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Abstract

The proliferation of Large Language Models (LLMs) has
established LLM routing as a standard service delivery
mechanism, where users select models based on cost, Quality
of Service (QoS), among other things. However, optimal
pricing in LLM routing platforms requires precise modeling
for dynamic service markets, and solving this problem in
real time at scale is computationally intractable. In this
paper, we propose PriLLM, a novel practical and scalable
solution for real-time dynamic pricing in competitive LLM
routing. PriLLM models the service market as a Stackelberg
game, where providers set prices and users select services
based on multiple criteria. To capture real-world market
dynamics, we incorporate both objective factors (e.g., cost,
QoS) and subjective user preferences into the model. For
scalability, we employ a deep aggregation network to learn
provider abstraction that preserve user-side equilibrium
behavior across pricing strategies. Moreover, PriLLM offers
interpretability by explaining its pricing decisions. Empirical
evaluation on real-world data shows that PriLLM achieves
over 95% of the optimal profit while only requiring less than
5% of the optimal solution’s computation time.

Code — https://github.com/luck-seu/PriLLM
Extended version — https://arxiv.org/abs/2511.09062

1 Introduction

The landscape of Large Language Models (LLMs) is rapidly
evolving, with service providers continuously introducing
new models. This proliferation complicates the task of se-
lecting the optimal model for users (Song et al. 2025; Yue
et al. 2025). To address this challenge, LLM routing plat-
forms, such as OpenRouter, Eden Al, and Martian, have
been developed. These platforms provide a centralized inter-
face that consolidates key metrics for each model, including
per-token cost and Quality of Service (QoS) parameters. Ad-
ditionally, they offer a unified API, enabling seamless access
to multiple models through a standardized interface. This pa-
per investigates the dynamic service pricing strategies for a
service provider within an LLM routing system (Figure 1),
where user requests are dynamically routed to the most ap-
propriate service provider based on user preferences.
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Figure 1: An example of an LLM routing system that
dynamically matches user requests to the most suitable
providers based on individual preferences. In this example,
users receive updates on key metrics of service providers
and then adjust their allocation strategies accordingly (Steps
1-4). Their subjective preferences will be updated after
providers accept and fulfill the requests (Steps 5-6).

When selecting services, users’ routing preferences are
shaped by both objective and subjective factors. Objective
attributes include per-token cost, model parameter count,
and real-time quality-of-service metrics (QoS), namely, ac-
cess delay (time to first token, TTFT) and service congestion
(tokens generated per second, TPS). Subjective attributes
encompass the user-perceived values derived from LLMs’
practical utilities and their brand reputations (Song et al.
2025; Hu and Zhou 2024; Mizrahi et al. 2024). Users ag-
gregate the factors to minimize individual costs, allowing
the routing system to allocate requests effectively across
providers. The pricing strategies in LLM service markets
are crucial for both providers and users, yet remain an
open problem. On one hand, setting lower prices can at-
tract more users, but may degrade QoS due to higher de-
mand. On the other hand, higher prices may increase QoS
but reduce market competitiveness. Even worse, the service
provider can only obtain partial information about the sys-
tem without knowing actual users’ preferences and LLMs’
user-perceived values.

Traditional approaches for cloud service pricing (Saxena
and Singh 2024; Chakraborty et al. 2021; Huang et al. 2023;
Tiitiinciioglu and D4n 2024; Ding, Gao, and Huang 2023)



