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Abstract— Learning in robotic games is constrained not only
by strategic information but also by what the body can still
execute. We study this coupling in a hierarchical humanoid–
quadruped penalty system in which game-level self-play policies
command fixed soccer whole-body controllers (S-WBCs). The
humanoid shooting skill is initialized from self-collected motion-
capture data, whereas the quadruped saving skill is learned by
reinforcement learning. We introduce dynamics-induced com-
mitment mapping (DIC-Map), a body-grounded analysis that
estimates continuation capability, identifies the first persistent
loss of a terminal alternative, and tests whether the remaining
interaction admits a reduced zero-sum game. For symmetric
terminal alternatives, the reduced game yields a closed-form
bound on optimal strategy concentration determined by the
responder’s value of deferring. We further show that, when
the responder acts through an estimator, equal response values
eliminate the direct terminal-allocation gradient and leave an
estimator-mediated first-order learning channel. Experiments
locate commitment about 0.29 s before contact, and changing
only ball speed shifts deferral coverage. Across four responder
policies, replacing the estimator raises save rate from 0.240 to
0.472, whereas a comparable gain in read accuracy obtained by
waiting raises it only to 0.246. Posterior analysis is used for the
equilibrium comparison because the available coverage terms
are observational proxies. Project website: https://chris-
ruizegeng.github.io/penaltykick/

I. INTRODUCTION

Learning-based robotic competition often separates strate-
gic decisions from whole-body execution. Recent robot-
soccer systems demonstrate learned whole-body skills [1]
and team-level coordination [2]. A strategic policy chooses
what to do, while a high-rate whole-body controller deter-
mines what the robot can still physically realize. This sepa-
ration supports agile contact-rich skills but creates a game-
theoretic mismatch. A high-level policy may continue to
assign probability to a nominal alternative after momentum
[3], contact, actuation limits, or delay have made its terminal
outcome unreachable. The effective strategic action set can
contract before either agent explicitly commits. In embodied
games, dynamics do not merely constrain execution. They
determine which strategic alternatives still exist.

Game-theoretic models place strategic timing at informa-
tion or decision events [4]. Reachability analysis instead
asks which outcomes remain dynamically feasible [5], while
delay-aware learning shows that latency alters closed-loop
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Fig. 1. Overview of the proposed game-learning framework, where
physical dynamics induce commitment, the responder’s deferral option
bounds equilibrium concentration, and estimator response values determine
the active first-order learning channel during zero-sum self-play.

feasibility [6]. In embodied competition these mechanisms
are coupled. The initiator may lose a terminal alternative
while the responder is still deciding whether to commit
or defer, and the value of waiting depends on how much
physical response authority remains [7]. The resulting timing
constrains the terminal equilibrium and the policy pertur-
bations that can change payoff. We formalize this mecha-
nism as dynamics-induced commitment and operationalize
it with dynamics-induced commitment mapping (DIC-Map),
see Fig. 1.

DIC-Map estimates continuation capability from physical
rollouts, defines commitment by the first persistent loss of
a terminal alternative, and uses initiator–responder timing to
test whether the remaining interaction admits a reduced zero-
sum game. For symmetric alternatives, the responder’s value
of deferring gives a closed-form upper bound on optimal
terminal concentration. When the responder acts through an
outcome estimator, the reduced model also identifies when
terminal reallocation is first-order flat and learning is driven
through estimator sensitivity. We instantiate the analysis in
a heterogeneous humanoid–quadruped penalty game. Fixed
soccer whole-body controllers (S-WBCs) provide executable
shooting and saving skills, while game-level actor–critics
revise strategic commands through zero-sum self-play over
a shared policy pool [8]. The humanoid skill is initialized
from self-collected motion capture, whereas the quadruped
saving skill is learned from scratch. Because the S-WBCs are
frozen during self-play, strategic commands can continue to
change even as the body’s executable alternatives contract.
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We evaluate the mechanisms in simulation with a 29-
degree-of-freedom humanoid initiator and a quadruped re-
sponder, with complementary hardware trials. The final shot
side can be read with about 0.92 accuracy 0.5 s before
contact, while both terminal alternatives remain physically
reachable until about 0.29 s before contact. Changing only
ball speed shifts deferral coverage. Replacing the estimator
raises save rate from 0.240 to 0.472, whereas a comparable
gain in read accuracy obtained by waiting raises it only to
0.246. Self-play exhibits increased within-episode target re-
vision and more concentrated terminal allocation. Hardware
trials show both a late direction change that misdirects the
responder and a successful anticipatory save.

