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Abstract
Continual reinforcement learning aims to produce agents that learn not only to im-
prove at their current tasks but also to adapt as task distributions change. Training an
agent on many diverse tasks can induce zero-shot generalization, but previous work
generally evaluates this generalization after training — with frozen weights. Whether
task diversity also improves an agent’s ability to continue learning across distribution
shifts remains unclear. We introduce Banyan, a GPU-accelerated continual RL domain
where one can parametrically control three independent axes that define a task: the
map layouts an agent must navigate, the objects it must interact with, and the hierarchi-
cal structures of sub-goal dependencies. We find that increasing diversity along each
axis induces systematic transfer—that is, agents begin training on a new task distribu-
tion near the performance attained on the previous one, even when the shift changes
the structure of the optimal policy. Paradoxically, while increasing diversity improves
systematic transfer, we find that too much diversity inhibits a learner’s ability to con-
tinue optimizing performance on new task distributions. As diversity increases, learners
plateau in the success rate they achieve on a new task distribution while continuing to
improve on earlier task distributions—more diverse early task distributions interfere
with later task distributions. We release Banyan as a domain for studying continual RL
in the many-task regime on an academic budget.

1 Introduction

Recent work has demonstrated that task diversity in training can lead to more capable reinforcement
learning (RL) agents. RL agents trained on millions of different games can generalize zero-shot to
held-out games constructed from the same task primitives (Team et al., 2021; Nikulin et al., 2024);
combining meta-learning with vast task diversity produces agents that adapt entirely in context to
novel, open-ended problems (Bauer et al., 2023); and recent multi-agent work shows that diverse
tasks can support generalization to coordination with new partners (Jha et al., 2025). However, these
works primarily evaluate fixed policies or in-context adaptation after large-scale training, leaving
open whether diversity also improves an agent’s ability to continue learning through weight updates
as the task distribution changes.

This is the continual RL setting, in which agents sequentially learn across changing task distributions
(Abel et al., 2023). Unlike zero-shot evaluation, continual RL does not freeze the policy; unlike in-
context adaptation, it does not hold the agent’s weights fixed. Distribution shifts do not necessarily
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wait for convergence. Instead, an agent may enter a new task distribution while it is still learning the
previous one. The question is therefore not only whether a final policy generalizes, but whether the
learning process itself remains adaptive under task distribution shifts.

Existing environments do not isolate this question. Benchmarks for continual RL study sequen-
tial learning but typically contain at most hundreds of tasks (Wolczyk et al., 2021; Tomilin et al.,
2023). Meanwhile, GPU-accelerated environments with procedurally generated tasks or environ-
ments contain millions or billions of tasks (Nikulin et al., 2024; Matthews et al., 2024), but they
are not designed to isolate how the amount and type of diversity affect continual learning across
controlled distribution shifts.

We introduce Banyan, a GPU-accelerated domain for continual RL over compositional task spaces.
A task is specified by a task tree and a layout. Task trees specify which objects must be combined or
transformed, and in what order, to produce a goal object. Layouts govern how the agent navigates the
map. This factorization yields three axes of controllable diversity: layouts, task-tree topologies, and
task-tree instances. Banyan supports procedural generation along each axis independently, yielding
billions of possible compositional tasks while preserving control over the source and amount of
diversity.

Using Banyan, we study whether task diversity produces learning that transfers across distribution
shifts, and whether this transfer compounds into continual learning. The answer is mixed. Our
contributions are as follows:

• Banyan, a controlled many-task domain for continual RL. We introduce a GPU-accelerated
procedurally generated environment in which layouts, task-tree instances, and task-tree topologies
can be varied independently. This makes it possible to (1) isolate how the amount and type of
diversity affect learning under distribution shift, and (2) study continual RL over billions of tasks.

• Experimental evidence that task diversity improves forward and backward transfer across
task distributions. When agents train on one task distribution and then continue on a different
distribution, increasing diversity along each axis reduces the performance drop at the shift bound-
ary.

• Experimental evidence that diversity does not by itself enable longer-run continual learning,
but can inhibit it. When agents train on a small amount of diversity, we see that this improves
learning on a sequence of new task distributions. However, if this diversity grows exponentially,
we see that it quickly hinders learning on new distributions.

2 Related work

A key question in reinforcement learning is how experience on one set of tasks affects performance
and learning on another. Forward transfer measures whether prior experience improves initial per-
formance or learning speed on new tasks; backward transfer measures how later learning changes
performance on previously encountered tasks, with negative backward transfer corresponding to for-
getting. Much of the transfer literature builds mechanisms that make experience reusable: successor
features factor value functions into reusable dynamics-dependent features and task-specific reward
weights (Barreto et al., 2017), hierarchical methods compose lower-level skills into higher-level be-
havior (Sutton et al., 1999; Dietterich, 2000; Bacon et al., 2017), and multitask and meta-learning
methods learn policies, representations, or initializations that can be adapted to new tasks (Teh et al.,
2017; Finn et al., 2017). These approaches ask how agents should be structured so that experience
transfers. We ask the complementary question: to what extent can transfer be induced by the struc-
ture of the task distribution itself?