cannot be directly applied to LLM routing services due to
a fundamental misalignment with the market’s unique dy-
namics. Specifically, LLM services exhibit heightened sen-
sitivity to QoS factors such as service congestion and net-
work latency, while user preferences are additionally shaped
by user-perceived value. As a counter-intuitive example, a
provider’s price increase may actually expand its market
share if accompanied by substantial performance improve-
ments. Without a calibrated market model that jointly cap-
tures these system-level sensitivities and user-side hetero-
geneity, traditional methods fail to reflect real market dy-
namics. The Stackelberg game framework naturally mod-
els leader-follower dynamics in service markets, where
providers act as leaders setting prices and users respond
as followers. However, applying this framework to LLM
service pricing introduces substantial computational chal-
lenges. In particular, the leader’s optimization problem de-
pends on the follower-side Nash equilibrium, which is of-
ten non-convex, leading to computational intractability. Ex-
isting approaches mitigate this complexity through macro-
level approximations (Harks and Schedel 2021; Cui, Hu, and
Luo 2020; Wu, Barati, and Lim 2020; Fotouhi and Miller-
Hooks 2021; Wu et al. 2021; Xiong et al. 2016) or equi-
librium relaxations (Li et al. 2019; Naoum-Sawaya and El-
hedhli 2011; Bohnlein, Kratsch, and Schaudt 2021; Briest,
Hoefer, and Krysta 2008). However, these simplifications
sacrifice the modeling precision necessary to capture the nu-
anced dynamics inherent in LLM routing systems. Can we
calibrate the market model to reflect real-world dynamics by
incorporating both objective metrics and subjective prefer-
ences? If so, how can we characterize the resulting market
equilibrium? Can we design scalable algorithms to handle
many users and providers in real-time? To the best of our
knowledge, these questions remain unexplored. An extended
version with full technical appendices is available on arXiv.
Contributions & Organization. To answer these questions,
we propose PriLLM, the first practical and scalable solution
for real-time service pricing in LLM routing.

(1) Problem formulation (Section 3). We formulate the ser-
vice pricing problem as a Stackelberg game, where providers
act as leaders and customers as followers. Given the initial
pricing strategy profile P, service selection strategy profile
F, user-defined routing functions, and a target provider s, it
alternates between updating F to reach a Nash equilibrium
under P, and adjusting s’s pricing strategy to maximize its
profit. This yields a mathematical program with equilibrium
constraints (MPEC), which is usually NP-hard. We prove the
existence and uniqueness of the Nash equilibrium.

(2) Game calibration (Section 4). We calibrate our Stack-
elberg routing model to real LLM routing data by learning
user-preference parameters 6. At any given price and mar-
ket condition, the user side admits a single Nash equilib-
rium flow, delivered by a predictor function F*(-). Fitting
the game model to observed traffic allows us to recover la-
tent preferences and align the model with real behaviors.
(3) Game abstraction (Section 5). To reduce complexity in
large-scale markets, we aggregate both users and service
providers into abstracted groups. On the user side, we group
users by the apps they use, based on the assumption that
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users of the same app share similar preferences. On the
provider side, we propose a deep aggregation network that
learns to abstract service providers. To prevent overfitting,
PriLLM samples multiple pricing strategies for s and mini-
mizes the discrepancy in selection strategies across them.
(4) Experimental study (Section 6). Using real-life market
data from OpenRouter, we empirically find the following.
(a) PriLLM accurately captures real-world market dynam-
ics parameters, achieving a high R? score of 0.8982 in fit-
ting user traffic flows. (b) PriLLM outperforms pMPEC and
Smooth, the best baselines, by 9.2% and 14.3% on average,
respectively, up to 11.4% and 17.3%. (c) PriLLM achieves
over 95% of the optimal profit, requiring less than 5% of the
computation time of the brute-force optimal solver.

2 Related Work
2.1 Stackelberg Game in Service Pricing

In traditional cloud and edge computing markets, dynamic
pricing has long been modeled as a Stackelberg game,
with service providers acting as leaders and users acting as
followers. However, these traditional models typically as-
sume that users’ utilities depend solely on coarse-grained
quality of service (QoS) metrics (Saxena and Singh 2024;
Chakraborty et al. 2021; Tiitiinctioglu and Dan 2024; Ding,
Gao, and Huang 2023), such as average latency, while ig-
noring users’ subjective values of model quality. In the LLM
service domain, user decisions additionally weigh a range of
fine-grained metrics, such as TTFT, TPS, and user-perceived
values for different models (Ding et al. 2024; Hu et al. 2024;
Feng, Shen, and You 2024). This richer utility structure
makes classical pricing models difficult to apply. To bridge
this gap, our work introduces a Stackelberg congestion for-
mulation explicitly parameterized by both objective and sub-
jective preferences for the LLM servicing market.

