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Overestimation of Q-value In offline RL

Behavior
noli

action: a

Experience

Experience

state: s
reward: r(s.,a)

Q value fucntion for the behavior policy and learning policy

= Q(s..) of behavior policy .
1 Qfs,.) of learning policy \\

Overestimation of Q(s,a) on

unknown action space

Qls,.)

action a



Divergence caused by Q-value overestimation

* Overestimated Q function assume the unknow action correspond to high-
reward actions. Then the learning policy prioritizes these risky actions. The
accumulate of bootstrap error will lead to a failure.
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Overestimation on OOD region=high uncertainty of estimation

e Pessimistic Q-value function by the Q-value uncertainty
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High uncertainty when using out of distribution point
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QDQ: estimate Q-value uncertainty directly

Challenge of estimate Q-value uncertainty Q value fucntion for the behavior policy and learning policy
[ Q value of behavior policy

Q value of in-sample learning

¢ Be|ng tOO COﬂservatlve Iﬂ 1 Q value of optimal policy
. . [ Too pessmistic Q value
Q-value estimation

* Fail to approach a tight
lower confidence bound

* Mimic the Q-value of the
behavior policy

action a



QDQ: estimate Q-value uncertainty directly

Q dataset:

Q(s,a)

* Behavior policy and learning
policy share the same @

uncertainty set over actions.

Density Plot for Q value and sampled Q value

0 Qvalue of behavior policy

* The core concept revolves
around learning the
distribution of the Q-value of

Sample Q-value

the behavior policy and o

quantifying uncertainty by )
bootstrap samples. @

Uncertainty for Q(.]|(s,a)): V(Q(.|(s,a)))




QDQ: estimate Q-value uncertainty directly

QDQ: Trajectory-level truncated Q-value
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Q dataset: L ®
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QDQ: estimate Q-value uncertainty directly

Q dataset:
Q(s,a)

Distribution learner J >

Density Plot for Q value and sampled Q value

0 Q value of behavice policy
0.0124 £ sampled Q value via consistency model [ \.

Data s Noise

Sample Q-value HitUERE

o 100 2600“":0n . / = o 77\i’ - (XT T)
o : — : X, t), y

fo(xr,T)
Uncertainty for Q(.|(s,a)): V(Q(.|(s,a))) Figure 2: Consistency models are trained to map points on
any trajectory of the '/ (/1)1 to the trajectory’s origin.

Source: The right figure is from Figure 2 of the paper consistency model(https://arxiv.org/abs/2303.01469)



QDQ: estimate Q-value uncertainty directly

Recover Q-value function: uncertaint

[ | 1
Qu(s" ') = ey ¥ weu) + PR ) weu(@))

‘cadv(Q) - min{a‘c(Q)H -+ (1 - “)‘C(Q)L}

6

,|5 \/V (Xe|(s’,a’))

Improve the learning policy.

Lo(m) = max | Eyepp(s)ammy(49[Q0(5,0)] + 7Ea~pllog y(@)]]
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QDQ: Theoretical Analysis

 Convergence of learned Q-value distribution

Theorem 4.1 (Informal). Under some mildly condition, the truncated Q-value Q;r-ﬁ converge in-
distribution to the true true Q-value (Q™°.

F s (x) = Foms (z), T = +oc. (10)

* Consistency model is suitable for estimating uncertainty

Theorem 4.2 (Informal). Following the assumptions as in [20], fo(x,T|(s,a)) is L-Lipschitz. We
also assume the truncated Q-value is bounded by ‘H. The action a broadly influences V(X .|(s,a))

by: |avag((1x€)| = O(L*T+/Togn)1.




QDQ: Theoretical Analysis

 Convergence of QDQ algorithm

Theorem 4.3 (Informal). The Q-value function of QDQ can converge to a fixed point of the Bellman
equation: Q(s,a) = FQ(s,a), where the Bellman operator ¥ )(s, a) is defined as:

FQ(s,a) :=r(s,a)+ ’}’ESINPD(S/){IILE}X[QQ(SI, a)+ (1—a)Qr(s,a)]}. (11)

Theorem 4.4 (Informal). Under mild conditions, with probability 1 — n we have
Q% - Q| <« (12)

where Q* is learned by the uncertainty-aware loss in quz € is error rate related to the difference
between the classical Bellman operator BQ) and the QDQ bellman operator .7 Q).
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Experiments

* Gym-MuloCo tasks.
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Dataset | BC ~ AWAC DT TD3+BC CQL IQL UWAC MCQ EDAC PBRL QDQ(Ours)
ha-med | 42.6 435 426 48.3 440 474 422 643 659 579 74.1+12
homed | 529 570 676 59.3 585 662 509 784 101.6 753 99.0+03
wa-med | 75.3 724 740 83.7 725 783 754 910 925 896 86.9--0.08
ha-med-r | 36.6 405 366 44.6 455 442 359 568 613 451 63.7429
ho-med-r | 18.1 372 827 60.9 95.0 947 253 101.6 101.0 100.6  102.4+028
wa-med-r | 26.0 270  66.6 81.8 772 738 236 913 871 717 93.2:+1.1
ha-med-e | 552 428 8638 90.7 91.6 867 427 875 1063 923 993417
ho-med-e | 52.5 558  107.6  98.0 1054 915 449 1123 1107 110.8 113.5+35
wa-med-e | 107.5 745 108.1  110.1 1088 109.6 965 1142 1147 110.1 115.9+02
Total | 466.7 4507 672.6 6846 6774 698.5 4374 7974 8411 7594  848.0:us




Experiments

e AntMaze tasks.
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Dataset | BC TD3+BC DT OnestepRL AWAC CQL IQL QDQ(Ours) 0 0 9
umaze 54 6 78 6 59 2 64 3 56 7 74 O 87 5 98 6:!:2‘8 0 200 400 600 800 1000 0 200 400 600 800 1000 0 200 400 600 800 1000
umaze-diverse 45.6 714 53.0 60.7 49.3 840 o622 67.8+25 antmaze-umaze-diverse-v2 antmaze-medium-diverse-v2 antmaze-large-iverse-v2
medium-play 0.0 10.6 0.0 0.3 0.0 612 712 81.5+36 3° 60
medium-diverse | 0.0 3.0 0.0 0.0 0.7 537 700 85.4+42 7 8
large-play 0.0 0.2 0.0 0.0 00 158 396 3561454 ®
large-diverse 0.0 0.0 0.0 0.0 1.0 149 475 312445 . »
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Thank you for your attention!



