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PROVABLE BENEFITS OF MULTI-TASK RL UNDER
NON-MARKOVIAN DECISION MAKING PROCESSES

Ruiquan Huang * Yuan Cheng' Jing Yang*
Vincent Y. F. Tan’ Yingbin Liang?
ABSTRACT

In multi-task reinforcement learning (RL) under Markov decision processes
(MDPs), the presence of shared latent structures among multiple MDPs has been
shown to yield significant benefits to the sample efficiency compared to single-
task RL. In this paper, we investigate whether such a benefit can extend to more
general sequential decision making problems, such as partially observable MDPs
(POMDPs) and more general predictive state representations (PSRs). The main
challenge here is that the large and complex model space makes it hard to identify
what types of common latent structure of multi-task PSRs can reduce the model
complexity and improve sample efficiency. To this end, we posit a joint model
class for tasks and use the notion of n-bracketing number to quantify its complex-
ity; this number also serves as a general metric to capture the similarity of tasks
and thus determines the benefit of multi-task over single-task RL. We first study
upstream multi-task learning over PSRs, in which all tasks share the same obser-
vation and action spaces. We propose a provably efficient algorithm UMT-PSR
for finding near-optimal policies for all PSRs, and demonstrate that the advantage
of multi-task learning manifests if the joint model class of PSRs has a smaller
n-bracketing number compared to that of individual single-task learning. We also
provide several example multi-task PSRs with small n-bracketing numbers, which
reap the benefits of multi-task learning. We further investigate downstream learn-
ing, in which the agent needs to learn a new target task that shares some com-
monalities with the upstream tasks via a similarity constraint. By exploiting the
learned PSRs from the upstream, we develop a sample-efficient algorithm that
provably finds a near-optimal policy. Upon specialization to the examples used to
elucidate the 7-bracketing numbers, our downstream results further highlight the
benefit compared to directly learning the target PSR without upstream informa-
tion. Ours is the first theoretical study that quantifies the benefits of multi-task RL
with PSRs over its single-task counterpart.

1 INTRODUCTION

Multi-task sequential decision making, or multi-task reinforcement learning (MTRL) is a subfield
of reinforcement learning (RL) that extends the learning process across multiple tasks. Many real-
world applications can be modeled by MTRL. For instance, in robotics and autonomous driving,
different types of robots and vehicles in a shared environment can have different observational capa-
bilities based on their sensors and learning goals. Other applications include personalized healthcare,
weather forecasting across different regions, and manufacturing quality control on different types of
products. The fundamental idea behind MTRL is to leverage the inherent similarities among a set
of tasks in order to improve the overall learning efficiency and performance. For Markov decision
processes (MDPs), a line of works (Pathak et al., 2017; Tang et al., 2017; Oord et al., 2018; Laskin
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et al., 2020; Lu et al., 2021; Cheng et al., 2022; Agarwal et al., 2022; Pacchiano et al., 2022) have
explored multi-task representation learning and shown its benefit both practically and theoretically.

However, it is still an open question whether such a benefit can extend to more general sequential
decision making problems, even in partially observable MDPs (POMDPs), let alone more general
predictive state representations (PSRs). In this context, it is even unclear:

When can latent similarity structure encompassed by multiple PSRs be potentially beneficial?

The challenges mainly emanate from two aspects. First, the large and complex model space makes
it hard to identify what types of common latent structure of multi-task PSRs can reduce the model
complexity. The non-Markovian property of these problems implies that the sufficient statistics or
belief about the current environmental state encompasses all the observations and actions from past
interactions with the environment. This dramatically increases the statistical complexity. Even for a
finite observation space and action space, model complexity can be exponentially large in the number
of observations and actions. Such a complex parameter space makes it difficult to identify what types
of latent similarity structure of multi-task PSRs reduce the model complexity. Second, reduced
model complexity does not necessarily result in benefit in statistical efficiency gain of RL. In RL,
model learning and data collection are intertwined. The agent has to choose an exploration policy
in each iteration based on the model learned in the past. Such iterative process introduces temporal
dependence to the collected data, which makes the analysis of multi-task PSRs complicated.

In this paper, we answer the question above with upstream multi-task learning and downstream
transfer learning. We summarize our contributions below.

1. To deal with the first challenge, we propose a unified approach to characterize the effect of task
similarity on model complexity by introducing the notion of the n-bracketing number for the
Jjoint model space of multiple tasks. Regardless of whether the concrete form of task similarity is
implicit or explicit, desirable task similarity should contribute to reduce the n-bracketing number
compared to that without similarity structures. This significantly generalizes existing studies of
multi-task MDPs that considered only specific task similarity structures.

2. We deal with the second challenge in both upstream and downstream learning. For the former, we
propose a novel multi-task PSRs algorithm called UMT-PSR, which features a pairwise additive
distance-based optimistic planning and exploration as well as confidence set construction based
on the bracketing number of the joint model class. We then prove that if the bracketing number
of the multi-task model class normalized by the number of tasks is lower than that of a single
task, UMT-PSR benefits from multi-task learning with these novel designs. We then provide
several specific multi-task POMDP/PSR examples with low bracketing number to demonstrate
that UMT-PSR is often more efficient than single-task learning.

3. We further employ the upstream learning to downstream learning by connecting upstream and
downstream models via similarity constraints. We show that the downstream learning can iden-
tify a near-accurate model and find a near-optimal policy. Upon specialization to the examples
used to elucidate the n-bracketing numbers, our downstream results further highlight the benefit
in comparison to directly learning parameters of PSRs without upstream information. Our analy-
sis here features a novel technique of using Rényi divergence to measure the approximation error
which guarantees the sub-optimality bound without requiring the realizability condition.

Our work is the first theoretical study that characterizes the benefits of multi-task RL with
PSRs/POMDPs over its single-task counterpart.

2 RELATED WORK

MTRL under MDPs: Multitask representation learning and transfer learning have been extensively
studied in RL, particularly under MDPs. Arora et al. (2020) demonstrated that representation learn-
ing can reduce sample complexity for imitation learning. Hu et al. (2021) analyzed MTRL with low
inherent Bellman error (Zanette et al., 2020) and known representation. Zhang & Wang (2021) stud-
ied multi-task learning under similar transition kernels. In contrast, Brunskill & Li (2013) studied
the benefit of MTRL when each task is independently sampled from a distribution over a finite set of
MDPs. Recent studies have also considered the case where all tasks share a common representation,
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including D’Eramo et al. (2020) which demonstrated the convergence rate benefit on value itera-
tion, and Lu et al. (2021) which proved the sample efficiency gain of MTRL under low-rank MDPs.
Some recent work further took the impact of sequential exploration and temporal dependence in
data into account. Considering sequential exploration with shared unknown representation, Cheng
et al. (2022); Agarwal et al. (2022) studied reward free MTRL under low-rank MDPs as upstream
learning and applied the learned representation from upstream to downstream RL. Pacchiano et al.
(2022) focused on a common low-dimensional linear representation and investigated MTRL under
linearly-factored MDPs. Lu et al. (2022) explored MTRL with general function approximation.
There also exist a few papers studying multi-task POMDPs from theoretical (Li et al., 2009) and
practical (Omidshafiei et al., 2017) side.

Note that all the above studies considered specific common model structures shared among tasks,
whereas our paper proposes a unified way to characterize the similarity among tasks. Further, none
of the existing studies considered model-based multi-task PSRs, which is the focus of our paper.

Single-task RL with PSRs and general sequential decision making problems: A general de-
cision making framework PSR (Littman & Sutton, 2001) was proposed to generalize MDPs and
POMDPs. Since then, various approaches have been studied to make the problem tractable with
polynomial sample efficiency. These methods include spectral type of techniques (Boots et al.,
2011; Hefny et al., 2015; Jiang et al., 2018; Zhang et al., 2022), methods based on optimistic plan-
ning and maximum log-likelihood estimators together with confidence set-based design (Zhan et al.,
2022; Liu et al., 2022), the bonus-based approaches (Huang et al., 2023), value-based actor-critic
approaches (Uehara et al., 2022), posterior sampling methods (Zhong et al., 2022). Chen et al.
(2022) further improved the sample efficiency for previous work including OMLE (Liu et al., 2022),
MOPS (Agarwal & Zhang, 2022), and E2D (Foster et al., 2021).