2.2 LLM Service Evaluation

Existing evaluations of LLM services fall into two broad cat-
egories: (i) human-centric studies that elicit subjective qual-
ity judgements from small, controlled user panels (Chiang
et al. 2024; Shankar et al. 2024; Ni et al. 2024); and (ii)
automated benchmarks that score models on curated refer-
ence corpora with ground-truth answers (Hu and Zhou 2024;
Mizrahi et al. 2024). Both streams produce leaderboards, yet
neither is suitable for informing pricing decisions. Human-
centric studies suffer from limited and non-representative
samples, preventing the generalization of findings to the het-
erogeneous user base encountered in production systems.
Automated benchmarks, conversely, rely on static test suites
that may deviate from the task distributions encountered in
live deployments; consequently, their reported scores exhibit
low correlation with the utility users actually derive from
the service. In contrast to these methods, we evaluate LLM
performance through the lens of user-perceived value. This
value is derived from the collective behavior of users in the
LLM market and is primarily measured by the models’ abil-
ity to enhance real-world task performance.



2.3 Model Relaxation in MPEC

A prevalent approach for investigating the optimal pricing
strategy for LLM service providers within a congestion-
aware Stackelberg game is to reformulate the task as
an MPEC (Naoum-Sawaya and Elhedhli 2011; Cardellini,
Di Valerio, and Presti 2016). Even a bilevel linear program is
NP-hard (Friesz and Harker 1985). Existing research, there-
fore, either simplifies the problem itself (Harks and Schedel
2021; Cui, Hu, and Luo 2020; Wu, Barati, and Lim 2020;
Fotouhi and Miller-Hooks 2021; Wu et al. 2021; Xiong
et al. 2016) or relaxes the MPEC constraints (Li et al. 2019;
Naoum-Sawaya and Elhedhli 2011; Bohnlein, Kratsch, and
Schaudt 2021; Briest, Hoefer, and Krysta 2008), while some
studies employ reinforcement learning to approximate these
constraints so as to alleviate computational burden (Liu et al.
2020; Kuang et al. 2025). Nevertheless, users of LLM ser-
vices are acutely sensitive to quality-of-service (QoS) fac-
tors such as latency and congestion. Consequently, model-
simplification techniques that disregard heterogeneous user
preferences or congestion effects are inadequate for this
task (Harks and Schedel 2021). By contrast, methods that
relax the MPEC constraints often require considerable com-
putation time to attain high precision, whereas the complex-
ity of the MPEC renders the underlying logic difficult for the
RL network to master directly. Our approach is grounded in
the analysis of the routing game’s properties, which allows
us to formulate a fully differentiable game abstraction which
enables direct, end-to-end training of a neural network.

3 Stackelberg Routing Game

We model the LLM routing system as a Stackelberg rout-
ing game. We begin with an overview of the game setting,
followed by a formal problem definition.

3.1 Preliminaries

The Stackelberg routing game comprises two types of enti-
ties: service providers and users.

Service Providers. The service providers develop, train, and
maintain the LLMs, as well as host the LLM services. We
denote them as S. For each SP s; € S, its service is charac-
terized by user-perceived value b; , service capacity o;; and a
certain QoS, including metrics: transmission delay between
users and congestion factor. The SP aims to set an optimal
unit price p; (e.g., dollars per million tokens) to maximize its
profit. All the SPs’ prices compose a pricing strategy profile
P of the system, such that P = {p, } 7. ,.

We focus on the pricing decision problem for a (given)
target provider. Thus, we divide the set of SPs into a tar-
get provider s and the set of rival providers R, such that
S = {s} U R: (i) Target Provider (s): This is the specific
provider whose pricing strategy is the central focus of our
study. (ii) Rival Providers (R): This is a set of m —1 compet-
ing service providers, denoted as R = {r1,72,...,Tm—1}-
Without loss of generality, we let s; € S be a target provider
if 7 = m, otherwise s; is a rival provider.

Users. We consider a set of n users, denoted as U
{u1,us,...,un}. A useris a group of population and is ag-
gregated as an entity, like a commercial application or an en-
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terprise client with a total token demand D;. User u; decides
her allocation strategy f;, = {fi;};es, where f;; indicates
the amount of tokens allocated to SP s;, which is determined
by minimizing her routing-cost function C;:

Ci =Y fij (wpp; + weQj + wadiy — b;)
jeSs
s.t. Z fij = Di,  fi; > 0.

