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A ALGORITHM

A.1 VALUE-BASED EPISODIC MEMORY CONTROL

Algorithm 1 Value-based Episodic Memory Control

Initialize critic networks Vy, , V4, and actor network 74 with random parameters 61, 62, ¢
Initialize target networks 6] «+ 61,05 < 65
Initialize episodic memory M
fort =1toT do
fori € {1,2} do

Sample NV transitions (st, Aty Tty St Rgi)) from M
. 2
Update 6; < ming, N~ 3 (Riz) — Vo, (st)>

Update ¢ < maxgN 1> Vlog ms(as|s:) - f (miniREl) — mean,; Vp, (st))
end for
if ¢t mod u then
0) < kb, + (1 — k)0,
Update Memory
end if
end for

Algorithm 2 Update Memory

for trajectories 7 in buffer M do
for s;, as, 7, S¢41 in reversed(r) do
for: € {1,2} do
Compute RE” with Equation |8/ and save into buffer M
end for
end for
end for

A.2 AN APPROACH FOR AUTO-TUNING T

When we have a good estimation of V'*, for example, when there is some expert data in the dataset,
we can auto-tune 7 such that the value learned by EVL is close to the estimation of V*. This can be
done by calculating the Monte-Carlo return estimates of each state and selecting good return values
as the estimation of optimal value VV*. Based on this target, we develop a method for auto-tuning 7.

By parameterizing 7 = sigmoid (&) with a differentiable parameter £ € R, we can auto-tune 7 by
minimizing the following loss J(§) = £(EV (s) — V*). If (EV(s) — V*) < 0, the differentiable
parameter £ will become larger and the value estimation EV (s) will become larger accordingly.

Similarly, £ and EV (s) will become smaller if (EV (s) — V*) > 0. The experimental results in
Figure 10 in Appendix D.1 show that auto-tuning can lead to similar performance compared with

manual selection.
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B THEORETICAL ANALYSIS

B.1 COMPLETE DERIVATION.

The expectile regression loss (Rowland et al., 2019) is defined as
ER(q; 0,7) = Eznp [[Tlz5q + (1 — 7)z<q) (Z — ¢)°], (13)

where g is the target distribution and the minimiser of this loss is called the 7-expectile of o. the
corresponding loss in reinforcement learning is

Fv(0) =By [1(r(s,a) + Ve (s") = Va(s))1 + (1 = 7)(r(s,a) + Vo (s') = Vo(s))? ]

=B, [r(y = Vo(s)Z + (1= 7)(y — Va(s))2] -
Then, taking the gradient of the value objective:

VIv(0) =Y plals)[=2r(y — Vo) I(y — Vo) — 2(1 — 7)(y — Vo) 4Ly — Vo)]
—Zua|s —27(y = Vi) —2(1 = 7)(y — Vi)+] (15)
=Y ulal s)[=27(0)+ — 201 = 7)(0)s].

(14)

Therefore,

V(s) = Vy(s) — aV Ty (0)

— Vi(s) + 20Eany, [F[5(s, )] + (1 — 7)[6(s, 0)]_] (10

B.2 PROOF OF LEMMA[I]

Lemma 1. Forany 7 € [0,1), T* is a vy,-contraction, where v, =1 — 2a(1 — ) min{7,1 — 7}.

Proof. Note that 7'1‘;2 is the standard policy evaluation Bellman operator for u, whose fixed point is
V#. We see that for any V7, V5,

7-1/2V1( 5) — 7—1/2V2( 5)

= Vi(5) + g [01(5,0)] = (Va(s) + aEqny[3a(5, )]

(1 = a)(Vi(s) = Va(s)) + aBanplr(s, a) + 9Vi(s") — (s, a) = 7Va(s')] a7
(1= a)[[Vi = Valloo + av[[V1 = V2|l

(1=a(l =)V = V2.

IA

We introduce two more operators to simplify the analysis:
TEV(s) = V(5) + Eanu[0(s, a)] 4,
TPV (s) = V(s) + Eampld(s, )]
- TfVQHOO < |IVi = Vz||oo). For

(18)

any V1, Vo, we have
TEVA(5) = TEVa(s) = Vi(s) — Va(s) + Eamnl01(5, )]s — [Ba(s, )]
= Eamll51(5, )1+ Vi(s) — (820,01 + Va(s)].
The relationship between [d1 (s, a)]+ + Vi(s) and [02(s, a)]+ + Va(s) exists in four cases, which are

19)