3 PRELIMINARIES

Notations. For any positive integer N, we use [N] to denote the set {1,--- , N'}. For any vector z,
the i-th coordinate of « is represented as [x];. For a set X, the Cartesian product of N copies of X
is denoted by X'V For probability distributions P and Q supported on a countable set X, the total
variation distance between them is Dy (P, Q) = >, |P(z) — Q(z)|, and the Rényi divergence of

order a, for o > 1, between them is Dg o (P, Q) = —= log Ep[(dP/dQ)*"1].

a—1

3.1 THE NON-MARKOVIAN DECISION MAKING PROBLEM

We consider an episodic decision making process, which is not necessarily Markovian, with an
observation space O and a finite action space A. We assume that the process is episodic and
each episode contains H steps, i.e., with horizon H. At each step, the evolution of the pro-
cess is controlled by an underlying distribution P, where P(o,|01,...,0n-1,01,...,an—1) is the
probability of visiting oy, at step h given that the learning agent has observed o, € O and taken
action a; € A for previous steps ¢ € [h — 1]. And the learning agent receives a reward at
each episode determined by the reward function R : (O x A)# — [0,1]. We denote such a
process compactly as P = (O, A, H, P, R). For each step h, we denote historical trajectory as
Th = (01,a1,...,0n,ay), the set of all possible historical trajectories as H; = (O x A)", the
future trajectory as wy, := (0p41,an+1,---,0H,an), and the set of all possible future trajectories
as Qp, = (0O x A",

The agent interacts with the environment in each episode as follows. At step 1, a fixed initial obser-
vation oy is drawn. At each step h € [H], due to the non-Markovian nature, the action selection and
environment transitions are based on whole history information. Specifically, the agent can choose
an action aj, based on the history 7,1 and the current observation oy, with strategy 7 (ap|7h—1, 0p ).
We denote such a strategy as a policy, and collect the policies over H steps into 7 = {ﬂ'h}thl, and
denote the set of all feasible policies as II. Then the environment takes a transition to o1 based on
P(op+t1|mh). The episode terminates after H steps.

For any historical trajectory 75,, we further divided it into 77 = (01,...,04) and 77 = (a1,. .., ap)
which is observation and action sequences contained in 7y, respectively. Similar to 7, for the future
trajectories wy,, we denote wj as the observation sequence in wy,, and wj as the action sequence
in wy,. For simplicity, we write 7(7) = w(ap|on, Th—1) - - - 7(a1|o1) to denote the probability of
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choosing the sequence of actions 7' given the observations 75, under the policy . We denote P™ as
the distribution of the trajectories induced by the policy 7 under the dynamics P. The value function
of a policy 7 under I? and the reward R is denoted by Vi = E., ~p~ [R(7)]. The primary learning

goal is to find an e-optimal policy 7, which is one that satisfies max, Viip — Viz < e

Given that addressing a general decision-making problem entails an exponentially large sample
complexity in the worst case, this paper focuses on the low-rank class of problems as in Zhan et al.
(2022); Liu et al. (2022); Chen et al. (2022). Before formal definition of the low-rank problem, we
introduce the dynamics matrix Dy, € RIH X194 for each h, where we use 7, € Hj, and wy, € Q, to
index the rows and columns of the matrix D, respectively, and the entry at the 77,-th row and wy,-th
column of I, equals to the conditional probability P(wy, 77|77, wi).

Definition 1 (Rank-r sequential decision making problem). A sequential decision making problem
is rank r if for any h, the model dynamics matrix Dy, has rank at most r.

As a result, for each h, the probability of observing wj, can be represented by a linear combi-
nation of probabilities on a set of future trajectories known to the agent called core tests Qp =
{q,ll7 o ,qzh} C Qy,, where dj, > r. Specifically, there exist functions m : Q;, — R% ) : Hj, —
R? such that (i) the value of the ¢-th coordinate of 1(73,) equals to the conditional probability
P(o}, 70|al, 77) on (qf, 1), where of, and af to denote the observation and the action sequences
of qfl, and (¢3) for any wy, € Qy,, 75, € Hy, the conditional probability can be factorized as

P(wp, 72|, wit) = m(wn) T (7). (1

Predictive State Representation. Following from Theorem C.1 in Liu et al. (2022), given core tests
{9} |, any low rank decision making problem admits a (self-consistent) predictive state repre-

sentation (PSR) 6 = {(¢p, My,) }thl, such that Eq. 1 can be reparameterized by 6. Mathematically,
For any h € [H|, 7, € Hp,wn € Qp:
m(wp)" = ¢ Mp(om,an) - Mps1(0n41,ans1), () = My (0n, an) - - - M1 (o1, a1)vo,

T — T - - 1
and 3, . coxa Pni1Mn(on, an) = ¢, . For ease of the presentation, we assume t)y is known.

The following assumption is standard in the literature (Liu et al., 2022; Chen et al., 2022).
Assumption 1 (y-well-conditioned PSR). We assume any PSR 0 = {(¢, My)}}L | considered in
this paper is y-well-conditioned for some v > 0, i.e.

Vh € [H], max,eqan. ||, <1 MAXren MAXr, €3, Yoo, eq, T(Wh|Th)m(wn) T2 <

1
1L
In the following context, we use Py to indicate the model determined by the PSR 6. For simplicity,
we denote Vg,  as V', Moreover, let Ot = {af}7" be the action sequence set from core tests
which is constructed by eliminating any repeated action sequence. The set Qf is also known as the
core action sequence set. The set of all rank-r and y-well-conditioned PSRs is denoted by ©.

3.2 UPSTREAM MULTI-TASK LEARNING

In upstream multi-task learning, the agent needs to solve IV low-rank decision making problems
(also known as source tasks) at the same time instead of only one single problem (task). The set of
N source tasks is denoted by {P,}2_,, where P, = (O, A, H,Py:,R,,), and 6, € ©.2 In other
words, all N tasks are identical except for their model parameters 6 = {(¢,"*, M, ")} | and
reward functions R,,. Moreover, we denote the model class of multi-task PSRs as ®,, (the subscript
stands for upstream), a subset of on,

The goal of the upstream learning consists of two parts: (i) Finding near-optimal policies for all NV
tasks on average. Mathematically, given an accuracy level e, the set of IV policies that are produced
by the algorithm {7',..., 7V} should satisfy & S°0 | (max, VjT . — V' ) < e (ii) Char-
acterizing the theoretical benefit of multi-task PSRs learning in terms of the sample complexity,
compared to learning each task individually.

!The sample complexity of learning 1) if it is unknown is relatively small compared to the learning of the
other parameters (Liu et al., 2022).

2For simplicity, we assume all tasks have the same rank and +, but have different core test sets. The
extension to different ranks and y’s is straightforward.
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3.3 BRACKETING NUMBER OF JOINT PARAMETER SPACE

One critical factor that affects the efficiency of multi-task learning compared to separate task learn-
ing is the presence of shared latent structure among the tasks, which yields a reduced model space in
multi-task PSRs learning, as compared to separately learning single tasks over the Cartesian product
of N model spaces (see Figure 1 for an illustration in 2 dimensions). Consequently, this reduction
in model complexity can ultimately lead to improved sample efficiency. Unlike the specific shared
model structures among multiple tasks that the previous works studied, such as shared representa-
tion in Cheng et al. (2022) and similar transition kernels in Zhang & Wang (2021), here we focus
on a general shared model space and use the notion of the 7-bracketing number to quantify the
complexity of the joint model space. Such a notion plays a central role in capturing the benefit of
multi-task PSR learning over single-task learning.

We start with a domain X’ and a single task function class F, P2
in which each element f : X — R . For the multi-task case, a
the function class is a subset F,, of FV. 8. [
o o
Definition 2 (n-Bracketing number of vector-valued function T8 ¢
; . g8 (P, p(=2)
class F w.rt. ||-|). Given two vector-valued functionsland 2%

g : X = RY, the bracket [\, g] is the set of all functions
f € F satisfyingl < f < g.3 Ann-bracket is a bracket |1, g] ®
with ||g — 1|| < n. The bracketing number N, (F, ||-||) is the
minimum number of n-brackets needed to cover F.*

model class P
. . . . of task 1
In this paper, we are interested in the bracketing number of

the joint model space, i.e., distribution spaces over (O x A)#
parameterized by ©,,. For simplicity, we use N, (©,) to de-
note the n-bracketing number of {(Py,,..., Py, )0 € O}
w.rt. the £, policy weighted norm |[|-||%,, where the (o

(a) Independent learning of each task
where the joint model class is 7>

Fu CP?

policy weighted norm between two vector-valued functions ?g‘

1={ly,...,In}andg = {g1,...,gn} definedon (Ox ) G

is equal to [|g — 1|2, = max;e(y)maxr,en Yo, |li(7H) — ég
o

9i(Te)|mi(T). As we will show later, a lower 7)-bracketing
number of the joint model space results in a lower sample
complexity in multi-task PSR learning.

In practice, it is common tasks share certain common model model class P
structures and hence their joint model space will have a much of task 1
lower n-})racketipg number compared to the product of model (b) Joint learning of tasks with shared la-
spaces (i.e, treating the model of each task separately). We (ot model structure. The joint model
provide several such examples of non-Markovian decision (Jags is F,, a strict subset of P2.
processes in Section 4.3. We provide more examples of
MDPs with their 7-bracketing numbers in Appx. F. Notably,
there can be much richer scenarios beyond these examples.

Figure 1: Reduction in n-bracketing
number when F,, C P?

3.4 DOWNSTREAM TRANSFER LEARNING

In downstream learning, the agent is assigned with a new target task Py = (O, A, H,Py;, Ro),
where 05 € ©, which shares some similarities with source tasks to benefit from upstream learn-
ing. Here, we capture the shared structure between upstream and downstream tasks via the simi-
larity constraint C(6y,0%,...0%) < 0 where C : ©N*1 — R"¢ n,; € N. The similarity con-
straint establishes the relationship between the downstream target task and the upstream source
tasks. Hence, the downstream model class is given by ©f = {6y € ©|C(6y,07,...60%) < 0}.
We note that the similarity constraint is general enough to capture various relationships between
upstream and downstream tasks. For example, Cheng et al. (2022) consider the case when the
downstream task shares the same representation as upstream tasks, which is equivalent to assum-
ing [C(0g, ..., 05)]n = [|¢*™ — ¢oll2, where n € [N] and ¢(*™) is the representation of task

3We write that two vectors a, b satisfy a < b if b — a is coordinate-wise nonnegative.
“We say that a collection of sets Sy ..., Sy coveraset Sif S C Uj=.S;.
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n. However, the similarity constraint allows much richer beyond the above example, for example,
downstream tasks can have similar but not the same representations as the upstream, or may share
only some representation features, but not all of them.

