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Abstract

We consider a variant of continuous-state partially-observable stochastic games with neural per-
ception mechanisms and an asymmetric information structure. One agent has partial information,
with the observation function implemented as a neural network, while the other agent is assumed to
have full knowledge of the state. We present, for the first time, an efficient online method to com-
pute an e-minimax strategy profile, which requires only one linear program to be solved for each
agent at every stage, instead of a complex estimation of opponent counterfactual values. For the
partially-informed agent, we propose a continual resolving approach which uses lower bounds, pre-
computed offline with heuristic search value iteration (HSVI), instead of opponent counterfactual
values. This inherits the soundness of continual resolving at the cost of pre-computing the bound.
For the fully-informed agent, we propose an inferred-belief strategy, where the agent maintains an
inferred belief about the belief of the partially-informed agent based on (offline) upper bounds from
HSVI, guaranteeing e-distance to the value of the game at the initial belief known to both agents.
Keywords: Minimax strategies, continual resolving, partially observable stochastic games.

1. Introduction

Partially-observable stochastic games (POSGs) are a modelling formalism that enables strategic
reasoning and (near-)optimal synthesis of strategies and equilibria in multi-agent settings with par-
tial observations and uncertainty. One-sided POSGs (Horék et al., 2023) are a tractable subclass of
two-agent, zero-sum POSGs with an asymmetric information structure, where only one agent has
partial information while the other agent is assumed to have full knowledge. This is well suited to
autonomous safety- or security-critical settings, such as patrolling or pursuit-evasion games, which
require reasoning about worst-case assumptions. Since real-world settings increasingly often utilise
neural networks (NNs) for perception tasks such as localisation and object detection, one-sided
neuro-symbolic POSGs (one-sided NS-POSGs) were introduced (Yan et al., 2023). In this model
the agent with partial information observes the environment only through a trained NN classifier,
and consequently the game is generalised to continuous environments, to align with NN semantics,
while observations remain discrete. A point-based NS-HSVI method was developed to approximate
values of one-sided NS-POSGs working with (polyhedral decompositions of) the continuous space.

Strategy synthesis for continuous games is more challenging than for the finite-state case (Hordk
et al., 2023), since continuous-state spaces lead to an infinite number of strategies and discretisation
suffers from the curse of dimensionality. Several offline methods exist, based on counterfactual
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regret minimisation, heuristics or reinforcement learning (see Related Work, below). In this paper,
we consider online methods, which can improve efficiency and adaptability. The best performing
online method (Moravcik et al., 2017) continually resolves a local strategy that only keeps track of
the agent’s belief of its opponent state and a vector of opponent counterfactual values. Apart from
Hordk et al. (2023), existing continual resolving approaches (Moravéik et al., 2017; Sustr et al.,
2019; Schmid et al., 2023) are for extensive form games (EFGs), and cannot be directly applied
to POSGs. This is because, although the two formalisms are connected (Kovatik et al., 2022),
transitioning between them is not straightforward.

Contributions. We develop a continual resolving approach for one-sided NS-POSGs, addressing
several challenges. Firstly, existing continual resolving approaches need to estimate the opponent’s
counterfactual values by solving a subgame at each stage (Morav¢ik et al., 2017), which would be
intractable for continuous games. Instead, for the agent with partial observation (Ag;), we use the
lower bound computed offline by NS-HSVI (Yan et al., 2023), giving a polyhedral bound without
solving a subgame. At each stage, we solve a linear program (LP), whose size is linear in the num-
ber of states in the current belief rather than the number of states reached, to compute the agent’s
action choice and update the lower bound. Thus, a stage strategy is computed online, in the spirit
of continual resolving, for each situation as it arises during execution, instead of storing a complete
strategy. Although we require offline computation for NS-HSVI, existing continual resolving ap-
proaches need to train deep counterfactual value networks to solve the subgame. Importantly, our
NS-HSVI continual resolving does not lose soundness, i.e., e-exploitability (Burch et al., 2014).