* 01 20,05 20, then [61(s, )] + Vi(s) — ([62(s, a)] 4 + Va(s)) = y(Va(s') = Va(s')).
* 81 < 0,02 <0, then [§1(s,a)]+ + Vi(s) — ([02(s, a)]+ + Va(s)) = Vi(s) — Va(s).

e 61 > 0,92 <0, then
[01(s,a)]+ + Vi(s) — ([02(s, a)]+ + Va(s))

= (r(s.a) +1VA(s")) — Vals)
< (r(s, @) + YVA() — ((s,0) + AVa(s")) 20
— A(Vi(s') — Val(s)),

where the inequality comes from (s, a) + yVa(s') < Va(s).
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. 51 < 07(52 > (0, then
[01(s,a)l4 + Vi(s) — ([62(s, a)]+ + Va(s))
=Vi(s) = (r(s,a) +7Va(s")) @21
< Vi(s) — Va(s),

where the inequality comes from (s, a) + YVa(s') > Va(s).

Therefore, we have T'V; (s) — T{'Va(s) < [|[Vi — Val|oo. With the T, T, we rewrite T} as
THV(s) = V(s) + 20Ba~p[[0(s, @)l + (1 = 7)[0(s,a)] -]
= (1 - 20)V(5) + 207 (V(5) + Equpl6(5,0)]) + 2a(1 — 7)(V(5) + Equ[5(5, @)])

=(1-2)V(s) +2arTLV(s) +2a(1 —7)THV (s).
(22)
And
Tl1,V(s) =V (s) + aBanp[0(s, a)]

=V{(s) +a(TLV(s) + THV (s) — 2V (s)) (23)
= (1-20)V(s) +a(T{V (s) + TEV (s)).

We first focus on 7 < % For any V1, V5, we have
THEVi(s) - T/ Va(s)
= (1 =2a)(Vi(s) = Va(s)) + 2a7(T{Vi(s) — TEVa(s)) + 20(1 — 7)(TEVA(s) — TEVa(s))
= (120 = 2r(1 = 20))(Vi(s) = Va(s)) + 27 (T{}Vals) = T}, Vals) ) +
2a(1 = 27) (TH*Vi(s) — THVa(s))
< (1 =2a=27(1-2a))[[Vi = Valoo +27(1 — a(1l = 7)) [[Vi = Valloo 4+ 2a(1 = 27)[|Vi = V2 oo

(1 =2ar(1=7)[IVi = Vallo
(24
Similarly, when 7 > 1/2, we have THV1(s) — TFVa(s) < (1 —2a(1 —7)(1 =) |IVi — Vallee. O

B.3 PROOF OF LEMMAQ[

Lemma 2. Forany 7,7' € (0,1), if 7' > 7, we have T} > T} Vs € S.

Proof. Based on Equation[22] we have
TEV(s) = T2V (s)
=(1-20)V(s) +2a7'TLV(s) + 2a(1 — 7")THV (s)
— (1 =20)V(s) + 2a7TLV (s) + 2a(1 — 7)THV (5)) (25)
— 2a(r’ = )TV (s) = T"V(5))
= 2a(7" = 7)Banp[[6(s, @)+ = [6(s,0)]-] 2 0.

B.4 PROOF OF LEMMA[3]

Lemma 3. Let V* denote the fixed point of Bellman optimality operator T*. In the deterministic
MDP, we have lim,_,4 V} = V™.

Proof. We first show that V* is also a fixed point for ’71‘ Based on the definition of 7*, we have
V*(s) = max,[r(s,a) + vV *(s')], which infers that §(s,a) < 0, Vs € S,a € A. Thus, we have
TEV*(s) = V*(s) + Eqnpld(s,a)]4 = V*(s). By setting (1 — 7) — 0, we eliminate the effect
of 7. Further by the contractive property of 7.**, we obtain the uniqueness of V*. The proof is
completed. O
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B.5 PROOF OF LEMMA[4]

1

Lemma 4. Given 7 € (0,1) and T € NV, Toom is a y,-contraction. If T > 5 Teem has the same

fixed point as T

Proof. We prove the contraction first. For any V7, V5, we have
_ — wyn—1lap _ p\R—1lap
TeemV1(8) = Tvem Va(s) 1§71}1§afmax{(7- )" TEVA(s)} 1glnang{(T )" TEVR(s)}

max [(TH)" I TEVA(s) = (TH)" I TEVa(s)]
1<n<nmax (26)

< n—1 _
< max Y IVi = Valoo

<7V = Valloo-

IN

Next we show that V*, the fixed point of T*, is also the fixed point of Tyem when 7 > % By

definition, we have V* = T#V*. Following Lemma we have V = THV* > 1’j2VT* =THV.

