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Common View from Token Space

From	behavioral	probes	to	mechanistic	interpretability,	generated	tokens	of	the	model	are	where	we	usually	look.

Tokens	are	the	shadow	of	the	computation	—	not	the	computation	itself.

Latent	representation:	hidden	states
continuous	·	high-dimensional

∎ ◆ ▲ ◉ ■ ◇ ▼

Tokens		—		the	shadow
discrete	·	low-dimensional

Token-centric	research	studies	only	
what	survives	this	projection.

✓ WHY	THE	FIELD	LOOKS	HERE?
Tokens	are	observable,	measurable,	benchmarkable

observable measurable

benchmarkable scalable

✕ WHY	IT	FALLS	SHORT?
Tokens	hide	the	machinery	that	produced	them

shallow	signal hides	machinery

no	dynamics ? hard	to	diagnose

project
compress
discretize
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Scaling Latent Computation ≠ Understanding It

With	growing	research	interest	in	latent	space,	current	work	expands	latent	computation	for	performance,	
but	leaves	its	underlying	principles	largely	unexplained.

Scale	over	insight:	Extend	reasoning	chains	and	trajectory	depth	to	squeeze	out	better	answers	—	without	asking	
what	those	trajectories	mean.

No	principled	framework:	We	lack	a	theory	for	what	latent	dynamics	represent	and	how	computation	unfolds	step	by	
step	inside	the	model.

These	methods	improve	what	the	model	can	do	—	not	our	understanding	of	how	it	works.

Coconut, 2025, from MetaHRM, 2025, from Sapient Intelligence

…
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Representation Analysis

Representation	analysis	opens	the	black	box,	but	what	you	measure	determines	what	you	see.

What	we	need:
• Study	the	dynamics	of	representation	—	not	just	its	geometry	at	a	point	in	time.
• Capture	structure	that	scales	with	the	representation	—	tools	built	for	high-dimensional,	long-

sequence	regimes.

How	classical	tools	measure

CCA	·	CKA	·	Procrustes

Why	it	falls	short	on	LLMs	(e.g.,	reasoning)

Computation	is	reflected	by	a	series	of	states

Layer	A Layer	B

CKA	≈	0.84
geometric	similarity

Compare	two	static	states.	

Ask:	are	their	representational	geometries	aligned?

Temporal	dependency1

Curse	of	scaling2

LLM	states	at	each	step	depend	on	all	prior	steps.

t=1 t=2 t=3 t=4

CNN	features:	thousands	of	dims.	LLM	states:	tens	of	thousands,	millions	of	tokens.

CNN	era

~1K	dim	·	~10K	samples

LLM	era

~10K	dim	·	10M+	tokens
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Theoretical Foundation: Koopman Operator Theory

Linearizing	the	nonlinearity:	instead	of	chasing	the	nonlinear	state	𝒙,	track	an	infinite	family	of	
observables	𝒈(𝒙)	—	and	their	evolution	is	exactly	linear.

Two	key	concepts:

Koopman	Dictionary
nonlinear	dynamics	→	linear	observation

ℋ g(𝒙𝒕"𝟏) g(𝒙𝒕) g(𝒙𝒕$𝟏)

𝛀
𝒙𝒕"𝟏

g

𝒈(𝒙𝒕#𝟏) 	= 	𝓚	𝒈(𝒙𝒕)

𝒙𝒕#𝟏 	= 	ℱ(𝒙𝒕)	

Koopman	Spectrum
A	set	of	dynamical	modes,	each	oscillates	with	its	own	λ

observation

= λ₁ |λ|	=	1,	sustained

+ λ₂ |λ|	<	1,	decaying

+ λ₃ |λ|	>	1,	growing

complex	plane

Angle	→	frequency		
Radius	→	growth	or	decay	

linear

nonlinear
𝒙𝒕 𝒙𝒕$𝟏
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Koopman for LLM Representation

The	use	of	Koopman	operator	theory	in	LLM	research	remains	largely	underexplored	and	not	yet	well	
established	…

KoopSTD ICML	2025

Reliable	similarity	analysis	between	dynamical	systems.

