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Large language model (LLM)-driven agents are emerging as a powerful new paradigm for solving complex
problems. Despite the empirical success of these practices, a theoretical framework to understand and unify
their macroscopic dynamics remains lacking. This paper proposes a method based on the least action principle
to estimate the underlying generative directionality of LLMs embedded within agents. By experimentally
measuring the transition probabilities between LLM-generated states, we report evidence consistent with a
tendency toward detailed balance in LLM-generated transitions, indicating that LLM generation may not be
achieved by generally learning rule sets and strategies, but rather by implicitly learning a class of underlying
potential functions that may transcend different LLM architectures and prompt templates. To our knowledge,
this provides an effective macroscopic description of LLM generative dynamics that does not depend on specific
model details. This work is an attempt to establish a macroscopic dynamics theory of complex AI systems,
aiming to elevate the study of AI agents from a collection of engineering practices to a science built on effective
measurements that are predictable and quantifiable.
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I. INTRODUCTION

Large language model (LLM)-driven agents are emerging
as a powerful new paradigm for solving complex problems
[1–15], demonstrating potential in frontier areas such as sci-
entific discovery by combining the generative capabilities of
LLMs with external tools and memory systems [16–20]. For
instance, FunSearch and AlphaEvolve achieve iterative opti-
mization of solutions by integrating LLMs into evolutionary
algorithm frameworks [18,19]. However, the theoretical un-
derstanding and explanation of LLMs often remain at the
level of token statistical properties and microscopic genera-
tive mechanisms [21–23], making it difficult to explain the
macroscopic dynamics of LLMs as complex systems [1,24].
The behavior of these LLM-driven agents is often viewed as
a direct product of their complex internal engineering (such
as prompt templates, memory modules, tool calls), and their
dynamic characteristics remain a black box [12,25–28].

The dynamics of LLM generation are quite unique.
Compared to traditional rule-based programs, LLM-based
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generation exhibits diverse and adaptive outputs [16,17,25].
At the same time, compared to naive random search, LLM
generation shows stronger structure and goal-orientedness
[18–20,29]. Despite the complexity of this hybrid dynamics
between random search and deterministic planning, we show
that at the agent level (i.e., a coarse-grained description of
LLM generative dynamics with standardized agent states as
units), LLM generative dynamics exhibit detailed balance
similar to equilibrium systems, thereby greatly simplifying
the analysis and understanding of LLM generative dynamics
[30–33].

To model the dynamic behavior of LLMs, we embed the
generative process of LLM within a given agent framework,
viewing it as a Markov transition process in its state space
[7,12,18,30,31]. The states are defined by the complete infor-
mation retained by the agent at each time step, which may
include task objectives, historical summaries, code, file sys-
tems, application programming interface return values, etc.,
where the LLM-based generative process is treated as the
transition kernel from the current state to a new state. We
show that even if the states do not contain complete historical
records (as in, e.g., FunSearch [18]), the LLM-based state
transitions can still exhibit a directionality toward specific
states. We attribute this characteristic to the state transitions
approximately satisfying the detailed balance condition, a
nontrivial constraint that rules out probability-flux cycles;
from it a task-specific potential function V emerges that eval-
uates the intrinsic properties of any given state, such as “how
far the LLM perceives it to be from the goal.” This global
awareness enables LLMs to quickly converge to those optimal
states, effectively avoiding repetitive cycles in the state space
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FIG. 1. A schematic of a formalization framework for studying
the directionality of LLM generation, illustrating the state space and
possible transitions. LLMs are embedded within an agent, which
transitions from state f to state g with probability T (g ← f ) =
P(g| f ). The underlying potential function VT quantifies the agent’s
global ordering of each state, satisfying the detailed balance condi-
tion at equilibrium.

and achieving stronger generalization capabilities than merely
learning strategy sets [34–36].

