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Decoding from Language Models

e.g., GPT-3

Sampling from the LM: 

Pretrained LM

Researchers found British unicorns spoke perfect English. Researchers found Prompt:

that global warming has endangered 
many species. Global warming is an 
established scientific fact that 
has been extensively studied and 
confirmed by researchers…

Fluent but suffers from topic drifts  
(not coherent)

Stochasticity may lead to unlucky 
sampling choices :( 



Decoding from Language Models

e.g., GPT-3Pretrained LM

Researchers found British unicorns spoke perfect English. Researchers found Prompt:

Searching for the most likely string: 
British unicorns spoke perfect 
English. British unicorns spoke 
perfect English. British 
unicorns spoke perfect English… 

Repetitive and uninsteresting

The modes of the language model 
distribution are highly degenerate :( 



Decoding from Language Models

e.g., GPT-3

Sampling from the LM: 

Pretrained LM

Searching for the most likely string: 

How to generate coherent text, without sacrificing fluency/diversity? 

A better decoding objective: Contrastive Decoding 

Fluent but suffers from topic drifts  
(not coherent)

Repetitive and uninsteresting



Why contrast language models? 

GPT-3: who played will on as the world turns?    

Repetition: who played will on as the world turns?

Factual Error: John McCook

Topic Drift: Spolier---- Back when Shirly Fields was on ths show there

Large LMs suffer from these failures. 

Smaller LMs are more prone to these failures! 

Can we cancel out the bad behaviors?  
Down weight the common failures + Emphasize the remaining good behaviors! 



<latexit sha1_base64="f5xlupZzefDBXIuXIyj08nk3e9w=">AAACH3icbVDLSgMxFM34rPVVdelmsBVclRkp1WXRjcsKVoW2lEx6R4N5DMkdbRnmT9z4K25cKCLu/BvTx0KtBwKHc85Nck+UCG4xCL68ufmFxaXlwkpxdW19Y7O0tX1pdWoYtJgW2lxH1ILgClrIUcB1YoDKSMBVdHc68q/uwViu1QUOE+hKeqN4zBlFJ/VK9Y6CB6alpKqfdQZMK8yzDsIAbZwNKr0Jz8Z6Xsnz4iTTK5WDajCGP0vCKSmTKZq90menr1kqQSET1Np2GCTYzahBzgS4a1MLCWV39AbajioqwXaz8X65v++Uvh9r445Cf6z+nMiotHYoI5eUFG/tX28k/ue1U4yPuxlXSYqg2OShOBU+an9Ult/nBhiKoSOUGe7+6rNbaihDV2nRlRD+XXmWXB5Ww3q1dl4rN06mdRTILtkjByQkR6RBzkiTtAgjj+SZvJI378l78d69j0l0zpvO7JBf8L6+AajqpTU=</latexit>xcont
Maximize

The undesired behaviors cancel out via contrastive objective. 

Contrastive Objective

❌ (Both assigned high probs)

❌ (Both assigned low probs)

✅ (Prefered by the expert LM)

Repetition: British unicorns…

Topic Drift: Global warming…

<latexit sha1_base64="Bg7OW6thlXCSfaXgUQZtS5pE+H8=">AAAB/HicbVDLSsNAFJ3UV62vaJduBovgqiRS1GXRjcsK9gFtCJPppB06mYSZGzGE+ituXCji1g9x5984bbPQ1gMDh3Pu5Z45QSK4Bsf5tkpr6xubW+Xtys7u3v6BfXjU0XGqKGvTWMSqFxDNBJesDRwE6yWKkSgQrBtMbmZ+94EpzWN5D1nCvIiMJA85JWAk364ORDzCiT8A9gia5iQiU9+uOXVnDrxK3ILUUIGWb38NhjFNIyaBCqJ133US8HKigFPBppVBqllC6ISMWN9QSSKmvXwefopPjTLEYazMk4Dn6u8NE0nrLArMZERgrJe9mfif108hvPJyLpMUmKSLQ2EqMMR41gQecsUoiMwQQhU3WTEdE0UomL4qpgR3+curpHNedy/qjbtGrXld1FFGx+gEnSEXXaImukUt1EYUZegZvaI368l6sd6tj8VoySp2qugPrM8fJyCVHQ==</latexit>