The paper makes three contributions: 1) dynamics-induced
commitment is formulated as the body-grounded contraction
of strategic alternatives, with DIC-Map estimating contin-
uation capability, identifying persistent commitment time,
and testing a reduced endgame from whole-body rollouts;
2) deferral value is shown to impose a closed-form ceiling
on optimal terminal concentration, while equal response val-
ues across terminal outcomes eliminate the direct terminal-
allocation gradient and redirect the first-order effect through
estimator sensitivity; 3) these mechanisms are evaluated in
a heterogeneous humanoid–quadruped penalty game with
learned whole-body skills and zero-sum self-play, revealing
a readability–commitment gap and estimator-versus-waiting
asymmetry, together with late-revision and anticipatory in-
teractions on hardware.

II. RELATED WORK

A. Asymmetric Games and Strategic Timing

Repeated games with incomplete information model belief
updates under private information [9], with dual formu-
lations characterizing related repeated-game structure [10].
Differential-game formulations extend asymmetric informa-
tion to continuous time [11], including zero-sum games [12].
Ghimire et al. derive a critical revealing time in a continuous-
action football game [4]. Endogenous-commitment models
assign value to delaying a choice [13], and preemption
models study the strategic value of acting first [14].

B. Reachability, Delay, and Physical Feasibility

Reachability analysis characterizes dynamically feasible
sets in continuous dynamic games [5]. Delay-aware learning
shows that sensing and actuation latency alter closed-loop
feasibility [6]. DIC-Map instead uses continuation capability
estimated from branched rollouts over a stated controller
class rather than a certified backward-reachable set. This
makes strategic availability measurable in high-dimensional
whole-body systems. We score strategic quantities from
realized terminal states rather than command-level proxies,
consistent with concerns about proxy misspecification [15]
and specification gaming [16].

C. Multi-Agent Learning and Opponent Estimation

Fictitious self-play trains policies against iterated re-
sponses [17]. Policy-space response methods extend this idea

to policy populations [18], while large-scale self-play has
demonstrated complex strategic adaptation [19]. PPO is a
common actor–critic choice [20], with MAPPO showing its
effectiveness in multi-agent settings [21]. Opponent-shaping
methods reason about another learner’s update [22], with
model-free extensions removing the differentiable opponent
model [23]. DIC-Map does not shape the opponent because
the responder estimator is frozen during policy learning. The
relevant effect is distribution shift against a fixed predictor,
related to performative prediction [24], strategic classification
[25], and dataset aggregation [26]. Recent embodied soccer
systems learn whole-body behavior with reinforcement learn-
ing [1], [27]. Related work extends this setting to egocentric
interaction [28] and quadruped team play [2]. These works
establish soccer skills and strategic interaction. Our question
is different: when does closed-loop whole-body execution
remove a strategic alternative, and how does that change the
effective game and learning signal?

III. METHODOLOGY

Fig. 2 separates executable whole-body skills, strategic
self-play, and body-grounded game analysis. The fixed S-
WBC layer determines what motions remain realizable, and
the game layer revises strategic commands. DIC-Map mea-
sures when those commands cease to map to distinct terminal
outcomes and traces the consequences to equilibrium.

A. Problem Formulation and Hierarchical Architecture

The system separates strategic decision making from
whole-body execution. Let cSt and cGt denote game-level
strategic commands, hSt and hGt the corresponding observa-
tion histories, and uSt and uGt the low-level S-WBC actions.
The responder receives the output ŷt of a frozen intent
estimator fω . The hierarchy is

cSt ∼ πgame
ϕS

(· | hSt ), (1)

cGt ∼ πgame
ϕG

(· | hGt , ŷt), ŷt = fω(h
G
t ), (2)

uit = πS-WBC
ψi

(oit, c
i
t), i ∈ {S,G}, (3)

st+1 ∼ Pθ(· | st, uSt , uGt ). (4)

where oit is the low-level robot observation, ϕi parameterizes
the game policy, and ψi parameterizes the S-WBC. During
self-play, the S-WBCs and estimator are fixed and only the
game policies are updated. For opponent policies sampled
from the shared pool Ppool, each agent optimizes

