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Abstract

Multi-task reinforcement learning (MTRL) aims to train a single agent to efficiently opti-
mize performance across multiple tasks simultaneously. However, jointly optimizing all
tasks often yields imbalanced learning: agents quickly solve easy tasks but learn slowly
on harder ones. While prior work primarily attributes this imbalance to conflicting task
gradients and proposes gradient manipulation or specialized architectures to address it,
we instead focus on a distinct and under-explored challenge: imbalanced data allocation.
Standard MTRL allocates a uniform interaction budget to each task, which over-allocates
data to easy tasks that require relatively few interactions to solve and under-allocates
data to hard tasks that require substantially more experience to solve. To address this
challenge, we introduce Distributionally Robust Adaptive Task Sampling (DRATS),
an automatic curriculum learning algorithm that adaptively prioritizes sampling tasks
furthest from being solved. We derive DRATS by formalizing MTRL as a feasibility
problem from which we derive a minimax objective for minimizing the worst-case return
gap, the difference between a desired target return and the agent’s return on a task. In
benchmarks like MetaWorld-MT10 and MT50, DRATS improves data efficiency and
increases worst-task performance compared to existing task sampling algorithms.

1 Introduction

Multi-task reinforcement learning (RL) promises improved data efficiency by training a single
agent to simultaneously solve many tasks. In principle, training on many structurally similar tasks
enables knowledge transfer, reducing the number of interactions required to achieve strong perfor-
mance (Brunskill and Li, 2013). In practice, however, jointly optimizing multiple tasks leads to
imbalanced learning: agents quickly solve easy tasks but learn slowly on harder ones. Prior work
primarily attributes this imbalance to conflicting task gradients (Yu et al., 2020a; Liu et al., 2021a;
Navon et al., 2022; Liu et al., 2023), motivating methods that manipulate gradients, reweight the
learning objective, or use specialized architectures to facilitate transfer while mitigating conflict (Yang
et al., 2020; Sodhani et al., 2021; Sun et al., 2022; Hendawy et al., 2023). We instead focus on a
distinct and under-explored cause of imbalanced multi-task learning: imbalanced data allocation.

Standard multi-task training allocates equal interaction budgets to all tasks, which is inefficient when
tasks vary in difficulty: hard tasks require more experience to solve than easy ones (Cho et al., 2024).
Uniform task sampling over-allocates data to easy tasks and under-allocates to hard ones, ultimately
causing imbalanced learning. Automatic curriculum learning (CL) methods (Narvekar et al., 2020)
adapt the task distribution over time but typically prioritize easy tasks, assuming positive transfer will
facilitate learning on harder ones, which can exacerbate learning imbalances when transfer is weak.

These observations suggest that a data-efficient multi-task learner should prioritize interacting with
tasks furthest from being solved. Distributionally robust optimization (DRO) methods take a similar
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perspective, optimizing worst-task performance by up-weighting the learning objective for tasks with
the largest loss (Sagawa et al., 2019; Oren et al., 2019). While DRO has been studied extensively
in supervised learning (Corrado et al., 2025; Xie et al., 2024; He et al., 2024; Albalak et al., 2023;
Xia et al., 2023), extensions to multi-task RL are relatively under-explored (Mandal et al., 2025;
Panaganti et al., 2026). Moreover, most existing DRO methods prioritize tasks by reweighting the
learning objective while sampling tasks uniformly and thus still suffer from data imbalance.

In this work, we introduce a DRO-inspired automatic curriculum learning algorithm that balances
performance across all tasks in a data ef�cient manner. We �rst formalize multi-task RL as a
feasibility problem in which the agent must reach a target return in each task and then derive a
minimax optimization that minimizes the maximumreturn gap, the difference between a target return
and the agent's current return on each task. Our algorithm,DistributionallyRobustAdaptiveTask
Sampling (DRATS), adapts the task distribution to prioritize interacting with tasks with the largest
return gap. Empirically, DRATS yields more data ef�cient learning, higher asymptotic performance,
and higher worst-task return on MetaWorld-MT10 and MT50 benchmarks (Yu et al., 2020b; McLean
et al., 2025) as well as a multi-task version of the 6-task MuJoCo benchmark (Todorov et al., 2012).
Our contributions are:

1. We introduce DRATS, a multi-task RL algorithm that adaptively prioritizes sampling tasks with
the largest return gap. Using standard online learning techniques, we prove that DRATS converges
to within � error of the optimal worst-task return gap at a standardO(1=

p
T) rate.

2. We empirically demonstrate that DRATS achieves greater data ef�ciency, higher aggregate return,
and higher worst-task return than existing curriculum learning baselines.

3. We empirically demonstrate that DRATS is compatible with multi-task network architectures and
improves data ef�ciency whether tasks have positive transfer or no transfer at all.

