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Question. Does an entropy-smoothed policy improve payoff against imperfect ~ SoftRM changes only the regret-to-policy decoder inside Deep CFR. In Kuhn Poker, A € {0.1,0.3} leaves cross-play EV
opponents relative to standard Deep CFR? nearly unchanged, paired bootstrap 25% Cls include zero at every opponent strength, policy entropy shifts only slightly (both methods, 500 iterations) SoftRM objective surface leingls update step)

(single update step)
(0.690633 — 0.691124/0.691128), and direct entropy-loss regularization also shows no visible gain.
" Environment: Kuhn Poker in OpenSpiel; 3-card deck {J, Q, K}, one betting

round, 12 information states.

" Target metric: cross-play expected value (EV) against bounded-rational Results
opponents, not exploitability minimization alone. SR
= Comparison: baseline Deep CFR vs. SoftRM with A = 0.1 and A = 0.3 under _ . . e R O
identical training budget. Kuhn: SoftRM effect size vs opponent strength (bootstrap 95% C Method EV vs 5000 Entropy & . Y e o ' F I;
T —$— 0.1 - baseline , i (0%100£ 8% | : ’
0.015 - + 0.3 - baseline Baseline —0.1551 0.690633 1 | 1
) T _ SoftRM 0.1 —0.1525  0.691124 Check ! Check o Check
Settin Value —$- 03-01 ! | |
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Training budget 500 iterations; 200 traversals / iteration; 10 random seeds / ~ ' g !
method D Check Bet - Bet
Opponent ladder MCCFR opponents trained for 50, 200, 1000, 5000 iterations ? 0,005 1 e¢ Outcome After training SoftRM local surface RM local surface
Evaluation 3000 episodes per method-opponent pairing; paired compar- 3 Paired 95% ClI Includes zero at every op- . | | N
isons matched by training seed 2 0.000 ponent strength Baseline RM can collapse toward a vertex when one action dominates positive-part regret.
Statistics Paired bootstrap 95% Cl with 20,000 resamples 5 Seed effect Larger than method effect SoftRM flattens the plz.ane.vvhen 'Iog|ts are small, so early updates diffuse across nearby actions
Policy net MLP (256, 256) > 0,005 - Entropy shift AH ~ 4.9 x 107 rather than concentrating immediately.
Regret / advantage net MLP (128, 128) 1 Entropy-loss ablation No visible EV / entropy , ..
Optimizer Adam, learning rate 10~ gain " The regret scores stay small enough that SoftRM Small-logit approximation
Replay memory Capacity 105; one policy and one advantage update / iteration —0.010 1 _ behaves almost linearly. | softmax(AR), ~ JA(D| " + g <Ra B é)
| " 200-iteration MCCEFR is harder than 5000-iteration It l;teepstt:ejifme roughba(t:hon piiferences, but .
o015 I - MCCFR for all methods. n e when [AR] <1
= 102 10° " lteration count is only a rough opponent-strength At SOTLENING 15 NO .S "ong enoug © Meaningruity Causal chain
Data / State Representatlon MCCFR opponent iterations (log scale) oroxy in this setting change what the policy does during self-play. small R — small AR — flatter local
| " Both methods theref d ith nearly th i imi istributi
Paired SoftRM effect vs. baseline. Error bars show bootstrap 95% CI. OH MEOLS TNETETOTE ENCUP WIHT Nearly the b,as!n - Slm”ar, replay distribution —
same final average strategy. similar final policy

= No fixed offline dataset. Training samples are generated by self-play
traversals.

= Each sample contains an information state together with regret- or
strategy-related targets stored in replay memory.

" |n Kuhn Poker, the information state is the acting player’s private card plus -

"= Mean EV curves remain nearly overlapping across the MCCFR ladder.
= Example paired effects for SoftRM A = 0.1: +0.0051 EV at MCCFR-50, +0.0026 EV at MCCFR-5000. Conclusion /7 Future Work
= Both entropy-smoothing routes leave the learned policy almost unchanged.

The null result makes sense: with AR staying small, SoftRM only slightly

public betting history. , S , Discussion smooths the policy, so training samples stay close to baseline and the final
= The model outputs a categorical distribution over legal actions at that state. learned strategy barely changes.

" |n Kuhn Poker, the game is small enough that decoder-level smoothing may

: R(I,-) or = ' ' » ' . 3L _ : :

Information R Cotegorica Predicted score magnitudes stay small, so AR remains near Z€ro for%\ € {0.1,0.3} | have limited room to produce different long-run behavior.

.Statte ! ! target distribution " Because AR stays small, SoftRM keeps the same general action ranking but makes the policy less sharp.
pzvse;;a; stored over legal = That change is too small to noticeably alter self-play, so the replay data and learned policy remain close to baseline. i Po i

history 'rr;erfnpcifz actions = | ater supervised targets remain aligned with the baseline trajectory, and the final average strategy stays close as " u: I; = o O?:rgaereztate oace

educ Holdem I
well. . . . o Texas Hold’em vastly larger state space
" |n a game as small as Kuhn Poker, weak decoder-level smoothing may simply leave too little room for the training
Models /7 Method trajectory to separate from baseline. larger game — more strategic branching — more room for policy divergence
o ' = . = = " Move to larger imperfect-information games such as Leduc, where small
Baseline CFR update EE. Ablation: Direct Entropy Regularization BET IMp : ’

policy perturbations can change visitation more materially.
" Apply entropy pressure earlier in the learning pipeline, or use adaptive

orm(a | 1) o [R(I,a));.

" SoftRM update Lot = L o H (p) = More direct than SoftRM: changes the training loss, not just temperatures instead of fixed mild smoothing.
~ 00 otal — strate _ .
exp(AR(I,q)) S &Y the final regret-to-policy decoder.
osoftrM(@ | 1) = > OB ) RM clips negative scores to Adds an entropy bonus directly to the strategy-network ob- " Intended effect: larger spread in predicted action Ref
a'€A(I) ’ zero. SoftRMkeeps all actions 56 tye | biasing outputs toward higher-entropy policies during probabilities. ererences
- S ]CtRM h | th ﬁ | t—t ~ | active and compfesses score . d | d . L. L. .
O changes only the nnal regret-to-policy map. gaps when AR is small. supervised replay updates. " Observed effect: minimal visible change in cross-play EV.
Traversal generation, replay targets, network size ' i
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