The goal of the downstream learning is to find a near-optimal policy, by exploiting the constraint
similarity with upstream tasks and utilizing upstream knowledge to achieve better sample efficiency
compared with learning without upstream knowledge.

4 UPSTREAM LEARNING OVER MULTI-TASK PSRS

We present our upstream algorithm in Section 4.1, characterize its theoretical performance in Sec-
tion 4.2 and present examples to validate the benefit of upstream multi-task learning in Section 4.3.

We use bold symbol to represent the multi-task parameters or policy. Specifically, @ = (61, ...,0x),
and w = (mq,...,mn). We define Q4 = max, maxy, |QZ’A|, where QZ’A is the core action
sequence set of task n at step h. The policy, denoted by vy, (7, '), takes 7 at the initial A — 1 steps
and switches to 7’ from the h-th step. Lastly, uy represents the uniform distribution over the set X’.

4.1 ALGORITHM: UPSTREAM MULTI-TASK PSRs (UMT-PSR)

We provide the pseudo-code of our upstream multi-task algorithm called Upstream Multi-Task PSRs
(UMT-PSR) in Algorithm 1. This iterative algorithm consists of three main steps as follows.

Algorithm 1 Upstream Multi-Task PSRs (UMT-PSR)

1: Input: B; = © model class, estimation margin (), maximum iteration number K.
2: fork=1,...,K do

’ P "o
3: Set " = arg max v Maxg g/ cB, ZRG[N] Dy (]P’gn ,ng )

4: for n,h € [N] x [H] do
5: Use 7" to collect data 71*".
6: end for
7: Construct By1 =
n,t n,t
. v Jt,h v Jth N
{0 € 0y: Z logP,»  (7"") > Jnax Z log Pyr (rpet™) — Bl )} N Bg.
te[k],he[H] te[k],he[H]
ne[N] ne([N]
8: end for

9: Output: Any 0 € By 1, and a greedy multi-task policy 7@ = arg max, > nelN] Vg”n R

Pairwise additive distance based multi-task planning (Line 3): To promote joint planning among

tasks, a natural choice to measure the distance between two multi-task models is the distance be-

tween the two product distributions P5' x --- x Pg" and Pj' x --- x Pg~. However, such a
1 N

“distance between product distributions” is not sufficient to guarantee the accuracy of the indi-
vidual models of each task, which is needed in the analysis of the sum of the individual value
functions. Hence, we propose to use the “pairwise additive distance” for our planning, defined as

Dr(6,0') £, ¢ Drv(PF P, ).

More specifically, at each iteration k&, UMT-PSR selects a multi-task policy ¢ = (71F ... 7NV:F)
that maximizes the largest pairwise additive distance maxg g D~ (6, 6’) within the confidence set
B (which will be specified later). An important property of By, is that it contains the true model
60* with high probability. Using this property, the largest pairwise additive distance serves as an
optimistic value of the uncertainty D, (8*, 6) for any multi-task model 8 € By.

Multi-task exploration (Line 5): Building upon the planning policy 7*, for each task n and each
step h, UMT-PSR executes the policy 7™* for first h — 1 steps, and then uniformly selects an action
sequence in A4 x QZ’A for the following H —h+1 steps. In particular, at step 2, UMT-PSR uniformly
takes an action in A, and then uniformly chooses a core action sequence aj;, such that regardless
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of what the observation sequence is, UMT-PSR always plays the action in the sampled core action
sequence. In summary, for each (n, h) € [N]x [H], UMT-PSR adopts the policy vy, (7", u , oma)
h
to collect a sample trajectory T}}’k’h. We abbreviate vy, (7™F, Uy ona) as u{f"’k.
n .

Confidence set construction via bracketing number of joint model class (Line 7): Given the
sampled trajectories, UMT-PSR calls a maximum likelihood estimation oracle to construct the multi-
task confidence set. A novel element here is the use of the bracketing number of the joint model class
to characterize estimation margin 3), which is an upper bound of the gap between the maximum
log-likelihood within ®,, and the log-likelihood of the true model. Such a design provides a unified
way for any MTRL problem and avoids individual design for each problem in a case-by-case manner.

4.2 MAIN THEORETICAL RESULT

The following theorem characterizes the guarantee of the model estimation and the sample com-
plexity to find a near-optimal multi-task policy.

Theorem 1. Under Assumption 1, for any fixed § > 0, let ©,, be the multi-task parameter space,
BN = ¢ (log @ +log NV, (®y)), where ¢; > 0 and n < w2 Then with probability at least
1 — 6, UMT-PSR finds a multi-task model @ = (61, . .., 0x) such that

N " opr” > H|A|NB(M)
Zn:l maXzner Dry (Pgn ,ngl> <0 (Q’f W) .

cor| A|Q4 HBW)

In addition, if K = for large enough co > 0, UMT-PSR produces a multi-task policy

NA2e2
7 = (71,...,7N) such that the average sub-optimality gap is at most ¢, i.e.
Ly Vi g Vi ) < 3
N 2on—1 |MaXren 0z ,R,, 0* R, ) =€ 3)

Benefits of multi-task learning: Theorem 1 shows that with the sample complexity
A (rlAIQLH? M)
Oz

known sample complexity of a single-task PSR RL is given by O(Mﬁ#) in Chen et al. (2022),
where (1) = O(r2|O||.A|H?) scales the logarithm of the bracketing number of a single-task PSR
with rank r. It is clear that as long as 3(N) < N1, then UMT-PSR enjoys multi-task benefit in

the sample complexity. In Section 4.3, we will provide several example multi-task POMDPs/PSRs
to illustrate that such a condition can be satisfied broadly.

), UMT-PSR identifies an e-optimal multi-task policy. As a comparison, the best

Next, we make a few comparisons concerning ﬁ(N ), (i) If N = 1, Theorem 1 matches the best
known sample complexity given in Chen et al. (2022). (ii) If none of tasks share any similarity,
ie., ®, = OV, we have (") = NBW), and the sample complexity does not exhibit any benefit
compared to learning the tasks separately. This coincides with the intuition that in the worst case,
multi-task learning is not required. (iii) The benefits of multi-task learning are more evident when
s /N decreases. An extreme example is that when all tasks also share the same dynamics, leading
to SN) = (1), In this case, multi-task learning reduces to the batch setting and as the batch size
increases, the iteration number decreases linearly in V.

4.3 IMPORTANT EXAMPLES OF MULTI-TASK PSRS

As shown in Section 3.2 and Theorem 1, for multi-task models with low n-bracketing number, i.e.,
satisfying 3(NV) < N, UMT-PSR exhibits better sample complexity than single-task learning.
In this section, we provide example multi-task POMDPs and PSRs and show that their 7-bracketing
number satisfies the condition. Detailed proofs for these examples can be found in Appendix E.2.

Muli-task POMDPs. We consider tabular POMDPs, which is a classic subclass of PSRs. Specifi-
cally, the dynamics in POMDPs consist of H transition distributions {T), : Sx Ax S — [0,1]}/L |,
and H emission distributions {Qp, : S x O — [0,1]}L,, where S is a finite state space. The
states capture the entire system information, but are not directly observable. In POMDPs, at
each step h, if the current system state is sy, the agent observes o, with probability Oy, (op,|sp).
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Then, if the agent takes an action a; based on previous observations op,...,0; and actions
ap—1,...,a1, the system state transits to s with probability T}, (Spt1|Sh, an). We use the nota-
tion P, = (0, A, H,S, T, 0, R) to represent a POMDP instance. Note that the tuple (S, T, Q) in
POMDPs determine the general dynamics P in PSRs. If all tasks share the same state, observation,
and action spaces, then P[, = (O, A, H,S, T, O™, R) represents the model of task n.

Example 1 (Multi-task POMDP with common transition Kernels). All tasks (i.e., all POMDPs)
share the same transition kernel, i.e., there exists a set of transition distributions {T} }L_| such that
Ty = Tj, foralln € [N] and h € [H)]. The emission distributions can be different. Such a scenario
arises if the agent observes the same environment from different angles and hence receives different

observations. Then, BN) is at most O(H (|S|?|A| + |S||O|N) log W), whereas the single
task B is given by O(H (|S|?|A| + |S]|O|) log %AHS‘) Clearly, fN) < NBW,

Multi-task PSRs: We next provide two example multi-task PSRs, in which tasks do not share
common model parameters. In these examples, the similarities among tasks could alternatively be
established via implicit connections and correlations in latent spaces, which reduce the complexity
of the joint model class, hence the estimation margin and the sample complexity of algorithms
significantly compared with separately learning each single task.

