11.82 13.21 87.51 74.28
Tench + F. Horn 4 G. Truck + Parachute 25.05 11.74 13.20 87.48 74.23
Tench + F. Horn + G. Truck + Parachute + Church 47.56 11.82 13.19 87.53 75.03

across the full rollout. This formulation provides a practical starting point for
autoregressive concept erasure, but it also leaves several directions open.

One such direction is robustness under stronger adversarial evaluation. Our
experiments focus on established safety and red-teaming benchmarks, while
future work should additionally test adaptive white-box attacks with access
to model parameters and gradients, e.g., [31]. Such evaluations would clarify
whether the observed suppression remains reliable under targeted attempts to
recover the erased concept. Scaling to multiple concepts is another open chal-
lenge. Preliminary results via adapter merging in Tab. [f] indicate that joint
erasure is feasible, but effectiveness decreases as more concepts are added. Eras-
ing one or two classes yields an average CDR of 0, whereas three, four, and
five classes increase it to 12.20, 25.05, and 47.56, respectively. FID, CLIP, and
POPE |24] remain largely stable, but GenEval [13] decreases from 79.38 to ap-
proximately 74-75, suggesting some loss in general compositional generation.
While we showed that OBLIVIATE consistently improves concept erasure over
inference-time steering and fine-tuning baselines, the practical relevance of this
line of work depends on the broader trajectory of image-generation architec-
tures. Autoregressive image generation remains less mature than diffusion-based
generation, but may become increasingly important through unified multimodal
models. If future systems instead continue to favor diffusion-based generation,
the need for specialized autoregressive erasure methods may remain narrower.
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