2 Related Work

Curriculum Learning. Curriculum learning (CL) (Bengio et al., 2009; Narvekar et al., 2020)
controls the order in which an agent samples data or tasks. Most CL methods decompose asingle
complex task into simpler sub-tasks (Florensa et al., 2018; Ren et al., 2019; Pong et al., 2019;
Eysenbach et al., 2020; Zhang et al., 2021; Shah et al., 2021; Chane-Sane et al., 2021; Zhang
et al., 2020; Huang et al., 2022; Cho et al., 2023; Liu et al., 2024). We instead considermulti-task
settings where tasks may not be sub-problems of a single task and thus may not exhibit positive
transfer. Existing multi-task CL methods adapt the task distribution heuristically via return or
success rate thresholds (Wang et al., 2019; 2020; Cho et al., 2024) or prioritize tasks with the most
learning progress (Matiisen et al., 2019; Mysore et al., 2019; Colas et al., 2019; Portelas et al., 2020;
Kanitscheider et al., 2021). Most prioritize easy tasks, which is data-inef�cient when transfer is weak.
Moreover, they treat balanced performance as a hoped-for byproduct of transfer rather than a direct
objective. In contrast, DRATS prioritizes hard tasks automatically and treats balanced performance as
the optimization target. The most closely related method, SMT (Cho et al., 2024), also prioritizes hard
tasks but uses user-speci�ed thresholds and lacks the convergence guarantees that DRATS provides.

Distributionally Robust Optimization. DRATS is a distributionally robust optimization (DRO)
method. In supervised learning, DRO methods are widely used to determine the most effective way
to combine data from different sources or tasks (Oren et al., 2019; Sagawa et al., 2019; Michel et al.,
2021; Albalak et al., 2023; Xia et al., 2023; Xie et al., 2024; He et al., 2024). To our knowledge, only
two works study DRO for RL—both in RLHF settings with LLMs (Mandal et al., 2025; Panaganti
et al., 2026)—making DRATS the �rst application of DRO to multi-task RL in continuous control
settings. Nearly all DRO methods reweight the training objective to up-weight high-loss tasks while
sampling tasks uniformly, which means data imbalance is still a source of data inef�ciency. Our work
is therefore most closely related to Corrado et al. (2025) and Albalak et al. (2023), which also adapt
the sampling distribution for LLM alignment and pretraining in supervised settings, respectively.
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Gradient Con�ict Mitigation. A core challenge in multi-task learning isgradient con�ict: gradi-
ents from different tasks may point in opposing directions, so updating in the direction of the average
gradient can impede learning on some tasks. Gradient manipulation methods �nd a new gradient
direction that simultaneously improves all tasks (Desideri, 2009; Yu et al., 2020a; Liu et al., 2021a;b;
Navon et al., 2022; Liu et al., 2023). In contrast, DRATS only changes how much data is used to
compute task gradients, leaving the expected gradient unchanged. Multi-task network architectures
enable task transfer while also mitigating con�ict. CARE (Sodhani et al., 2021) uses contextual
attention to dynamically weight shared representations. PaCo (Sun et al., 2022) decomposes the
model into shared and task-speci�c parameters. Soft Modularization (Yang et al., 2020) and MOORE
(Hendawy et al., 2023) use mixture-of-experts to encode task representations. DRATS only adapts the
amount of data collected for each task and can be applied on top of multi-task network architectures.

3 Preliminaries: Multi-Task Reinforcement Learning

We formalize an RL environment as a �nite horizon Markov decision process (MDP) (Puterman, 2014)
(S; A ; p; r; d0; 
 ) with state spaceS, action spaceA, transition dynamicsp : S � A � S ! [0; 1],
reward functionr : S � A ! R, initial state distributiond0, and discount factor
 2 [0; 1).
In the multi-task RL setting, we work with a collection ofk environments (ortasks) indexed by
i 2 T = f 1; : : : ; kg. For notational simplicity, we assume tasks share the same state and action
spaces but can have different initial state distributionsd0

i , transition dynamicspi , and reward functions
r i . We consider a parameterized family of stochastic, task-conditioned policies� � (ajs; i ), denoting
the probability of selecting actiona in states in taski . We condition policies on a task by appending
a one-hot encoded task identi�er to the state. We denote the expected discounted return of� � in a

speci�c taski asJ i (� ) = E� � � �

hP H
t =0 
 t r i (st ; a t )

i
, where� is a trajectory sampled from� � and

H is a random variable denoting the episode horizon. The standard MTRL objective is to learn a single
policy that maximizes the expected discounted return averaged across tasks,J (� ) = 1

k

P k
i =1 J i (� ).

4 Distributionally Robust Adaptive Task Sampling (DRATS)

Maximizing the expected return averaged across tasks can yield imbalanced task performance, since
an agent can achieve a high aggregate return by excelling on easy tasks while performing poorly on
others. In this section, we instead formalize multi-task RL as a feasibility problem in which the agent
must reach a target return in each task, and show that this perspective yields an adaptive task-sampling
algorithm that prioritizes tasks based on the gap between the agent's current return and target return.