Ji(ϕi) = Eπgame
ϕi

, π−i∼Ppool

[
T−1∑
t=0

γtRi

]
, RS = −RG,

(5)
using its game-level actor–critic. For the humanoid initia-
tor, self-collected human motion-capture data are retargeted
to robot-feasible references. Imitation learning provides an
ordinary-kick prior, and reinforcement-learning adaptation
produces the shooting S-WBC. For the quadruped responder,
the saving S-WBC is learned from scratch by reinforcement
learning. After skill training, ψS and ψG are frozen in
Eqs. (1)–(4). Thus the game policy can revise a strategic
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Fig. 2. Three-layer architecture separating executable whole-body skills, strategic self-play, and DIC-Map. Fixed S-WBCs realize humanoid shooting
and quadruped saving, game-level actor–critics revise strategic commands under zero-sum self-play, and DIC-Map maps the resulting physical rollouts to
commitment timing, an equilibrium concentration constraint, and the active first-order learning channel.

command, but only the closed-loop S-WBC trajectory de-
termines whether its terminal alternative remains executable.
DIC-Map measures this gap.

Formally, consider a finite-horizon partially observed zero-
sum dynamic game Gθ over t ∈ [0, T ] between an initiator S
and a responder G. The fixed physical parameters θ collect
morphology, actuation, latency, and environment dynamics,
including the closed-loop S-WBC execution. A state trajec-
tory s0:T induces a terminal outcome Y = g(s0:T ) ∈ Y .
The responder terminates in a behaviour B ∈ A ∪ {defer}
with terminal payoff σ(B, Y ), while the initiator receives
−σ(B, Y ). A policy pair induces a terminal allocation µ ∈
∆(A) with µ(y) = P(Y = y). The problem is to determine,
from this executable hierarchy, when strategic alternatives
are physically lost, when the remaining interaction admits a
reduced game, and whether policy improvement acts through
terminal reallocation or through the responder’s estimator.

B. DIC-Map: Commitment and the Reduced Endgame

For a state st, a class Π of continuation controllers for
S, and a fixed responder probe policy πprobe

G , define the
continuation capability of outcome y by

Ct(y; Π) = sup
πcont∈Π

P
(
Y = y | st, πcont, πprobe

G ,θ
)
, (6)

and the η-reachable outcome set by Rη
t (Π) = {y ∈ Y :

Ct(y; Π) ≥ η}.

Assumption 1 (Estimated capability). The true capability
C⋆t = Ct(·; Πadm) takes the supremum over all admissible

continuations. The measured capability Ĉt = Ct(·; Π̂) uses
a stated finite continuation class Π̂ ⊆ Πadm under a fixed
probe policy.

Definition 1 (Commitment time). Commitment is defined
by persistent rather than transient loss. For A ⊆ Y , the
commitment time is

tc(A) = inf{ t < T | A ̸⊆ Rη
u for all u ∈ [t, T ] } , (7)

with tc = T if no such instant exists. If t 7→ Rη
t is

nonincreasing, this reduces to the last time at which all
alternatives remain reachable.

Let td be the last time at which the responder can defer
without losing its response capability, and let ℓ be the
initiator’s delay in observing and acting on a responder
commitment. Using lead time τ = T − t, define

∆ = τ c − τd + ℓ. (8)

Assumption 2 (Terminal sufficiency, single commitment,
and no reaction). After tc, the payoff depends on the tra-
jectory through (B, Y ), and neither player conditions that
choice on the opponent’s realized terminal choice before its
own choice is fixed.

Under Assumption 2, the post-commitment interaction is
a zero-sum matrix game Γ on ∆(A∪{defer})×∆(A) with
entries σ(b, y).

Proposition 1 (Timing classification). The initiator can react
to a realized responder commitment while retaining all



alternatives in A if and only if τd − ℓ > τ c, equivalently
∆ < 0.