log pama
<latexit sha1_base64="ZlOPZJsY6rNar02tD8Vi334pXrM=">AAAB/HicbVDLSgNBEJyNrxhf0Ry9DAbBU9gVUY9BLx4jmAckYZmd9CZDZneHmV5JWOKvePGgiFc/xJt/4+Rx0MSChqKqm+6uQElh0HW/ndza+sbmVn67sLO7t39QPDxqmCTVHOo8kYluBcyAFDHUUaCEltLAokBCMxjeTv3mI2gjkvgBxwq6EevHIhScoZX8Yqkjkz5VfgdhhIZnMFITv1h2K+4MdJV4C1ImC9T84lenl/A0ghi5ZMa0PVdhN2MaBZcwKXRSA4rxIetD29KYRWC62ez4CT21So+GibYVI52pvycyFhkzjgLbGTEcmGVvKv7ntVMMr7uZiFWKEPP5ojCVFBM6TYL2hAaOcmwJ41rYWykfMM042rwKNgRv+eVV0jiveJeVi/uLcvVmEUeeHJMTckY8ckWq5I7USJ1wMibP5JW8OU/Oi/PufMxbc85ipkT+wPn8AVTJlTs=</latexit>

log pexp

-9.4 -10.2

-27.4-29.6

Good Cont: their language … -20.5 -11.5

-0.8

2.2

9.0

<latexit sha1_base64="EjKNIUeSv6/7/hIT9uem72XFhF8=">AAACAHicbVBNS8NAEN34WetX1IMHL8EieCqJFPVYrAcPHirYD2hC2Ww37dLNJuxOxBJy8a948aCIV3+GN/+NmzYHbX0w8Hhvhpl5fsyZAtv+NpaWV1bX1ksb5c2t7Z1dc2+/raJEEtoiEY9k18eKciZoCxhw2o0lxaHPaccfN3K/80ClYpG4h0lMvRAPBQsYwaClvnnohhhGBPP0Nuu7QB9BkbRxnfXNil21p7AWiVOQCirQ7Jtf7iAiSUgFEI6V6jl2DF6KJTDCaVZ2E0VjTMZ4SHuaChxS5aXTBzLrRCsDK4ikLgHWVP09keJQqUno6878XDXv5eJ/Xi+B4NJLmYgToILMFgUJtyCy8jSsAZOUAJ9ogolk+laLjLDEBHRmZR2CM//yImmfVZ3zau2uVqlfFXGU0BE6RqfIQReojm5QE7UQQRl6Rq/ozXgyXox342PWumQUMwfoD4zPH1zVluk=</latexit>

LCD



Maximize
<latexit sha1_base64="f5xlupZzefDBXIuXIyj08nk3e9w=">AAACH3icbVDLSgMxFM34rPVVdelmsBVclRkp1WXRjcsKVoW2lEx6R4N5DMkdbRnmT9z4K25cKCLu/BvTx0KtBwKHc85Nck+UCG4xCL68ufmFxaXlwkpxdW19Y7O0tX1pdWoYtJgW2lxH1ILgClrIUcB1YoDKSMBVdHc68q/uwViu1QUOE+hKeqN4zBlFJ/VK9Y6CB6alpKqfdQZMK8yzDsIAbZwNKr0Jz8Z6Xsnz4iTTK5WDajCGP0vCKSmTKZq90menr1kqQSET1Np2GCTYzahBzgS4a1MLCWV39AbajioqwXaz8X65v++Uvh9r445Cf6z+nMiotHYoI5eUFG/tX28k/ue1U4yPuxlXSYqg2OShOBU+an9Ult/nBhiKoSOUGe7+6rNbaihDV2nRlRD+XXmWXB5Ww3q1dl4rN06mdRTILtkjByQkR6RBzkiTtAgjj+SZvJI378l78d69j0l0zpvO7JBf8L6+AajqpTU=</latexit>xcont

The undesired behavior (e.g., repetition) cancels out via contrastive objective. 

