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Divergence(Model distribution  Target distr.) 

•Divergence frontiers [Djolonga et al. AISTATS ’20] 

•MAUVE: evaluate open text generation 
[P. et al. NeurIPS ’21] 

This work: estimate metrics from samples 

•Statistical bounds  Empirical performance

∥

↔

-Divergence Frontiersf

>> prompt: What is mauve? 

Mauve is a pale purple color named after the 
mallow flower (French: mauve). It is a 
combination of red and blue with a hint of gray.

or

How good are 
these generative 
models?

Challenge: 
multiple 
correct 
responses

Generalization of Renyi frontiers [Djolonga et al. AISTATS ’20] 

and KL frontiers [P. et al. NeurIPS ’21]

Introduction: Open-Ended Generation Mauve: An Information Divergence Measure Experiments Conclusion

Two Types of Errors

I Denote P for the human text distribution and Q for the model text distribution
I Type I error: Q places high mass on text unlikely under P (e.g., degenerate text)
I Type II error: Q cannot produce text plausible under P (e.g., due to nucleus sampling)
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Type I Error:
The time is
the time is
the time is
the time · · ·

Type II Error:
I just visited
Utqiagvik and
Nuchalawoyya
in Alaska.
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P: target 
distribution

Q: model 
distributionFidelity error Diversity error
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Softly 
measure both 

errors with      
-divergencesf

Type I Error = (Q|P)Df Type II Error = (P|Q)Df
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Area 
summary

Mid-point 
summary

Integral 
summary
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[P. et al. NeurIPS ’21] [Liu, P. et al. NeurIPS ’21]KL  Jensen-Shannon→

λ = 1/2

∫
1

0
(λD(P∥Rλ) + (1 − λ)D(Q∥Rλ))dλ

Estimation with Vector Quantization

Continuous Distribution Quantized Distribution Empirical Estimator

1. How to select the

quantization level ?k

2. Can we do better than the

naïve empirical estimator?

3. How many data are needed to achieve a good accuracy?
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P̂Sk,nDistribution P Quantized 
distribution P𝒮k

Empirical 
distribution ̂P𝒮k,n

Standard estimation procedure [Sajjadi et al. 2018, P. et al. 2021]

1. How to select the 
quantization size ?k

2. Can we do better than 
the empirical estimator?

3. What is the sample complexity?

Estimation error bounds

Statistical error: For discrete  with support size P, Q k

𝔼 |Df( ̂Pn∥Q̂n) − Df(P∥Q) | ≲
k
n

Total error: For any  and , there exists a 
partitioning  such that 

P, Q k
𝒮k

𝔼 Df( ̂P𝒮k,n∥Q̂𝒮k,n) − Df(P∥Q) ≲
k
n

+
1
k

Smoothing: For the add-  estimator  of b ̂P𝒮k,n,b P

𝔼 Df( ̂P𝒮k,n,b∥Q̂𝒮k,n,b) − Df(P∥Q) ≲
nk + bk
n + bk

+
1
k

Add-1/2 smoothingGood-TuringEmpirical

 ratek /n

Smoothing helps especially at small n

Non-parametric: estimate  using -NN 
Rate =  [Noshad et al. ISIT 2017]

P(x)/Q(x) k
(k/n)1/d + 1/k

Result: All estimation methods work in practice 
• Parametric is non-robust to hyperparams

Classifier: estimate  w/ logistic regressionP(x)/Q(x)
Parametric: Approximate  w/ GaussiansP, Q

Larger models are better
Shorter generations 
are better

Quantify benefits of 
truncation heuristics
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Software

KrishnaPillutlakrishnap25.github.io

http://krishnap25.github.io

