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ABSTRACT

Agent-based models (ABM) are valuable for modelling complex
systems, however, they are often manually specified and lack be-
havioral and/or environmental adaptation. In this work, we develop
a generic two-layer framework for ADaptive AGEnt based mod-
elling (ADAGE) for addressing this. ADAGE formalises the bi-level
problem of agent and environment adaptation as a Stackelberg
game, providing a consolidated framework for adaptive ABM. We
demonstrate how ADAGE encapsulates several modelling tasks,
such as policy design, calibration, scenario generation, and robust
behavioural learning under one unified framework. We provide ex-
ample simulations on various environments, showing the flexibility
of ADAGE while addressing long-standing critiques of ABMs.
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1 INTRODUCTION

Agent-based models (ABMs) have shown promise for modelling
complex systems where outcomes deviate from equilibrium [3, 4].
However, ABMs crucially rely on the behavioural rules of the agents,
which are typically fixed and/or manually specified. This fixed
behaviour opens ABMs to the famed Lucas Critique: Given that
the model consists of decision rules of agents, and that decision rules
vary systematically with changes in the environment, any change
in policy will invalidate the model (paraphrased from [24]) raising
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Figure 1: ADAGE: Two-layer framework.

concerns about using fixed behaviour rules [26, 35]. While prior
efforts have tackled agent adaptation in macroeconomics [19, 30]
and Al [2, 9, 22, 38], the interplay between agent behavior and
environmental dynamics remains under-explored [44]. Sufficient
adaptation requires a framework for co-evolving agents and their
environment. The Al Economist [34, 44] introduced a two-layer
approach to adapt agent behavior and macroeconomic conditions,
excelling in tax policy design. However, this is tailored to policy
design and lacks a general formulation for broader modeling tasks.
In this work, we develop a generic two-layer framework for
ADaptive AGEnt-based modeling (ADAGE), unifying diverse model-
ing tasks, such as model calibration, policy design, and scenario gen-
eration. ADAGE formalises agent and environmental co-adaptation
as a Stackelberg game, where an outer layer updates the environ-
mental parameterization 6, and an inner simulation layer conditions
agent behavior on observations of 8. ADAGE addresses the Lucas
critique by co-adapting agents and environments, while unifying
diverse modeling tasks under a single versatile framework.

2 PROPOSED APPROACH

ADAGE (fig. 1) is represented as a Stackelberg game [7, 8, 18], a type
of Partially Observable Markov Game, with n + 1 agents: a leader
L = 0 as the outer layer and n followers F = {1, ..., n} in the inner
simulation layer, operating in a parameterised environment [16, 41]
representing the ABM. ADAGE’s generality lies in L’s flexibility to
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Figure 2: Experimental Results

serve multiple purposes depending on the task, while maintaining
a unified representation and solution concept.

The game is defined by the tuple: (S, A, T, r, O, y) where S is the
state space, A = (Ao, A1, ..., An) the action spaces, T: SXA — S
the transition function, r : SX A — RN the reward functions,
O = (0,04, ...,0n) the observation spaces where agents have a
(partial) observation of the state 0;(s) : S — O;, and y the discount
rate. The leader acts first, optimizing a global objective, influenc-
ing followers via the parameterization 6, derived from L’s policy
nr,, parameterizing the ABM. Followers condition their behaviour
mi(a | o, é,) on observations of 0.At timestep t each active agent
i takes an action a;; ~ 7;(0;;) based on their policy 7; and pri-
vate observation o; ;. The goal of agent i is to find a policy x; to
maximise their expected return: R; = E[}; ytr,-,t (st.aip,a—iy)]
where a_;; is the action of the other agents. A Stackelberg equi-
librium (STE) is a solution (7}, ;) at which point no agent can
improve their return while holding the behavior of others fixed:
n; € argmax, [Rp|nzp ~ e(np)], np = {m : i € F} where ¢
represents a best-response oracle [18]. Generally, the task is to si-
multaneously optimise 7y, 7y, as the oracle ¢ is unknown. Here,
we focuses on approximating the STE and applying it to adaptive
ABM, rather than convergence guarantees [15, 43]. To find an (ap-
proximate) STE, it suffices to solve ! the following set of coupled
non-linear equations: {ﬁn;Ri =0,VieF, 6,,2RL =0} ([1, 21, 40]).

3 EXPERIMENTS

To demonstrate ADAGEs flexibility, we provide illustrative (but
non-exhaustive) examples spanning distinct modelling tasks and
environments, showing how each is is encapsulated by ADAGE.
Policy Design, a key modelling use case [29, 31, 42, 44], is cap-
tured by ADAGE. To demonstrate this, we use a tax policy simulator
based on TaxAlI [25], with multiple households, firms, banks, and a
central government (similar to [10, 44]). The government L selects
taxation rates 0 to maximise social welfare of the households F, who
are maximising their individual reward subject to 8. ADAGE suc-
cessfully maximises social welfare (fig. 2a), significantly improving
upon the free market case, indicating the framework can perform
policy design in complex economic systems.

Calibration is another crucial modelling task, matching simulators
to real-world dynamics [5, 12, 37]. We demonstrate how this fits
within ADAGE using the Cobweb market game [20] (CMG). CMG
explores price fluctuations, where with human participants, we see
larger fluctuations than implied by perfectly rational participants,

!we use alternating gradient descent, iteratively updating 7 Vi as an estimate of 7}

based on the approximate gradient 6,,1. +Ri with r;, Vj # i fixed to their latest iterate.
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so we must calibrate the level of bounded rationality of the agents
[13] through 6. ADAGE successfully calibrates the simulator to
real-world data (from [20]), capturing the overall distribution and
producing the best fit (fig. 2b), demonstrating that calibration and
bounded rationality are compatible with ADAGE.

Scenario Generation is another common modelling task [11, 28].
Despite being distinct from the previous tasks, we demonstrate the
compatibility with ADAGE. We utilise a market entrance game [27]
and explore the impact of Tobins tax [33] on controlling market
volatility [6, 32], where the goal is to generate scenarios for stabiliz-
ing the market. ADAGE discovers Tobin tax settings (paramaterised
by ) that reduce volatility (fig. 2c), aligning with prior manual find-
ings [6, 32], demonstrating scenario generation capabilities.
Robust Behaviour Learning is another modelling task, learning
behaviour across preferences, e.g., meta-learning [17]. We demon-
strate how ADAGE can be used for this in a financial environment
(adapted from [36, 39]) with a market maker (MM) trading with mul-
tiple zero-intelligence liquidity takers [14, 23]. The MM can have
different preferences w in terms of maximising market share w — 0
or PnL w — 1, and the goal is to learn generic behaviour across
o = {0,0.25,0.5,0.75, 1}. Despite having a single behavioural policy,
ADAGE reproduces fixed w results (fig. 2d) that previously required
retraining for each preference, demonstrating robust behavioural
learning with a single policy through sampling preferences via 6.

4 DISCUSSION AND CONCLUSION

We introduced ADAGE, a novel adaptive ABM framework in which
agents and their environment co-evolve, with agents adjusting
their behaviour in response to environmental changes and vice
versa, encompassing diverse modelling tasks (e.g., policy design,
calibration, scenario generation, and robust behavioural learning).
Given ADAGESs generality, we hope this will become a valuable
framework for developing adaptive agent-based simulations.
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