We can use any synthesis method for fully-observable stochastic games to generate an e-minimax
strategy for the fully-informed agent (Ag,) (Yan et al., 2022). However, solving the fully-observable
case would generate a complete strategy, which can be costly in terms of memory. We instead pro-
pose an online inferred-belief strategy by observing that, by using the offline upper bound from
NS-HSVI, Ag, only needs to keep track of an inferred belief about Ag;’s belief and solve an LP, lin-
ear in the number of states in the current belief, to synthesise an action and the next inferred-belief
of Ag,. Since Ag, is fully informed, it does not need to store its belief. This allows us to generate a
simpler strategy than the complete strategy for Ag,, which guarantees the value at the initial belief,
known to both agents, but cannot optimally employ the suboptimal actions of Ag; during play.

Summarising the contribution, we present, for the first time, an efficient online method to com-
pute an e-minimax strategy profile for one-sided NS-POSGs, a variant of two-player continuous-
state POSGs with neural perception mechanisms, by exploiting bounds pre-computed offline by a
variant of HSVI. We implement our approach, evaluate it on a pursuit-evasion model inspired by
mobile robotics and investigate the synthesised agent strategies.

Related Work. Existing offline strategy synthesis methods for one-sided POSGs include a space
partition approach (Zheng et al., 2022), a point-based approximate algorithm for continuous ob-
servations (Zheng et al., 2023), projection to POMDPs based on factored representations (Carr
et al., 2021) and HSVI algorithms for finite (Hordk et al., 2023) and continuous-state spaces (Yan
et al., 2023). Since POSGs and EFGs are connected through factored-observation stochastic games
(Kovarik et al., 2022), we next review relevant methods for two-agent zero-sum EFGs.
Counterfactual Regret Minimization (CFR) (Zinkevich et al., 2007) exploits the fact that the
time-averaged strategy profile of regret minimizing algorithms converges to an e-minimax strategy
profile, in two-agent zero-sum EFGs with imperfect information. Since its introduction, a variety of
CFR variants have been proposed and successfully applied to games (Lanctot et al., 2009; Lisy et al.,



2015; Burch et al., 2014). However, since the CFR-based approaches require iterative traversal of
the game tree, they become intractable when the tree is large. Additionally, these approaches are
offline algorithms, returning a complete solution strategy that is difficult to represent and store.

A number of algorithms based on game-theoretic learning models such as reinforcement learn-
ing and heuristic search have also been proposed, which are able to compute strategies for two-agent
zero-sum games with imperfect information, including (Bosansky et al., 2014; Heinrich et al., 2015;
Lanctot et al., 2017; McAleer et al., 2021) and heuristic search value iteration (HSVI) (Yan et al.,
2023; Delage et al., 2023), which we utilise in our work. However, these approaches are also offline
algorithms and unable to refine strategies at test time.

The most related approach is continual resolving used in Hordk et al. (2023), which is based
on DeepStack (Moravé&ik et al., 2017), although other variants have also been proposed, e.g., (Sustr
et al., 2019; Schmid et al., 2023; Brown et al., 2020). Both Hordk et al. (2023) and our work are
variants of continual resolving for one-sided POSGs, except we consider continuous-state spaces.
Under the belief update in Hordk et al. (2023), the current state could be missed and the belief might
be empty. We assume a uniform stage strategy to fix this issue and ensure that the true state is always
in the current belief. The LP size in Hordk et al. (2023) is fixed, while the LP in our case varies at
each stage because of no prior enumeration of all reachable states. Horak et al. (2023) performs the
belief update before Ag; taking action and observing, whereas we update the belief using the action
and the next observation, which results in a more accurate belief.

2. Background

We briefly review the model of Yan et al. (2023), which generalises one-sided POSGs (Hordk et al.,
2023) to continuous-state spaces and allows neural perception mechanisms. Let P(X) and F(X)
denote the spaces of probability measures and functions on a Borel space X, respectively.

One-sided NS-POSGs. A one-sided neuro-symbolic POSG (NS-POSG) C is a two-player zero-sum
infinite-horizon game with discrete actions and observations, where one player (Ag;) is partially
informed and the other (Ag,) is fully informed. Unlike Hordk et al. (2023), the game is played
in a closed continuous environment Sg, which Ag; perceives only using perception function obsy
given as a (trained) ReLU NN classifier that maps environment states to so called percepts, ranging
over a finite set Per;. The use of classifiers is aligned with, e.g., object detection or vision tasks
in autonomous systems. We further assume that Ag; has a discrete local state space Loc;, which is
observable to both agents, and that Ag, has full knowledge of the environment’s state.

