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ABSTRACT

In order to maintain space domain awareness (SDA), sensors must be assigned tasks judiciously. Previous SDA sensor
tasking methods use optimization and consider stochastic model and state uncertainty. While these optimization-based
approaches are robust to disturbances with known distributions, they are prone to failure if a space asset operator
wants to deliberately conceal their actions or intentions or if natural disturbances have certain pathological structure.
To address these shortcomings, we propose a game-theoretic approach to calculate stochastic strategies resistant to
exploitation that would be impossible to determine using single-agent optimization or reinforcement learning. We
study two simplified SDA examples. First, Monte Carlo counterfactual regret (MCCFR) methods are applied to a
simple mode change detection game to find Nash equilibrium solution. Second, sparse MCCFR methods are applied
to an orbit change game with Keplerian satellite dynamics to demonstrate convergence to unexploitable stochastic
strategies for both satellite and ground station. Finally, we quantify the operational advantage of game theoretic sensor
tasking, showing that it significantly reduces sensor time budget requirements in the mode change detection mission.

1. INTRODUCTION

As space becomes a more important resource, space domain awareness (SDA) will increasingly involve interaction
with actors who may want to conceal their operations and intentions. Robust awareness will depend on the ability
to master intelligence gathering in the highly unintuitive domain of orbital mechanics when other actors are trying to
prevent it.

Consider, for instance, an operator who wants to insert a satellite into translunar orbit without being detected and a
monitoring agency that wants to keep track of every object in such an orbit. Translunar injection is most efficient at
certain points in an object’s orbit, so the monitoring agency may want to monitor those points specifically. However,
knowledge that these regions are more likely to be monitored may cause the satellite operator to adjust the maneuver
location to avoid detection, and the monitor may update their schedule in response. In order to make it harder for
the other player to predict and respond, it may be beneficial for these players to act with some degree of randomness
(commonly called bluffing). Calculating the best strategies accounting for these factors and the complexities of orbital
dynamics is extremely challenging. Fortunately, game theory provides a framework for analyzing how actors will
behave and determining the best strategies to accomplish particular goals when interacting with them.

Extensive work has been conducted on sensor tasking for space domain awareness from an optimization perspective [8,
9, 6, 25, 24, 12, 13]. However, as we will make clear below, optimization is fundamentally different from game
theoretic solutions, and there are certain useful solutions that optimization is incapable of finding. On the other hand,
extensive work has also been done to solve imperfect information games like poker [4, 15, 1]. Some work has been
done to connect the fields of game theory and SDA, but until now this has been limited to the perfect information
domain [21, 20].

This paper extends imperfect information extensive form solution methods to space domain awareness, using both
simple sequential models and physics-based differentiable dynamics models.
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Section 2 gives a brief review of the game theoretic concepts needed to introduce the algorithms used in Section 3.
These algorithms are applied to a simple sequential mode change game wherein a ground station is required to deter a
satellite from undergoing a mode change in high value areas in an orbit. Then a more advanced set of algorithm variants
are applied to a goal reaching game wherein a ground station is tasked with tracking and inferring the intentions of an
orbiting satellite. Section 4 shows the results of these experiments.

2. BACKGROUND

2.1 Game Theory

Game theory is a field concerned with analyzing the interaction between multiple agents (also called players, each
assigned an identifying number i ∈N ) with possibly competing objectives. In a traditional optimization problem,
there is a single objective/utility function with local optima that can be compared against each other to find a global
optimum. In contrast, since each agent in a game has their own utility function (denoted ui), the best response of
each player depends upon how the other players act, so it may be impossible to find a set of behaviors that all players
agree is globally optimal. Formally, each player must choose a strategy σi from the space of possible strategies Σi to
maximize the expected utility resulting from the joint strategy ui(σi,σ−i), where −i is the set of all players excluding
i. The game defines utility as a function of terminal states (z ∈ Z), so we define utility of a joint strategy (σ ) as the
sum of terminal state utility weighted by the reach probability of that terminal state:

ui(σ) = ∑
z∈Z

π
σ (z)ui(z). (1)

2.2 Normal Form Games

In a Normal form game, each player plays only once. For example in the very simple two-player game of rock-paper-
scissors, each player is given the option of playing either rock, paper or scissors. Paper beats rock, scissors beats paper,
and rock beats scissors. The payouts for beating, tying with, or losing to an opponent are +1, 0, and −1, respectively.

