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1. Motivation 2. Value Neurons

3. Dopamine Neurons

4. Applications

The human brain contains sparse, 

specialized neurons: value neurons encode 

the subjective reward, and dopamine 

neurons encode the difference between 

expected and received reward.

5. Summary

This is known as the brain's reward 

subsystem. We hypothesize that an 

analogous reward subsystem may also exist 

within large language models.

1.1 Why may reward subsystem exist in LLMs?

1.2 Why may these neurons be sparse?

An optimal policy is tightly coupled with 

value functions. Since LLMs approximate 

strong policies, value information is likely 

encoded in their representations.

(1) Feasibility. The terminal reward is 

binary, so reward information reduces to a 

scalar → low-dimensional encoding suffices. 

(2) Realization. The superposition 

hypothesis predicts that frequent, high-

importance features receive sparse 

representations. 

4.1 Predicting Model Confidence

4.2 Process Reward Model

2.1 Empirical Evidence

3.2 Visualization

2.2 Transferability

3.1 Empirical Evidence
We find that value neurons can serve as 

predictors of model confidence, and 

dopamine neurons can function as a 

process reward model.

Using value neurons to predict model 

confidence achieves a higher AUC.

Using dopamine neurons as a process 

reward model achieves higher accuracy.

We identify a sparse reward subsystem in 

LLMs: value neurons encode expected 

reward, and dopamine neurons encode 

reward prediction errors. 

Dopamine neurons show activation peaks 

at moments of unexpected progress (positive 

surprise) and troughs at logical flaws 

(negative surprise),

Spearman correlation between predicted and 

actual TD errors remains stable under pruning.

IoU of value neuron positions across 

datasets and across models consistently 

exceeds the random baseline.

AUC remains stable when neurons are pruned, 

confirming that value neurons are sparse.

We train a value probe 𝑉 (2-layer MLP) on 

hidden states 𝑠𝑡 using TD learning: ℒ =

𝔼ൣ෌
𝑡
( ൧𝛾𝑉𝑙 𝑠𝑡 − 𝑉𝑙 𝑠𝑡−1 )

2
. We then prune 

input neurons by L1 weight norm at ratio 𝑝, 

and measure AUC(𝑉𝑙
𝑝
𝑠0 , 𝑟 𝑠𝑇 ). 

We train a dopamine probe 𝐷 to predict step-level 

TD error: ℒ = 𝔼ൣ෌
𝑡
( ൧𝐷𝑙 𝑠𝑡 − 𝛿𝑡)

2 , where 𝛿𝑡 =

𝛾 ෠𝑉 𝑠𝑡 − ෠𝑉 𝑠𝑡−1 . The same L1 pruning 
identifies dopamine neurons.

3.3 Functional Coherence 

Disrupting value neurons in earlier layers

impairs the reward subsystem in 

subsequent layers.
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