Based on this model, we propose a method to measure this
underlying potential function based on a least action principle
[37–39]. By experimentally measuring the transition proba-
bilities between states, we report evidence consistent with a
tendency toward detailed balance in LLM-generated transi-
tions, indicating that LLM generation may not be achieved
by generally learning rule sets and strategies, but rather by
implicitly encoding an underlying potential function that tran-
scends different LLM architectures and prompt templates.
We propose detailed balance as a universal conjecture about
LLM-driven generation; the potential V is a task-specific ef-
fective description. This work is an attempt to establish a
macroscopic dynamics theory of complex AI systems, aiming
to elevate the study of AI agents from a collection of engineer-
ing practices to a predictable and quantifiable science built on
effective measurements.

II. THEORY

To formulate the problem rigorously, we consider an agent
whose core consists of one or more LLMs. The agent takes
its current state f as input. Through a series of determinis-
tic steps, it organizes and evaluates this state to generate a
relevant prompt. This prompt is then fed into one or more
LLMs, whose structured output is parsed to get a new state
g. This state is the minimal unit for studying LLM dynamics.
This generative process can be viewed as a Markov transition
process in the state space C with a transition kernel P(g| f ),
retaining the diversity and adaptability of LLM generation.
The states are defined by the complete information retained
by the agent at each time step, which should include all the
information required for the agent to carry out a continuous
reasoning or analogical process [18,20,40,41]. In this paper,
the agent contains only a single generation step of LLM, and
we denote T (g ← f ) = P(g| f ) as the probability of the agent
transitioning from a template containing state f to an output
containing state g through LLM generation. A schematic dia-
gram is shown in Fig. 1.

LLM-based agents are characterized by their state tran-
sitions not being entirely random but exhibiting a certain
structured preference. Specifically, agents tend to transition
from the current state f to states g that are “better” from
the agent’s perspective. To capture this phenomenon, we hy-
pothesize the existence of an underlying potential function
VT : C → R, which assigns a scalar value to each state, re-
flecting its “quality.” Since a specific potential function is
often difficult to compute directly, we propose a method to
effectively estimate the potential function.

Given a global potential function V , we define the viola-
tion of the agent’s given transition T (g ← f ) to the potential
function as K (V ( f ) − V (g)), where K (x) is a convex function
that describes the extent to which the transition from state f
to state g violates the ordering of the potential function V . To
quantify the overall mismatch between the agent’s behavior
and the potential function, we weight by the transition ker-
nel T (g ← f ) and define the action S as the global average
violation:

S =
∫

f ∈C

∫
g∈C

T (g ← f ) K (V ( f ) − V (g)) D f Dg, (1)

where D f , Dg are measures on the state space (
∫

D f ≡ ∑
f

for the discrete spaces in this paper). We choose K (x) =
exp(−βx/2) as the convex function describing the violation
of the given state transition from f to g in the ordering of
the scalar function V . Here, β is a scaling factor; for a single
agent, it can be absorbed into V , but when comparing across
agents it acquires physical meaning through majority voting
(see Sec. S4 of the Supplemental Material [42]). The action S
or the distribution shape of βV ( f ) can represent the agent’s
global cognition ability within this state space C.

We propose that to quantify the behavior of LLMs using a
potential function, one can seek such a potential function that
minimizes the overall mismatch between the agent’s transi-
tions and the potential function [38,39]. Therefore, the most
suitable potential function VT for describing an LLM-based
agent T in a given state space is the one that minimizes the
action S [37,40,43,44].

This implies that the action satisfies the variational princi-
ple with respect to the potential function VT [37,45]:

δS = 0. (2)

The variational condition is equivalent to VT satisfying the
following equilibrium condition:

∫
g∈C

T (g ← f ) K ′(VT ( f ) − VT (g)) Dg

−
∫

h∈C
T ( f ← h) K ′(VT (h) − VT ( f )) Dh = 0, (3)

holding for all f ∈ C, where K ′(x) = dK
dx .

Specifically, if for all transitions T (g ← f ) > 0, V ( f ) �
V (g) holds, it indicates that the agent’s state transitions are
completely ordered, and in this case, V serves as a Lyapunov
function [46,47].