Suppose we choose initial strategies to be pure (deterministic) with player 1 always choosing to play rock and player
2 always choosing to play paper. Furthermore, suppose each player can respond to the other’s strategy by choosing
a new pure strategy that is an optimal response to the other player’s strategy. In this case player 1 would develop a
best response that results in always playing scissors to exploit player 1’s pure paper strategy. Continuing this iterative
optimization would never result in a stable solution, as players would constantly iterate through all pure strategies
without ending.

To reconcile this non-convergent behavior emergent from the utility maximization solution concept, we must consider
more general strategies and solution concepts. In particular, in addition to pure strategies, we allow the agents to
play mixed strategies, where the action is chosen stochastically from a distribution. The Nash equilibrium solution
concept provides a coherent framework for reasoning about how players choose mixed strategies. A Nash equilibrium
is a stable point for joint strategies in which neither player has any incentive to unilaterally deviate from their current
strategy i.e. any deviation from a Nash equilibrium strategy will never yield greater expected utility. We define the
Nash equilibrium strategy σ by

∀i, ui(σ)≥ max
σ ′i∈Σi

ui(σ
′
i ,σ−i). (2)

If mixed strategies are allowed, at least one Nash equilibrium exists for every game [16].

For the game of rock-paper-scissors, this solution criterion is met when both players play a uniformly random strategy.
Because each outcome is equally likely, the expected utility for both players is zero. If one player were to deviate from
this uniform strategy, their expected utility would still be zero as losing, tying, and winning are still all equally likely
outcomes. Therefore, there is no incentive to unilaterally deviate. What also makes this solution concept particularly
alluring is that, in zero-sum games, the Nash equilibrium solution also yields the joint strategy that maximizes worst-
case expected utility [18].
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2.3 Imperfect Information Extensive Form Games
While the normal form works well for modeling games where each player takes a single action, the scenarios we
consider are sequential in nature and span over multiple time steps. Therefore, we use the imperfect information
extensive game formalism.

In this formalism, the underlying true state of the game is defined as the history which is a sequence of actions. Each
history is assigned a player whose turn it is to act. The expression h ⊑ h′ signifies that history h is a prefix of history
h′. Terminal histories Z ⊆ H signify the end of the game, resulting in a payoff to each player via the utility function
U : N ×Z→ R.

Because of the imperfect information nature of the game, players do not have access to history information. Rather,
each player only has access to information state which is defined as a collection of plausible histories.

One method for finding Nash equilibria is regret minimization. The regret for player i and action a is the difference
between the utility in taking that action and the utility realized by the current strategy, σ . For a normal-form game
this can be expressed as Ri(a) = ui(a)− ui(σ). At each training iteration we use a strategy that plays each action
proportionally to its positive accumulated regret, i.e.

σ
T+1
i (a) =

RT,+
i (a)

∑a RT,+
i (a)

, (3)

where R+ = max(R,0). The average of all strategies used during training, σ̄ , will converge to a Nash equilibrium [7].

Counterfactual regret minimization (CFR) [27] extends this approach to extensive form games by operating on each in-
dividual information set. The “counterfactual” term refers to the value calculated under the counterfactual assumption
that the player used a strategy that seeks to reach that information set (I), given by

vi(σ , I) = ∑
z∈ZI

π
σ
−i(z[I])π

σ (z[I],z)ui(z), (4)

where πσ t

−i (I) is the probability that all players except i played actions that result in reaching I. πσ t

−i (I) is referred to as
the counterfactual reach probability as it considers a scenario wherein player i didn’t actually play their true strategy
σ , but instead played purely to reach information set I.