4.1 Multi-Task RL as a Feasibility Problem

Suppose we have a vector ofreference returnsJ ref = ( J ref
1 ; : : : ; J ref

k ) representing a desirable return
in each task. For now, we treatJ ref as known and focus on deriving a new optimization problem; we
discuss how to determineJ ref later. We formalize the multi-task objective as a feasibility problem:

Find � s.t. J i (� ) � J ref
i ; 8i 2 [k]: (1)

We transform Eq. 1 into a minimization over constraint violations by de�ning thereturn gapgi (� ) :=
max

�
J ref

i � J i (� ); 0
	

, which is positive when the constraint is violated and zero once it is satis�ed.
We assume equal task importance and spread violations across tasks as evenly as possible. This goal
is naturally captured by an exact penalty formulation which minimizes the maximum violation:

min
�

max
i 2 [k ]

gi (� ) or equivalently, min
�

max
q2 � k

Ei � q [gi (� )] ; (2)

where� k =
n

q 2 Rk j
P k

i =1 qi = 1 ; qi � 0
o

denotes thek-dimensional probability simplex. The
right-hand side of Eq. 2 recasts multi-task RL as an active data collection problem:q de�nes the
probability of interacting with each task, and the inner maximization adaptsq to prioritize tasks
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with the largest return gaps. Solving the inner maximization over the full simplex� k leads to a
solutionq� that concentrates all probability on the task with the largest gap. This solution has
three drawbacks:(1) Non-smoothness.Since the most-violated task shifts throughout optimization,
Eq. 2 is generally non-smooth, a known source of instability in minimax optimization (Razaviyayn
et al., 2020).(2) Data inef�ciency. Optimizing only the most-violated task at each update is greedy
coordinate descent: it reduces that task's return gap but provides no guarantee of progress on others,
which is inef�cient when tasks share structure.(3) Return gap estimation.Return gapsgi (� ) must
be estimated online. If a task's probabilityqi becomes too small, its gap estimate will be high variance.
In the next section, we address these drawbacks by restricting the space of possible task distributions.

4.2 KL-Regularized Task Sampling

To address these challenges, we restrictq to aKL ball of radius" centered atp0 which we take to be
the uniform distribution, yielding the following constrained optimization problem:

min
�

max
q2Q

Ei � q [gi (� )]; where Q =
�

q 2 � k j KL( qkp0) � "
	

: (3)

TheKL constraint preventsq from collapsing all probability onto a single task. We derive a closed-
form solution to the inner maximization of Eq. 3 following a procedure similar to Peters et al.
(2010); Abdolmaleki et al. (2018); Peng et al. (2019). We provide a brief sketch here and a complete
derivation in Appendix A. We �rst form the unconstrained Lagrangian relaxation of Eq. 3:

min
�

max
q2 � k

�
Ei � q [gi (� )] �

1
�

KL( qkp0)
�

; (4)

where� > 0 is the inverse Lagrange multiplier. By strong duality, Eq. 3 and Eq. 4 have the same
solution for an appropriate choice of� . Differentiating the objective in Eq. 4 with respect toq, setting
to zero, and solving for the optimalq� yields:

q�
i =

exp (�g i (� ))
P k

j =1 exp (�g j (� ))
; or equivalently, q� = softmax(� g(� )) (5)

Here,� acts as an inverse temperature: as� ! 1 , q� concentrates on the task with the largest
return gap, recovering the solution in Eq. 2; as� ! 0, q� approaches the uniform distribution.
KL regularization smooths optimization by shifting the task distribution gradually and maintains
nonzero probability on all tasks, enabling simultaneous learning and reliable return gap estimation.
We optimize Eq. 4 using Algorithm 1, interleaving gradient updates toq and� similar to Sagawa et al.
(2019); Xie et al. (2023); Corrado et al. (2025). We �ll the agent's buffer by sampling tasks fromq,
compute Monte Carlo return estimates for each task, and then updateq via mirror ascent (Shalev-
Shwartz et al., 2012) onL (� ; q) = Ei � q [gi (� )] � 1

� KL( qkp0) (Line 10) with step size� . For
completeness, we formally describe the mirror ascent update in Appendix B. Since probabilities can
approach zero for large� , we projectq onto["; 1]k via KL projection after each update (Line 11).
Since task returns may differ in scale, we normalize return gaps to be in[0; 1] (Line 9).

Choosing Reference Returns. Assuming tasks do not fundamentally con�ict,J ref should denote
the maximum achievable return in each task, which we can estimate online as the maximum observed
return. If the agent is stuck in a low-return plateau, the observed maximum may underestimate
the true maximum. When tasks have a notion of success, we can resolve issue this by initializing
J ref

i = r maxHmax and updating to the maximum observed return once the agent's success rate exceeds,
e.g., 0.5. Requiring such an estimate is no stronger an assumption than those made by closely
related baselines, which require user-speci�ed return or success rate thresholds (Cho et al., 2024;
Kanitscheider et al., 2021; Wang et al., 2020); a key distinction is that we estimate oursonline.

4.3 Convergence Analysis

We now show that DRATS converges to the minimax optimal worst-task return gap at a rate of
O(1=

p
T) using standard online learning proof techniques (Shalev-Shwartz et al., 2012). Our
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Algorithm 1 Distributionally Robust Adaptive Task Sampling (DRATS)

1: Inputs: DRATS learning rate� 2 [0; 1], minimum sampling probability"
2: Initialize model parameters� , task distributionq1 = ( q1; : : : ; qk )  ( 1

k ; : : : ; 1
k ), bufferD  ;

3: for iterationt = 1 ; : : : ; T do
4: while D is not full do
5: Sample taski � qt , collect a trajectory from taski , and add it toD.
6: end while
7: Compute a Monte Carlo estimate of the returnbJ i for each taski 2 [k]
8: Update reference returnsJ ref (if applicable)
9: Compute the normalized return gapbgi = ( J ref

i � bJ i )=(J ref
i � J rand

i ) for each taski 2 [k].
10: Updateqt via exponentiated gradient ascent onL (� ; q) = Ei � q [gi (� )] � 1

