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Introduction

• Text-to-image diffusion models are trained on large-scale, web-sourced datasets that often include harmful, copyrighted, 
or NSFW content.

• As a result, these models can reproduce or amplify such unsafe concepts during generation.
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Concept Erasure

• Existing methods rely on fine-tuning, model editing, or inference-time steering.

• They work on normal prompts but fail under adversarial attacks like UnlearnDiffAtk.

• These methods ignore trajectory-level structure, treating each denoising step independently.

• Adversarial unlearning improves robustness but is computationally expensive and harms image fidelity.

Yim eng Zhang, Jinghan Ji a, Xin Chen, Aochua n C he n,  Yihua Zhang, Ji ancheng Liu, Ke Ding,  and Si ji a Liu. T o ge ne ra te  or not? sa fe ty-driven unlea rned di ffusion models are sti ll  ea sy to  generat e unsafe ima ge s .. . for now, 2024.

Yim eng Zhang, Xin Chen, Jinghan Ji a, Yihua Zhang, C hongyu Fan, Ji ancheng Liu, Mingyi Hong, Ke  Ding, a nd Si ji a Liu. Defe nsive  unlea rning wi th adversari al training for robust  concept  erasure in  diffusion mode ls. Advance s in  Ne ural  Inform ation Processing Syst ems,  37:36748 –36776,  2024.



Key Contributions

•Addresses prior gaps by modeling the full 
denoising trajectory using GFlowNets.

•Achieves robust erasure while maintaining 
high fidelity and efficiency.

•Enables stable, reward-free training across 
different T2I architectures.
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Methodology



GFlowNets

• GFlowNets samples outcomes proportional to a reward:

• 𝑃 𝑥 ∝ 𝑅(𝑥)

• Sampling is modelled as a traversal through a DAG:

• Nodes = states 𝑠0, 𝑠1, … , 𝑠𝑇

• Edges = transitions

• Start at 𝑠0, end at terminal state 𝑠𝑇 = 𝑥

• Forward policy 𝑃𝐹(𝑠𝑡+1|𝑠𝑡) defines how the model moves 
forward through states.

• Backward policy 𝑃𝐵 𝑠𝑡 𝑠𝑡+1) allows reverse traversal.

𝑃 𝑠𝑇1 ∝ 𝑅(𝑠𝑇1)

𝑃 𝑠𝑇2 ∝ 𝑅(𝑠𝑇2)

𝑠0 𝑠𝑇1𝑠1 𝑠5 𝑠7

𝑠2 𝑠4 𝑠8 𝑠𝑇2

𝑃𝐹 …

𝑃𝐹

𝑃𝐹

GFlowNet sampling paths over a DAG. Each path represents a 

trajectory with sampling of the final states proportional to the reward.

…

Yoshua Bengio, Sale m La hlou, Trist an Deleu, Edward J Hu, Mo Tiwari,  and Emm anue l B engio. Gflowne t foundati ons.  Journal  of Ma chine Lea rni ng R esea rch, 24(210): 1–55,  2023.



Detailed Balance (DB) Objective

• Each state has a flow value 𝐹(𝑠𝑡)— unnormalized density.

• The system satisfies the detailed balance conditions:

𝐹 𝑠𝑡 . 𝑃𝐹 𝑠𝑡+1 𝑠𝑡 = 𝐹 𝑠𝑡+1 . 𝑃𝐵 𝑠𝑡 𝑠𝑡+1

𝐹 𝑠𝑇 = 𝑅(𝑠𝑇)

• Training Loss:

𝐿𝐷𝐵 =  ෍

𝑡=0

𝑇−1

log 𝐹(𝑠𝑡) + log 𝑃𝐹 𝑠𝑡+1 𝑠𝑡 − log 𝐹 𝑠𝑡+1 − log 𝑃𝐵(𝑠𝑡|𝑠𝑡+1) 2

At the final state: 𝐹 𝑠𝑇 = 𝑅(𝑠𝑇)

𝑠𝑡 𝑠𝑡+1

𝑃𝐹(𝑠𝑡+1|𝑠𝑡)

𝑃𝐵(𝑠𝑡|𝑠𝑡+1)

𝐹(𝑠𝑡) 𝐹(𝑠𝑡+1)

Forward and backward transitions between states 𝑠𝑡and𝑠𝑡+1, with 

flow values 𝐹 𝑠𝑡 , 𝐹(𝑠𝑡+1) ensuring detailed balance:

𝐹 𝑠𝑡 . 𝑃𝐹 𝑠𝑡+1 𝑠𝑡 = 𝐹 𝑠𝑡+1 . 𝑃𝐵(𝑠𝑡|𝑠𝑡+1) 

Yoshua Bengio, Sale m La hlou, Trist an Deleu, Edward J Hu, Mo Tiwari,  and Emm anue l B engio. Gflowne t foundati ons.  Journal  of Ma chine Lea rni ng R esea rch, 24(210): 1–55,  2023.



Fitting Diffusion in GFlowNet

• Forward Policy: 

• Backward Policy: 

𝑃𝐹 𝑠𝑡 𝑠𝑡−1, 𝑐 =  𝑝𝜃(𝑥𝑡−1|𝑥𝑡, 𝑐)

𝑃𝐵 𝑠𝑡−1 𝑠𝑡 = 𝑞(𝑥𝑡|𝑥𝑡−1)

• Diffusion models generate images by iteratively denoising latent states — forming a directed acyclic graph 

(DAG) from noise → data.