Scattered
Inconsistent	dynamics

Clustered
Coherent	dynamics

GPT-2	Last-layer	Hidden	States

A	dynamical	scaling	law:	larger	models	exhibit	more	stable	
and	coherent	internal	computations	across	diverse	inputs,	
whereas	smaller	models	display	more	variable	and	
inconsistent	dynamics.

Hallucination	Detecting 2023

How	the	spectrum	of	sentence	dynamics	can	uncover	LLM	
hallucinations?

Dynamical	Modes	Difference
GT	(top)	vs	GPT3	(bottom)
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Let’s Think…
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Reinforcement Learning with Verifiable Rewards (RLVR)

Recently,	RLVR	paradigm	has	been	proved	effective	for	improving	the	reasoning	performance	of		LLMs.
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Exploration-Exploitation Tradeoff

Cui et al., 2025

However,	RLVR	algorithms	like	GRPO	often	drive	policies	toward	over	determinism	for	robustness	—	
at	the	cost	of	output	diversity.

1 RLVR	fine-tuning
verifiable	rewards	·	group-relative	sampling

Fine-tune	LLMs	on	math/code	with	verifiable	rewards.	GRPO	samples	
R	responses	per	prompt	and	normalizes	rewards	group-wise.

✓ ✗
verify	reward

policy	gradient	→	low	entropy

2 Entropy	collapse
reward	↑	forces	entropy	↓

Sparse	rewards	accelerate	the	collapse.	Cui	et	al.	fit	
an	exponential	law	to	the	trend:

𝑹	 ≈ 	−𝒂 · 𝒆𝑯 	+ 	𝒃
empirical	exponential	law

narrow	policy	distribution

3 Imbalanced	Exploration	&	Exploitation		
over-exploitation	→	premature	convergence

Gradient	trapped	in	a	narrow	subspace	→	model	
settles	into	one	reasoning	mode.	Seen	in	both	text	
LLMs	and	multimodal	VLMs.

all	paths	collapse	to	one

The	exploration–exploitation	tradeoff	is	the	central	bottleneck	in	scalable	RL.
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Related Work: Token-Level Diversity

The	community	has	converged	on	token	entropy	as	the	lever	—	but	this	view	is	fundamentally	limited.

What's	been	tried
token-level	diversity	levers

Objective

Redesign	training	objective
To	keep	sampling	token-level	diversity,	including:	
• Reward	reshaping:	replace	Pass@1	with	

Pass@K	
• Entropy	encouraging:	incorporate	entropy-

related	metric	into	policy	loss	or	reward

Tokens

Anchor	to	salient	tokens
To	focus	on	critical	tokens	that	related	to	diversity	
and	give	them	more	credits.
For	example,	DAPO,	KL-Cov,	FR3E,	…

Why	it	partially	works
short-term	wins	on	math	&	code

Delay

Slows	convergence
Keeps	training	from	locking	in	too	early	on	one	
reasoning	mode.

Breadth

Prevents	mode	collapse
Distribution	stays	wider	—	Pass@K	metrics	improve	on	
standard	math	benchmarks.

Gains

Measurable	math	gains
GSM8K,	MATH,	AIME:	a	few	points	of	headroom	vs.	
vanilla	RLVR.

Why	it	hits	a	wall
the	symptom	isn't	the	cause

Conflict

Fights	the	RL	objective
Entropy	bonus	pushes	against	the	very	gradient	that	
makes	RL	learn	—	each	side	fights	the	other.

VLMs

Breaks	on	multimodal
Token	entropy	is	a	poor	proxy	once	images	enter	the	
loop;	per-token	signal	is	dominated	by	text	surface.

Proxy

Noisy,	surface-level
Token	entropy	mixes	semantic	branching	with	mere	
lexical	variation	—	you	regularize	noise	along	with	
signal.