� KL( qkp0):

[r qL (qt )] i = gi (� ) �
1
�

�
log

qt;i

p0;i
+ 1

�
qt +1 ;i =

qt;i exp (� [r qL (qt )] i )
P k

j =1 qt;j exp (� [r qL (qt )] j )
(6)

11: Enforce minimum sampling probability:qt +1  arg minq2 � k ; q� " KL( qkqt +1 )
12: Update� with an on-policy algorithm that tries to maximizeEi � q [gi (� )] � 1

� KL( qkp0).
13: end for

analysis is similar to that of Corrado et al. (2025). We model Eq. 4 as a zero-sum game between
a � -player and aq-player. For each roundt, theq-player choosesqt 2 � k , the� -player chooses
� t 2 � , and then theq-player observes the task gapsg(� t ) = ( g1(� t ); : : : ; gk (� t )) and runs mirror
ascent onL . We assume the� -player has the following regret guarantee.

De�nition 4.1. The� -player isC-low-regret if9 C > 0 such that for any sequenceq1; : : : ; qT 2 � k ,

X T

t =1
hqt ; g(� t )i � min

� 2 �

X T

t =1
hqt ; g(� )i + C

p
T : (7)

This assumption is satis�ed by any no-regret algorithm such as online gradient descent (Shalev-
Shwartz et al., 2012)—or REINFORCE (Williams, 1992) in the context of RL. Under this assumption,
DRATS achieves the following convergence guarantee (see Appendix C for a detailed proof):

Theorem 4.2. Supposegi (� ) 2 [0; M ] for all i 2 [k], � 2 � , and that the� -player isC-low-regret.
For any target approximation error� > 0 w.r.t. min � 2 � maxi 2 [k ] gi (� ) (Eq. 2), set� = 2 log k

� and

� =
p

2 log k
G

p
T

whereG := M + 1+max( �M; log k )
� . Then for anyT � 4(G

p
2 log k+ C )2

� 2 , DRATS satis�es:

max
i 2 [k ]

1
T

X T

t =1
gi (� t ) � min

� 2 �
max
i 2 [k ]

gi (� ) + �: (8)

5 Experiments

Our experiments test two hypotheses:(H1) DRATS will achieve a higher return aggregated across
tasks than baselines.(H2) DRATS will achieve higher worst-task returns than baselines. We
consider three benchmarks: (1) MuJoCo6, comprising Swimmer-v4, Hopper-v4, HalfCheetah-v4,
Walker2d-v4, Ant-v4, and Humanoid-v4 (Todorov et al., 2012); (2) MetaWorld-MT10; and (3)
MetaWorld-MT50, suites of 10 and 50 robotic manipulation (Yu et al., 2020b; McLean et al., 2025).
We use several task-sampling baselines listed below. Since their original names generally do not
re�ect their prioritization strategy, we rename each baseline based on how it prioritizes tasks.

1. UNIFORM . Tasks are sampled from a �xed uniform distribution throughout training.

2. L EARNING PROGRESS(e.g., ALP-GMM, Portelas et al. (2020); RIAC, Baranes and Oudeyer
(2009)). Prioritizes tasks with the largest absolute change in Monte Carlo return between
consecutive updates (i.e., the slope of the learning curve):zi = j bJt;i � bJt � 1;i j.
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(a) MuJoCo (20 seeds) (b) MT10 (20 seeds) (c) MT50 (10 seeds)

Figure 1: Mean normalized return aggregated over tasks in each benchmark. Shaded regions denote
95% bootstrap con�dence intervals.

(a) MuJoCo6 (20 seeds) (b) MT10 (20 seeds) (c) MT50 (10 seeds)

Figure 2: Final normalized return in each task, sorted from highest to lowest. Error bars denote 95%
bootstrap con�dence intervals.

3. L EARNING POTENTIAL (PLR, Jiang et al. (2021)).Prioritizes tasks with the largest`1 value

loss under GAE:zi = 1
T

P T
t =0

�
�
�
P T

k= t (
� )k � t � k

�
�
� , where� k = r k + 
 bV (sk+1 ) � bV (sk ).

4. HARD FIRST (SMT, Cho et al. (2024)).Samples uniformly from theK unsolved tasks with
the smallest current returns. A task is “solved” if its return exceeds thresholdM i and is then
replaced by the unsolved task with the smallest return. A task is “unsolvable” if its return fails to
exceed thresholdmi after a �xed number of steps and is then removed from the active set. After
B1 steps, the agent samples uniformly from all “unsolvable” tasks.

To ensure learning differences re�ect differences in prioritization, we update the task distribution
in LEARNING PROGRESSandLEARNING POTENTIAL via the same mirror ascent rule as DRATS,
substitutingzi for gi . To prevent catastrophic forgetting, we enforce a minimum sampling probability
of " = 1=(4k) in all baselines. SinceHARD FIRST andLEARNING POTENTIAL were originally
proposed for off-policy RL, we describe adaptations to the on-policy setting in Appendix D. For
DRATS in MT10 and MT50, we initializeJ ref

i = r maxHmax = 5000 and updateJ ref
i to the maximum

observed return once the agent's success rate exceeds0:5. In MuJoCo6 where tasks have no notion
of success, we setJ ref

i to the maximum observed return. We train agents using PPO (Schulman et al.,
2017) and include all hyperparameter details in Appendix F. Since maximum returns differ across
tasks, we normalize as~J i = ( J i � J min

i )=(J max
i � J min

i ) before reporting aggregate returns. ForH1,
we report ~J i averaged across tasks. ForH2, we report the distribution of �nal per-task~J i .