The average counterfactual regret RT for action a and information set I over T total training steps is the average of all
intermediate counterfactual regrets r:

RT
i (I,a) =

1
T

T

∑
t=1

π
σ t

−i (I)
(
ui
(

σ
t ∣∣

I→a , I
)
−ui

(
σ

t , I
))

. (5)

Zinkevich et al. [27] show that true overall regret is upper-bounded by counterfactual regret, implying that the proposed
procedure that minimizes counterfactual regret, in turn, minimizes overall regret.

However, in practice CFR is also computationally intractable in larger games due to the need to traverse the full game
tree at each iteration. Variants such as CFR+ [5, 26] and discounted CFR [3] sought to improve the convergence rate
per CFR iteration, decreasing the total required number of iterations. While these methods significantly decreased
exploitability on a per-iteration basis relative to vanilla CFR, these methods still require traversing the full game tree
at each iteration, which can be prohibitively expensive provided that the size of the game tree is exponential in depth.
Lanctot et al. [10] then proposed Monte Carlo CFR (MCCFR), where instead of traversing the entire game tree at each
iteration, only a randomly sampled portion of the game tree is traversed and updated. This is done in a manner that
makes the Monte Carlo update the same as the vanilla update in expectation. Fortunately, CFR+ and discounted CFR
can be combined with MCCFR to even further improve convergence rates. While these Monte Carlo methods helped
in making larger games tractable to solve, the shortcoming was that large portions of the game tree would rarely be
updated. This problem was largely ameliorated with neural network function approximation [2, 23, 14], wherein the
strategy over the entire game tree would be updated despite only sparsely sampling nodes in the tree, making these
function approximation methods highly sample efficient.
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(a) Notional satellite orbits and ground station fields of view. (b) Nash equilibrium strategy profile (details in Section 4.1).

Fig. 1: Mode change game.

3. EXPERIMENTAL SETUP

In order to begin evaluating game theoretic approaches for sensor tasking, we consider two example problems. The
first is a mode change game wherein a satellite deterministally transitions between discrete zones around earth with
the central goal of undergoing a mode change in high value zones. Here, ”mode change” is used as a comprehensive
term encompassing several actions the satellite could take with examples given below. The ground station’s goal in
this game is to detect the satellite in the act of changing modes. The second game incorporates Keplerian orbital
mechanics for the satellite, where the goal of the satellite is to reach some desired orbital altitude undetected and the
goal of the ground station is to detect the satellite and determine its intentions.

3.1 Mode Change Game

We begin by studying a medium-sized problem called the “mode change game” that has features representative of
games that might be encountered in space domain awareness. In this game, a satellite moves through N discrete zones
in an orbit (Fig. 1a). The satellite seeks to perform a “mode change” without being detected. The mode change could
represent, for example, changing orbit, emitting signals, changing orientation, or deploying a payload. A network of
N ground stations, each corresponding to a zone of the orbit, can scan and detect a mode change, however there is a
budget representing other demands on the sensor network that limits how many times the network can scan. Mode
changes are more valuable to the satellite at certain parts of the orbit. For the particular case we investigated, the
reward profile is shown in Fig. 1b indicating that mode changes are most valuable at 180◦.

The game size |H| = (|A1||A2|)T is relatively large, where T is number of discrete orbit zones, A1 is the action space
for the satellite and A2 is the action space for the ground station. For the experiments in this paper we use T = 20
with binary actions spaces for both the satellite and ground station resulting in |H| ≈ 1.10× 1012. The information
available to the ground station at any time step is the budget remaining and the current time step, and the information
available to the satellite at any time step is just the current time step. Due to this limited information, the size of
the information state space is relatively small (|I| = 119) allowing the tabular data to be easily stored on a desktop
computer’s random access memory. Because the full game tree would be far too computationally costly to traverse
with non-sampling based CFR variants, we use external sampling CFR (ESCFR), which decreases the searched history
space to 220 = 1,048,576 nodes on each iteration.

ESCFR is a form of Monte Carlo CFR (MCCFR) [10], where we no longer perform updates according to an exact
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counterfactual value v, rather a sampled counterfactual value ṽ, given by

ṽi(σ , I | j) = ∑
z∈Q j∩ZI

1
q(z)

ui(z)πσ
−i(z[I])π

σ (z[I],z), (6)

where Q j is a sampled set of terminal states, and q(z) is the probability of sampling terminal history z. Note that this
sampled counterfactual regret is weighted such that the expectation of sampled counterfactual regret (r̃) is equal to the
true counterfactual regret i.e. E[r̃] = r.

