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Reasoning with Symbolic AI
■ Logic and probabilistic
■ Deductive reasoning algorithms
■ Correct on all problems
■ Limited scope
■ Intractable

Reasoning with Transformers
■ Build chains of thought
■ Inductive reasoning from data
■ Correct on many problems
■ Unlimited scope
■ Tractable

30 years

Do deductive reasoning 
algorithms still have a 
purpose in the age of 
transformers?
 
Symbolic Probabilistic 
Reasoning About 
All Future Tokens
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Reasoning about all Future Tokens

Abusing Bayes rule,
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Less expressive More expressive

More tractable

Less tractable

GMMs
Trees

HMMs

NBs

Flows

Diffusion
GPTs

VAEs

GANs

Circuits

Circuits Circuits
Circuits

Bayes Nets

Use a tractable probabilistic 
circuit language model
distilled from the transformer 
language model…
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Reasoning about all Future Tokens: Constraints

Abusing Bayes rule,

Theorem. Given 
1. a deterministic finite automata constraint α with m edges and 
2. a probabilistic circuit p(.) with h hidden states 

(representing a Hidden Markov Model) , 
computing p(α | x1:t ) over a sequence of n future tokens takes O(nmh2) time.

Honghua Zhang, Po-Nien Kung, Masahiro Yoshida, Guy Van den Broeck and Nanyun Peng. Adaptable Logical Control for Large Language Models, In NeurIPS, 2024.

https://arxiv.org/pdf/2406.13892
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Interactive Text Editing   with key phrase (K) or length (L) constraints

Honghua Zhang, Po-Nien Kung, Masahiro Yoshida, Guy Van den Broeck and Nanyun Peng. Adaptable Logical Control for Large Language Models, In NeurIPS, 2024.

Follows instructions?

How many stars by humans?

                     & Up   +   Follows instructions?

Ctrl-G based on Llama2-7B wipes the floor 
with GPT4, which is a >100x bigger LLM
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Grade School Math Benchmark

Question: Kylar went to the store to buy glasses for his new apartment. One glass 
costs $5, but every second glass costs only 60% of the price. Kylar wants to buy 
16 glasses. How much does he need to pay for them?

Vanilla LLM Answer: The price of the 2nd glass is (16 / 2) * 60% = 8 dollars. So 
one pair of glasses costs 16 + 8 = 24 dollars. So the answer is 24.
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Honghua Zhang, Po-Nien Kung, Masahiro Yoshida, Guy Van den Broeck and Nanyun Peng. Adaptable Logical Control for Large Language Models, In NeurIPS, 2024.

Use all the numbers in the problem statement!

https://arxiv.org/pdf/2406.13892


Advantages of Ctrl-G:

1. Constraint α is guaranteed to be satisfied: 
if xt+1 makes α unsatisfiable, p(xt+1 | x1:t, α) = 0.

2. Generalizes well to unseen reasoning tasks, because all tasks are unseen :-)
(training on a distribution over tasks is slow and brittle!)

3. Bayesian = goal-oriented (↔ structured generation tools)

You can control an intractable generative model using a 
generative model that is tractable for symbolic reasoning.

Honghua Zhang, Po-Nien Kung, Masahiro Yoshida, Guy Van den Broeck and Nanyun Peng. Adaptable Logical Control for Large Language Models, In NeurIPS, 2024.

https://arxiv.org/pdf/2406.13892


Intractable to know future 
expected attribute probability (EAP)



Tractable Prob. 
Circuit Model 

+ Log-Linear 
   Attribute Classifier

Gwen Yidou Weng, Benjie Wang and Guy Van den Broeck. 
TRACE Back from the Future: A Probabilistic Reasoning Approach to Controllable Language Generation, 2025

https://starai.cs.ucla.edu/papers/WengArxiv25.pdf


Tractable 
Probabilistic Model 

                = 
Efficient Expected 
Attribute Probability! 

+ Log-Linear 
   Attribute Classifier
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TRACE is Blazingly Fast

Given a language model, and its tractable proxy model, 
train log-linear attribute classifier,
then use Bayesian logits at decoding time

https://starai.cs.ucla.edu/papers/WengArxiv25.pdf
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Personalized Language Model: Twilight Sparkle 

https://docs.google.com/file/d/1UIrQVEyRdRkeP60IFr8d0eTQ5XhSUTmX/preview


76 Personalized Language Models 

Gwen Yidou Weng, Benjie Wang and Guy Van den Broeck. TRACE Back from the Future: A Probabilistic Reasoning Approach to Controllable Language Generation, ICML 2025

https://starai.cs.ucla.edu/papers/WengArxiv25.pdf
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Thanks

This was the work of many wonderful 
students/postdocs/collaborators!

References: http://starai.cs.ucla.edu 

http://starai.cs.ucla.edu/publications/