A game C comprises agents Ag;= (51, A1, 0bs1, 61), Ago=(A2) and environment E=(Sg, 0g),
where S1 = Loci X Pery; A = Ajx Ag are joint actions; obsy : (Locy xSg) — Pery is Agy’s per-
ception function (note that we allow NNs to additionally depend on local states); d; : (S1xA) —
P(Locy) is Agy’s local transition function; and 0g : (LocixSgpxA) — P(Sg) is E’s finite-
branching transition function. We work in the belief space Sp C P(S), where S = S;xSg,
and assume an initial belief "' using the particle-based representation (Porta et al., 2006; Doucet
et al., 2001). A belief of Ag; is given by b = (s1,b1), where s; € S1, by € P(Sg) and by is
represented by a weighted particle set {(s&;, ni)}ZN:bl where x; > 0 and ZzN:b1 ki = 1.

The game starts in a state s = (s1, sg), where s; = (locy, per;) € Sp, and s is sampled from
bt At each stage of the game, both agents concurrently choose one of their actions. If a =
(a1,as2) € Ais chosen, the local state locy of Agy is updated to loc| € Locy via d;(s1, a), while the
environment updates its state to s, € Sg viadg(loc1, sg, a). Finally, Ag;, based on loc!, generates



its percept per] = obsi(loc!, s’;) at s’ and C reaches the state s’ = ((loc}, per}), s%;). The
probability of transitioning from s to s’ under a is §(s, a)(s") = 81(s1, a)(loc})dg(loc1, sp,a)(s).

Strategies. We distinguish between a history 7 (a sequence of states and joint actions, where 7 (k)
is the (k+1)th state, and 7[k] is the (k+1)th action) and a (local) action-observation history (AOH)
for Ag; (a sequence of its observations and actions). For the fully-informed Ag,, an AOH is a
history. A strategy of Ag; is a mapping o; : FPathsc; — P(A;), where FPathsc; is the set of
Ag;’s finite AOHSs. A (strategy) profile o = (01, 02) is a pair of strategies and we denote by X; and
3 the sets of strategies of Ag; and profiles. The choices for the players after a history 7 are given by
stage strategies: for Ag; this is a distribution u; € P(A;) and for Ag, a function ug : S — P(As),
ie., ug € P(Az | S). Given a belief (s1,b1), if Ag; chooses a1, assumes Ag, chooses ug and

/
observes s}, then the updated belief of Ag; via Bayesian inference is denoted (s, bil’al’w’sl ).

Objectives and values. We focus on infinite-horizon expected accumulated reward E7[Y] when
starting from b under o, where Y () = >3 B*r(n(k), w[k]) for an infinite history 7, reward
structure 7 : (SxA) — R and discount 8 € (0,1), and Ag; and Ag, maximise and minimise the
expected value. Given £>0, a profile o* = (o7, 0%) is an e-minimax strategy profile if for any
b€ S EJ'[Y] < EJU*[Y]+e for all o3 and EZ"[Y] > EJ*72[Y]—¢ for all oy. If £=0, then
EZ"[Y] is the value of C, denoted V*.

One-sided NS-HSVI. HSVI is an anytime algorithm that approximates the value V* via lower and
upper bound functions, updated through heuristically generated beliefs. One-sided NS-HSVI (Yan
et al., 2023) works with the continuous-state space of a one-sided NS-POSG using a generalisation
of a-functions, similar to Porta et al. (2006), except it uses polyhedral representations induced
from NN instead of Gaussian mixtures. For £ > 0, one-sided NS-HSVI returns lower and upper
bound functions V}}, V.X € F(Sp) to approximate V* such that Vi) (b) < V*(b) < V.X(b) for all
b € Sp and Vug(bimt) — Vi (b"t) < e. Given f : S — R and belief (s, 1), let (f, (s1,b1)) =
fsEesEf(Sl’ sg)bi(sp)dsp. The lower bound V} is represented via a finite set I' C F(S) of
piecewise-constant (PWC) a-functions such that V}} (s1,b1) = maxaer(a, (s1,b1)). The upper
bound VuTb is represented by a finite set of belief-value pairs T C Sp xR and computed via an LP.

