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1. PhD Problem and Hypothesis

’ Move Beyond CoT f Y[ w

e It is easy to read/debug and supervise When is latent reasoning How efficient is it?
e But also slow, token-costly, and not always faithful useful?
e Many tasks require structured, or iterative forms of computation for Tasks, settings, and regimes

lanning and exploration ;
Pla g and exploratio where latent reasoning

outperforms explicit CoT

5“:‘@ Structured Latent
reasoning - J - y,

3. Research Questions

Scaling with training data and
test-time reasoning budget

. Main hypothesis

( )

How interpretable is it?

What is lost and what can still be
recovered when reasoning

Structure to bridge the gap?

Can modularity, hierarchy, and
INnterventions improve both

e Reasoning over structured concepts or symbolic abstractions may moves into latent space efficiency & interpretability
Improve both efficiency and interpretability. \ )
e Structured latent reasoning as a bridge between neural and symbolic
reasoning.

PhD Goal @' 4. Path to Efficient Neuro-Symbolic Reasoning

Develop efficient neuro-symbolic reasoning models

Long-term Roadmap

o o . o Efficient
2. Latent Reasoning Overview Explicit Latent Structured Neuro-Symbolic
Textual CoT Reasoning Representations Reasoning
o o ° > \-\’\?
4 Explicit CoT vs. Latent Reasoning « < o 8
Dimension Explicit CoT Latent Reasoning
o Verbose, high cost Compact, faster, Target properties
Efficiency

resource-efficient e reason in continuous space rather than only in language

e cxpose meaningful internal structure

e support interventions and control

e operate over reusable concepts, subgoals, or symbolic abstractions

and latency
Directly observable but
may be unfaithful
Easier to guide,
INspect, and correct

Interpretability Indirect

No built-in mechanism

Control .
to steer or verify

<) Possible directions (next 1-year)

e Benchmark Explicit CoT, L-SEQ, and L-LOOP on performance,
efficiency, generalization, and interpretability.

e Study differences and complementarities between L-SEQ and L-LOOP.

e Probe latent steps for meaningful reasoning phases

o Intermediate variables, subgoals, etc.

e Explore modularity, hierarchy, memory, and supervision as routes
toward structured latent reasoning.

Diversity One trajectory Multiple alternatives

Guided by
latent objectives

Supervision
Granularity
Alignment with
Human Thinking

Explicit, step-aware
supervision

Explains thoughts aloud Thinking silently

Why?

e Removes the language bottleneck and the token-level serialization cost
e Enables richer, higher-bandwidth internal communication than text

e May support planning, exploration, compositional reasoning, out-of-
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Four Ways to Express Reasoning

Problem. A team starts with 3 members. They recruit 5 new members. Then each answer
current member recruits 2 additional people. How many people are there now on 24

the team?

LLM Textual
Chain-of-Thought

Okay, let's solve this math problem
step by step.

So initially, there are 3 team members.

The team recruits 5 new members, so
the total becomes 3 +5 = 8.

Now, each of these 8 current members
recruits 2 additional people. That
means the number of additional
recruits is 8 x 2 = 16.

Finally, we add these 16 new recruits to
the existing 8 members: 8 + 16 = 24.

So the final answer is 24.

Human Compressed

Mental Reasoning Computation Tree

Start with 3

3+5=8

Now 8 people each recruit 2: 24
8x2=16 T

Total: "

8 +16 =24 “

Symbolic State
Updates

8
# initial state f
members = 3
+

# recruit 5

members += 5

# each current member recruits 2 @
members += 2*members

# result
print(members)

LLM = generated prose * Human = compressed scratchpad * Symbolic = operates on symbols/states «+ Tree = explicit chained dependencies