Thus ∆ > 0 certifies the initiator side of the no-reaction
condition. The responder must still satisfy Assumption 2.

C. Equilibrium Constraint from the Deferral Option

For b ∈ A∪{defer}, define the responder’s interventional
coverage payoff

σ(b, y) = E[σ | do(B = b), Y = y] . (9)

Assumption 3 (Interventional identification). An observa-
tional conditional E[σ | B = b, Y = y] identifies Eq. 9
only when the selected responder behaviour is independent
of residual state variation after conditioning on Y . When this
condition is not justified, observational quantities are denoted
p̃1, p̃2, and p̃C and are treated as proxies.

Assumption 4 (Symmetric coverage). For every y ∈ A, a
matched commitment yields σ(y, y) = p1, deferral yields
σ(defer, y) = pC , and any mismatched commitment yields
σ(b, y) = p2 for b ̸= y, with p2 ≤ pC ≤ p1 and p2 < p1.

Define the normalized value of deferral by r = (pC −
p2)/(p1 − p2) ∈ [0, 1] and the concentration of an initiator
allocation by m(µ) = maxy∈A µ(y).

Theorem 2 (Optimal set and concentration ceiling). Under
Assumptions 2 and 4, the reduced game has value V ⋆ =
max{pC , p2 + (p1 − p2)/K}, and the initiator’s optimal set
is {µ : m(µ) ≤ µ̄} with

µ̄ = clip

(
r,

1

K
, 1

)
, r =

pC − p2
p1 − p2

. (10)

A terminal allocation with concentration m concedes

Expl(m) = max{pC , p2 + (p1 − p2)m} − V ⋆. (11)

The ceiling yields three regimes: uniform mixing for
r ≤ 1/K, partial mixing for r ∈ (1/K, 1), and pure play
allowed at r = 1. If matched and mismatched committed
coverage are fixed while only deferral capability changes,
pC and therefore µ̄ are nondecreasing in the deferral mar-
gin. Fig. 3 summarizes the penalty-game geometry and the
continuation and readability measurements used to instantiate
these quantities.

D. Estimator-Mediated Gradient Redirection

Suppose the responder does not observe Y directly. It
predicts an outcome Ŷ ∈ A with confusion matrix Qŷ,y =
P(Ŷ = ŷ | Y = y) and, on the estimator-following branch,
commits to the predicted alternative. Define the response
value of terminal outcome y as

gy(Q) =
∑
ŷ∈A

Qŷ,y σ(ŷ, y). (12)

The responder’s expected payoff from following the es-
timator is

∑
y µ(y)gy , whereas deferral yields pC under

symmetric coverage.

Algorithm 1 DIC-Map for commitment, equilibrium, and
gradient characterization

Require: rollouts, continuation class Π, probe policy πprobe
G ,

threshold η, latency ℓ
Ensure: t̂c, µ̄, Expl, active gradient channel

1: Estimate Ĉt(y; Π) and R̂η
t

2: Set t̂c by persistent loss of any y ∈ A
3: Measure τd and compute ∆̂ = τ̂ c − τd + ℓ
4: if ∆̂ ≤ 0 then
5: return timing not certified
6: end if
7: Estimate p1, p2, pC and compute r, µ̄, and Expl
8: Estimate Q and gy from (Ŷ , Y ) at responder commit-

ment
9: if gy is equal across y within resolution then

10: return estimator-mediated channel
11: else
12: return allocation + estimator channels
13: end if

6 m

Goal (a) (c)

(b)

Separation (m) s to contact (-)

P
ro

be
 a

cc
. (
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(-
)

Fig. 3. Penalty-game instrumentation showing (a) the terminal aim regions,
(b) continuation capability with 95% CIs, where η = 0.5 places tc at
0.64m or 0.29 s before contact, and (c) outcome readability under nominal
and scripted revision.

