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Diffusion models often perpetuate social biases, including gender, age, and race.

These biases may lead to detrimental effects in real-world contexts, such as reinforcing stereotypes 
in media representations or perpetuating inequalities in automated decision-making systems.



Existing approaches to debias diffusion models generally fall into two main strategies.

• Train unbiased models from scratch on biased datasets [1] or fine-tune the target model [2]

• resource-intensive

• significantly impact the model's original performance

• Guide or edit the generation process [3, 4, 11]

• use gradients w.r.t distribution loss or learn a latent vector to guide the generation process

• risking overcorrecting the model behavior or distorting non-target attributes

We are the first to interpret and find the mechanisms (features) related with property of generated 
contents, specifically those cause the bias output, within the semantic space in diffusion models.

Question: can we find mechanisms that help to better understand and mitigate 
bias within diffusion models?
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(a) Disentangling polysemantic feature  (b) Identifying target bias feature  (c) Intervening bias feature



Methodology

We follow [4] target at bottleneck layer, which is a semantic space in the U-Net [7] of diffusion models, 
suggesting that bias related mechanism may concentrate in this space.
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Methodology

Latent space is known as ploy-semantic [6], which means one neuron links to multiple unrelated 
concepts. 

We follow [7] that finds interpretable features using Sparse Autoencoders to disentangle the latent 
space from the model layer into a mono-semantic space. 

(a) Disentangling polysemantic feature
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Social biases are related with activations of bias features. 

To identify which feature causes bias generations, we train a light-weight classifier 𝐹𝑥 , and then we 
identify bias related features using a gradient-based attribution method.

Methodology

(a) Disentangling polysemantic feature
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Methodology

The bias level in generated images exhibits a monotonic relationship with the scale of bias-related 
features. Thus, we control over the level of bias in generated content by adjusting the activation scale 
of these features.

Intervention results

(c) Intervening bias feature

𝑠24

Suppress

Amplify



Results

Experiment settings

• Diffusion Model Architecture
• P2 model [8]

• Stable Diffusion v1.5 [9]

• Baselines
• interpretability methods 

• Activation [10] locates influential neurons according to the neuron activation values. 

• Latent Direction [11] identifies interpretable semantic directions within the latent space in the U-Net.

• guidance-based methods
• Latent Editing [4] tries to learn a latent vector to guide the unbiased generation within the bottleneck layer of U-Net. 

• H-Distribution [3] employs distributional loss on bottleneck layer as guidance in diffusion models.

• Finetuned-based methods
• Finetuning [2] finetunes the model to align with a user-defined target distribution. 

• Evaluation metrics
• Fairness Discrepancy (FD) [3] which calculates the Euclidean distance between a reference distribution and the bias 

distribution of generation.

• Fréchet Inception Distance (FID) [12] measures quality of generated images. 

• CLIP-T calculates the CLIP-based semantic similarity between the generated image and the input text prompt.

• CLIP-I assesses the similarity between originally generated images and images after debiasing.



Results

Question: How effectively does DiffLens mitigate social bias while maintaining image quality? 

Finding 1: DiffLens effectively neutralizes biases while preserving image quality.

P2 model [8]

• Stable Diffusion v1.5 [9]

FD stands for Fairness Discrepancy, FID measures image quality, CLIP-I assesses the similarity between originally generated images and images after debiasing, CLIP-T calculates the CLIP based semantic 
similarity between the generated image and the input text prompt 



Results

Question: Can DiffLens accurately identify intrinsic mechanism of bias generation? 

Finding 2: DiffLens preserves overall image semantics.



Results

Question: How well does DiffLens control the bias level through intervening in the found bias 
features? 

Finding 3: DiffLens produces natural transitions, consistently preserving semantic feature.
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Results

Question: How well does DiffLens control the bias level through intervening in the found bias 
features? 

Finding 4: DiffLens offers broader bias control.

• The Log Gender Ratio in the right reflects the log

Of male to female ratio in the generated images, 

with 0 indicating balance.

• We achieve overall stable results. 



Results

Question: Can DiffLens control multi-attributes simultaneously?

Finding 5: DiffLens is able to disentangle different bias features and accurate identification of these 
features.
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Key takeaways

• We introduced a novel approach DiffLens, for mitigating social biases in diffusion models by 
dissecting, analyzing and intervening in the internal mechanisms of the diffusion model. 

• We disentangle, identify, and control bias-related features with precision, allowing targeted bias 
mitigation while preserving non-target attributes.

• We offer an interpretable solution to bias mitigation in diffusion models.

Our paper and code are available at project page 
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