But the amateur LM is not always wrong: 

False positive 

An implausible token gets a high CD score 
because the amateur assigns very low prob  

False negative

A correct token gets a low CD score 
because the amateur also assigns high prob 

Contrastive Objective



Plausibility Constraints

Truncates the tail of the LM distribution

Zero out tokens with prob < 0.03

= 0.3

False positive 

Example: schools 🥭

p(🥭 | schools)

<latexit sha1_base64="ZlOPZJsY6rNar02tD8Vi334pXrM=">AAAB/HicbVDLSgNBEJyNrxhf0Ry9DAbBU9gVUY9BLx4jmAckYZmd9CZDZneHmV5JWOKvePGgiFc/xJt/4+Rx0MSChqKqm+6uQElh0HW/ndza+sbmVn67sLO7t39QPDxqmCTVHOo8kYluBcyAFDHUUaCEltLAokBCMxjeTv3mI2gjkvgBxwq6EevHIhScoZX8Yqkjkz5VfgdhhIZnMFITv1h2K+4MdJV4C1ImC9T84lenl/A0ghi5ZMa0PVdhN2MaBZcwKXRSA4rxIetD29KYRWC62ez4CT21So+GibYVI52pvycyFhkzjgLbGTEcmGVvKv7ntVMMr7uZiFWKEPP5ojCVFBM6TYL2hAaOcmwJ41rYWykfMM042rwKNgRv+eVV0jiveJeVi/uLcvVmEUeeHJMTckY8ckWq5I7USJ1wMibP5JW8OU/Oi/PufMxbc85ipkT+wPn8AVTJlTs=</latexit>

log pexp
<latexit sha1_base64="Bg7OW6thlXCSfaXgUQZtS5pE+H8=">AAAB/HicbVDLSsNAFJ3UV62vaJduBovgqiRS1GXRjcsK9gFtCJPppB06mYSZGzGE+ituXCji1g9x5984bbPQ1gMDh3Pu5Z45QSK4Bsf5tkpr6xubW+Xtys7u3v6BfXjU0XGqKGvTWMSqFxDNBJesDRwE6yWKkSgQrBtMbmZ+94EpzWN5D1nCvIiMJA85JWAk364ORDzCiT8A9gia5iQiU9+uOXVnDrxK3ILUUIGWb38NhjFNIyaBCqJ133US8HKigFPBppVBqllC6ISMWN9QSSKmvXwefopPjTLEYazMk4Dn6u8NE0nrLArMZERgrJe9mfif108hvPJyLpMUmKSLQ2EqMMR41gQecsUoiMwQQhU3WTEdE0UomL4qpgR3+curpHNedy/qjbtGrXld1FFGx+gEnSEXXaImukUt1EYUZegZvaI368l6sd6tj8VoySp2qugPrM8fJyCVHQ==</latexit>

log pama
<latexit sha1_base64="EjKNIUeSv6/7/hIT9uem72XFhF8=">AAACAHicbVBNS8NAEN34WetX1IMHL8EieCqJFPVYrAcPHirYD2hC2Ww37dLNJuxOxBJy8a948aCIV3+GN/+NmzYHbX0w8Hhvhpl5fsyZAtv+NpaWV1bX1ksb5c2t7Z1dc2+/raJEEtoiEY9k18eKciZoCxhw2o0lxaHPaccfN3K/80ClYpG4h0lMvRAPBQsYwaClvnnohhhGBPP0Nuu7QB9BkbRxnfXNil21p7AWiVOQCirQ7Jtf7iAiSUgFEI6V6jl2DF6KJTDCaVZ2E0VjTMZ4SHuaChxS5aXTBzLrRCsDK4ikLgHWVP09keJQqUno6878XDXv5eJ/Xi+B4NJLmYgToILMFgUJtyCy8jSsAZOUAJ9ogolk+laLjLDEBHRmZR2CM//yImmfVZ3zau2uVqlfFXGU0BE6RqfIQReojm5QE7UQQRl6Rq/ozXgyXox342PWumQUMwfoD4zPH1zVluk=</latexit>