We	hypothesize	that	token	entropy	collapse	is	rather	a	superficial	symptom	than	the	root	cause.
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Dynamic Analysis on Latent Exploration

LLM	a	Stochastic	Autonomous	System Dynamic	Spectral	Dispersion	(DSD)

Grounded	in	Koopman	operator	theory,	we	connect	latent	dynamics	with	exploration	in	LLMs	and	introduce	
DSD,	a	spectral	diagnostic	of	dynamical	diversity.

|λᵢ|	spread	across	scales	⇒	high	DSD	⇒	rich	exploration

𝒙𝟎
𝒙𝒕

|λᵢ|	bunched	together	⇒	low	DSD	⇒	poor	exploration

𝒙𝟎
𝒙𝒕

We	propose	a	new	metric	for	describing	the	heterogeneity	
of		dynamical	modes,	mathematically	defined	as:	

𝐷𝑆𝐷(𝑥) 	≜ 	𝑉𝑎𝑟(|Λ|),	where		𝒦	Φ	 = 	Φ	Λ	.

A	stochastic	dynamical	view	of	LLM	latent	space	
computation:

𝑥! = ℱ 𝑥!"#,	𝜔! ,	where	𝜔!~Ρ$	.	
Where	the	stochasticity	𝜔	is	determined	by	decoding	
knobs	including	temperature,	top-p	and	top-k.	

When	does	this	noise	become	meaningful	
exploration?
Stochastic	inputs	→	diverse	trajectories	only	if	the	
intrinsic	hidden	state	dynamics	are	rich	enough	
to	propagate	and	amplify	them.

Ture	exploration	lives	the	geometry	of	latent	
dynamics		—	the	capacity	of	ℱ	to	translate	noise	into	
diverse	reasoning	trajectories.
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Fitting Koopman Dictionary for Hidden States
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Residual	DMD CPAM	2024
Use	Galerkin	method	to	estimate	the	residual	of	
each	approximated	Koopman	modes.

Filter	out	the	modes	that	exceed	the	certain	
threshold	and	preserve	remain	accurate	modes.

ResKoopNet ICML	2025
Replace	the	traditional	hand-crafted	Koopman	
dictionary	with	a	parameterized	MLP.

Optimize	the	MLP	through	an	objective	derived	
from	the	residual	loss	in	ResDMD.

Two	key	issues	of	performing	Koopman-based	analysis	on	LLM	hidden	states:

Find	a	proper	Koopman	dictionary	This	requires	learning	expressive	yet	tractable	observables	that	can	capture	the	
underlying	nonlinear	dynamics	without	suffering	from	the	curse	of	dimensionality.
Accurate	Koopman	spectrum	approximation	This	for	principled	criteria	and	robust	estimation	techniques	to	
distinguish	true	dynamical	modes	from	numerical	artifacts	introduced	by	finite-dimensional	approximations.

𝓚 = 𝒂𝒓𝒈𝒎𝒊𝒏 𝓥% −𝓚𝓥 = 𝓥%𝓥∗

g(𝒙𝟎) g(𝒙𝟐) g(𝒙𝒕$𝟏)g(𝒙𝟏) g(𝒙𝒕"𝟏) g(𝒙𝒕)𝓥 𝓥"

Dynamical	Mode	Decomposition	(DMD)



Method: ReLaX
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Experimental Results Across 3B & 7B Scales

Performance-Entropy	dynamics

VLM	(Qwen2.5-VL)	benchmarking	results
LLM	benchmarking	results,	including	Qwen2.5,	

Qwen3	and	Llama3.2	model	families 14



Comparative Analysis on VLMs

On	VLMs,	we	also	compare	with	existing	methods	that	focus	
on	token-level	diversity,	specifically:
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• Entropy	regularization
• KL-Cov



Summary & Future Directions

Viewing	LLMs	as	dynamical	systems	opens	both	a	deeper	understanding	and	a	clear	path	forward.

Infrastructure

• Hidden	state-centric	research	
demands	new	infrastructure	as	
models	scale

• Storing	full	latent	trajectories	
across	long	CoT	and	large	
batches	requires	more	memory

• Latent	analysis	operations	like	
Koopman	learning	need	
optimized	kernels

Scaling	the	tools,	not	just	models.

Beyond	Koopman

Koopman	is	just	a	starting	point.

Complex	Agentic	Scenarios

• Scaling	the	perspective	to	
multi-step,	multi-agent	
systems.

Challenging	but	interesting!

Thank	you	!

• Explore	broader	tools	from	
dynamical	systems	and	control	
theory

• Goal:	a	unified	theoretical	
toolkit	for	analyzing	and	
regulating	LLM	internal	
computation

16