3. NS-HVSI Continual resolving

Continual resolving, e.g., (Moravcik et al., 2017), is an online method for computing an e-minimax
strategy in two-player, zero-sum imperfect information EFGs; it keeps track of an agent’s belief of
its opponent state and opponent counterfactual values to build and solve a subgame to synthesise
choices, without building a complete strategy. It is sound, in computing an e-minimax strategy, but
can be expensive as it needs to estimate opponent counterfactual values by traversing the game tree.
We now present a novel variant of continual resolving, which utilises the lower bound function
Vlg computed by one-sided NS-HSVI to synthesise an e-minimax strategy for Ag, that achieves
the desired ¢ distance to the value function at the initial belief. The method is efficient as it only
requires solving a single LP at each stage. We first introduce the following minimax operator.

Definition 1 (Minimax) The minimax operator T : F(Sp)—F(Sp) is given by:

[TV](s1,b1) = maxy, cp(a,) Mily,ep(As|S) B(syb1)ur,us[7(55 )] ,
+ B (as)ear sy Plar, st | (s1,00), ur, ug)V(sy, by ) (1)



ALGORITHM 1 NS-HSVI continual resolving for Ag;’s strategy via the lower bound
Input: (si% b)), a finite set of PWC functions I' C F(S) from one-sided NS-HSVI

1: Resolvey (st biit) o) where o™ = arg max,er (o, (si, i)
2: function Resolve;((s1,b1), a1)

3: (U*, X}, %) < solve the LP (2) at (s1, by)
4: ul(ay) < p*@ forall a; € Ay
5

6

7

sample and play a1 ~ ullb
s} < observed Ag;’s agent state
/
FO Zaer()\zal’sl /p*)a, u¥ < an assumed stage strategy for Ag,

b o
8: Resolvey ((s], bi17a17u2 ,51)7 a*al,s’l)

forV € F(Sp) and (s1,b1) € Sp, where B, p,) u, us[7(8, )] is the expected value of r.

NS-HSVI continual resolving. Motivated by (Hordk et al., 2023, Section 9.2), our online game-
playing algorithm NS-HSVI continual resolving, see Algorithm 1, generates a strategy for Ag;,
denoted U{b , by using the HSVI lower bound instead of opponent counterfactual values used in
Moravcik et al. (2017). Since we have pre-computed Vlg offline, our NS-HSVI continual resolving
only keeps track of a belief (s1,b1) and a PWC function «; in the the convex hull, Conv(T"), of T".
Importantly, I" can be used to compute an action to play and update the tracking information at each
stage (a belief and a PWC function) by solving the LP presented below, thus avoiding the need to
estimate the opponent counterfactual values.

Definition 2 (Stage strategy) For ((s1,b1), 1) € Sp x Conv(I') where by is represented by

{(s%, /j?z) f\ﬁ’l, a stage strategy u'’ for Ag, is such that u%’ (a1) = p*® for a1 € Ay, where (v:%)f\ﬁ’l,
(A )(a1,5,)€ A1 x51,acT and (p**)a, e 4, is a solution to the following LP:

.. N .
maximise Zi:blnivsiE subject to

US'LE S ZaleAlpalr((Sl’ 87E)’ (a17 CLQ)) + 62((11,8'1)6141 ><S1,S/EESE

-6((s1,8%), (a1,a2)) (81, 85)aer Ao talsh, sp) forl <i < Nyandas € Ay
Vi > 041(51,535) forl <i< N,

/
a1,s]

o 1 >0 fora; € Ay, sy € Sianda el
pY = Zaep)\gf’sl fora; € Ay and s} € Sy
2aea, P =1 2)

Compared with the LP in Yan et al. (2023) for solving [TVZII;] (s1,b1), the LP (2) includes the addi-
tional constraints Vgi_ > ai(s1, sjg) for 1 < i < N, (Horak et al., 2023, Section 9.2) to refine the
minimax stage strategy in [T'V}} ](s1, b1 ), such that the lower bound from a1 can be kept as the game
evolves, since multiple minimax stage strategies for Ag; may exist and some of them may deviate
from og.