It is worth noting that if T describes the transition of an
equilibrium system, its state transitions satisfy the detailed
balance condition; i.e., for all state pairs ( f , g), the following
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holds [31,33]:

π ( f )P(g| f ) = π (g)P( f |g), (4)

where π ( f ) denotes the equilibrium distribution of the system
at state f and P(g| f ) denotes the transition kernel. In this case,
there exists a potential function V that can explicitly express
the detailed balance as

log
T (g ← f )

T ( f ← g)
= βV ( f ) − βV (g). (5)

Unless otherwise specified, log denotes the natural logarithm
(base e). Substituting into Eq. (3), it can be verified that this
potential function V = VT satisfies the least action principle.
This indicates that for equilibrium systems, if the detailed bal-
ance condition exists, the corresponding underlying potential
function can be estimated through the least action principle.
In general cases, the least action merely seeks the most or-
dered arrangement of the potential function, minimizing the
violations of this arrangement by the agent’s state transitions
[44].

The Markov formulation is well motivated: LLM-agent
systems routinely run far beyond the context window
[7,12,18–20,48], necessitating a distill-and-generate protocol
that makes the memoryless approximation a practical descrip-
tion of the dynamics [49].

The central point of this paper is that LLM-based agents of-
ten behave like an equilibrium system in their LLM-generated
state space, which is coarse grained compared to the complete
generation sequence of LLMs [24,50]. The existence of this
phenomenon suggests a universal macroscopic law in LLM
generative dynamics that does not depend on specific model
or task details. It indicates that despite being seemingly un-
related, there are underlying connections between different
LLM generative processes, allowing us to describe the global
ordering in LLM generation through the potential function
VT , thereby providing explanations for the internal dynamics
of LLMs.

III. EXPERIMENTS

We conducted experiments on three different models, in-
cluding GPT-5 Nano, Claude Sonnet 4.5, and Gemini 2.5
Flash [51–53]. Each model was prompted to generate a new
word based on a given prompt word such that the sum of
the letter indices of the new word equals 100. For exam-
ple, given the prompt “WIZARDS(23 + 9 + 26 + 1 + 18 +
4 + 19 = 100),” the model needs to generate a new word
whose letter indices also sum to 100, such as “BUZZY(2 +
21 + 26 + 26 + 25 = 100).” The transition kernel between
two prompt words can be estimated through sampling as

T (g ← f ) ≈ N (g ← f )

N0( f )
, (6)

where N (g ← f ) denotes the number of times the model gen-
erated the word g from the prompt word f . N0( f ) represents
the number of sampling attempts starting from the prompt
word f . Each model performed 20 000 generations. More
details of the experiments are provided in Sec. S2 of the
Supplemental Material [42].

FIG. 2. In the conditioned word generation task, the Claude Son-
net 4.5 model exhibits directionality. Transition process of the Claude
Sonnet 4.5 model in the prompt word state space, ordered by the
potential function VT . Transitions tend to move toward states with
lower potentials. States with βV ( f ) � ln(20 000) ∼ 10 are those
where the equilibrium condition cannot be strictly satisfied.

The three models exhibited two different behaviors,
demonstrating directionality and certain diversity in actual
LLM generative dynamics. Claude Sonnet 4.5 and Gemini 2.5
Flash demonstrated rapid convergence, with generated words
quickly concentrating on a few high-frequency words. For
instance, in 20 000 generations, Claude Sonnet 4.5 generated
only 5 valid prompt words, while Gemini 2.5 Flash generated
13 valid prompt words. In contrast, GPT-5 Nano exhibited
stronger exploration, producing as many as 645 different valid
prompt words in 20 000 generations. This difference reflects
the exploration-exploitation trade-off in LLM generative dy-
namics, making them suitable for task scenarios with varying
demands for exploration and stability.

In Claude Sonnet 4.5 and Gemini 2.5 Flash, the solution to
the variational condition (2) can be calculated analytically. In
this case, we can plot the transition process of Claude Sonnet
4.5 ordered by the potential function as shown in Fig. 2, with
specific calculations provided in Sec. S3 of the Supplemental
Material [42].