Example 2 (Multi-task PSR with perturbed models). Suppose there exist a latent base task Py, and
a finite noisy perturbation space A. Each taskn € [N] is a noisy perturbation of the latent base task
and can be parameterized into two parts: the base task plus a task-specified noise term. Specifically,
for each step h € [H] and task n € [N], any (0,a) € O x A, we have

M7 (o, an) = M} (on, an) + Al (o, an), Ay € A.

Such a multi-task PSR satisfies that BN) = O(r?|O||A|H? + HN log|A|), whereas 8V for a
single task is given by O(r2|O||A|H?). Clearly, B'N) < NBWM holds iflog |A| < O(r2|O||A|H),
which can be easily satisfied for small-size perturbation environments. Hence, the multi-task PSR
benefits from a significantly reduced sample complexity compared to single-task learning.

Example 3 (Multi-task PSR: Linear combination of core tasks). Suppose that the multi-task PSR
lies in the linear span of m core tasks {P1, . .., P, }. Specifically, for each task n € [N|, there exists
a coefficient vector & = (aft,--- ;)" € R™ s.t. for any h € [H] and (on,ap) € O x A,

O (on, an) = Yy af ¢l (on,an),  Mj(on,an) = Y"1 af M}, (on, an).

For regularization, we assume 0 < o for all | € [m] and n € [N], and Y )", ] = 1 for all
n € [N]. It can be shown that SN) = O(m(r2|O||A|H? + N)), whereas 3V = O(r?|O||A|H?).
Clearly, BN) < NBW holds if m < min{ N, r2|O||.A|H?}, which is satisfied in practice.

5 DOWNSTREAM LEARNING FOR PSRS

In downstream learning, the agent is assigned a new task Pq = (O, A, H, Py: Ry), where 65 € O,
and Of is defined in Section 3.4. As explained in Section 3.4, upstream and downstream tasks are
connected via the similarity constraint C(6y,6;,...0%) < 0. Therefore, the agent can use the
estimated model parameter 61, . ..,0y in the upstream to construct an empirical candidate model
class for the downstream task as OF = {6y € ©|C(6o,01,...,0y) < 0}. Then for downstream
learning, we adopt the standard OMLE (Liu et al., 2022; Chen et al., 2022) for the model class C:)S.

The sample complexity of downstream learning will be determined by the bracketing number of
s 4, which is nearly the same as that of the ground truth ©f. Since the similarity constraint will
significantly reduces the complexity of the model parameter space, the bracketing number of C:)b‘
should be much smaller than that of the original parameter space ©. In this way, the downstream can
benefit from the upstream learning with reduced sample complexity. In the following subsections,
we first characterize the performance guarantee for downstream learning in terms of the bracketing
number of OF, and then show that the similarity constraint reduces the bracketing number for the
examples given in Section 4.3.
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5.1 THEORETICAL GUARANTEE FOR DOWNSTREAM LEARNING

One main challenge in the downstream learning is that the true model may not lie in @3. To handle
this, we employ Rényi divergence to measure the “distance” from the model class to the true model
as follows, mainly because its unique advantage under the MLE oracle: the Rényi divergence of
order o with o > 1 serves as an upper bound on the TV distance and the KL divergence, and thus
has more robust performance.

Definition 3. Fix o > 1. The approximation error of (:)bl under a-Rényi divergence is defined as
eq(0f) = mineoeég maxX, e DPMOZ(IP”QT3 , Pgo).

Theorem 2. Fix o > 1. Let € = ea((:)})l) Bo = co(log Ny (OF) + eo K H + (1“’7#0} +1)log £)
for some large co, where ) < 5=. Under Assumption 1, with probability at least 1 — 0, the output
of Algorithm 2 satisfies that

maXzrerlr DTV (]Pgo,Pga) S O (Q’f’ﬁ / T‘AITHBO + \/670> .

Benefits of downstream transfer learning: Theorem 2 shows that when ¢y < €2/4, with sam-
ple complexity at most O(TQQAJZ#) OMLE identifies an e-optimal policy for the downstream
task. As a comparison the best known sample complexity for single-task PSR RL without transfer
learning is O(%ﬂ) where 3 = O(log NV, (©)) (Chen et al., 2022). It is clear that as long as

Bo < B, then downstream learning enjoys transfer benefit in the sample complexity.

Notably, in the realizable case when ¢y = 0, i.e. 65 € OF, we must have 5y = O(log NV, (0})) < 8,
since ©F C ©. In the non-realizable case when ¢y > 0, compared to the realizable case, the
estimation error of €, has an additive factor of O( /€y + \/1/(K (v —1))) after hiding system

parameters. We remark that this factor shrinks if the approximation error of @3 decreases and the
order of Rényi divergence grows, which coincide with the intuition.

5.2 EXAMPLES IN DOWNSTREAM LEARNING TASKS

We revisit the examples presented in upstream multi-task learning, specifically Examples 1 to 3,
and subsequently extend their application in downstream tasks under the realizable setting. With
the prior knowledge obtained from upstream learning, these examples exhibit reduced 7-bracketing
number, and hence benefit in the sample efficiency. Detailed proofs are in Appx. E.3.

Example 1 (Multi-task POMDP with Common transition kernels). Suppose T is the output from
UMT-PSR. In this case, the downstream @” is constructed by combining T and all possible emission
distributions. Then By = O(H|S||O|). However, for POMDP without prior knowledge, =
O(H(|S|?|A| + |S]|O))). Clearly, By < f, indicating the benefit of downstream learning.

For PSRs without prior knowledge, we have PSR = O(r2|O|| A| H?).

Example 2 (Multi-task PSR with perturbed models). The downstream task Py is a noisy perturba-
tion of a base task Py, Specifically, for each step h € [H], any (0,a) € O x A, we have

Y = oY%, M) (on, an) = ME (on, an) + A% (on,a), AY € A.
Then, By = O( ), which is much lower than BTS® iflog |A| < O(r2|O||A|H).

Example 3 (Multi-task PSR: Linear combination of core tasks). The downstream task Pg lies in the
linear span of L upstream tasks (e.g. the firs L source tasks). Specifically, there exists a coefficient
vector a® = (af,--- ,a%)T € RL s.t. for any h € [H] and (op,ap) € O x A,

L L
(JJLI =20 a?¢llia M%(Ohvah) =0 Q?Mﬁl(oh»ah)

For regularization, we assume 0 < o for all | € [L], and Zl LoV = 1. Then By = O(LH), which
is much smaller than f¥5® if . < min{N,r2|O||A|H?}.
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6 CONCLUSION

In this paper, we study multi-task learning on general non-markovian low-rank decision making
problems. Given that all tasks share the same observation and action spaces, using the approach of
PSRs, we theoretically characterize that multi-task learning presents benefit over single-task learning
if the joint model class of PSRs has a smaller n-bracketing number. We also provide specific example
multi-task PSRs with small n-bracketing numbers. Then, with prior knowledge from the upstream,
we show that downstream learning is more efficient than learning from scratch.
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Supplementary Materials

A  MULTI-TASK MLE ANALYSIS

The following lemma shows that the true model lies in the confidence set with high probability.

Proposition 1 (Confidence Set). For all k € [K], and for any 8 = (61,...,0y) € O, let n <
1/ (NKH), BN) = clog (N,,(®)N K H/§) for some c > 0. With probability at least 1 — 6, for any
k € [K], we have

)IPID IS AANCADED D) DS DI LG L B L

n<N t<k h<H n<N t<k h<H
Proof. Consider a set of n-brackets, denoted by @,,, that covers ®. For any 6, we can find two

measures in ©, parameterized by @ and 0 such that

VTL,TH/]T, ]P)gn (TH) Z Pgﬂ(TH) Z IP)QH(TH), (5)

Vn, Dy (Pgn (tu),Pg (TH)) <.

Note that the above two inequalities imply that ) | PZ (tm) <n+>2,, P (tu) <1+n.
Then, we have

ot
Vh n,t,h
™)

exp ZZZlog ﬂnt o
)

n t=1 h Pn TH

n t=1 h o> T}_}th)

n,t
7{ ( nth)

=E [exp ZZZIOthf

)

_ n,t mmk
g (et PLh (ks
=E [exp ZZZlOgW)E HHM

n t=1

<E |exp Zzzlog I/Z,ti HH<1+N11(H>
Ty n h

n t=1 0

1 NKH
<1+NKH) <e

Therefore, by Chernoff type bound, we have

zh Tn,t,h)
On L}
]P)y;{n,f, ;z[,t,h E exp Ek:g}]\;[{ 1og ]P"’Tn t( . h)
g 0x*
P E log g”mi >log(1/9) | < z < éd.
Vi n,t,h 1/6
i B ()

n<N

Taking a union bound over all (9, k) € ©. x [K|] and rescaling §, we have for any § € ©,

_ ]P)g’:'rm (Tg’t’h
P|v0cO, ke K], Y log—=

,,nt th
h n,t,
sz P ()

> log(e KN, (©)/d) | <.

The proof is finished by noting that @ is an optimistic measure (see Equation (5)). [
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The following lemma establishes the relationship between the Hellinger-squared distance and the
difference of log likelihood functions between true parameters and any possible parameters from the
model class.