LCD

log(3e-9) log(8e-14) 10.6

<latexit sha1_base64="O600kPE97CFOO+E+rYtVYtxULhU=">AAAB83icbVBNS8NAEN3Ur1q/qh69LBbBU0ikqBeh6MVjBfsBTSiT7aZdutksuxuhhP4NLx4U8eqf8ea/cdvmoK0PBh7vzTAzL5KcaeN5305pbX1jc6u8XdnZ3ds/qB4etXWaKUJbJOWp6kagKWeCtgwznHalopBEnHai8d3M7zxRpVkqHs1E0jCBoWAxI2CsFATA5QjwDfZcv1+tea43B14lfkFqqECzX/0KBinJEioM4aB1z/ekCXNQhhFOp5Ug01QCGcOQ9iwVkFAd5vObp/jMKgMcp8qWMHiu/p7IIdF6kkS2MwEz0sveTPzP62Umvg5zJmRmqCCLRXHGsUnxLAA8YIoSwyeWAFHM3orJCBQQY2Oq2BD85ZdXSfvC9S/d+kO91rgt4iijE3SKzpGPrlAD3aMmaiGCJHpGr+jNyZwX5935WLSWnGLmGP2B8/kDE0yQaQ==</latexit>

↵ = 0.1

🥭 is not in the plausibility set



Plausibility Constraints

Adaptive: the truncation depends on the confidence of the LM 

False negative

p(#corn | uni)

<latexit sha1_base64="ZlOPZJsY6rNar02tD8Vi334pXrM=">AAAB/HicbVDLSgNBEJyNrxhf0Ry9DAbBU9gVUY9BLx4jmAckYZmd9CZDZneHmV5JWOKvePGgiFc/xJt/4+Rx0MSChqKqm+6uQElh0HW/ndza+sbmVn67sLO7t39QPDxqmCTVHOo8kYluBcyAFDHUUaCEltLAokBCMxjeTv3mI2gjkvgBxwq6EevHIhScoZX8Yqkjkz5VfgdhhIZnMFITv1h2K+4MdJV4C1ImC9T84lenl/A0ghi5ZMa0PVdhN2MaBZcwKXRSA4rxIetD29KYRWC62ez4CT21So+GibYVI52pvycyFhkzjgLbGTEcmGVvKv7ntVMMr7uZiFWKEPP5ojCVFBM6TYL2hAaOcmwJ41rYWykfMM042rwKNgRv+eVV0jiveJeVi/uLcvVmEUeeHJMTckY8ckWq5I7USJ1wMibP5JW8OU/Oi/PufMxbc85ipkT+wPn8AVTJlTs=</latexit>

log pexp
<latexit sha1_base64="Bg7OW6thlXCSfaXgUQZtS5pE+H8=">AAAB/HicbVDLSsNAFJ3UV62vaJduBovgqiRS1GXRjcsK9gFtCJPppB06mYSZGzGE+ituXCji1g9x5984bbPQ1gMDh3Pu5Z45QSK4Bsf5tkpr6xubW+Xtys7u3v6BfXjU0XGqKGvTWMSqFxDNBJesDRwE6yWKkSgQrBtMbmZ+94EpzWN5D1nCvIiMJA85JWAk364ORDzCiT8A9gia5iQiU9+uOXVnDrxK3ILUUIGWb38NhjFNIyaBCqJ133US8HKigFPBppVBqllC6ISMWN9QSSKmvXwefopPjTLEYazMk4Dn6u8NE0nrLArMZERgrJe9mfif108hvPJyLpMUmKSLQ2EqMMR41gQecsUoiMwQQhU3WTEdE0UomL4qpgR3+curpHNedy/qjbtGrXld1FFGx+gEnSEXXaImukUt1EYUZegZvaI368l6sd6tj8VoySp2qugPrM8fJyCVHQ==</latexit>