We illustrate how the strategy ol is obtained in Fig. 1 (left), where the red and orange cir-
cles indicate the current state, with the size of the interior solid circle representing the probability.



Figure 1: Left: NS-HSVI continual resolving for the partially-informed agent Ag, (blue). Right:
inferred-belief strategy synthesis for the fully-informed agent Ag, (red).

When resolving the game locally ((s1,b1), 1), Ag; (blue) plays an action a; sampled from a stage
strategy u{” computed via (2). Simultaneously, Ag, (red) plays an action ay sampled from a stage
strategy w2, which is unknown to Ag,;. The game moves to the next state and consequently Ag;
observes a new agent state s; € S;. Based on ay, s} and an assumed stage strategy u¥ for Ags,

b o
see lines 7-8 of Algorithm 1, Ag, updates its belief to (s, bil’al’% ’51) via Bayesian inference, and

generates o*st e Conv(I") from a solution to (2), which forms a new pair for the next resolving.

Remark 1 There are two key properties of Algorithm 1. First, LP (2) admits at least one solution
as Vll,; is computed by the one-sided NS-HSVI. Second, the current state has to be in the support of
the current belief, i.e., Ag, does not lose track of the current state. Such a belief is called a proper
belief and this is ensured by assuming the uniform stage strategy for Ag,.

Lemma 1 (Existence and proper belief) For the NS-HSVI continual resolving at ((s1,b1), 1),
the LP (2) admits at least one solution, and if the current state is (s1, Sg), then by (sg) > 0.

Proof The optimal value V* has lower and upper bounds L = mingeg qea(s,a)/(1 — 3) and
U = maxsesacar(s,a)/(1— ). Let Vji be the lower bound of one-sided NS-HSVI (Yan et al.,
2023). Existence follows if (2) admits one solution after any point-based update. The key is to
check the feasibility of the first two constraints for v,; of (2). Initially I = {ap} with ap(s) = L
for s € S, and since a;; = «y it is straightforward to verify that (2) admits at least one solution.
For the inductive step, we assume that (2) admits at least one solution for « € T" and oy €
Conv(T"). The point-based update computes a new set I' = I" U {a*} of PWC functions, where
(2) admits at least one solution for a; = o*. Thus, (2) admits at least one solution for o € I" and
ay € Conv(I') U {a*}. Following the proof of (Horak et al., 2023, Lemma 9.6), we can show that
(2) admits at least one solution for « € I and a; € Conv(Conv(I') U {a*}), i.e., aq € Conv(I"”).
To show the belief is proper, since the initial state is sampled from (s{%, bi"*), which is known
to Ag,, and the uniform stage strategy for Ag, is assumed, then the result follows. |

We next show that our NS-HSVI continual resolving can inherit the soundness of continual resolv-
ing, i.e., it can compute an e-minimax strategy for Ag;.

Theorem 1 (s-minimax strategy for Ag,) The strategy G{b in Algorithm 1 is an e-minimax strat-
. . b Lo .o
egy for Agy at (s biM), ie, BT L02 n [Y] > V*(s, bi) — ¢ for all o9 € Yo

(Szim't 7bim't‘, )

Proof We adapt the proof presented for discrete one-sided POSGs in (Hordk et al., 2023, Propo-
sition 9.7). Let E7[Y'] denote the expected value of Y when starting from s € S under 0 € .