Proposition 2. Letn < 1/(N2K2H?), BN) = clog (N,,(®)N K H/§) for some ¢ > 0. Then, with
probability at least 1 — 0, we have, for any 8 = (01, ...,0n) € O, the following inequality holds.

ﬂ_n,t
Pot (")

n,t ﬂ,n,t
174 74
E DH <P Z 7P9§ > < E log it h
t<k,h<H t<k,h<H [F’ h (TZ’ ’ )
n<N n<N

+ /M.

Proof. By the definition of 7-bracket, for any multi-task parameter 8, we can find  within a finite

set of 7-brackets such that > ’Pgﬂ (tu) — Pj (TH)‘ < 7. Then, for any n and 7, we have

DZ (P} PG )

—1—2 o (TH)

1— Z\/ (71)Pg. (1) + (Pgn (tw) — P (TH)) Py ()

P, (i) — P7 (u)| P, (710)

LY B G+ Y
TH TH

P, (i) ~ P1 (7r)|

(6)

where (4) follows from the fact that v/a + b < +/|a| 4+ 1/]b], (¢) follows from the fact that 1 — z <
logx for x > 0 (the first term) and the Cauchy-Schwarz 1nequahty (the second term), and (4i7)
follows from the definition of n-bracket.

Then, for any fixed én, we have

Vh ( n,t, h)
ST Ep I ap st S S 5 S
n<N t<k h<H IP’Q (Tr nopent A
P ’TM(TH)
E HngN Htgk thH W
]Peil (TH)
IPLZ’r'nYt (Tr)
E HngN Htgk thH %
IP’QQ (tH)
=t )

Hence, by taking union bound over the finite set of 7-brackets and k € [K], with probability at least
1 — 4, we have for any k € [K]

DD DI A

n<N t<k h<H

14
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< NKH\fn—k% SN log

n<N t<k h<H

(#47)

S Y e WT

t,h )
n<N t<k h<H IP’ ()

where (i) follows from Equation (6), (i7) follows from Equation (7), the Chernoff’s method and the
union bound, and (#i) follows from that n < 1/(N2K2H?).

The proof is finished by noting that @, is an optimistic measure.

O
B PROPERTIES OF PSRS
First, for any model § = {¢p, M}, (o, ar)}, we have the following identity
My, (0n, an)¥(Th-1) = Po(on|Th—1)¥(7h). (8)

The following proposition is adapted from Lemma C.3 in Liu et al. (2022) and Proposition 1 in
Huang et al. (2023).

Proposition 3 (TV-distance < Estimation error). For any task n € [N], policy w, and any two
parameters 0,0’ € ©, we have

Dy (P%,,P5) <ZZ|m wp) " (M}, (on, an) — Mp(on, an)) ¥ (th—1)| 7(TH).

h=1 Ty

C PROOFS FOR UPSTREAM LEARNING: PROOF OF THEOREM 1

In this section, we first prove two lemmas, and then provide the proof for Theorem 1.

First, by the algorithm design and the construction of the confidence set, we have the following
estimation guarantee.

Lemma 1 (Estimation Guarantee in Upstream Learning). Let n < 1/(N?KZ2H?), (") =
clog (N,,(©)NKH/$) for some ¢ > 0. With probability at least 1 — 0, for any k and any

é:(él...,én) € By, we have

DI CR  E

n<N t<k—1h<H

Proof. The proof follows directly by combining Proposition 1 and Proposition 2, and the optimality
of the confidence set B.. O]

Then, we show that estimation error can be upper bounded by the norm of prediction features.

By Lemma G.3 in Liu et al. (2022), for any task n, and step h, we can find a projection A} €
R ~1X7 guch that

(@) : "™ (th-1) = AR(AD) Y™ (1), (id) ¢ [|AR]I < L. ©)

15



Published as a conference paper at ICLR 2024

Lemma 2. Let A} € RI=1X" be the projector satisfying Equation (9). Fix k € [K]. For any

ok = (ek .- ’éﬁ) € By, and any multi-task policy © = (71, ..., 7y,), we have
. e n Ty, 2
D D (ng,P ) < />> E_ [H(Ah)“/’ : (Th—l)H(Ug})_l},
n<N n<N h<H T1~Fo "
where

UL =M+ARNTY  E [0 ()™ (mon) ] (AT

n
t<k Th—1~Pg.

Proof. By Proposition 3, we have

Dre (B B3 ) < zz)w T (V¥ (ons an) = MG (on, a1) ) 6 (1) (7).

h=1 TH

For ease of presentation, we fix a task index n. Index 7,_; by ¢, wp—; by j. De-

note (A})™* (1) by 2, ™ (wp) " (MZ’k(Oh» an) — My (on, ah)) AR (wh—1]Th-1) by

(w;}u)T

Then, we have

Z ‘Iﬁnfk(wh)T (MZ’k(oh, an) — M™" (on, ah)) P (Th-1)
( ) Z
- an i)Y | T

T (TH)

0" (wy) " (MZ’k(Ohvah) — M"™*(op, ah)) V" (Th—1) 0 (Wh—1|Th—1) Po: (Th-1)

_ n o\ T "
- EiN]P’gg ] § w]|zsgn ]|1,) 7 )

(13)
< B (127l wg, ) Zwmsgn wih) ) :
Ui n—

where (¢) follows from the property of the projection A} and definition of the prediction feature
¥™*, and (i7) is due to the Cauchy’s inequality.

Fix an index 7 = i9. We aim to analyze H > wi; sgn((w?lio)Tx O)HU . We have
k,h—1
2
2 o sen((wila) 't
U): h—1
2
.
=A ngn (w150) " i), +Z E ngn AN
9 t<k ,LN]}» vh
Iy Iy

For the first term [, we have

VI =V max ngn (W) )" Z))(w?\m)—rm

2ERT:||z||]2=1
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< ﬁmeﬁﬁfﬁ > malwn-alio) ‘mn’k(wh)T (MZ’k(oh,ah) fMZ’*(oh,ah)> A;;z‘
i
Wh—1

<VA - max > (whoalio) [ (who1) T Afal
weR":|z]>=1 £~

+VA max Y m(whoilio) [m™F (wn) T (op, an) Ajx]

z€RT:||z]2=1
VA

Wh—1

i

S
N2

VA
< = ma Azl + — ma on, 1) |IM™* (o, ap) AT x
s xeRT:H;ﬁzle nl pou . > mlanlon,io) | (on, an)Ajzll;
Oh,Qh
(Z) 2\/)\7”@,4
< —

~y
where (i) follows from Assumption 1, and (4i) follows from the property of A} stated before
Lemma 2.

For the second term I, we have

LY B Y malwnoalio) [ )T (N (onan) = My (on, an) ) 67 ()

x
t<k Th=1~Pg Wh—1

<> E 7 > mn(wn-1lio) ‘fh"’k(wh)TM”’k(Ohvah) (@”’*(T}H) - i”’k(mq))’

Tt
t<k beleIPe; Wh—1

3 mulwnalio) | wn) T (NI (on, an)d (7h1) = M (o, an) B (7o) )|

Wh—1

215 5 [(lm-ieeo|,

n,t
t<k Th—1~Pg
-

2
+ > malanlon,io) [Py (onlma-1)9™* (7a) —sz(ohml)w*(m)(‘l)

Oh,Qh

2 TR :n7k 2
<52y & |l i)
t<k Th—17

o5

I21

2
. %Z E (Z Toulanlon, io) | Pay (onlm—1)9"" () —Pe;<oh|m>1ﬁ”’*<7h>H1> ’

"
t<k Thfl’“Pe;/ Oh,Gh

12
where (a) is due to Equation (8) and Assumption 1.

Recall that the ¢-th coordinate of a prediction feature 1(73,_1) is the conditional probability of core
test Oﬁfl' Hence, for the term /57, we have

di_, ?
_ n,l n,l n,l n,t
I = E , Z Py (07 [Th—1, 2,7 1) — Pox (05,7 |Th—1,2,,"))
Pt |\ =
2
<Q% E Eau Z ’Pék (On—1|Th—1,a) — Pox (0h71|7_h7173~)‘
T}L—IN]P}S-:% h—1 on_1 "

2 2 Yord tord
= QA E D1y ]P)Q‘k (wh—l ‘T}L—l)v Pg; (Wh—l |Th—1)
n

n,t
Th—1~Pg.
n
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@ o (mien opd
< QalA| E E Dy Py " " (wh1lmn-1),Py. """ (Wn—1|7h-1)

Th—2,0h— 1NP"nt Gh—1~1A

ATt Rt

(b) v v
< Qs (71 ) P o))
where (a) and (b) follow from Lemma 7.

In addition, we can bound I55 as follows.