Fig. 1 shows that DRATS achieves the highest aggregate return in MuJoCo6, MT10, and MT50,
supportingH1. Fig. 2 shows that this improvement is driven by higher worst-task returns rather than
higher returns on easier tasks, supportingH2. We now discuss results in more detail. Due to space
constraints, we show returns and sampling probabilities for individual tasks in Appendix E.

MuJoCo6. Fig. 3 shows results for the two hardest tasks, Ant and Humanoid; all methods perform
similarly on the remaining four tasks (Fig. 4 in Appendix E), so performance differences are driven
by these two. DRATS is the only method to solve both. DRATS solves Ant by allocating40–70%
probability to it for the �rst50M timesteps. All baselines allocate approximately30%for most of
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training and make no progress on it. In Humanoid,LEARNING PROGRESSandUNIFORM allocate
the least probability of all methods and thus learn much more slowly on this task.

Figure 3: MuJoCo6 task returns and probabil-
ities (20 seeds). Shaded regions denote 95%
bootstrap con�dence intervals.

MT10. As shown in Fig. 5 of Appendix E, perfor-
mance differences are mostly driven by the hard tasks:
pick-place, push, andpeg-insert-side. DRATS pri-
ortizes them at the start of training and exceedsUNI-
FORM's �nal return on them after just 6M timesteps.
LEARNING PROGRESSandLEARNING POTENTIAL

prioritize easy tasks initially (e.g., window-open,
window-close) and do not prioritize hard tasks un-
til later in training.HARD FIRST performs poorly on
the hard tasks: once a task is “solved”, probability
abruptly shifts away from it, causing performance to
collapse and forcing relearning—visible as repeated
peaks and dips in their learning curves (Fig. 5).

MT50. As shown in Fig. 6 and Fig. 7, DRATS
achieves larger returns than all baselines on hard
tasks likedisassemble andpick-place-wall by al-
locating 2–3x more probability to them. LEARNING

PROGRESSandLEARNING POTENTIAL perform no
better thanUNIFORM: both prioritize easier tasks
that DRATS deprioritizes.LEARNING PROGRESSalso achieves slightly lower �nal returns on
many easy tasks because prioritization weakens near convergence as learning curves �atten (e.g.,
button-press-topdown, coffee-button, door-unlock). Similar to MT10,HARD FIRST exhibits
performance collapse on many hard tasks (e.g., bin-picking, basketball, pick-place).

Additional Experiments. In Appendix E, we show that DRATS outperforms CL baselines both
when tasks exhibit positive transfer—the setting where CL is designed to excel—and when transfer is
absent, highlighting that data imbalance is a challenge that con�ict mitigation methods do not address.
We also compare DRATS against a variant that reweights the objective byqi while sampling tasks
uniformly and �nd that adaptive sampling outperforms objective reweighting. Last, we show that
DRATS is compatible with multi-task architectures and robust to choices of� and� .

6 Conclusion

We studydata imbalancein multi-task reinforcement learning (MTRL). Standard MTRL allocates
an equal interaction budget to all tasks, which over-allocates data to easy tasks and under-allocates
data to hard ones, causing agents to learn easy tasks quickly and hard tasks slowly. To balance
learning across tasks, we introduce Distributionally Robust Adaptive Task Sampling (DRATS), an
algorithm that adaptively prioritizes sampling tasks furthest from being solved. We derive DRATS by
formalizing MTRL as a feasibility problem from which we derive a minimax objective for minimizing
the worst-case return gap across tasks. In benchmarks like MetaWorld-MT10 and MT50, DRATS
improves data ef�ciency and worst-task performance compared to existing task sampling algorithms.

DRATS has two main limitations. First, DRATS requires reference returns, which we estimate
online rather than relying on hardcoded thresholds—a limitation of common curriculum learning
methods (Cho et al., 2024; Kanitscheider et al., 2021; Wang et al., 2020). Online estimation may
underestimate references early in training, causing DRATS to under-allocate data to tasks that can
still improve. Second, DRATS assumes a discrete task set, but tasks may also be continuous. In
principle, one could model the task distribution as a neural networkq� with weights� that outputs
the parameters of a distribution over tasks (e.g., a Gaussian) and then sample fromq� via the
reparameterization trick (Kingma and Welling, 2013).
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A Derivation of the KL-Regularized Task Distribution

In this section, we derive a closed-form solution to the inner maximization of Eq. 3 for a �xed� :

max
q2Q

Ei � q [gi (� )] where Q = f q 2 � k j KL (qjjp0) � � g: (9)

Our derivation follows that of Peters et al. (2010); Abdolmaleki et al. (2018); Peng et al. (2019). First,
we show that strong duality holds so that we can justi�ably optimize the unconstrained Lagrangian
dual. Next, we show that the solution to the inner maximization is a weighted softmax distribution.