Consider any b = (s1,b1) € Sp and a1 € Conv(I"). We assume that Ag; follows Resolve; in Al-
gorithm 1 at the first ¢ stages and then follows the uniform stage strategy. We denote such a strategy

by ab ' T emma 1 guarantees that Resolve; can run for ¢ stages We next prove that, for any sg
with by (sg) > 0, the expected value of Y from (s;, sg) under 01 ' has the bound by a:
b ,ap,t
IEJ(Sll SE)"’? Y] > ai(s1,58) — BY(U — L) forall oy € . (3)

We prove (3) by induction on ¢ € N. For ¢t=0, (3) holds as U and L are trivial lower and upper
bounds, and a; € Conv(I") and r(s) < U forall s € S and o € I'. We assume (3) holds for the first
t stages and any b’ = (s},b}) € Sp. The strategy olf’al’tﬂ implies that, at (s1,b1), Ag; takes ul’
(line 4) and then follows the strategy 01 "t if ay is taken and sy is observed, where b’ = (s}, 1)),
by = bsl’al’u2 1 and o/ = a*9%h, Letting ug € P(As | S) be the stage strategy of Ag, at b given

by o9, using b1 (sg) > 0 by Lemma 1, the left side of (3) by replacing ¢ with ¢ + 1 equals:

By, [7((s1,58), a)] + BZ(al,ag)EA/\(s’l,s’E)eSullb(al)UQ(CLZ | 51,5E)

i

blialst o ..
- 0((s1,58), (a1,a2)) (s}, sp)EL Y] by definition of u!’, uy and 6

( 17SE

: b b
> minge A, (Cayen, ' (@0)r((s1,55), (01,02)) + B0y a5y s (@1)

b o/t

-8((s1,58), (a1,a2))(s1, Sp)E o) [Y]) by linearity in u,
1°FE

> mingyeay (Xgyea, 0t (@1)r((s1,58), (a1,02)) + B3, a, n(sp, 65Ut (01)

-8((s1,5); (a1, a2)) (s, s7p) (@1 (s, s) — B(U — L)) by induction
= mitnsey (Cavea, ol (07 ((o1,58): 01108) + St pest @)

8((s1,58), (a1, @2)) (s}, sfp)a* @5k (s}, 8p)) — FH(U — I) rearmanging
> vy, — YU - L) since (7%, A}, P*) is a solution to (2) (first constraint)
> ay(s1,sp) — BTHU - L) since (%, X}, 7%) is a solution to (2) (second constraint)

and hence (3) holds. Letting 0’ = lim; oo Jlfm o™it t by definition:

oo ini otbo
Byt V] = fsEesEbl "(SE)E . E)[Y}dSE

(si’“t,s

> (oMt (ginit pinity) by (3) and definition of (-, -)

=V (b') by line 1 of Algorithm 1

> V*(p™ity — ¢ since Vj} is returned by one-sided NS-HSVI
which completes the proof. |

4. Inferred-Belief Strategy Synthesis

We complement our variant of continual resolving with strategy synthesis for Ag,, which utilises
the upper bound function V », pre-computed offline and keeps track of an inferred belief about what
Ag; believes, which could dlffer from Agy’s true belief. Any offline method for fully-observable
stochastic games could instead be used, with the associated high computational and storage cost of



ALGORITHM 2 Inferred-belief strategy synthesis for Ag, via the upper bound

Input: (s pit) a finite set of belief-value pairs Y by one-sided NS-HSVI
Resolvey (it pinit)

function Resolvea(sy, by)
uy® <+ Agy’s minimax strategy in [T'V,}](s1,b1), (s1,8E) < current observed state

1:
2:
3
4: sample and play az ~ u®(- | s1,5E)
5
6

(a1, s]) < Ag;’s action and updated agent state

1,01 )uub 78/
Resolves (s}, by 207

generating a complete strategy. Instead, we present an efficient online algorithm, where only one LP
is solved at each stage, to synthesise an e-minimax strategy for Ag,. Since we have pre-computed
the offline upper bound, this strategy can guarantee the minimax value from the initial belief, which
is known to both agents, but cannot optimally employ the suboptimal actions of Ag; during play.

Inferred-belief strategy synthesis. Our inferred-belief strategy synthesis for Agy (Algorithm 2)
returns a strategy 04” based on Vu{. The main idea of 0% is that Ag, keeps a belief (s1, b1), about
Ag s belief at the current stage, and then computes an action via Resolves based on (s1,b;) and
VuTb. This belief (s1,b1) is inferred, as Ag, has no access to what Ag; actually believes about the
state, except the initial belief which is common knowledge. However, since Ag, is fully-informed,
it can simulate an inferred belief update of Ag, i.e., its belief about Ag;’s next belief.