2
In<2 E (Z T (anlon, Th—1) ‘Péﬁ(ohhh—l) Pox (on|mh—1 ‘W (Th |1>

n
o
Th—1~Phe Oh,an

2
+2 E < > Tlanlon, Th-1)Pa; (on|mn—1) |[™F () — WI/’*(T}‘)‘L)
Th—1~P ot

Oh,Qh

(7)
<20Q% E DZ, (ng (Oh,|Th—1),P9*(0h\Th—1))
Th,—l’\/]P’g:LYt n
n
“g”vA uQn,A
+2Q% E E E Dy (Pék " (wnlTh), Py, "
T;L,lwpg"’t O}LNPO;‘L(""'h—l) AR~Tn n "

(Wh|Th)>

(i)
<244 E E  DF (Pgy (onlmu-1), Po- (on|-1))

n,t qp_1~u
Th—2,0p—1~Pg, " @h=170A
b4

unA

un A
FOQ3A E BB o (B ) B )

Tho1~PE " 0n~Pox (|Th—1) AR ~UA

n,t ATt

(d4d) o 5 nt et
< 20301 (o8 (B () B o)) 08 (B ) ).
where (i) follows from that the coordinate of v takes the value on the conditional probability over
core test, (i¢) and (¢i¢) follow from Lemma 7.
Substituting the upper bounds of I5; and I, into I, we obtain that
6 ./4 v nlf wa,lt Vﬂ_n,t Vﬂ_n,t
< SBAS (o (B . B o)) 02 (B B o)) )
t<k "

n,t

P st
Denote D2 (]P)g: (tu), Pyt (TH)> by ('), Therefore,

o (P ) & S || Ot e+ Z D' g -
h

t<k t<k

Summing over n, we have

ZDTV (Pg;,Pﬂ")
< Z Z \/CA + Z Ctﬁhfl + Z Cgh]ETh,—w“IP’g%: [H(AZ)Tin’*(le—l)H(U,’;ﬂlh)71:|
n  h '

t<k t<k
_ 2
< \/NHa S S G + c;m\/ZZ (B inege |[AD ™ )| 7))
n  h t<k n h

(i) A|B(N) 7 ’
< W ZE,; (B ey (ARl 1] )
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where (7) is due to the estimation guarantee Lemma 1.

O

Theorem 3 (Restatement of Theorem 1). For any fixed § > 0, let © be the multi-task parameter
space, fN) = ¢; (log@ + log N} (©)), where ¢1 > 0 and n < - Then, under Assump-

tion 1, with probability at least 1 — 5, UMT-PSR finds a multi-task model @ = (01, ...,0x) such

that
N
"o m ~ H|A|INBWN)
E max Dy (pg ,Ipﬂr*) <0 %,/M . (10)
L L ~y K

2 (N)
In addition, if K = % for some co, UMT-PSR produces a multi-task policy T =
~1 V)

(wh, ..., 7)) such that the average sub-optimality gap is at most €, i.e.

N

1 ="

= (max Vi g, = Vi'n, ) <. (11
n=1

Proof. Note that @ € By, for all k € [K + 1]. Therefore, by Lemma 2, we have

K Dy (}Pg: , ng)

k<K n<n On-0keB

< 2 Z Zerknea;( DTV (]P)Aﬁ )

< A\/I | S E, [||(Ah)wm, (Th,l)Hng.h)_l]
<K n<N h<H " ’

AV | \ Z Z Z

k<K n<N h<H

2
}NJP’""k [H An Tq/)" (Th L ||(U1?J1)_1:|

(444)
< 862‘4 yK|“M5\/7«NH1og(1 +rK/N),

where (i) follows from the fact that §,, € By, for all k € [K], (ii) is due to the Cauchy’s inequality,
and (#i7) follows from Lemma 9.

Hence,

o - ANHBM Tog(1 + rK/\
ZDTV(PGZ,P95)30<QA\/TI | fﬁog( r /)>.

D DOWNSTREAM LEARNING: PROOF OF THEOREM 2

In this section, we first provide the full algorithm of OMLE. Then, we prove a new estimation guar-
antee under the presence of approximation error of ©f. Finally, we provide the proof of Theorem 2.
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D.1 OPTIMISTIC MODEL-BASED ALGORITHM

In this section, we provide the full algorithm of OMLE (Liu et al., 2022; Chen et al., 2022) given a
model class © and an estimation margin Sy, for the completeness of the paper.

First, OMLE seeks a exploration policy % that maximizes the largest total variation distance be-
tween any two model parameters 6 and 6’ within a confidence set B;. Then, OMLE uses policies
adapted from 7* to collect data. Finally, using the collected sample trajectories, OMLE constructs
a confidence set which includes the true model parameter. The pseudo code is provided in Algo-
rithm 2.

Algorithm 2 Downstream multi-task PSR (OMLE)

1: Input: B, = e b, estimation margin Jo.
2: fork=1,..., Kpown do
3:
ok
= Dy (P, P7,
= argmax max D (PF, P5)
4: for h € [H ] do
5: Use I/h to collect data Tf{h.
6: end for
7: Construct confidence set By :
Bk+1:{969 ZZlog]P’Vh th >maXZZIOg]P’Vh ’ ﬁo}ﬂBk
t<k h V€0 % h
8: end for ~
9: Output: Any 0y € Bk,,..+1, and a greedy policy 7o = arg max, Vo Ro-

D.2 ESTIMATION GUARANTEE OF OMLE

Recall that g = e, ( (:)‘5) = min, . oy MaXy DR, (ng , IP’gO) is the approximation error of the model

class ©f. In this section, let 65° = arg mineoeé‘o, max, DR,a(ng , IP’gD).

The following lemma is from Proposition B.1 in Liu et al. (2022).

Lemma 3. Let 1) < 7. With probablltty at least 1 — 6, for any 0y € O, we have
t,h
(T ~ K
ZZlog 90 i) < log(N,(©7)) + log %.
t<k h H

0

Then, we show that the log-likelihood of model 6° is sufficiently large.
Lemma 4. With probability at least 1 — 0, we have

t St
i) ] K
ZZlog <eKH+ {0?50}1 g5
t<k h PQEO TH )
Proof. By the definition of 65°, we have
]P”",( ) a—1
log Bpr_ | [ =22TH) < e 12
1 Og Pe* (Pgeo (TH) > €0 ( )

If g = 0, then the proof is trivial. In the following, we mainly consider the case when ¢y > 0.
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By the Markov’s inequality, for any = € R, we have

P (rii")
(S ) )

t<k h
th, oty \ @1
Pg* (7-7 ) a—1)x
=P HH(wth LR 2™V
i<k h \Paeo (th")
]Pmt h th) -1 Pﬂ_kh( ki) a—1
<e (o— l)xE HH 0* ) E < o+ \Tg ) ’/Tk’h
Tt h kb kb
Peéoh ;IL) Peﬁkoi ( )

t<k h
@ _, _
< e (e l)we(a 1)KHeg

_ e*(&*l)(erH€0)7

where (i) follows from Equation (12).

By choosing z = eo K H + —1+ log(K/§) and taking union bound over k, we conclude that, with
probability at least 1 — 4,

> tog B i)

t<k h 9‘0

th)
) <€0KH+

K
1og 5
O

Combining Lemma 3 and Lemma 4, we immediately obtain that with probability at least 1 — /2,
the following bound holds.

ZZlogP ) > max ZZlogPyh

i<k h 00€08 17 T,

A 4eK e 4K
- <logNn(93) +10g€T +eKH + { 07&0} log 5 ) ,

where 1 < K 7 -

Setting Gy = log N, (O4) + log 2K 4 eoKH + 1{;’%” log 4, we conclude that 6° € By, for all
k € [K]. Based on this fact, we have the following estimation guarantee.

Lemma 5. With probability at least 1 — §, for any k € [K] and 0y € By, we have

ZZDTV< ”ﬁj Z}i > < 2Bp.

t<k h

Proof. We follow the same argument as in Proposition 2, except setting N = 1 and ®, = ég.
Then, we obtain that, with probability at least 1 — d/2, the following inequality holds.

t
V;T, t,h

DRTCETIE U L1 jh;HOgKN%(@bl).

t<k h t<k h Por (t5

Since 6y, 0¢° € By, by the optimality of By, we further have

S5k (i)

t<k h
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t.h

<2210g ;+ﬁo+logK'/v5(®8)

t<k h Peéo TH

(1) 1g, K K
< eOKH+%log§+,60+log Ny

< 2[307

where (7) is due to Lemma 4.

D.3 PROOF OF THEOREM 2

Theorem 4 (Restatement of Theorem 2). Fix o > 1. Let ey = ea((:)}j) By = O(log@ +

10g./\f77(é8) + e KH + %) where 1 < —. Under Assumption 1, with probability at least
1 — 0, the output of Algorithm 2 satisfies that

maxren Drv (Pg P ) <O (%A* [rlAlEBo | @) , (13)

Proof. First, we follow the proof in Lemma 2, except setting N = 1. We obtain that

- QalA .
DTV(P%(TH),P%(TH))_ QA e, DN S A (C L R

t<k

(QAWZEM ey, (AN ()l D’

where
2
C)\ _ )\TQQI./A” :
v
_ ¥*Bo
rQA| Al
A | "
vy h Vi h
i =2 (P i) i)
UL, =M+ (A9 S B INPS*ﬁo’*(Th—l)iO’*(Til—l)T((AQ)T)T
t<k
and () is due to the estimation guarantee.
Therefore,
KD (5, Pj;)
< KDy (]Pg ,Pgm) + KDpy (ngo , ng)
Us 7'I'Ic
R (75 B3 ) + KV
< g
229{:’163;1 Dy (Pé‘k’]P) ) +K\/a
Qay/IAIGo + oK H + 715 log(K/9))
< VrHK log(1+rK/\) + K\/e.
v
O
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E BRACKETING NUMBERS OF EXAMPLES AND MISSING PROOFS IN
SECTION 4.3 AND SECTION 5.2

In the section, we present bracketing numbers of examples and missing Proofs in Section 4.3 and
Section 5.2. Because ¢} = 2 (on.an)EOXA ép1 My (0n, an) for each h € [H — 1], ¢y, can be de-

cided by ¢z and {M},}/Z . For simplicity, in this section, we reparameterize the PSRs parameters
as 0 = {¢m, {M;}1_,}. Without loss of generality, from Theorem C.1 and C.7 in Liu et al. (2022),
we assume for any (0,a) € O x A, Mp(0,a) € R™*", and the rank of M, (o, a) is r.