Since Claude Sonnet 4.5 and Gemini 2.5 Flash exhibited
high convergence, the equilibrium condition (3) is almost
equivalent to the detailed balance condition (5). It is worth
noting that we observed Claude Sonnet 4.5 starting from the
prompt word “ATTITUDE,” which has the lowest potential
function, began to attempt some invalid words, while Gemini
2.5 Flash oscillated between the two lowest potential func-
tions “ATTITUDE” and “DISCIPLINE,” losing exploration.
This behavior is similar to the low-temperature trapping
phenomenon in physical systems [33,54], suggesting that con-
trolling the potential function may provide a feasible path to
avoid model convergence.

A key example of interest is the GPT-5 Nano model. GPT-5
Nano generated a large number of prompt words due to its
strong exploration, allowing us to directly test the detailed bal-
ance condition within the state space. We note that according
to detailed balance, the sum of potential changes along any
closed path should be zero. Specifically, considering a closed
path f1 → f2 → · · · → fn → f1, according to the detailed
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FIG. 3. In the task of conditioned word generation without a
reasoning chain, verification of detailed balance through closed paths
in the state transition graph of the GPT-5 Nano model. Each point
represents a triplet, with all different triplets found in the experimen-
tal data. The error bars directly arise from sampling errors. χ2/ndf
is the chi-square per degree of freedom. Note that both axes are in
natural logarithm (ln), not log10.

balance condition, we have

n∑
i=1

ln
T ( fi+1 ← fi )

T ( fi ← fi+1)
=

n∑
i=1

β(V ( fi ) − V ( fi+1)) = 0. (7)

Figure 3 counts all triplets in the experimental data, where
transitions between each pair of the three data points were
measured, totaling 140 different triplets. Each point represents
a comparison of the sum of the logarithms of the forward
and reverse transition kernels for a triplet, thereby testing the
detailed balance condition. The measurement points cluster
around the diagonal line, indicating that within the error range,
the two sums are approximately equal, consistent with the
detailed balance condition.

To further test the universality of detailed balance in LLM
generation, we now construct an agent Treal with a long rea-
soning chain, whose states are strings that can be parsed into
specific expression trees. We recorded 50 228 state transitions
executed by this agent, constructing a database containing
21 697 different transitions and 7484 different states. Some
example states are shown in Table I. By analyzing these tran-
sitions, we can statistically test the detailed balance condition
and estimate its underlying potential function VTreal through the
least action principle. This agent involves multiple different
LLMs and prompt templates, so its potential function charac-
teristics may reflect typical behaviors of LLM generation in

TABLE I. Examples of some states of the agent Treal and their
potentials. The independent variable log_v_k_nu in the fitting task
is abbreviated as x.

States f Potential

param1 * tanh(param2 * x + param3) + param4 5.70
param1 - (param2 / (x + param3)) 0.88
param1 * x / (1 + param2 * log(x + 1)) −0.57
param1 * tanh(param2 * x) + param3 −1.57
param2 + param1 * (1 - exp(-x)) −3.30

FIG. 4. In the task of symbolic fitting with a long reasoning
chain, test of the detailed balance condition for the agent Treal. The
error estimation includes root mean square statistical errors, and the
error of the potential function is estimated through bootstrapping. r
is the Pearson correlation coefficient, and χ 2/ndf is the chi-squared
per degree of freedom. Measurement includes state pairs with at
least one measured transition between the two states. Points with
|VT ( f ) − VT (g)| > ln (50 288) are excluded. One-tenth of the data
points are displayed for clarity.

practical applications. More experimental details are provided
in Sec. S2 of the Supplemental Material [42].

Similar to the measurement described above, we counted
all triplets in the experimental data, where transitions between
each pair of the three data points were measured, and for all
different triplets, we observed consistency with the detailed
balance condition within the measurement error range. The
results are provided in Sec. S2 of the Supplemental Material
[42].

We now estimate the underlying potential function VTreal

through the least action principle. In a discrete state space,
the integrals are replaced by sums over states, so the action
[Eq. (1)] becomes, normalized by the number of states in the
database,

S =
∑

g← f K (VTreal ( f ) − VTreal (g))∑
f 1

. (8)

By numerically minimizing this action, we can estimate the
potential function values VTreal ( f ) for each state. According
to this estimation, the minimum value of the action is much
smaller than K (0), indicating that the state transitions of the
agent Treal indeed exhibit directionality. In Sec. S4 of the Sup-
plemental Material [42], we show that this optimized action
value can be used to quantify the density distribution of states
with respect to the underlying potential function, thereby
providing direct guidance for designing more effective LLM
generation strategies in practice.