We illustrate the obtained strategy o4 in Fig. 1 (right). If (s1,b;) is what Ag, believes about
Agy’s belief and (s1, sg) is the current state observed by Ag,, then Ag, chooses as sampled from
the stage strategy u’Q‘b conditioned on (s1,sg) in [TVuTb}(sl, b1) computed via an LP (Yan et al.,
2023). At the same time, Ag, takes a; € A; sampled from a stage strategy u;, where Ag, does not
know u1. Then, the game moves to the next state and thus Ag; observes s} € Si. Based on ay, sh
and u%®, Ag, updates its belief about Ag;’s belief via Bayesian inference to (s, bil’al’% 1y,

We next show that the inferred-belief strategy is sound, i.e., the inferred-belief carries enough
information to generate an e-minimax strategy for Ag,.

Lemma 2 (Monotonicity) If VuTb is an upper bound generated during the one-sided NS-HSVI, then
[TVJZ;](SL b) < VuTb(sl, by) for all (s1,b1) € Sp.

Proof For a given set T of belief-value pairs, we first show [TVuTb] is convex and continuous. From
(Yan et al., 2023, Theorem 6 and 7) we have that [TV, X](s1,b1) = supacpr (@, (s1,b1)), where
I'" CF(S)and L < a(s) < U forall s € S and a € T'C. By (Horék et al., 2023, Proposition 4.9),
it follows that [T'V,}](s1,-) is convex. For by,b] € P(Sg) and o € I'T, using (Yan et al., 2023,
Theorem 1), we have [{a, (s1,01)) — («, (s1,0]))] < Kup(b1,b}), where K, measures belief
difference, and hence |[T'V.X](s1,b1) — [TV.X](s1,b))| < Kup(b1,0}).

Let qugt and I' be the upper bound and the associated index set after the ¢-th point-based update,
respectively. Similarly to (Hordk et al., 2023, Lemma 9.11), we can now prove the monotonicity
of [TV.X] by induction on ¢ € N. For t=0, since YO = {((s%,b}),U) € SpxR | i € I°}
for some initial index set I°. For any (s1,b1) € Sp, using (1), we have [TVbe}(sl,bl) <
maxseSpacAr(s,a) + U = (1 - ) U+ U =U = Vugo(sl, b1).

For the inductive step, we assume that [TVuTbt](s’l, b)) < Vujgt(s’l, b}) for all (s,b)) € Sp.
Thus y; > VI'(sh,b%) > [TV.E'](sh,0) for i € I'. Let (s1,b1) € Sp be the belief for the



(t+1)-th point-based update. By lines 8 and 9 of (Yan et al., 2023, Algorithm 1), we have y* =
[TV (s1,b1) and T = TP U {((s1,b1),4*)}. Using (Yan et al., 2023, Lemma 4), we have
VX' (), 0h) > VI (S, b)) forall (s, b) € S f{om‘wh'ich [Tvg]t(s,lg, b) > [TV (st b)
forany i € I**!. Therefore we have that y* > [TV,}"](s}, %) 1[ VI (51, b0) forany i € TP,
Now, for any (s}, b)) € Sg, if (\F )Z€It+1 is a solution for V5" (s, b}), then by construction:

VTtJrl( /17 bll) = Zze[t'H)‘ Yi + Kub( Zz61t+l)\*b )

> Zielt-!—l)\*[ VTt+1]( st, bzl) + Kub( 15 Zlejt+1>\ bl) by induction

> [T VTtH](sl,Z e It+1)\*b )+ Kup (b, 3,0 IMA b)) since [TV "] is convex

> [T VTt+1]( sh, 1) since [TVquHl] is K ,p-continuous
and hence by induction [T’ VuTb] is monotone as required. |

Theorem 2 (c-minimax strategy for Ag,) The strategy o3 in Algorithm 2 is an e-minimax strat-

ub .. .o
egy for Agy at (s, biMt), e, E‘(le,i,? bm)[Y] < V*(stit bty 4 ¢ forall oy € Y.
Proof Consider b=(s1,b1) € Sp. We assume that Ag, follows Resolves in Algorlthrn 2 for the
first ¢ stages and then follows the uniform strategy, and denote this strategy by 02 We prove by
induction on ¢ € N that the expected value of Y from b under ag has the following upper bound:

b,t
B, [Y] < Vi (b) +6'(U~L)  foralloy € 51, @

For ¢t = 0, the strategy 0_12),0 implies that Ag, adopts the uniform strategy, and therefore (4) directly
follows as U and L are lower and upper bounds.