Showing strong duality. If � = 0 , the feasible set reduces toq = p0 and the solution is trivially
p0. Henceforth, we assume" > 0. We begin by rewriting Eq. 9 in primal form:

max
q2 Rk

kX

i =1

qi gi (� ) (10)

s.t.
kX

i =1

qi log
qi

p0;i
� � (11)

kX

i =1

qi = 1 : (12)

The objective is linear (and hence continuous) inq, and the feasible setQ is convex and compact.
Therefore, the primal problem admits at least one optimal solution. Moreover, sinceq = p0 is strictly
feasible (i.e., KL (p0jjp0) = 0 < � ), Slater's condition holds. Hence, strong duality applies and the
dual optimum is attained. As a result, it suf�ces to solve the Lagrange dual and recover the maximizer
of the Lagrangian at the optimal dual variables.

Closed-form solution to the inner maximization. We construct the Lagrangian by introducing a
multiplier � � 0 for theKL inequality constraint and a multiplier� 2 R for the equality constraint:

L (q; �; � ) =
kX

i =1

qi gi (� ) � �

 
kX

i =1

qi log
qi

p0;i
� �

!

+ �

 
kX

i =1

qi � 1

!

: (13)

For �xed � > 0 and� , the Lagrangian is strictly concave inq over the simplex due to the negative
entropy term. Hence, the maximizer lies in the interior of the simplex and is characterized by
�rst-order optimality conditions. Taking the derivative with respect to eachqi and setting it to zero
yields

0 =
@L
@qi

= gi (� ) � �
�

log
qi

p0;i
+ 1

�
+ �: (14)

Solving Eq. 14 forqi directly gives

qi = p0;i exp
�

gi (� ) + � � �
�

�
: (15)

Since the termexp
�

� � �
�

�
is a constant, it can be absorbed into a normalization constantC > 0:

qi = Cp0;i exp
�

gi (� )
�

�
: (16)

De�ne the inverse temperature parameter� = 1=� � 0. By enforcing the normalization constraintP
i qi = 1 , we eliminate the multiplier� and determineC, giving the closed-form solution

q�
i =

p0;i exp (�g i (� ))
P k

j =1 p0;j exp (�g j (� ))
: (17)
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Algorithm 2 DRATS Mirror Ascent Update

1: Input: Step size� 2 (0; � ], inverse temperature� > 0.
2: for each roundt = 1 ; : : : ; T do
3: Compute the gradient:

ht;i = gi (� t ) �
1
�

(log(kqt;i ) + 1) : (20)

4: Perform the update:

qt +1 ;i =
qt;i exp (�h t;i )

P k
j =1 qt;j exp (�h t;j )

: (21)

5: end for

For � > 0, the optimal� is the unique positive value such thatKL (q� jjp0) = � , unlessgi (� ) is
constant across alli , in which caseq� = p0. By strong duality (which is guaranteed by Slater's
condition), letting(� � ; � � ) be dual-optimal implies thatq� in Eq. 17 is also a primal optimal solution
to Eq. 9. For a uniform base distributionp0, the solution reduces to:

q�
i =

exp (�g i (� ))
P k

j =1 exp (�g j (� ))
; or equivalently, q� = softmax(� g(� )) (18)

B Mirror Ascent Update

In this section, we formally describe the DRATS mirror ascent update to the task sampling distribution
q. We additionally show this update can be written as a weighted geometric mean ofqt and the best-
responseq� (Eq. 18), a form we use in Appendix C to lower bound the task sampling probabilities
qt;i . Following Duchi (2023), the general mirror ascent update at roundt is

qt +1 = arg max
q2 � k

�
hht ; qi �

1
�

D  (q; qt )
�

; (19)

whereht = r qL (qt ) is the gradient of the ascent objectiveL (q) = hq; g(� t )i � 1
� KL (qkp0),  is a

mirror map, andD  is Bregman divergence induced by . We use the negative entropy mirror map
 (q) =

P
i qi logqi , which inducesD  (q; qt ) = KL (qkqt ). Algorithm 2 describes the update we

implement.

We now show that equation 21 can be written as a weighted geometric mean ofqt andq� . Substituting
equation 20 into equation 21 and usingp0;i = 1=k,

qt +1 ;i / qt;i exp
�

�g i (� ) �
�
�

log(qt;i ) �
�
�

log(k) �
�
�

�
(22)

/ qt;i exp
�

�g i (� ) �
�
�

log(qt;i )
�

(23)

= q1� �=�
t;i exp (�g i (� )) (24)

= q1� �=�
t;i exp

�
�

�
�

gi (� )
�

(25)

= q1� �=�
t;i exp (�g i (� ))

�
� (26)

/ q1� �=�
t;i (q�

i ) �=� ; (27)

where in Eq. 23 we droppedexp(�=� ) andexp(� �
� logk) since both are independent ofi and

thus absorbed into normalization, and in Eq. 27 we usedq�
i / exp(�g i (� )) (Eq. 18). The update

is therefore a weighted geometric mean ofqt;i andq�
i when� 2 (0; � ], which impliesqt +1 ;i �

min(qt;i ; q�
i ).
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C Convergence Analysis

In this appendix, we prove Theorem 4.2. Our proof bounds the regret of each player in the two-player
game separately and then combines them. For theq-player, we apply mirrordescentto the convex
loss` t (q) = �h q; g(� t )i + 1

� KL (qkp0), which is equivalent to the mirror ascent update derived in
Appendix B sincè t = �L . We begin by stating a standard mirror descent regret bound specialized
to our setting. Then, we restate and prove our convergence theorem.