log pama

Example: uni #corn
<latexit sha1_base64="EjKNIUeSv6/7/hIT9uem72XFhF8=">AAACAHicbVBNS8NAEN34WetX1IMHL8EieCqJFPVYrAcPHirYD2hC2Ww37dLNJuxOxBJy8a948aCIV3+GN/+NmzYHbX0w8Hhvhpl5fsyZAtv+NpaWV1bX1ksb5c2t7Z1dc2+/raJEEtoiEY9k18eKciZoCxhw2o0lxaHPaccfN3K/80ClYpG4h0lMvRAPBQsYwaClvnnohhhGBPP0Nuu7QB9BkbRxnfXNil21p7AWiVOQCirQ7Jtf7iAiSUgFEI6V6jl2DF6KJTDCaVZ2E0VjTMZ4SHuaChxS5aXTBzLrRCsDK4ikLgHWVP09keJQqUno6878XDXv5eJ/Xi+B4NJLmYgToILMFgUJtyCy8jSsAZOUAJ9ogolk+laLjLDEBHRmZR2CM//yImmfVZ3zau2uVqlfFXGU0BE6RqfIQReojm5QE7UQQRl6Rq/ozXgyXox342PWumQUMwfoD4zPH1zVluk=</latexit>

LCD

log(0.99) log(0.99) 6e-4

= 0.99

<latexit sha1_base64="O600kPE97CFOO+E+rYtVYtxULhU=">AAAB83icbVBNS8NAEN3Ur1q/qh69LBbBU0ikqBeh6MVjBfsBTSiT7aZdutksuxuhhP4NLx4U8eqf8ea/cdvmoK0PBh7vzTAzL5KcaeN5305pbX1jc6u8XdnZ3ds/qB4etXWaKUJbJOWp6kagKWeCtgwznHalopBEnHai8d3M7zxRpVkqHs1E0jCBoWAxI2CsFATA5QjwDfZcv1+tea43B14lfkFqqECzX/0KBinJEioM4aB1z/ekCXNQhhFOp5Ug01QCGcOQ9iwVkFAd5vObp/jMKgMcp8qWMHiu/p7IIdF6kkS2MwEz0sveTPzP62Umvg5zJmRmqCCLRXHGsUnxLAA8YIoSwyeWAFHM3orJCBQQY2Oq2BD85ZdXSfvC9S/d+kO91rgt4iijE3SKzpGPrlAD3aMmaiGCJHpGr+jNyZwX5935WLSWnGLmGP2B8/kDE0yQaQ==</latexit>

↵ = 0.1

Zero out tokens with prob < 0.099

#corn is the only token in the 
plausibility set



Contrastive 
 objective 

Plausibility  
constraints

Factor to token level

Full Method

Beam Search

Sample

or
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Amateur Amateur

Design Choices: Scale
<latexit sha1_base64="f5xlupZzefDBXIuXIyj08nk3e9w=">AAACH3icbVDLSgMxFM34rPVVdelmsBVclRkp1WXRjcsKVoW2lEx6R4N5DMkdbRnmT9z4K25cKCLu/BvTx0KtBwKHc85Nck+UCG4xCL68ufmFxaXlwkpxdW19Y7O0tX1pdWoYtJgW2lxH1ILgClrIUcB1YoDKSMBVdHc68q/uwViu1QUOE+hKeqN4zBlFJ/VK9Y6CB6alpKqfdQZMK8yzDsIAbZwNKr0Jz8Z6Xsnz4iTTK5WDajCGP0vCKSmTKZq90menr1kqQSET1Np2GCTYzahBzgS4a1MLCWV39AbajioqwXaz8X65v++Uvh9r445Cf6z+nMiotHYoI5eUFG/tX28k/ue1U4yPuxlXSYqg2OShOBU+an9Ult/nBhiKoSOUGe7+6rNbaihDV2nRlRD+XXmWXB5Ww3q1dl4rN06mdRTILtkjByQkR6RBzkiTtAgjj+SZvJI378l78d69j0l0zpvO7JBf8L6+AajqpTU=</latexit>xcont

Maximize

How does the choices of amateur LM and expert LM matter?  



Design Choices: Scale

Intuition: 

We want the amateur LM  to emphasize the failure modes of the expert, 

so the amateur LM shouldn’t be too strong.  



Automatic Eval

Takeaways: CD outperforms prior sampling-based approaches in 
MAUVE and coherence. 



Human Eval 

Takeaways: CD outperforms prior sampling-based approaches 
according to human eval. 



Qualitative Examples



Thanks

Code is available: 
 https://github.com/XiangLi1999/ContrastiveDecoding 

https://github.com/XiangLi1999/ContrastiveDecoding