Repeatedly applying 7+ and using its monotonicity, we have TAV* > (TH)"“1V* 1 < n < Npax.
Thus, we have Tyem V;* (s) = maxi<,<7{(T*)" " TIV(s)} = Vi (s). O

B.6 PROOF OF LEMMA[3]

Lemma 5. When the current value estimates V (s) are much lower than the value of behavior policy,
Teem provides an optimistic update. Formally, we have

TeemV () = V7 (5) 9" O [V =V oo + Vit = Voo, Vs €S, (27)
where n*(s) = arg maxi <, <7 {(T")" TV (s)} and V}J. _ is the fixed point of (TH)" ()=1T1.
Proof. The lemma is a direct result of the triangle inequality. We have

ToemV (s) = V7' (s) = (TH)" I THV () = Vi (s)
— (TH)" VTV (s) — (T OTITEVE (5) + VI L (5) = V7 (5)
<A OV = Vil oo + IV = V7

B.7 PROOF OF PROPOSITION[I]

Proposition 1. Let V* denote the fixed point of T}. For any T,7" € (0,1), if ' > 7, we have
Vi(s) > V*(s), Vs € S.

Proof. With the Lemma we have TV > THV . Since V is the fixed point of T*, we have

THV} = V. Putting the results together, we obtain V;* = T#V* < T/V*. Repeatedly applying
T and using its monotonicity, we have V* < THV* < (TH)* V= V. O

C DETAILED IMPLEMENTATION

C.1 GENERALIZED ADVANTAGE-WEIGHTED LEARNING

In practice, we adopt Leaky-ReLLU or Softmax functions.
Leaky-ReL.U:
m(?x Jx(¢) = E(s .0y~ [log me(als)-f (A(s,a))} ,

) As, if A(s,a) >0 =
where f(A(S,a)){ASa?) if A(isa()io
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Softmax:
exp(F A(s, a))
max Jr(¢) = E(q)op llog mela]s) - - (30)
¢ Z(sl,al)NBAtch exp(éA(S“ al)
C.2 BCQ-EM
The value network of BCQ-EM is trained by minimizing the following loss:
Hloin jQ (9) = ]E(st,at,sH_l)ND [(Rt - Q9(8t7 at)>2:| (31)

re +YQtr1m—1(St41,0041) i n >0,
- ns n = N 1 . 32
fi O<7I’n§a7§““ N Qt’ {Q(Sn ar) if n=0, 32)

where a; corresponds to the perturbed actions, sampled from the generative model G, ().
The perturbation network of BCQ-EM is trained by minimizing the following loss:
min J¢(¢) = ~Eap [Qo(s, ai + (5,01, @))], - {ai ~ Guls)hin, (33)

where £, (s, a;, @) is a perturbation model, which outputs an adjustment to an action ¢ in the range
[-®, ®]. We adopt conditional variational auto-encoder to represent the generative model G, (s)
and it is trained to match the state-action pairs sampled from D by minimizing the cross-entropy
loss-function.

C.3 HYPER-PARAMETER AND NETWORK STRUCTURE

Table 2: Hyper-parameter Sheet

Hyper-Parameter Value
Critic Learning Rate le-3
Actor Learning Rate le-3

Optimizer Adam

Target Update Rate (x) 0.005
Memory Update Period 100
Batch Size 128
Discount Factor 0.99
Gradient Steps per Update 200

Maximum Length d Episode Length T’

Table 3: Hyper-Parameter 7 used in VEM across different tasks

AntMaze-fixed ur(I)lzze me£i3um 12(1)%6
AntMaze-diverse u%lgze megfm I%Y.%e
Adroit-human d(; Zr hagl.gler %62
Adroit-cloned d(; (2)r haggner I())eil
Adroit-expert d(; (3)r ha1(1;13ner %eg
MuJoCo-medium waléfgﬂd halfcol.lzetah hogg)er
MuJoCo-random waléfgﬁd halfcol.lgetah hogg)er

We use a fully connected neural network as a function approximation with 256 hid-
den units and ReLU as an activation function. The structure of the actor network
is [(state dim, 256), (256, 256), (256, action dim)]. ~ The structure of the value network is
[(state dim, 256), (256, 256), (256, 1)].
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D ADDITIONAL EXPERIMENTS ON D4RL
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D.2 COMPLETE TRAINING CURVES AND VALUE ESTIMATION ERROR
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Figure 11: The training curves of VEM and BAIL on D4RL tasks.
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Figure 12: The value estimation error of VEM on D4RL tasks. The estimation error refers to the
average estimated state values minus the average returns.