JjES

)

where p;, d;;, and (Q; represent objective factors: unit price,
transmission delay between s; and u;, and s;’s conges-
tion factor, respectively. Subjective preferences are cap-
tured by b; (user-perceived value of s;’s quality/brand) and
wp, Wq, Wq (subjective weights of the objective factors).

3.2 Game Formulation

We use the Stackelberg game to model the pricing decision
process of s. In this game, s as the leader sets the price pg
according to the market conditions of U and R, and then
the users as followers make their allocations based on unit
price, TTFT and congestion factor of each service provider.
We assume QQ; = ) . fij/a; in our model, where a; is
the service capacity of s;. We can get the following defini-
tions. The presence of service congestion means that users’
selections are interdependent, as one user’s choice can im-
pact the service quality experienced by others. This interac-
tion among users forms a non-cooperative game. Therefore,
s’s price decision-making process is also constrained by the
Nash Equilibrium (NE) of this user-side game.

User-side Game Given the fixed price strategy profile P
of all service providers, users strategically split their de-
mands to minimize their expected acquisition cost. Let
the strategy profile of u; be f;, = {fi;}jcru{s}. De-
note the joint allocation strategy profile of all n users by
F = (f1,f2 -, f,). For convenience, write F_;, =
(fi,--»fi_1is fig1s---5 fn). Next, we define NE of the
user-side game and prove the existence and uniqueness.

Definition 1 (Nash Equilibrium of the user-side game).
A strategy profile F = (fi,f",) is a Nash equilibrium
of the user-side game if for any user u;, it is true that
Ci(f33P fL0) S G5 P fy) for any fi # f7.

Theorem 1. A unique NE exists in the user-side game.

Proof Sketch. The objective function of u; (i.e.,Eq. (1)) is
continuous, and the inequality and equality constraints are
convex. Therefore, the feasible sets of Eq. (1) are closed,
nonempty, and convex. The Hessian matrix of the cost func-
tion C; is positive definite, which means that the second-
order partial derivatives are greater than zero, i.e.,, V2C; > 0
and the cost function C; is strictly convex. Thus, the follow-
ers form a concave n-person game. By Rosen’s uniqueness
theorem (Rosen 1964), the lower-layer game always has a
unique equilibrium, and each follower’s optimization prob-
lem can converge to a unique solution in the equilibrium
state, regardless of the pricing strategy P. O

Stackelberg Routing Game Based on user-side NE, we
define the target s’s pricing problem, which maximizes its
profit U, by determining the best unit price ps as below.
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Figure 2: Overview of PriLLM.

Problem 1 (LLM Service Pricing Problem). Given the user-
side NE, s determines ps to maximize its profit V.
s) = Ds - Q5(ps) - s

User-side game reaches equilibrium
0 < ps <p™*,

max Yy(p
Ps

@

S.1.

where Q% (ps) s is the equilibrium service demand for s re-
sulting from user-side NE.

The Stackelberg routing game (Problem 1) is intractable:
its leader—follower structure, coupled with the user-side
Nash equilibrium, yields an MPEC that remains NP-hard
even in the linear case (Friesz and Harker 1985). Moreover,
the user cost function C; in Equation 1 contains preference
parameters 8 = {w,, wq, wq, {b;}} that encode latent sen-
sitivities; unless these parameters are calibrated on real mar-
ket data, the model suffers a pronounced sim-to-real gap and
delivers pricing policies of inferior quality.

Accordingly, we introduce PriLLM, a two-phase frame-
work. An overview of PriLLM is provided in Figure 2:
Phase 1 refines the game model by extracting latent user
preferences from observational data; Phase 2 scales the mar-
ket efficiently and compresses the pricing problem to a sim-
plified form for live LLM providers.

4 Data-Driven Game Calibration

To calibrate the game model with the data from the real-life
LLM routing platforms, we propose a paradigm shift from
traditional model-first approaches to a data-driven frame-
work. Instead of manually setting the user preference pa-
rameters 6, we learn them directly from routing data. We
consolidate these learnable parameters into a single set 6
to simplify notation, after normalizing the price weight to
wy, = 1 for model identifiability: @ = {1, wgy, wq, {b;}jes}
We demonstrate the learnability of the parameter set 6.