For each external sampling iteration, we sample single actions from players other than the player whose strategy
is currently being updated. For the updating player, all actions are still expanded in the tree traversal, yielding the
following regret:

r̃(I,a) = (1−σ(a | I)) ∑
z∈Q∩ZI

ui(z)πσ
i (z[I]a,z), (7)

where average counterfactual regret R̃ is the average of intermediate counterfactual regrets r̃. It is shown by Lanctot
et al. [10] that external-sampling CFR requires asymptotically less time to compute an approximate equilibrium than
vanilla CFR. For the mode change game, where the action space at each information state is binary, the expansion of
all updating player actions is still feasible with this method. Nonetheless, were we to increase the depth of the game,
external sampling could quickly become computationally intractable due to computation time still being exponential
in game depth.

3.2 Orbit Change Game

For the dynamic goal reaching game, we once again task a ground station with scanning the sky for a satellite. How-
ever, the satellite’s dynamics are no longer governed by a deterministic transition between sectors. Rather, the satel-
lite’s dynamics are governed by simple Keplerian orbital mechanics. Because the satellite can maneuver, the ground
station must now not only determine whether or not to scan but which sector to scan.

For the paper we consider an instantiation of the game where the ground station is given 4 sectors to scan, yielding 5
total actions for the ground station: one for each sector and one to refrain from scanning altogether. For the final step
of the game, however, the ground station must correctly guess the target altitude of the satellite, for which we allot four
options. At the beginning of the game, the satellite is given one of 4 possible initial conditions as dealt by the chance
player: four possible goal altitudes and starting at an orbit radius of 1.5REarth. Once the chance round is complete, the
satellite is allotted 3 actions: 100 m

s instantaneous retrograde burn, no burn, and a 100 m
s instantaneous prograde burn.

While the history space size of the goal reaching game isn’t significantly larger than the mode change game for the
time horizon of 10 steps that we consider (|H|= 9.22×1012), the size of the information space is orders of magnitude
larger. Furthermore, the computational cost of calculating subsequent game states is significantly higher than in the
mode change game due to the requirement of integrating the differential equations that govern the dynamics of the
satellite at each step.

For this reason, we switch from external sampling to an even more sparse sampling method: outcome sampling.
Outcome sampling, as the name suggests, samples a single outcome or terminal history by sampling from all players’
strategies making the time to complete a single outcome sampling tree traversal linear in the depth of the tree. The
sampled counterfactual regret for outcome sampling is given by

r̃(I,a) =
{

wI · (1−σ(a | z[I])) if (z[I]a)⊑ z
−wI ·σ(a | z[I]) otherwise , where wI =

ui(z)πσ
−i(z)π

σ
i (z[I]a,z)

πσ ′(z)
. (8)

However, due to the sparsity of this method, the distribution of counterfactual value estimates from a single outcome
sampling traversal has high variance, consequently leading to instability in large games. The proposed solution to this
high variance value estimate is variance reduction via baseline subtraction, resulting in the variance reduction Monte
Carlo counterfactual regret minimization algorithm (VR-MCCFR) [19]. This method introduces information state and
action dependent baseline b(σ , I,a) as a control variate.
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From this, we get a new baseline subtracted utility estimate ûb
i given by

ûb
i (σ ,h,a | z) =


bi (Ii(h),a)+

ûb
i (σ ,ha|z)−bi(Ii(h),a)

ξ (h,a) if ha⊑ z

bi (Ii(h),a) if h ⊏ z,ha ̸⊑ z
0 otherwise

, (9)

where ξ (h,a) is the probability of sampling action a from history h given outcome sampling policy ξ .

Finally, we have the baseline subtracted counterfactual value estimate given by

v̂b
i (σ , I(h),a | z) = v̂b

i (σ ,h,a | z) =
πσ
−i(h)
q(h)

ûb
i (σ ,h,a | z). (10)

Here a history value estimate made on any given iteration is bootstrapped by the result of all prior value estimates.