Lemma C.1 (Regret of Mirror Descent). (Special case of Theorem 18.2.5 in Duchi (2023).) Let
`1; : : : ; `T be an arbitrary sequence of convex functions with subgradientsht 2 @t̀ (qt ), and let
q1; : : : ; qT be generated by mirror descent with mirror map (q) =

P
i qi logqi , which is1-strongly

convex with respect tok � k1 and induces Bregman divergenceD  (u ; v) = KL (ukv) =
P

i ui log u i
v i

.
Then for anyu 2 � k ,

TX

t =1

�
` t (qt ) � ` t (u )

�
�

D  (u ; q1)
�

+
�
2

TX

t =1

kht k2
1 ; (28)

wherek � k1 is the dual norm ofk � k1.

Theorem C.2(Convergence of DRATS). Supposegi (� ) 2 [0; M ] for all i 2 [k] and� 2 � , and
that the� -player isC-low-regret (De�nition 4.1). For any target accuracy� > 0, set� = 2 log k

�

and� =
p

2 log k
G

p
T

whereG := M + 1+max( �M; log k )
� . Then for anyT � 4(G

p
2 log k+ C )2

� 2 , DRATS
satis�es:

max
i 2 [k ]

1
T

TX

t =1

gi (� t ) � min
� 2 �

max
i 2 [k ]

gi (� ) + �: (29)

Proof. Step 1: theq-player. At roundt, theq-player minimizes the KL-regularized loss

` t (q) = �h q; g(� t )i +
1
�

KL (qkp0): (30)

via mirror descent with the negative entropy mirror map (q) =
P

i qi logqi with Bregman diver-
genceD  (u ; v) = KL (u jjv), step size� 2 (0; � ], and uniform initializationq1 = p0. Since` t is
the sum of the linear termhq; g(� t )i and 1

� KL (qkp0), which is1-strongly convex with respect to
k � k1 (Duchi, 2023),̀ t is convex. Its gradient at interior points of the simplex is

ht;i =
@t̀

@qi
(qt ) = � gi (� t ) +

1
�

�
log

qt;i

p0;i
+ 1

�
= � gi (� t ) +

1
�

�
log(kqt;i ) + 1

�
; (31)

where we substitutedp0;i = 1=k. We now upper boundkht k1 by deriving a lower bound on
logqt;i .1 Since� 2 (0; � ], the mirror descent update takes the formqt +1 ;i / q1� �=�

t;i (q�
i ) �=�

(Eq. 27), a weighted geometric mean ofqt;i andq�
i . Therefore,qt +1 ;i � min(qt;i ; q�

i ) � e� �M

k for
all t; i , where the last inequality usesgi (� ) 2 [0; M ]. It follows thatlog(kqt;i ) 2 [� �M; logk], so

jht;i j � M +
1 + max( �M; logk)

�
=: G =) k ht k1 � G 8 t (32)

i.e., ` t is G-Lipschitz with respect tok � k1. Thus, we can apply Lemma C.1: For anyu 2 � k :

TX

t =1

�
` t (qt ) � ` t (u )

�
�

KL (ukq1)
�

+
�
2

TX

t =1

kht k2
1

�
logk

�
+

�G 2T
2

;

(33)

1Algorithm 1 enforces a minimum sampling probabilityqt;i � qmin. However, this step is not required for convergence, so
we instead derive the bound directly from the structure of the mirror descent update.
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where we substitutedKL (ukq1) � logk (sinceq1 is uniform) andkht k2
1 � G2. Settingu = ei and

expanding̀ t (ei ) = � gi (� t ) + log k
� , rearranging equation 33 gives

TX

t =1

gi (� t ) �
TX

t =1

� ` t (qt ) +
T logk

�
+

logk
�

+
�G 2T

2
: (34)

Substituting� ` t (qt ) � h qt ; g(� t )i and dividing byT:

1
T

TX

t =1

gi (� t ) �
1
T

TX

t =1

hqt ; g(� t )i +
logk

�
+

logk
�T

+
�G 2

2
: (35)

Since this bound holds for alli 2 [k] and the right-hand side is independent ofi , the inequality is
preserved when takingmaxi 2 [k ] on the left:

max
i 2 [k ]

1
T

TX

t =1

gi (� t ) �
1
T

TX

t =1

hqt ; g(� t )i +
logk

�
+

logk
�T

+
�G 2

2
: (36)

Step 2: the� -player. Since1
� KL (qt kp0) does not depend on� , the� -player's effective loss at round

t is hqt ; g(� )i . Thus, we can apply ourC-low-regret assumption (De�nition 4.1). After dividing by
T, we have:

1
T

TX

t =1

hqt ; g(� t )i � min
� 2 �

1
T

TX

t =1

hqt ; g(� )i +
C

p
T

: (37)