To achieve game calibration, Phase 1 of PriLLM con-
tains four key steps. First, PriLLM identifies objective fac-
tors from the real-world data and generates a strong initial
estimate for 6. Subsequently, PriLLM leverages a prediction
function to compute the expected routing flows under the
current parameters 6. The discrepancy between these pre-
dicted flows and the actual routing data is then quantified as
an error signal, which is backpropagated to refine 6. This
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refinement process is repeated until we obtain the final pa-
rameters that best explain the real-world LLM routing flows.

4.1 Learnability of Game Parameters

Theorem 1 implies that for any given S and its pricing
strategy P, the user-side game NE is a single, routing flow
F*. This allows us to treat the user-side game as a func-
tion F*(-) mapping objective factors of each s;, O
{pj,a;,{dij}icv}jes, demnad of users, {D; }icy and user
preference parameters, 8 to a unique equilibrium flow.

‘F* :f*(eaov{Dz}zGU) (3)

To achieve F*(-), we construct a potential function ®(F)
for the game. To simplify its presentation, we define it
as the sum of two components: a fixed cost component
Prixea(F) and a congestion cost component Pcongestion (F)-
Let ®pixea(F) be defined as:

F) =3 (wypj + wadij —

i=1 jes

bj) fij 4

Dried

And let congesiion (F) be the total delay cost:

22%(@]% +me> 5)

jes
The potential function is the sum of these two parts: ®(F)
Prixed (F) + Pcongestion (F), Where F* is the uniqueness so-
lution to minimization of ®(F;8,0,{D,};cv). A proof is
provided in the extended version. To learn € via gradient-
based methods, we also need compute the gradient of a loss
function through F*(-).

Theorem 2. The user-side NE prediction function F*(0) is
piecewise differentiable. Consequently, for any loss function
L(F*), the gradient Vo L exists (as a sub-gradient at non-
differentiable points) and can be learned end-to-end using
modern automatic differentiation frameworks.

(bC()ngestion (]:) =

Proof Sketch. The unique NE is the solution to a strictly
convex quadratic program (QP) derived from the user-side
game(a potential game), with @ appearing as coefficients
in the C;. The solution F* is characterized by the Karush-
Kuhn-Tucker (KKT) conditions, which form an implicit



function of 6. Automatic differentiation libraries can dif-
ferentiate through the solution of such convex optimization
problems. The piecewise nature, which arises from changes
in the set of active constraints (i.e., users’ service routing),
is handled by these frameworks, which compute valid sub-
gradients at points of non-differentiability. O

4.2 Initialize and Learn Game Parameters

The learning process is sensitive to the initial values of 6,
as poor initialization often leads to a failure to converge.
Hence, we propose an initialization strategy to get the high
quality initial values {b;} for 8 . The method takes repre-
sentative days of real-world traffic data (F7°) as input, and
outputs a initial parameters 6;,; , detailed in extended ver-
sion. The core idea is to assume the observed data 774! al-
ready represents a user NE. Based on this assumption, we
work backward to find the inherent biases {b;} of the ser-
vices with fixed weights {w, = 1,wg = l,wy = 1}.Ina
NE, for any user, all the services they actually use must be
equally costly or attractive, and these must be more attrac-
tive than any service they do not use. This principle allows
us to formulate a simple Linear Program to find the small-
est non-negative biases {b;‘} that make the real-world data
calibrated with our game model. We then form our initial
parameter vector:{w, = 1.0, wq = 1.0,w, = 1.0, {b} } }.

Given initial parameter vector and 7' days’ real-world
routing data as 7' NE of user-side game, i.e.,, the real daily
traffic distributions, objective factors of .S, demand of each
user, our objective is to find the parameters 6" that best ac-
count for the observed data. Hence we minimize a loss func-
tion that quantifies the discrepancy between the model’s pre-
dicted NE and the actual NE:

T
min  L(6) = > F*(0: {Di}ier. O) — F3 (6)

t=1

where F1° {D;; }icr is the routing data and demand data
of day ¢. By minimizing the objective function £(8), we can
find a local optima using gradient-based methods.