E.1 BRACKETING NUMBERS OF BASIC SINGLE-TASK PSRS

For completeness, in this subsection, we first present the analysis of bracketing number of basic
single-task PSRs.

Lemma 6 (Bracketing number of single-task PSRs). Let © be the collection of PSR parameters
of all rank-r sequential decision making problems with obseration space O, action space A and
horizon H. Then we have

log ;,(©) < O(r*H?|0O||A| 10g(0|n|A|

))-

Proof. We assume vy is known,” and [|1g]|, < +/]A|*. By Corollary C.8 from Liu et al. (2022),
the PSR model class have following form:

0 =1{0:0={on, {Mr};L1},[Mn(0,a)|, < 1for(0,a) € O x A |l¢m, < 1}.

Denote ég as the d-cover of © w.r.t /,,-norm with § = W for some large ¢ > 0. Mathemat-

ically, for any 0 = {¢x, (M} |} € ©, there exists § = {pp, {Mh}thl} € O, such that for
any (0,a) € O x A,

HébH - &HHOO <4, HVec(Mh(o, a)) — Vee(Mj, (o, a))H <.

o0

Next, we show that ©4 can constitute an n-bracket for ©. For any policy m, we have

> |Po(ra) — Pylrr)| x m(7a)

THE(OXA)H

< Z i ‘mh(wh)—r (Mh(Omah) — My, (on, ah)) T/Jh—l(Th—l)’ X (T )
TE(OX A)H h=1

Y Sl (¥ (onan) — Maonan) |, sl x 7(ra)
T E(OxA)H h=1

LSS (Fhutonan) — Matonan)) |, IA % ntra)
rE(OXx A)H h=1

Y | (Monan) - Matona) | A xxr) a5)

rHE(OXA)H h=1
< Z i Vr3 H (Vec(m(oh,ah)) — Vee(My, (op, ah))) Hoo \AE x w(7H)

THE(OXA)H h=1

< HyJr| A6 <,

3Such assumption does not influence the order of bracketing number since the model complexity related to
W does not dominate.
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where (i) follows from the property of operation norm of matrix, (i¢) follows from the fact that
g (wn)lly < ll@ally [Mu(om, am)lly - - [Mpti(ont1; angr)ll; < 1and [[Yp1(mn-1)| <
My _1(0on—1,an-1)ll5---[[Mi(o1,a1)|l5 [[olly < +/|A|*, and (i4i) follows from the relation-
ship between the operation norm induced by ¢5 norm and /., norm.

By Lemma 10,
_ 149 r4+r2x H|O|| A cHAN T+ X H|O||A|
6 < (14247) - (svrloA™y
0 n
e 0114
log|0s] = O(r?H?|O||A| log(T)),

which equals to the log n-bracketing number.

E.2 BRACKETING NUMBER OF UPSTREAM EXAMPLES

Example 1(Multi-task POMDP with same transition kernels): The multi-task parameter space
is

{(’Irh,a,@}” . ON) Ty, € RISXISI QF ¢ RIOIXMI ;¢ [N]} .
he€[H],ae A

Note that the value of each coordinate of these matrices are probabilities, and thus are
bounded within [0,1]. Therefore, the n-bracketing number in this case is O(H(|S|?|A| +

N[O]|S]) log HEIAlAL

Example 2(Multi-task PSR with perturbed models): Suppose there exist a latent base task Py,
and a noisy perturbation space A. Each task n € [IN] is a noisy perturbation of the latent base task
and can be parameterized into two parts: the base task plus a task-specified noise term. Specifically,
for each step h € [H] and task n € [N], any (0,a) € O x A, we have

MZ(Oh,ah) = M}’L(oh,ah) + Aﬁ(oh,ah), AZ c A.
Such a multi-task PSR satisfies that 3V) < O(log £HX 4 12| O||A|H? log [2U4L + H N log |A|),
whereas 31 for a single task is given by O(r2|O||.A|H? log % + H(N —1)log|Al). Clearly,

BIN) « NAWM holds if log |A| < O(r2|O||.A|H), which can be easily satisfied for low perturba-
tion environments. In such a case, the multi-task PSR benefits from a significantly reduced sample
complexity compared to single-task learning.

Proof of Example 2. Suppose there exist a latent base task model space:
®b = {9 (0= {¢H7 {Mh}thl}v HMh(Oﬂ a)||2 < lfOI‘(O, a) €O x A, ||¢H||2 < 1} :

A base task model is selected: 0° = {¢%, {MP}L }. The parameters of each task n in multi-task
PSR models are as follows:

0" ={0:0={op. {M} + ARHL. 1 AL € A, o], < 1},

where AZ(,+) : Ox A — R4 >*dn-1 forany h € [H],and n € [N], and A is the noisy perturbation
space with finite cardinality.

Let ©F be the d-cover of OP w.r.t £o,-norm with § = oy From Lemma 6, we have CHE

¢ 2r4+r2x H|O||A|
(W) . For each n € [N], denote

Oy =05 +A
={0:0= (35, (VI + ARHL,) 5 (35, (MW HL, ) € 8% A e A}
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. ~ (10114 r+r?x H|O||A| I i
Obviously, |©F] = (3\/77#) x |A|*. Then denote the multi-task d-cover

as O = 9(1; X -+ X (:)f;\’ . Following from Lemma 6, for any task n > 1, ég can constitute

an 7)-bracket for O™, so ©; can constitute an n-bracket for ®. By noticing that each ©F has
a common part, and the changing part is only related to A}. The corresponding n-bracketing

er\ THrE X H|O||A|
number is (3%%)

0(r2|(9\|A|H21og%+H(N—1)1og|A\). O

x |AJTN | and the log n-bracketing number is at most

Example 3(Multi-task PSRs: Linear combination of core tasks): Suppose that the multi-
task PSR lies in the linear span of m core tasks, i.e., there exist a set of core tasks indexed by
{1,2,...,m} such that each PSR can be represented as a linear combination of those m core tasks.
Specifically, for each task n € [N], there exists a coefficient vector @™ = (af,---,a”)" € R™
s.t. forany h € [H| and (op,a) € O X A,

S (on,an) = 3% 0 @) (ons an), M (on, an) = 3% af M, (0n, an)-
For regularization, we assume 0 < a]' < 1foralll € [m]andn € [N],and } ", of" = 1foralln €
[N]. It can be shown that 3N) = O(m(r2|O||A|H?+ N) log |0|77M), whereas 1) for a single task

is given by 72|O||A|H? log %. Clearly, BV) < NBW holds if m < min{N, r?|O||A|H?},
which is satisfied in practice.

Proof of Example 3. Denote the core tasks model class @Y = ©%! x ... x ©%™ and the multi-task
model class ® = O! x .- x O, where for any n € [N], ©" is defined as:

m m H
" =< > apdh, {Za?ML} ca = (o)t € R™ (¢l ML) € %
=1 =1

h=1

Forany § > 0, we first consider the -cover of the model class of core tasks oY= ég’l XX ég’m,
where for each base tasks [ € [m], O is a §-cover for ©™. Similar to proof of Lemma 6, |@g’l| =
(37 x 1)1l and |©F] = (37 x 4y IOl

Then we consider the cover for multi-task parameter space. Denote C§* as a ¢-cover for the unit
ball in R™ w.r.t. £; norm. Mathematically, for any n € [N] and vector o™ € R™, there exists an
&" € CJ" such that ||a" — &"||; < 4. In addition, the cardinality |CJ"| = (£)™.

Define the multi-task model class ©5 = (:)}5 X e X éfsv , where for any n € [N], é? is defined as
H

P9 2o ardh {Z aer} PGt = (ay e san) T e Of (O (ML, ) € 8)
=1 =1

h=1

‘We next show that (:)5 is a -bracket of @ .
By definition, for any model of base task [ € [m]: 6" = (¢4, {ML}/_,) € O, there exists
o' = (Jsﬁq, {l\N/Ilh}le) € 64, such that for any (0,a) € O x A,

ot = _ <.