Theorem 3 (Estimator-mediated redirection). Let J(µ,Q) =
−
∑
y µ(y)gy(Q) be the initiator payoff on the estimator-

following branch. The direct allocation gradient vanishes on
the tangent space of ∆(A) if and only if gy is identical for
all y ∈ A. In that case, a policy-induced reallocation has
first-order effect

dJ

dµ(y)
= −gy︸︷︷︸

equal across outcomes

−
∑
y′

µ(y′)
∂gy′

∂µ(y)
, (13)

and only the second term distinguishes reallocation direc-
tions. Under Assumption 4 and a symmetric estimator with
Qyy = α and off-diagonal entries (1 − α)/(K − 1), gy ≡
αp1 + (1 − α)p2. Following the estimator is preferable to
deferral exactly when α > r. If α ≥ 1/K, the effective
threshold is

α⋆eff = clip(r, 1
K , 1) = µ̄,

∂J

∂µ
= 0,

∂J

∂α
= −(p1 − p2) < 0.

(14)

In the interior regime r ∈ (1/K, 1), the identity α⋆eff = µ̄
links the estimator-accuracy threshold directly to the equilib-
rium concentration ceiling. The frozen estimator’s effective
confusion matrix changes only because the initiator changes
the trajectory distribution.
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early-read following, with the reactive-world bars reported using 95% CIs.

TABLE I
RESPONDER ABLATION AT β = 0.8 AGAINST THE SAME REACTIVE

INITIATOR, REPORTING EPISODE COUNT, READ ACCURACY, AND SAVE

RATE WITH 95% CIS.

Policy Variant Ep. Read Save rate [95% CI]

A Base 924 0.367 0.240 [0.212, 0.268]
D Deferral 1081 0.732 0.246 [0.220, 0.272]
E Deferral+decoy 1050 0.456 0.422 [0.392, 0.452]
F DAgger estimator 1041 0.722 0.472 [0.442, 0.502]

Corollary 4 (Redirection in policy-parameter space). Let ϕS
parameterize the initiator game policy, with induced terminal
allocation µ(ϕS) and symmetric-estimator accuracy α(ϕS).
On the estimator-following branch,

∇ϕS
J =

∂J

∂µ

∂µ

∂ϕS︸ ︷︷ ︸
=0

+
∂J

∂α

∂α

∂ϕS
=
∂J

∂α

∂α

∂ϕS
. (15)

The estimator-mediated mechanism is evaluated by the
controlled responder ablation in Fig. 4, the cross-world
comparison in Fig. 5, and the common-protocol statistics in
Table I. Fig. 6 shows a hardware interception. Algorithm 1
summarizes DIC-Map.

IV. RESULTS AND DISCUSSION

A. Experimental Setup and Measurement Protocol

We instantiate the hierarchical system in Isaac Sim/Isaac
Lab [29] with parallel simulation [30]. The 29-degree-of-
freedom humanoid initiator strikes toward a goal plane
7.5m away, and the quadruped responder attempts to save.
Two aim regions centered at ±0.85m define the terminal
alternatives A. A scalar β scales launch velocity, changing

t=1.15 s t=1.29 s

t=2.58 s

t=2.50 s

t=2.64 s
Save

Anticipatory move

Fig. 6. Hardware deployment of anticipatory goalkeeping in which Go2
predicts G1’s final shot side during kick preparation, initiates an early
interception motion, and blocks the ball.

responder time. The S-WBCs and responder estimator are
fixed throughout the strategic comparisons.

The responder reward is +5 for a stop and −5 for
a concession, with no shaping on prediction, switching,
deception, commitment, or style. Thus switching and feint-
like interactions are not directly rewarded. We analyze v1 at
β = 0.8 and v2 at β = 0.9. Continuation capability is esti-
mated by branching from stored physical states, commanding
alternative terminal targets, and recording realized outcomes.
The primary threshold is η = 0.5. All strategic quantities
are scored from realized physical state rather than the 10Hz
decision variable because commands can change without
corresponding body motion. The same body-grounded con-
vention is used for terminal outcomes, responder occupancy,
commitment ordering, and coverage.

Three protocols test the mechanisms below. The continua-
tion probe estimates Ĉt and t̂c. A fixed-policy replay changes
only β to test deferral coverage. A reactive-initiator protocol
at β = 0.8 compares four responder policies in 32 parallel
environments for 360 s: A is the base commit-on-read policy,
D adds deferral, E adds a decoy, and F replaces only the
estimator. Policy F records (Ŷ , Y ) and terminal body state
for class-conditional analysis.