5 Dynamic Pricing with Game Abstraction

To tackle the Stackelberg routing game, PriLLM uses a
novel learning framework to simplify the routing market
while preserving the user-side NE for the target providers
s. Within the simplified market, we can efficiently solve the
MPEC problem to find a near-optimal price for target s.

As illustrated in Phase 2 of Fig 2, the process is as follows.
First, PriLLM employs a ranking model to assign a score
to each rival and aggregates the rivals with lower scores.
PriLLM then assesses the quality of the abstracted routing
game by comparing s’s profit curve to that of the original
game, and updates the ranking model accordingly. By us-
ing routing game abstraction, we can efficiently solve for a
near-optimal pricing to the s’s routing game.

5.1 Rival Ranking and Abstraction

The main idea of PriLLM’s abstraction is to preserve the
most influential K — 1 rivals while aggregating the less sig-
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nificant ones. It can maintain the complexity of the market
competition while reducing the computational load.

To rank the rival providers, PriLLM encodes each rival
r; € R into a feature vector encapsulating its objective fac-
tors, user-perceived value and related factor with s. These
embeddings are processed by a stack of Set Attention Blocks
(SABs) (Lee et al. 2019). To accommodate different aggre-
gation needs, our SAB module is designed to compute two
parallel sets of importance scores for each rival:

( ):SAB(pja{dij}7aj7bj;0>o’{Di})

PriLLM preserves the top K — 1 rivals identified by the av-
eraging score. All remaining rivals R,g, are then aggregated
into a single representative rival, r,. The attributes of r, are
synthesized using the two learned score types: cumulative
properties like o, are calculated via a weighted sum:

Qg = Z

75 € Ragg

Score;“m

avg
, SCOTE;

score®™

i

while attributes like p,, {di,}, b, are computed through a
weighted average:

avg
scorej

ETJ‘ € Ragg (

> score’’
75 € Ragg J

(P, {dij}: b5))

(pa7{dia}7ba) = g

This process transforms the original market into a simplified
market by reducing the size of the rival set.

5.2 Loss Function and Model Solving

Our central hypothesis is that if the profit curve of target s
in an abstracted routing game aligns with the original profit
curve, the abstracted routing game’s derived optimal price
will approximate the true optimum. Therefore, we evalu-
ate the quality of an abstracted game by comparing the
two profit curves of target s. We employ a sampling-based
method. By sampling multiple price points for target s, we
repeatedly compute and compare its profit by F*(-) in both
the original and the abstracted routing game.

Given the orginal profit vector Y and the predicted profit

vector Y((b) over a set of sampled prices points, we train
PriLLM, parameterized by ¢, by minimizing:
2
> s (D

e
Lcurve(¢) = 7 Z (
k=1

where ¢ represents the parameters of our deep aggregation
network. X is the total number of candidate price points
sampled for the target provider s. Y = [Y3,...,Y] is the
profit vector in which each Y} is the profit for provider s
at the k-th candidate price, computed in the original routing
game. But Y(¢) = [Y1(¢),...,Y(¢)] is computed in the
simplified game generated by PriLLM’s aggregator. |[Y||oo
is the L-infinity norm (i.e., the maximum absolute value) of
the original profit vector. We use it to normalize both curves,
which stabilizes the training process against varying scales
of profit. Detail calculation of NE is provided in extended
version.

Vi  Yk(9)
1Yl [[YTloo




Scenario Premium Market Economy Market Coding Market Translation Market

Problem Size (4 LLMs, 900B tokens) (8 LLMs, 1200B tokens) (13 LLMs, 800B tokens) (10 LLMs, 40B tokens)
Metric Time(s) Profit(%) Time(s) Profit(%) Time(s) Profit(%) Time(s) Profit(%)
PriLLM 1.04 98.5% 3.01 96.2 % 4.95 95.1% 3.98 95.8 %
pMPEC 1.64 91.9% 21.02 88.3% 95.04 85.4% 35.17 87.5%
Smooth 3.29 88.1% 135.2 84.5% 680.5 81.1% 210.8 83.8%
SPGCE 2.24 89.2% 18.04 85.1% 105.22 80.5% 32.66 64.2%
ODCA 2.37 62.8% 28.15 51.3% 101.17 64.7% 39.49 78.6%

Table 1: Performance comparison of pricing algorithms with optimal profit across different market scenarios.