Since qt 2 � k , hqt ; g(� )i is a convex combination off gi (� )gk
i =1 , we havehqt ; g(� )i �

maxi 2 [k ] gi (� ). Averaging overt = 1 ; : : : ; T and takingmin � 2 � on both sides yields:

min
� 2 �

1
T

TX

t =1

hqt ; g(� )i � min
� 2 �

max
i 2 [k ]

gi (� ): (38)

Substituting equation 38 into equation 37:

1
T

TX

t =1

hqt ; g(� t )i � min
� 2 �

max
i 2 [k ]

gi (� ) +
C

p
T

: (39)

Step 3: Combining the bounds.Substituting equation 39 into equation 36:

max
i 2 [k ]

1
T

TX

t =1

gi (� t ) � min
� 2 �

max
i 2 [k ]

gi (� ) +
logk

�
+

logk
�T

+
�G 2

2
+

C
p

T
: (40)

To balance the two� -dependent terms, we choose� � =
p

2 log k
G

p
T

so thatlog k
�T = �G 2

2 . Substituting
into equation 40:

max
i 2 [k ]

1
T

TX

t =1

gi (� t ) � min
� 2 �

max
i 2 [k ]

gi (� ) +
logk

�
+

G
p

2 logk + C
p

T
: (41)

Setting� = 2 log k
� reduces the bias term to�2 . TheO(1=

p
T) term reaches�2 for T � 4(G

p
2 log k+ C )2

� 2 .
Thus, for anyT satisfying this condition:

max
i 2 [k ]

1
T

TX

t =1

gi (� t ) � min
� 2 �

max
i 2 [k ]

gi (� ) + �: (42)
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D Baselines

In this section, we describe minor modi�cations we make to the original implementations of baselines.

HARD FIRST (SMT). We make three modi�cations to SMT.

1. No Resets.SMT (Cho et al., 2024) periodically resets network parameters (without resetting the
replay buffer) to mitigate primacy bias (Nikishin et al., 2022). We do not implement network
resets for two reasons. First, resets are designed for off-policy learning: after a reset, the agent can
quickly relearn from its replay buffer using an off-policy algorithm. In on-policy learning, there is
no replay buffer—on-policy algorithms discard data between updates because off-policy historic
data biases gradient updates—so resetting network parameters is equivalent to restarting training
entirely. Second, network resets are orthogonal to task sampling and could in principle be applied
on top of any method (in an off-policy settings); including them for only SMT would confound
the task-sampling comparison we aim to study.

2. Task-Speci�c Thresholds. We use task-speci�c thresholdsM i since tasks achieve different
returns when solved, and using a single shared threshold might cause SMT to declare a task solved
prematurely. We set each threshold by examining the training curves of DRATS to give SMT the
best possible chance of success, and list all values in Table 3.

3. Tasks can move between “solved” and “active” pools.In the original SMT, once a task is
declared solved or unsolvable, it is removed from the active pool and not resampled until the
second stage. This is reasonable for off-policy learning, where the replay buffer retains data from
inactive tasks and prevents forgetting. In on-policy learning, however, removing a task from the
active pool causes the agent to forget it. We therefore allow tasks to move freely between the
solved and active pools: if a solved task's return later drops belowM i , it is returned to the active
pool.

L EARNING PROGRESS (ALP-GMM). ALP-GMM (Portelas et al., 2020) was originally proposed
for continuous task spaces, where a Gaussian Mixture Model (GMM) is used to estimate absolute
learning progress (ALP) across the task parameter space and bias sampling toward high-ALP regions.
In our setting, tasks are discrete, so the GMM is unnecessary: we directly track the absolute learning
progress of each task aszi = j bJt;i � bJt � 1;i j and update the task distributionq via mirror ascent with
zi in place ofgi .

L EARNING POTENTIAL (PLR). PLR (Jiang et al., 2021) originally constructs a task distribution
by applying a rank-based prioritization function to the learning potential scores before normalizing
into a distribution. In our setting, we update the task distributionq via mirror ascent withzi in
place ofgi to be consistent with how we update DRATS andLEARNING PROGRESS, ensuring that
differences in performance re�ect differences in prioritization strategy rather than differences in how
scores are translated into sampling distributions.

Per-Task Advantage Normalization. Standard advantage normalization computes mean and
standard deviation over all data, aggregating across all tasks, which biases learning toward tasks
with higher average return: if task 1 has a much larger mean return than task 2, global normalization
makes task 2's advantages appear negative, which can make a policy gradient update decrease the
probability of actions that are actually bene�cial for task 2. We instead normalize advantages for
each task separately. In Fig. 9 of Appendix E, we show that per-task normalization improves data
ef�ciency compared to global normalization. We apply per-task normalization toall methods. We do
not treat it as a contribution of DRATS.
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(a) Mean Return in each MuJoCo6 task.

(b) Task sampling probabilities in each MuJoCo6 task.

Figure 4: Mean return and sampling probability in each MuJoCo6 task. Solid curves denote the mean
over 20 seeds and shaded regions denote 95% bootstrap con�dence intervals.

(a) Mean Return in each MT10 task.

(b) Task sampling probabilities in each MT10 task.

Figure 5: Mean return and sampling probability in each MT10 task. Solid curves denote the mean
over 20 seeds and shaded regions denote 95% bootstrap con�dence intervals.