The responder spare-time margin is MG = tflight − tcoverG ,
whereas ∆ in Eq. 8 tests whether the initiator can react after
responder commitment. Binomial rates use 95% confidence
intervals. Jeffreys posteriors are propagated through Eqs. 10–
11 for sparse coverage cells. Observational coverage proxies
are marked with a tilde. Table II reports the run-level poste-
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TABLE II
POSTERIOR CONCENTRATION-CEILING COMPARISON ACROSS LEAGUE RUNS OBTAINED BY PROPAGATING JEFFREYS COVERAGE POSTERIORS

THROUGH EQS. 10–11.

Observed Posterior prediction

Run p̃C m µ̄ [95% CrI] Gain [95% CrI] P(m > µ̄)

v1 0.741 0.850 0.86 [0.50, 1.00] 0.000 [0.000, 0.112] 0.51
v2 0.667 0.917 0.57 [0.50, 1.00] 0.042 [0.000, 0.191] 0.78
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Fig. 8. Continuous strategic interaction in which G1 changes its shot
direction immediately before ball contact, causing Go2 to move toward the
wrong interception location and concede, with the upper sequence showing
simulation and the lower sequence the corresponding hardware trial.

rior quantities used in the equilibrium comparison. Fig. 8
shows a late-revision interaction, Fig. 9 records policy-F
trajectories and commitment ordering, and Fig. 10 relates ball
speed to the physical timing margins and deferral coverage.

B. Estimator-Mediated Response Improvement

The controlled responder comparison separates informa-
tion quality from response value by asking whether a com-
parable gain in read accuracy is equally useful when obtained

1.50 5.25 9.00
Forward (m)

−2

0

2

La
te

ra
l (

m
) saved

goal

(a)
0.450 0.875 1.300

Initiator lead (s)
0.450

0.875

1.300

R
es

p.
 le

ad
 (s

)

eq
ua

l le
ad

(b)

0 550 1100
Episodes (-)

0.50

0.75

G
oa

l r
at

e 
(-

) A D E F(c)

0 550 1100
Episodes (-)

0.50

0.75

1.00

Pr
ed

. e
rr

 (m
) (d)

Fig. 9. Policy-F state recording showing (a) ball trajectories grouped by
terminal event, (b) responder read-lock time against the initiator commitment
time, where every sampled episode locks after the ball side is fixed, (c) goal
rate, and (d) lateral prediction error.

through additional waiting or through a better estimator.
Moving from A to D raises read accuracy from 0.367 to
0.732 but changes save rate only from 0.240 to 0.246.
Moving from A to F produces a similar accuracy increase, to
0.722, while save rate rises to 0.472. Thus the two changes
improve raw read accuracy by 0.365 and 0.355, respectively,
but change save rate by only +0.006 through deferral and
by +0.232 through the estimator replacement.

The scripted-feint comparison further shows the value
of deferral, with a save rate of 0.736 versus 0.502 for
following the early read. We use this test as a cross-world
response comparison rather than an equilibrium metric. The
two class-conditional diagonal accuracies are 0.864 and
0.909. Combining the confusion matrix with the measured
side-conditioned response gives gL = 0.591 and gR =
0.455. Their difference is not statistically resolved (Fisher
p = 0.41), so we treat them as compatible with response-
value flatness at this resolution. Together with Fig. 4 and
Table I, these results show that read accuracy alone does not
determine save performance.
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Fig. 11. League training dynamics for the two analyzed runs showing
(a) live save rate, (b) initiator switches per episode, (c) responder action
standard deviation, and (d) save rate against the frozen archive, which
increases from 0.51 to 0.68.

C. Dynamics-Induced Commitment and Deferral Capability

The continuation probe estimates when terminal alter-
natives are lost. Measured continuation capability for a
commanded target revision decreases from 0.948 at a foot–
ball separation of 0.8m to 0.020 at 0.5m, with most of
the transition between 0.7 and 0.6m. At η = 0.5, the
crossing occurs at approximately 0.64m, corresponding to
a commitment lead of 0.29 s. The estimated lead changes
by 35ms as η varies from 0.3 to 0.7. Readability and
commitment are separated in time. The terminal side is read
at approximately 0.92 accuracy half a second before contact,
while revision remains possible until roughly 0.29 s. This
readable-but-reversible interval permits strategic anticipation
and late revision. Under Assumption 1, the measured com-
mitment lead is an upper bound on the true lead because the
continuation class is finite.