After abstraction, the problem can be formulated as an
MPEC via the KKT conditions. We can split the price do-
main of p, into ordered intervals, solve the resulting sub-
problems, and keep the best price; As every feasible price is
examined, the solution is optimal. All solution methods are
given in Baselines of Evaluation section.

6 Evaluation

Using real-life datasets, this section experimentally evaluate
the effectiveness and efficiency of PriLLM framework.

Dataset. We collected three months of historical data for the
20 most popular LLM services and 20 APPs from Open-
Router. We train PriLLM’s deep aggregation network using
a dataset of over 2,000 market scenarios constructed through
data augmentation. Each scenario is derived from a real daily
market snapshot, with perturbations applied to the attributes
of rivals to simulate diverse market conditions.
Configurations. From this dataset, one provider is randomly
selected as the target provider, s, with the rest forming the
set of rivals, I2. We extract the APIinput unit prices as p; and
total daily token usage as the total user demands. To simu-
late a market of enterprise clients, we model the total usage
flow of one commercial APP as one user. Key QoS metrics
are simulated based on empirical data: user-specific TTFTs
are sampled from the observed distribution on OpenRouter,
and service capacities o; = ), (; fij/v; where v; are the
models’ official TPS ratings. We report profit as a relative
metric, defined as the ratio to the optimal profit.
Enviroment settings. We ran experiments on a 64-bit ma-
chine with an Intel i7-8550U CPU and 24GB RAM. Our
framework is implemented in Python 3.8. The MPEC prob-
lems are modeled using Pyomo 6.1.2. The learned parame-
ters of PriLLM are based on a portion of the historical data,
and evaluation is performed on a held-out test set.
Baselines. We use the following MPEC solvers to solve the
Stackelberg routing game. (1) SPITER (Jin et al. 2024), the
default solver integrated in PriLLM. (2) BF (Brute-Force),
which enumerats all KKT conditions of the user-side game.
It provides the theoretical optimum. (3) pMPEC (Hart et al.
2017), a generic solvers implemented via the Pyomo library.
(4) Smooth (Wu et al. 2021), which relaxes the complemen-
tarity constraints into smooth inequalities, allowing the use
of standard nonlinear solvers. (5) ODCA (Chen et al. 2020)
& SPGCE (Harks and Schedel 2021), a simplified MPEC
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solver by ignoring user interaction effects.

For market simulation, we include the following base-
lines: (6) NPM, which models the user cost function solely
based on observable, objective metrics. (7) XGBoost (Chen
and Guestrin 2016), a non-game-theoretic approach that di-
rectly predicts user choices from market features.

We also compare with baselines for subjective preference
learning: (8) FD, a black-box optimization method that ap-
proximates the gradients of the user equilibrium through fi-
nite differences. (9) A2C (Liu et al. 2020), an actor-critic
reinforcement learning method that learns an optimal policy
for selecting preference parameters.

6.1 Opverall Performance of PriLLM

We conduct experiments on PriLLM to validate the game
calibration and the game abstraction method. To evaluate
PriLLM under diverse competitive conditions, we formu-
lated the LLM market into four typical scenarios: Premium
and Economy markets are delineated by API price points
(e.g., above/below $1 per million tokens), while Coding and
Translation markets are formulated based on application-
specific usage data. This partitioning varies problem sizes
and competitive dynamics, as summarized in Table 1.

Effectiveness of game calibration. We tested PriLLM on
the coding market which includes 13 popular LLM service
providers and 8 coding apps with token usage exceeding 2
B tokens. Fig. 3a shows that PriLLM achieves good fitting
performance in both the 2-LLM Model and 3-LLM Model
coding market scenarios based on the learned parameters.
Figure 3b show that our model achieves a high R? score of
0.8982 and a low Mean Absolute Error (MAE) of 3.56M to-
kens. Comparing with Fig. 3¢, we conclude that PriLLM has
stronger prior knowledge than traditional machine learning
methods and can learn effective information when relevant
data is sparse. Comparing with Fig. 3d and Fig. 3e, we see
that the b; and congestion effect (); considered in the mod-
eling of PriLLM improve the ability of calibrating.

