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Unlearning for Generative Models
Setup: Generative model over samples      with ground truth density           


Data:                          split across retain set       and forget set 


Given: Pretrained model                , sample access to       and         


Goal: Unlearn       , i.e., learn the distribution which would have resulted from 
training on        only  


Target:            , the density over  
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Unlearning as Posterior Sampling

• Define Bernoulli random variable     which indicates retain set membership:


•              denotes the realization           , else


• Define retain component density      as the conditional density over                  , 
forget component density        as conditional density over 


• Task: Given samples                                                                         with known 
marginal                  , learn the distribution of     conditioned on  
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Temper-Then-Tilt Estimator

• Classifier Guidance:                                       where       is the Bayes’ 
optimal classifier between       and       , i.e.,                                        


• Train classifier                         parameterized by      on the finite dataset 


• Define the T3-Unlearning estimator                                                with 
parameter 
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Theoretical Analysis

• Analyze error of the unlearned distribution                                        in 
terms of classifier excess risk 


• Define two complimentary error metrics


• Retain Error:  

• Forget Error:        
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Theoretical Results
• Retain Error of untempered estimator is bounded                     


• Forget Error is linear in the forget component peak density  


• This dependence is tight;        with excess risk     s.t. 


• Tempering improves robustness to forget component sharpness at the cost of 
estimator bias


• Forget Error:                                                                        for


• Retain Error:                                                 where            
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LLM Implementation
Autoregressive Form:                                   , where     is 
prefix of tokens and      is a candidate next token in the sequence  


Classifier: Train                 to predict probability that the sequence              
comes from        for each prefix           in each string in  


Unlearning Update:  

Parameterization: Define 	     as low-rank linear head on top of mean-
pooled base model hidden states
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TOFU Benchmark Performance

• We primarily evaluate on the TOFU unlearning benchmark


• Forget Quality: p-value measuring indistinguishability to a retrained 
reference model


• MU-ROUGE: Harmonic mean of generative utility metrics over 3 datasets





Computational Efficiency

Runtimes (left) and number of trainable parameters (right) for each unlearning method 
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