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LLM Thinking in the Latent Space

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

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

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

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



Qualitative and Quantitative Analyses
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Analyze latent thoughts with representation quality metrics:

⚫ 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.

⚫ 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 

 



Qualitative and Quantitative Analyses

5Figure 2. Representation quality metrics of the latent thoughts.



Training a Latent Reward Model (LRM)
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An illustration of training  a latent classifier 
as the Latent Reward Model (LRM)

If these signals indeed 
capture the distinction 
between correct and 
incorrect thinking 
processes, 

can we train a latent 
classifier to identify their 
correctness directly from 
the latent thoughts?



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!



Major Observations

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

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

⚫ Especially after a few thinking steps.
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LTO Algorithm

Workflow Summary:
⚫ Collect latent thinking trajectories to train LRM
⚫ Sample multiple latent thinking trajectories 
⚫ Accept trajectories that are more likely to be correct
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Performance on Huginn-3.5B

⚫ 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

⚫ LTO can also improves the latent thinking processes of general LLMs.
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Performance on General LLMs

Figure 4: Performance of LTO using 
different LRMs. 

⚫ 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.
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Takeaways

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

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

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

⚫ 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!
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