For the inductive step, we assume (4) holds for the first ¢ stages. The strategy o, implies
that at b = (s1,b1), Ag, takes u4® (line 4) and then if a; is taken and s/ is observed follows the

bt+1

/ b
strategy 012) ' where b/ = (s, b)) and b, = b‘il’al’% 3 Letting u; € P(A7) be Agy’s stage strategy
at b given by any o1, the left-hand side of (4) by replacing ¢ with ¢t + 1 equals:
vt
Eb,ul,u;‘b [r(s,a)] + /Bz(al,s’l)eAlxslp(alﬂ 51 | b,ui,u Ub)Ele,Uz [Y]
< By g [1(8: @) + BY (0 o yenr xsy Pla, 81| byun, ud®) (Vi (0) + 8'(U = L)) by induction
< Eb,u’fb,ugb [r(s,a)] + BZ(al,s’l)eAl xslp(ala s | b Ul , Uy )V () + 5t+1(U L)
rearranging and since u{” is a minimax strategy

= [TV.E](b) + YU - L) by definition of [TV, }]
< Vi (b) + 871U ~ L) by Lemma 2

as required. Now, letting agb = lim; 0 ogimt’t, from (4) we have:
01,080 T (pinit X ( pinit
where the last inequality follows from the fact that VJE is returned by one-sided NS-HSVI. |

Corollary 1 (¢-minimax strategy profile) The profile (ol°, 4) is an e-minimax strategy profile.
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Figure 2: Snippets of a synthesised strategy for the pursuer and evader (from left to right).

5. Experiments

We evaluated our method on a variant of a pursuit-evasion game (Hordk et al., 2023), inspired by
mobile robotics (Chung et al., 2011; Isler and Karnad, 2008); see the appendix of Yan et al. (2023)
for more detail. The game involves a pursuer, whose aim is to capture an evader. The pursuer is
equipped with a ReL.U NN classifier, which takes the location (coordinates) of the pursuer as input
and outputs one of the 9 abstract grid cells, each consisting of multiple polytopes, with the initial
decomposition obtained by computing the preimage of the NN (Matoba and Fleuret, 2020). The
pursuer therefore observes which cell it is in, but not its exact location, and knows neither the exact
location nor cell of the evader. The evader is fully informed and knows the exact locations of both
agents. The evader is captured when both agents are in the same cell. We set a discount of 0.7,
reward 100 for capture and timeout of 2h. The (offline) lower and upper bounds for the value of the
initial belief are 5.0699 and 6.0665, respectively. We synthesise strategies, which demonstrate that
the pursuer can eventually capture the evader with positive probability. Fig. 2 shows stage strategies
and lower bounds of states in the belief of the pursuer (top), and evader’s strategies and inferred
beliefs (bottom), at different stages. Lower bounds are coloured green and inferred beliefs yellow.
The agent positions are highlighted (pink dot for pursuer and light green for evader). The belief
of the pursuer and inferred-belief of the evader do not always coincide, e.g., in the third column,
the state with bound 2.14 is in the pursuer’s belief, but not the inferred belief. We observe that the
pursuer’s strategy selects the moves according to the magnitude of the bound, e.g., in the fourth
column, the pursuer moves up or right, since the top right evader position has the highest bound.

6. Conclusions

We have developed an efficient online method to synthesise strategies for a variant of one-sided
continuous-state POSGs with discrete observations and validated it on a pursuit-evasion game, in
which the partially-informed agent uses a neural network for perception. We have shown that com-
bining continual resolving, inferred beliefs and HSVI bounds computed offline can generate an
e-minimax strategy profile online. For future work, we will consider aggressive assumed stage
strategies for the fully-informed agent, since uniform strategies may lead to a large number of states
in the belief and consequently large LPs to solve.
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