Vec(M}, (0, a)) — Vee(ML, (o, a))H <.

o0

Then, for any #! € ©!, a™ € R™, there exist § € ©% and &" € Cj such that

m

m
l ~n 7l
Z o' Py — Z &' by
=1 =1
m
<Y lof|
1=1

oo

m
l Py ~ p
[0y — 3|+ D" 1ar — api]| k|
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m m

<> aps Z n—ap| < 26,
=1 =1

and for any (op,,ap) € O x A
S - S
=1
<> laf|
=1

m
m

<Za?f5+2floq —af|

=1 =1

= Vb + Vr [ —anll, < 276

o0

m
YT ~
’Mh - MhHoo + Z g’

o0

h) — Vech H +Z|al

Similar to the analysis in the proof of Lemma 6, specifically, Equation (15), @)g can constitute an
n-bracket for Gt with § = W

The cardinality of the cover of multi-task model class is |@s] = |G) I|Cs|Y = (3yr x
%)rsz\OHAhn % (%)mN'

In conclusion, the log 7-bracketing number is O (T2H2 |O]|Alm log(%) +mN log(m))
O

E.3 BRACKETING NUMBER OF DOWNSTREAM EXAMPLES

Example 1 Note that the model class for downstream learning is (:)5 = {On}nerm)- Thus, we
immediately obtaint that log AV, (O4) = O(H|0O||S| log @]ﬁ)
Example 2(Multi-task PSR with perturbed models): Similar to the upstream tasks, the down-

stream task 0 is also a noisy perturbation of the latent base task. Specifically, for each step h € [H],
any (0,a) € O x A, we have

oY = O, M (o, an) = My (on, an) + Af (on,an), A € A. (16)
The log n-bracketing number is at most H log |A|.

Proof. Suppose the estimated model parameter of the base task is 6° = {¢?;, {MZ}}LHZI}. Because
the downstream task model parameters satisfy Equation (16), the empirical candidate model class
can be characterized as

={6: 9_{¢H7{M }h 1} ¢H—
MY (op, an) = Mh(o;“ah) + AY(on, an), (on,an) € O x A;A) € A}

If O is given, then the candidate model class is decided by A. Then for any 1 > 0, the n-bracketing
number is |A |7 O

Example 3(Multi-task PSRs: Linear combination of core tasks): Suppose the downstream task
0 also lies in the linear span of m core tasks same as the upstream. Moreover, assume the upstream
tasks are diverse enough to span the whole core tasks space. As a result, the downstream task can
be represented as a linear combination of a subset of the upstream tasks. Specifically, there exists a

constant L satisfying m < L < N and a coefficient vector a’ = (af,--- ,a%)T € R s.t. for any
h € [H] and (op,an) € O x A,
=ity 0fdl. M (onan) = Y, o M, (o, an). (17)
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For regularization, we assume 0 < o < 1 for all [ € [L], and Zlel a? = 1. It can be shown
that 8y = O(LH log(%)), whereas 31 for learning without prior information is given by
O(r?|0||A|H? log 1AL Clearly, 8y < BY holds if m < min{N,r?|O||A|H?}, which is
satisfied in practice.

Proof. Suppose for the upstream task | € [L], the estimated model parameter is §;, =

{#%, {M,, }L 1. Because the downstream task model parameters satisfy Equation (17), the empir-
ical candidate model class can be characterized as

L

95 = {600 = {6, AMRIL }i 6 = D andly;

=1
L
MY (op, ap) = Za?ﬁi(oh,ah), (on,an) € O x A;a® € RF Y.
=1

Then we consider the cover for ©}. Denote C¥ as a d-cover for the unit ball in R w.r.t. ¢; norm.
Mathematically, for any vector o’ € RZ, there exists an &° € CL such that Hao — &OHl <. In
addition, the cardinality |CF| = (£)L.

Define
~ L —
§=1{0:0={6% {Mn}i_ };:0% = a7 dh;
=1

L
MY (on,ar) = Y &M, (0n, an), (on,an) € O x A;&° € CEY.
=1

Then, for any 8° € O with a® € RZ, there exist § € (:)};1 with &° € C} such that

L L

07l ~07l
E 041¢H‘§ Py
=1 =1

and for any (op,,ap) € O x A

L
<> lof =@l [|éll. < lle® =&, <6,
o I=1

o0

Similar to the analysis in the proof of Lemma 6, specifically, Equation (15), (:)}5l can constitute an

n-bracket for ©F with § = W.
The cardinality of the cover of multi-task model class is |ég| = |CE| = (2)F. In conclusion, the
log n-bracketing number is O (LH log(ﬂoqi‘]l"ll)). O

F EXAMPLES OF MULTI-TASK MDPS FROM PREVIOUS WORK

To demonstrate that our framework encompasses multi-task learning under MDPs, we provide sev-
eral examples of MDPs from previous work in this subsection. Suppose S is the state space, there
exist N source tasks, and P*™ : § x A x S — R is the true transition kernel of task n.

Cheng et al. (2022) studied multi-task learning under low-rank MDPs in which the transition kernel
P(") has a d dimension low-rank decomposition into two embedding functions ¢*) : S x A —
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model class
oftask2 P

— dry(POs, a), PL(-[s,a)) < e

model class
oftask 1 P

Figure 2: Supplementary illustration of joint model class in two dimensions for MDPs. A concrete
example of tasks with similar transition kernels, i.e., any point (P°, P') in the joint class J, satisfies
max(s q)esx.4 Drv(PY(+|s,a), P(-|s,a)) < € for a small positive constant e.

R, =) 8§ — R as P (s,a,5 ) = (¢ (s,a), u*™(s)) forall (s,a,s ) € S x A x S for
each task n. In this setting, Cheng et al. (2022) assume the /N source tasks share common represen-
tations ¢*) and for each task n, ¢(*) € ®, u(*») € U for finite model class {®, ¥}. Consequently,
the n-bracketing number for the multi-task low-rank MDPs model class is at most O(H|®||¥|V),
which is much smaller than the one of the individual single-task with O(H|®|™ |W¥|V) if |®| > ||

Zhang & Wang (2021) studied multi-task learning under tabular MDPs with an assumption that for
any two tasks n1,no € [N], it holds that max(s q)esx.4 Dry (P (s, a)|P*72) (-]s,a)) < €
for some small ¢ > 0. Then the multi-task model class is much smaller than the model
class of N individual single-task (see Figure 2 for an illustration when N = 2). Conse-
quently, the n-bracketing number for the multi-task low-rank MDPs model class is at most

O(H|S|?|Al(log W + (N —1)log %)) This is smaller than that of each individual

single-task, which is O(H N |S|?|A| log W) ife<mand N > 1.

G AUXILLARY LEMMAS

The following lemma characterizes the relationship between the total variation distance and the
Hellinger-squared distance. Note that the result for probability measures has been proved in Lemma
H.1 in Zhong et al. (2022). Since we consider more general bounded measures, we provide the full
proof for completeness.

Lemma 7. Given two bounded measures P and Q) defined on the set X, let |P| = ZmGX P(z) and
Q| = > ,cx Q). We have

D3y (P, Q) < 4(|P|+ |QDi(P, Q).

In addition, if Py | x, Qy|x are two conditional distributions over a random variable Y, and Px y =
Py x P, Qxy = Qy|xQ are the joint distributions when X follows the distributions P and Q),
respectively, we have

XIEP D7 (Pyx (-|X), Qv x (-|X))] < 8DF(Px,y,Qx.y).

Lemma 8. Suppose P and Q are two probability distributions. For any o > 1, we have the following
inequality.

Drv(P, Q) < \/3DaalP, Q).
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Proof. By Pinsker’s inequality, we have

Dy (P, Q) < \/ %DKL(HDv Q).

By Theorem 5 from Van Erven & Harremos (2014), we have
Dx.(P,Q) = li?ll Dp,o(P, Q) < infl Dr,o (P, Q).
« a>

O

Lemma 9 (Elliptical potential lemma ). For any sequence of vectors X = {x1,...,xp,...} C RY,
let U, = M\ + Zt<k, xk:vz, where X is a positive constant, and B > 0 is a real number. If the rank
of X is at most r, then, we have

K
Zmin{”ka?]k,l,B} < (1+ B)rlog(1 + K/\),
k=1

K
Zmin{\|kaU;17\/§} </ (1 + B)rKlog(1 + K/\).
k=1

Proof. Note that the second inequality is an immediate result from the first inequality by the
Cauchy’s inequality. Hence, it suffices to prove the first inequality. To this end, we have

K . K
(@)
: 2 < ( 271)
kglmm{ﬂxk”Uk ,B} < (14 B) kgillog 1+ ||$kHUk

K

= (14 B) Y log (1+ trace (Urt1 — Ux) Uy "))
k=1

K
= (1+ B) Zlog (1 + trace (U,;l/2 (Upg1 — Up) U,;l/Q))
k=1

< (1+B) Y logdet (Ly+ Uy (Unss = U U7

det (Uk+1)
det(Uk)

det(Uk+1)
det(Ul)

K
1
= (14 B)logdet (I + N Z:vkx,l—>
k=1

R

=(1+B)>» log

=~
Il

1

=(1+ B)log

: (14+ B)rlog(l1+ K/)\),

i
<

where (i) follows because x < (1 4+ B)log(1 + z) if 0 < z < B, and (ii) follows because

rank(X) <. O

To compute the bracketing number of mulit-task model class, we first require a basic result on the
covering number of a Euclidean ball as follows. Proof of the lemma can be found in Lemma 5.2 in
Vershynin (2010).

Lemma 10 (Covering Number of Euclidean Ball). For any ¢ > 0, the e-covering number of the
Euclidean ball in R? with radius R > 0 is upper bounded by (1 + 2R /¢)?.
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