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LLM Thinking in the Latent Space

o Model the thinking processes as latent representations, not natural
language

o Representative example: Huginn-3.5B, a latent reasoning language model

o Strength: efficient, can work with abstract logic
« Weakness: lack of interpretability and supervision

« How does Huginn-3.5B think in the latent space?

o How external supervision signals can improve its latent thinking process?
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Visualization of Latent Thoughts
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Figure 1. Visualization of the distribution of the correct and incorrect latent
thoughts projected onto 3D space using PCA for dimension reduction.
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Qualitative and Quantitative Analyses

Analyze latent thoughts with representation quality metrics:
o Entropy [1] quantifies the information content in the latent representations.

« Effective Rank [2] measures how dimensionality of the latent representation
effectively shrinks under strong compression.

o Anisotropy [3] measures the non-uniformity of a distribution in the latent
space.

« Intrinsic Dimension [4][5] quantifies the minimal number of coordinates to
describe the structure of the representations
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Qualitative and Quantitative Analyses
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Figure 2. Representation quality metrics of the latent thoughts.
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Training a Latent Reward Model (LRM)
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Training a Latent Reward Model (LRM)
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Figure 3. Performance of the latent classifier trained with varying numbers of thinking steps.

Strong classification performance on the test set!
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Major Observations

o There are distinct thinking patterns between correct and incorrect
thinking processes.

« Such difference can be reliable distinguished by a latent classifier,

o Especially after a few thinking steps.
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LTO Algorithm

Algorithm 1 Latent Thinking Optimization

Input: question z, the original policy 7r(2|z), LRM r(z, ), sampling budget N, the number of required
samples M, weight 8 > 0 to control the strength of KL-regularization

2: Output: sampled set of latent thinking trajectories C

3: C+ 0, rmax < O > Initialize the output set and the maximum reward.

4: for: =1to N do

3: Zi < 2 ~ Tet(2]) > Sample the z-th latent thinking trajectory from the original policy.

6: Tmax — Max{Tmax, (zi,x)} > Update the maximum reward.

7: while |C| < M do > Repeat until M samples are collected.

8: z; ~ Uniform{z; };_1, u; ~ Uniform(0, 1)

9: i +— exp((r(zi, ) — Tmax) /) > Calculate the acceptance probability ¢;.
10: if u; > ¢; then continue > Reject the sample z; with probability 1 — ¢;.
11: C«+ CU{z} > Otherwise, accept the sample z; with probability ¢;.
12: returnC

Workflow Summary:

o Collect latent thinking trajectories to train LRM
o Sample multiple latent thinking trajectories
o Accepttrajectories that are more likely to be correct
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Performance on Huginn-3.5B

Table 1: Comparison of the answer correctness rate of Huginn-3.5B using different correction meth-
ods. The best performance in each column 1s in bold, and the performance of the best baseline in
each column is underlined. * indicates statistically significant improvement with p < 0.05.

Method GSMSK GSM-Symbolic SVAMP CommonsenseQA MBPP
Base Model 0.326 0.265 0.517 0.500 0.278
Majority Voting 0.333 0.269 0.511 0.504 0.288
Self-Correction w. Confidence Score 0.342 0.281 0.524 0.507 0.288
Self-Correction w. Verbal Evaluation 0.262 0.193 0.518 0.505 0.226
Latent Thinking Correction w. CoE-R  0.330 0.259 0.510 0.504 0.276
Latent Thinking Correction w. CoE-C  0.324 0.256 0.516 0.507 0.280
Weighted Majority Voting w. LRM 0.375* 0.301" 0.537* 0.509 0.295"
Latent Thinking Optimization w. LRM  0.385" 0.305" 0.538" 0.517* 0.299"

o LTO significantly improves the latent thinking processes.
« LRM is highly effective in detecting incorrect latent thinking patterns.
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Performance on General LLMs

Table 2: Performance of LTO on general LLMs. The best-performing method for each model is in
bold. * indicates the improvement over the best runner-up is statistically significant with p < 0.05.

Model Method GSMS8K GSM-Symbolic SVAMP CommonsenseQA MBPP
Base Model 0.124 0.078 0.297 0.464 0.244
OLMo-7B  Majority Voting 0.209 0.149 0.469 0.521 0.240
Latent Thinking Optimization 0.252" 0.154" 0.552* 0.602* 0.308"
Base Model 0.223 0.204 0.473 0.399 0.189
Llama-2-7B Majority Voting 0.275 0.302 0.598 0.493 0.193
Latent Thinking Optimization 0.389" 0.316" 0.776" 0.606" 0.237"
Base Model 0.306 0.273 0.521 0.398 0.247
Llama-2-13B Majority Voting 0.417 0.379 0.612 0.501 0.263
Latent Thinking Optimization 0.534" 0.442" 0.7917 0.650" 0.3227
Base Model 0.368 0.278 0.548 0.671 0.315
Mistral-7B ~ Majority Voting 0.529 0.413 0.624 0.687 0.334
Latent Thinking Optimization 0.565™ 0.462* 0.771" 0.708* 0.388"

e LTO can also improves the latent thinking processes of general LLMs.
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Performance on General LLMs
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Figure 4: Performance of LTO using
different LRMs.
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LRMs demonstrate
transferability across different
domains.

A general LRM can be applicable
to multiple domains.

LRMs show strong potential for
building a generalist reward
model in the latent space.



Takeaways

o Latent thoughts leading to correct versus incorrect answers exhibit
highly distinguishable patterns.

o A latent classifier can reliably predict answer correctness directly
from latent thoughts.

o The latent classifier can serve as a reward model to guide the
optimization of the latent thinking processes.

o Scaling test-time thinking with supervision can be performed
directly in the latent space, as a general, efficient, and domain-
agnostic approach.
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Thank you!

THE OHIO STATE UNIVERSITY
COLLEGE OF ENGINEERING




	Slide 1: Latent Thinking Optimization: Your Latent Reasoning Language Model Secretly Encodes Reward Signals in Its Latent Thoughts
	Slide 2: LLM Thinking in the Latent Space
	Slide 3: Visualization of Latent Thoughts
	Slide 4: Qualitative and Quantitative Analyses
	Slide 5: Qualitative and Quantitative Analyses
	Slide 6: Training a Latent Reward Model (LRM)
	Slide 7: Training a Latent Reward Model (LRM)
	Slide 8: Major Observations
	Slide 9: LTO Algorithm
	Slide 10: Performance on Huginn-3.5B
	Slide 11: Performance on General LLMs
	Slide 12: Performance on General LLMs
	Slide 13: Takeaways
	Slide 14: Acknowledgement
	Slide 15: References
	Slide 16: References
	Slide 17: Thank you! 