By estimating this potential function, we can check
whether the potential function is consistent with the detailed
balance condition. Specifically, the detailed balance condition
requires that for all state pairs ( f , g), Eq. (5) holds.

Figure 4 shows a comparison of the left and right sides of
Eq. (5). We use the Pearson correlation coefficient r between
the two sides as the primary quantitative measure of how well
detailed balance is satisfied; here, r = 0.92, indicating that the
detailed balance condition holds to good approximation.
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FIG. 5. Illustration of the ability of the potential function dis-
covered using IdeaSearch [55] to predict the directionality of state
transitions. Each point represents a transition pair from state f to
state g. The figure shows a subgraph composed of 70 states selected
from the database, displaying transitions with high transition ker-
nel Treal(g ← f ) > 0.05. Red and green lines represent transitions
with increasing and decreasing potential functions, respectively. The
horizontal axis represents the mean square error of the expression
corresponding to the state in the symbolic fitting task, while the
vertical axis represents the potential function.

With the estimation of the potential function, we further
discuss the specific meaning of the potential function in this
problem to reveal the intrinsic cognitive characteristics in
LLM generative dynamics. To this end, we use the action as
an optimization objective and employ a workflow based on
IdeaSearch [55] to find a potential function with an explicit
functional form that maps the expression strings correspond-
ing to state f to scalar potential function values VT ( f ). The
best potential function found in 4000 rounds of search con-
tains 49 parameters, capturing various features of state f at
the expression level, such as complexity, syntactic validity,
and structural affinity with domain-specific patterns, with-
out capturing string-level information. The magnitude of the
corresponding parameter values directly reflects the impor-
tance that LLMs attach to these features during the generation
process. The potential function and its specific analysis are
provided in Sec. S5 of the Supplemental Material [42].

Figure 5 shows the transition patterns between some states
sorted by this potential function. In the database, there are a
total of 9769 transitions with high transition kernel Treal(g ←
f ) > 0.05, and the corresponding potentials V ( f ),V (g) are
calculated using the potential function. Among them, 6795
(69.56%) exhibit a decrease in the potential function, 2523
(25.83%) exhibit an increase in the potential function, and
451 (4.62%) exhibit no change in the potential function. This
indicates that the potential function partially captures the in-
trinsic directionality in LLM generative dynamics. It is worth
emphasizing that LLMs overall tend to choose states with
relatively low potential function values as the next state, even

though they may not necessarily perform better on actual
data. In this way, the potential function can reveal the differ-
ences between the intrinsic cognition of LLMs and real data.
Additional experiments on diverse tasks further support the
generality of this conclusion (see Sec. S2 of the Supplemental
Material [42]).

IV. CONCLUSION AND OUTLOOK

In this paper, we have proposed a framework based on the
least action principle to describe and analyze the generative
dynamics of LLM-based agents in their LLM-generated state
space. Through experiments on multiple different models and
tasks, we have found that the state transitions of these agents
largely satisfy the detailed balance condition, indicating that
their generative dynamics exhibit characteristics similar to
equilibrium systems. We have further estimated the underly-
ing potential function through the least action principle and
revealed its important role in capturing the intrinsic direction-
ality in LLM generative dynamics.

This paper provides a preliminary exploration of the possi-
bility for discovering macroscopic laws in LLMs generative
dynamics. Future work can further expand this framework
and explore the application potential of more tools from equi-
librium and near-equilibrium systems in understanding and
optimizing LLM generation processes. For instance, studying
the degree of deviation from equilibrium may help us under-
stand a model’s level of overfitting, as overfitted models may
learn more localized strategy sets rather than global generative
patterns governed by potential functions [35,36]. Addition-
ally, optimization methods based on potential functions may
also provide new ideas for improving the quality and diversity
of LLM task-related generation, such as adjusting the action to
different magnitudes based on varying safety and exploration
requirements.
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