To further improve convergence rates, we use CFR+ [26, 5], where cumulative regret updates are clipped as follows,

R+,T
i (I,a) =

{
max

{
vi
(
σT

I→a, I
)
− vi

(
σT , I

)
,0
}

T = 1

max
{

R+,T−1
i (I,a)+ vi

(
σT

I→a, I
)
− vi

(
σT , I

)
,0
}

T > 1
, (11)

and strategies updates are weighted linearly in time i.e.

sI [a]← sI [a]+π−i[I]σ [a][I]wT (12)

where is the linear weighting term such that the weight of the update at any iteration T is given by wT =max{T−d,0},
d being some iteration threshold after which we begin weighting linearly. This weighting scheme, explored more in
discounted CFR [3], places higher importance on more recently sampled regrets and discounts the effects of regrets
sampled in the past, yielding a tighter convergence bound.

While CFR+ is shown to yield considerable convergence rate improvements with vanilla CFR, this empirically is
shown not to hold in outcome sampling [19]. However, when using variance reduction in conjunction with CFR+,
namely VR-MCCFR+, convergence rate is improved relative to VR-MCCFR, thus we use VR-MCCFR+ for the dy-
namic orbit change game.

To assess the validity of a given strategy, we use the exploitability metric. Exploitability for a player is defined as the
difference between the expected utility yielded by the current strategy and the utility that could be gained with a best
response. Because with a Nash equilibrium strategy there is no incentive to deviate, the Nash equilibrium strategy will
yield an exploitability of 0. Therefore, we can quantify the distance to a Nash equilibrium by exploitability.

The calculation of the best response for assessing exploitability reduces the problem from an imperfect informa-
tion game to a partially observable Markov decision process (POMDP). While for small games the solution to this
POMDP can be found with an exhaustive tree search, the orbit change game is too large to make this exhaustive search
tractible. Therefore, we resort to the approximate POMDP solution method: partially observable Monte Carlo plan-
ning (POMCP) [22]. The tree constructed by the POMCP planner requires approximation of belief node values which
get more accurate the more samples are taken. So, we can approximate the exploitability of the orbit change problem
by the best response root belief value computed by the POMCP planner.

4. RESULTS

4.1 Mode Change Game Strategies

We used counterfactual regret minimization to solve the mode change game. Figure 1b shows the Nash equilibrium
strategies of the both the ground station (in blue) and the satellite (in red) alongside a cardioid reward function (in
green) with N = 20 orbit time segments, and a ground station budget of 7 scans. The action space for each player is
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Fig. 2: Progression of polar strategy profile over training process. Provided strategies are snapshots at 0, 10, 103, and
104 ESCFR training iterations.

Fig. 3: Mode change game budget study

binary i.e. the ground station can either choose to scan (a(s)g ) or wait (a(w)g ) and similarly the satellite can choose to
undergo a mode change (a(c)s ) or wait (a(w)s ). The red bars in the plot indicate the probability with which the satellite
chooses to undergo a mode change at some point in its orbit, P(a(c)s |t). Similarly, the blue bars in the polar bar plot
indicate the probability with which the ground station will scan for some point in the satellite’s orbit, P(a(s)g |t)1.

Counterfactual regret methods are able to find a strategy profile that effectively distributes the ground station’s budget
probabilistically in a manner that ”protects” higher-reward regions from the satellite. Consequently, we see that the
satellite is relegated to mode changes in significantly lower reward regions on the right half of the polar plot.

Figure 2 shows the convergent nature of the ESCFR training process. Both strategies are initialized as uniformly
random as shown on the far left. This uniform initialization causes the ground station to expend a majority of its
budget in the beginning of the game leading to minimal scanning coverage over the later sectors. Over just 10 ESCFR
iterations, ground station scanning coverage is shifted over to higher value sectors. By 103 training iterations a majority
of high value sectors are covered by 50% scan probability. Finally, the results of 104 training iterations shows marginal
improvement from 103, indicating reasonable convergence.

