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1. LLMs Hallucinate 4. Can Prompting with Constraints Help Mitigate Decoder Limitations?
* Produces inconsistent information and inaccurate results * Adding constraints to the input of LLMs
« LLMs over-generalize patterns and relationships from Output

pretraining data
— Causes inconsistent and inaccurate results
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Write a sentence using the words (dog or
dogs or...)and (run or runningor ... )

and (field or fields)

Given a set of words x, write a sentence
using all words in x or inflections of x

2. Current Efforts for Reducing Inconsistencies

* Ensuring the output of LLMs is consistent with domain constraints

Time (s) Quality (BLEU-4) Satisfaction
Constraints Output
During generation, predicting N 2.2 H 26 100
Output Layer T the next token with constraints Decoder Only
using probabilistic inference or
constraint optimization
0-shot I :::2\ l :.07 A 1.0: . N\ m No Prompt

m CNF
m ABS

38.88 Low
5.34 satisfaction!

1-shot I 1.51 Lower l4.65 High.er
1.85 inference time 5.66 quality

« CommonGen constraints = contains keywords or their inflections

5.93

6.17]

4.34

38.74 )

2-shot I 1.46

1.83]

100% satisfaction with

Satisfaction | controlled decoding
Time (s) F— increases inference time

. reduces sentence quality Limitations! 5. Em irical Stud
Quality (BLEU-4) BE & coherency P y
0 20 40 60 80 100 . .
| | Constraints Outout Decoder Strategies
m With Decoder mWithout Decoder P : : ..
T During generation, predicting
Output Layer the next token with constraints @ : ~
3. Constraints in CommonGen using probabilistic inference or NeuroLogic
COﬂStralnt Optlmlzathn ° Soft Constraint decoder
- Given: Concept word set = [ dog, field, run] Constraints ) Etf:trgéi’lased look ahead
J

» Goal: Write a sentence using all concepts from the set

Input Layer Concatenating constraints to the | | |
NeurolLogic Decoding: (Un)supervised

prompt Neural Text Generation with Predicate
Logic Constraints , 2021

Representing Constraints in Conjunctive Normal Form (CNF)
* Each conceptis a clause
« Each clause is a set of words
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6. Results & Key Findings

Prompting reduces the search space for
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