The fixed-policy replay tests how dynamics affect the
responder’s outside option. Increasing β from 0.8 to 1.0 re-
duces the responder spare-time margin from 0.130 to 0.005 s
and lowers measured deferral coverage from 0.741 (n = 58)
to 0.474 (n = 57). The policies and terminal regions are
unchanged, so this manipulation varies the physical time
available to defer while holding the strategic mapping fixed.
This matches the reduced-game monotonicity under fixed
committed coverage, where a smaller deferral margin lowers
the outside option entering the concentration ceiling.

The no-reaction margin remains positive over the eval-
uated ball speeds: ∆̂ = 0.542 s, 0.473 s, and 0.417 s for
β = 0.8, 0.9, and 1.0. These values support the initiator
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Fig. 12. Successful anticipatory goalkeeping during continuous strategic
interaction, where Go2 predicts G1’s final shot direction despite late target
revision and saves the ball, with the top row showing simulation, the middle
row showing separately selected and vertically unsynchronized hardware key
frames for each robot, and the bottom row showing the hardware overview.

side of the reduced-game timing condition for the evaluated
regime. Because τ̂ c is an estimated upper bound, this timing
result applies to the evaluated continuation class rather than
the full admissible class. On realized Policy-F trajectories,
the ball side becomes fixed at a lead of 0.751 ± 0.126 s,
while the responder’s read lock occurs at 0.659± 0.130 s.

D. Equilibrium Constraint and Learned Play

The two league runs connect the physically measured
deferral value to the strategic allocation learned under self-
play. On physical-state traces, the dominant terminal alter-
native has probability 0.850 in v1 and 0.917 in v2. Across
the same runs, commanded within-episode target revisions
rise from 4.74 to 28.94 per episode over 1631 and 1949
evaluation episodes. The measured coverage cells are p̃1 =
0.762 (n = 21), p̃v1C = 0.741 (n = 58), p̃v2C = 0.667
(n = 36), and p̃2 = 0.667 (n = 3). Because these values
are conditioned on the responder’s selected behaviour, we
treat them as observational proxies rather than identified
interventions. We therefore use the propagated posterior as
a directional equilibrium test. Relative to v1, v2 has lower
deferral coverage with posterior probability 0.78, a lower
ceiling with probability 0.87, and larger deviation gain with
probability 0.74. For v2, P(m > µ̄) = 0.78. The hardware



sequence in Fig. 12 provides an instance of continuing strate-
gic interaction at deployment. G1 revises intended direction
late in the sequence, while Go2 still anticipates the final side
and saves the shot.

V. CONCLUSIONS

We presented a body-grounded DIC-Map framework
showing that, in hierarchical robotic games, whole-body
dynamics can change the strategic game before either agent
explicitly commits. The results show that whole-body dy-
namics is not just execution constraint. They determine
which strategies remain available, which reduced game is
induced, and which first-order learning channel remains
effective. The main contributions are summarized as follows:

• DIC-Map maps executable S-WBC rollouts to contin-
uation capability, persistent commitment time, and a
reduced endgame tested with timing. In the evaluated
task, the shot side becomes highly predictable before
the humanoid loses the physical ability to revise it, with
commitment about 0.29 s before contact.

• The reduced symmetric game yields a closed-form
concentration ceiling governed by the responder’s value
of deferring. Changing only ball speed changes deferral
coverage while the strategic action space and policies
are held fixed, supporting the predicted direction of the
physical-to-equilibrium link.

• Under equal response values, the direct terminal-
allocation gradient vanishes and the estimator-mediated
channel remains. Replacing the estimator raises save
rate from 0.240 to 0.472, whereas a comparable gain in
read accuracy obtained by waiting reaches only 0.246.
The learned interaction exhibits frequent within-episode
revision without behaviour-specific shaping, and hard-
ware trials show both a late revision that misdirects the
responder and a successful anticipatory save.
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