Effectiveness of game abstraction. We validate
PriLLM’s ability to simplify the Stackelberg routing
game. We use the deep aggregation network to get a
simplified market with K = 2 rivals, for which K = 2 is a
good choice in terms of solution efficiency and aggregation
accuracy. Then We compare PriLLM’s efficiency and
accuracy with different methods on the various market
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Figure 3: Experiment of PriLLM’s Game Calibration.

settings. The results are mainly represented in Table 1.
Comparing PriLLM with pMPEC and Smooth methods, we
can find that according to the aggregation results obtained
by PriLLM, the SPITER method can solve the problem in a
faster time and obtain profit close to the optimal solution.

6.2 Impacts of Key Components

Impact of game-parameter learning method. We study
the impact of the game-parameter learning methods on game
calibration. First, we collected data from the four most pop-
ular LLMs for 19 consecutive days, including price, TTFT,
TPS, and usage tokens from various apps. We then used this
data to learn user subjective parameters in our game and then
calibrate them against the real market. Parameters learned
using the A2C or FD methods consistently failed to effec-
tively calibrate the model to real-world data. Due to the com-
plexity of the underlying user game, A2C methods struggle
to learn. FD methods treat the underlying user solution pro-
cess as a black box, requiring a significant time-consuming
gradient calculation and manual adjustment of the update
step size Table 2 shows that only our method can stably
learn parameters. On the dataset, the MSE error can be re-
duced by 45.73 within 25.88 seconds.

Method Converges? Final MSE Time (s)
PriLLM Yes 45.73 25.88
FD No 1.63 x 10° —
A2C No 3.14 x 101! —

Table 2: Impact of Game-parameter Learning Methods.

Impact of aggregation methods. We evaluate the impacts
of aggregation methods on game abstraction. First, we se-
lected data from eight LLMs in the Economy market as
the baseline experimental setup, including unit price, TTFT,
TPS, and usage tokens from various apps. Second, we var-
ied the number of LLMs from small to large (5 and 7 rival
providers). Finally, based on the resulting markets of varying
sizes, we simplified the market using different aggregation
methods and uniformly calculated the optimal price using
the SPITER algorithm. In Table 3, we compared the profits
obtained using different aggregation methods. DA —o We

also compared the time taken to calculate the price using the
BF method directly without using any aggregation method.
In Table 3, we can see that PriLLM achieves near-optimal
profits (over 97% of the optimum) while drastically reduc-
ing computation time compared to the exact solver.

6 LLMs Market 8 LLMs Market
Method Profit(%) Time(s) Profit(%) Time(s)
BF 100.0% 420.63 100.0% 612.24
DA =1 93.8% 5.52 92.1% 9.85
DA g—o 95.2% 9.18 94.5% 13.24
DA k-3 99.7% 19.17 99.5% 20.21
DA k=4 99.9% 62.65 99.9% 61.22
MIN g—2 58.1% 6.37 51.7% 14.09
AVG 18.9% 5.15 15.3% 9.98

Table 3: Impact of Aggregation Methods. BF is the brute-
force method without aggregation. DA stands for the deep
aggregation network. MIN selects the K cheapest rivals.
AVG returns K identical providers with averaged attributes.

Impact of Parameter K. We also analyze the impact of
the number of aggregated rivals /K on the model’s effective-
ness and efficiency. We conduct this experiment on the 8
LLM market settings and compare with heuristic method.
We vary K from 1 to 4 for PriLLM and measure the re-
sulting profit and total computation time. Table 3 shows
that increasing K from 1 to 4 reduces the profit gap from
11.53% to a near-zero 0.06%. Our experiment shows that
using K = 2 aggregated rivals offers a profit improvement
over K = 1 for a increase in runtime.

7 Conclusion

We introduced PriLLM, a framework for dynamic pricing
in LLM service markets. By formulating the problem as
a Stackelberg game and leveraging novel data-driven cal-
ibration and a deep aggregation network, PriLLM over-
comes the limitations of traditional approaches. Our evalua-
tion on real-world data confirms that PriLLM achieves near-
optimal profit with efficiency. As future work, we will ex-
pand PriLLM from single leader pricing to multiple leaders.
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