• GFlowNets learn probabilistic flows over DAGs, sampling trajectories proportional to an unnormalized 

reward.

𝑠0 𝑠𝑡−1 𝑠𝑡 𝑠𝑇
. . . . . .

𝑷𝑭(𝒔𝒕|𝒔𝒕−𝟏)

𝑷𝑩(𝒔𝒕−𝟏|𝒔𝒕)

𝐹(𝑠0) 𝐹(𝑠𝑡−1) 𝐹(𝑠𝑡) 𝐹(𝑠𝑇)

Dinghuai Zhang, Yiz he Zhang, Ji ata o Gu, R uixi ang Zhang, Josh Susskind,  Navde ep Jai tl y, and Shua ngfei Zhai . Im proving gflowne ts for te xt-t o-image di ffusion al ignment,  2024.



Detailed Balance loss with Diffusion process

𝐿𝐷𝐵 =  ෍

𝑡=0

𝑇−1

log 𝐹(𝑠𝑡) + log 𝑃𝐹 𝑠𝑡+1 𝑠𝑡 − log 𝐹 𝑠𝑡+1 − log 𝑃𝐵(𝑠𝑡|𝑠𝑡+1) 2

𝐿𝐺𝐹_𝑑𝑖𝑓𝑓 =  ෍

𝑡=0

𝑇−1

log 𝐹∅(𝑥𝑡) + log  𝑝𝜃 𝑥𝑡−1 𝑥𝑡, 𝑐 − log 𝐹∅ 𝑥𝑡+1 − log 𝑞(𝑥𝑡|𝑥𝑡−1) 2



Initial Experiments with DB

• Optimizing the 𝐿𝐺𝐹_𝑑𝑖𝑓𝑓 objective gives reasonable initial 

performance.

• However, training becomes unstable over time due to poor 
credit assignment across denoising steps.

• This instability leads to model collapse and loss of prior 

fidelity.



Trajectory Balance for Improved Credit 
Assignment

𝑥𝑇 𝑥𝑇−1 𝑥0𝑍∅ = 𝐹(𝑥0)

𝑝𝜃(𝑥𝑡−1|𝑥𝑡)

𝑞(𝑥𝑡|𝑥𝑡−1)

. . .
𝐹 𝑥𝑇 = 𝑅(𝑥𝑇)

𝑍∅ is the sum of all the 

rewards achievable.

𝑍∅ ෑ

𝑡=1

𝑇

𝑝𝜃 𝑥𝑡−1 𝑥𝑡, 𝑐) = 𝑅 𝑥0 ෑ

𝑡=1

𝑇

𝑞(𝑥𝑡|𝑥𝑡−1) Provides Global View

𝐿𝑇𝐵_𝑒𝑟𝑎𝑠𝑢𝑟𝑒 = log 𝑍∅ +  ෍

𝑡=1

𝑇

𝑝𝜃 𝑥𝑡−1 𝑥𝑡, 𝑐)  −  log 𝑅 𝑥0 −  ෍

𝑡=1

𝑇

𝑞(𝑥𝑡|𝑥𝑡−1)

2

Nikola y Ma lkin, Moksh Jain, E mmanuel Be ngio, Chen Sun, a nd Yoshua Be ngio. Traj ectory bal ance : Improve d credit  assignme nt  i n gflowne ts, 2023.



Reward-Free Alignment Strategy

• Prior methods depend on task-specific reward models → unstable & brittle. We instead utilize assign anchor trajectories 
(τc∗) and assign a constant reward (β) . This drives the target prompt’s flow to match the anchor’s safe distribution. 
Enables stable, reward-free concept erasure.



EraseFlow Algorithm



Experimental Results



Evaluation Setup

• Tasks:

• NSFW (Nudity) — red-teaming prompts from I2P, Ring-a-Bell, MMA-Diffusion, and UDAtk.

• Artistic Style — 50 adversarial prompts each for Van Gogh and Caravaggio.

• Fine-Grained — 10 prompts × 10 images per concept (Nike, Coca-Cola, Pegasus wings).

• Metrics:

• ASR (↓) — NudeNet detector @ 0.6 threshold.

• Style Similarity (↓) — cosine similarity via CSD.

• Concept / Total Score (↑) — from Gecko & EraseBench.

• CLIP Score (↑) and FID (↓) on MSCOCO.

• Training Time (min) for efficiency comparison.



Overall Performance



Detailed NSFW Performance



Finegrained Detailed Results



Qualitative Results



Ablation Studies

• Effect of log β:

• Small values (≤ 1) → unstable training and poor 
erasure.

• Moderate range [2 – 3] → stable optimization and 

best erasure–quality trade-off.

• Very large values (≥ 50) → better FID but weaker 
erasure.

• Effect of STOP SAMPLING:

• Higher values → more anchor resampling, better 
credit assignment, and stronger erasure.

• Optimal around epoch 20.

• Too small → limited trajectory diversity, leading to 
weaker erasure.



Limitations & Future Work

• Multi-concept erasure remains challenging — visually similar concepts (e.g., multiple faces) can cause 
interference and reduced retention.

• Needs adaptive strategies to disentangle overlapping concepts more effectively.

• Generalization to flow-matching models (e.g., Flux) is weaker than in diffusion models. Needs good ODE-
to-SDE designs for better integration.



We release our code and weights to the open-
source community!



Thank you!
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