4.2 Scan Budget Analysis

We have demonstrated that, given some budget allotment, CFR can find a Nash equilibrium solution that maximizes
expected utility under the worst-case opponent response. At a higher level, these game theoretic solutions can also

1Strictly speaking, the ground station’s strategy is not only dependent on time t, but also the ground station’s remaining budget b. Therefore,
the true ground station strategy is expressed as P(ag|t,b), but for display, we marginalize out the budget condition, yielding the marginal scanning
probability pictured in figure 1b
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Fig. 4: Orbital trajectories in a satellite strategy
calculated using VR-MCCFR for the Orbit Change
Game. Opacity indicates the likelihood of the trajec-
tory in the strategy.

Fig. 5: Approximate exploitability of the orbit
change game solution for 5000 training iterations.

answer a system design problem problem: What budget is required to achieve some desired worst-case expected
utility, as demonstrated in Fig. 3. With an allotment of one scan to the ground station, the satellite naturally has almost
free reign to undergo a mode change anywhere, likely with impunity. However, with a budget allotment that is half
the total simulation time, the ground station is able to converge to a strategy that scans all sectors 50% of the time.
Consequently, if the satellite were to undergo a mode change in a sector, the expected utility thereof would be 0, as
it would be caught half the time. Ultimately, this forces an optimal strategy of the satellite at this budget to be to do
nothing at all. In other words, despite being an active satellite, an optimal strategy for this satellite is to behave as
inactive debris.

4.3 Orbit Change Game Strategies

Figure 4 demonstrates a snapshot of the satellite’s strategy for which the satellite starts at a circular orbit at an altitude
of 1.5 Earth radii and has a goal altitude of 2.1 Earth radii. We find that the satellite explores a set of feasible trajectories
and then converges to an unexploitable mixture over these feasible trajectories.

In practice we find that VR-MCCFR+ works reasonably well to cover a majority of the game tree closer to the root
while keeping the computation cost per training iteration low relative to external sampling and vanilla CFR. However,
given the sparsity of outcome sampling, nodes in the game tree at a greater depth in the tree are either never visited or
visited very rarely.

Nonetheless, Fig. 5 shows that the approximate exploitability of the calculated strategy decreases. While negative
exploitability is not strictly possible, the negative approximate exploitability demonstrated in Fig. 5 simply shows
that the POMCP planner was not able to generate a best response policy that yielded higher expected utility than that
provided by VR-MCCFR+ for the allotted planning time of 5 seconds.

5. CONCLUSION

This paper has demonstrated game theory’s advantages for SDA sensor tasking with limited observability. First, Monte
Carlo Counterfactual regret methods are applied to a simple mode change game, yielding a stochastic strategy profile
for a ground station that effectively disincentivizes a satellite from operating in high-value orbit sectors. Moreover,
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we show that game-theoretic tasking significantly decreases the sensor time budget that must be allocated to fulfill this
mission. Finally, we apply variance reduced outcome sampling CFR to a significantly larger orbit change game where
satellite dynamics are governed by Keplerian dynamics. While external sampling works well for the mode change
game, the relatively large size of the orbit change game requires the use outcome sampling with variance reduction.
This method is shown to converge to a mixture over feasible goal-reaching trajectories for the satellite.

While the CFR methods used in this paper work well for the mode change and orbit change games, they fall short when
applied to games with larger horizons or action spaces. To remedy this limitation, we plan to consider Policy Space
Response Oracle [11] (PSRO) methods or DeepNash [17]. PSRO methods approximate solutions to extensive form
games by mixing over a set of pure strategies and the empirically determined expected payoffs of these joint strategies.
The set of pure strategies is expanded by adding the best response to the previous iteration’s mixture. Because a best
response strategy is a partially observable Markov decision process (POMDP), recent advances in POMDP solution
methods can be leveraged to quickly calculate these best responses. On the other hand, DeepNash modifies the
underlying game dynamics to quickly converge to an approximate Nash equilibrium without cycling around it, as is
common with regret-based solution methods. This, coupled with neural network function approximation allows this
method to extend to very large board games such as Stratego, without the need for game-specific heuristics.
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