Task diversity as a source of transfer. A growing body of work shows that diversity in the training
distribution can itself drive generalization. Domain randomization varies visual or physical prop-
erties to enable sim-to-real transfer (Tobin et al., 2017; Peng et al., 2018; OpenAI et al., 2019);
procedural generation constructs distinct training and test distributions over levels or tasks (Cobbe
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et al., 2019; 2020); and large-scale environments such as XLand and AdA show that broad task dis-
tributions can support zero-shot generalization and in-context adaptation (Team et al., 2021; Bauer
et al., 2023). Recent work further shows that task diversity can improve generalization under fixed
data budgets (Taiga et al., 2023) and support coordination with novel partners (Jha et al., 2025). To-
gether, these results establish task diversity as a powerful source of post-training generalization and
adaptation. They do not, however, show whether diversity makes the learning process itself more
transferable as agents continue updating their weights under distribution shift.

Systematic transfer. In compositional domains, the strongest form of transfer is not merely ro-
bustness to new instances, but systematic reuse of familiar components in new combinations. This
capability is often studied as systematic generalization in cognitive science and machine learning
(Fodor & Pylyshyn, 1988; Lake & Baroni, 2018; Bahdanau et al., 2019). In RL, related ques-
tions arise in modular policy learning, compositional task specifications, and compositional control
benchmarks (Andreas et al., 2017; Nangue Tasse et al., 2020; Mendez & Eaton, 2021; Mendez,
2022). None of this work studied whether the data distribution itself could give rise to systematic
generalization. Most similar to our work are Hill et al. (2019) and Lake & Baroni (2023), who both
study how an agent’s data distribution can give rise to systematic generalization. However, nei-
ther studied this within a continual learning setting, and Lake & Baroni (2023) focused on natural
language processing tasks, not RL tasks.

Many-task environments for continual RL. Studying how task diversity affects continual learning
requires both scale and control. Continual RL benchmarks make sequential learning explicit and
measure transfer and forgetting across changing tasks (Wolczyk et al., 2021; Tomilin et al., 2023;
2026), but they typically contain at most hundreds of tasks. GPU-accelerated procedurally gener-
ated environments make many-task training practical (Nikulin et al., 2024; Matthews et al., 2024),
but they are not designed and have not been used to independently vary the amount and type of
diversity across controlled distribution shifts. Banyan fills this gap by providing a GPU-accelerated
continual RL domain in which layouts, task-tree instances, and task-tree topologies can be varied
independently.

3 Banyan: a controlled benchmark for continual RL
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Figure 1: Overview of Banyan. (a) A task decomposes into an environment layout and a task tree;
each task tree further decomposes into a topology and an instance over task objects. (b) Tree depth
and topology control the horizon and dependency structure of a task. (c) Procedural generation
yields millions of task instances and topologies, enabling controlled many-task continual RL.

Banyan is a MiniGrid-style (Chevalier-Boisvert et al., 2023) domain for studying continual RL over
large compositional task spaces. A Banyan task τ = ⟨L,T,O⟩ has three independently varied parts
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(Figure 1): a layout L, a task-tree topology T, and an object assignment O. The layout fixes the
wall configuration and the initial placement of objects, and so determines the navigation problem
the agent must solve. The remaining two pieces specify a task tree: a compositional recipe for the
goal object. Its leaves are the objects placed in the layout; each internal node is an object produced
by transforming or combining its children; the root is the goal. The depth of the tree is the longest
leaf-to-root path, so deeper tasks require longer sequences of object interactions. Within the task
tree, the topology T is the abstract shape — depth, branching, and which nodes are transformations
versus combinations — and the object assignment O pins concrete identities to the nodes of that
shape. Changing T alters which sub-goals must be composed and in what order, and so changes
the optimal subgoal policy. Changing O preserves the solution structure but changes which objects
ground it.

Interacting with Banyan. When an episode begins, a layout and task tree are sampled. First,
the layout walls are placed; afterwards, the leaf nodes associated with the task tree are placed.
Observations. The agent observes the entire grid and a description of the goal object (the root node
of the task tree). It does not observe the task tree structure and must learn which sequences of object
interactions complete a task. Actions. The agent can move around the map using the “up”, “down”,
“left”, “right”, and “stay” actions. The agent can use the “pickup” and “drop” actions to move items
around the map and place particular items adjacent to one another to combine them and create a new
item. The agent can also use the “toggle” action while standing on a tile with an item to perform
a single-item transformation that creates a new item when needed. Dynamics. How two objects
combine or the effect of “transform” on a single object stays fixed across tasks. Tasks therefore
differ in where the agent must move, which objects are needed, and how those objects compose into
the goal. Rewards. The agent receives a terminal success reward of +1 when the root object is
produced and a penalty of −1 if a dead-end condition is triggered. Dead-ends are triggered when
the agent combines two items or transforms a single item in a way that is valid under the merge
rules but leads to an unsolvable state for the particular tree instance the agent was solving. Episode
termination. An episode terminates if (i) the root goal is achieved, (ii) the episode hits the max-step
horizon (timeout), or (iii) a dead-end condition is triggered.

How are task trees related to their optimal solutions? Holding the topology fixed while sampling
new instances creates many tasks with the same solution structure but different object identities.
Holding the object rules fixed while sampling new topologies creates new subgoal dependencies
from familiar components. Increasing depth changes the horizon of the problem, creating long
dependency chains that are harder to solve than shallow trees.

How does changing a layout, instance, or topology affect transfer? Layout shifts vary naviga-
tion while preserving the object-composition problem. Instance shifts vary the objects grounding a
task while preserving the abstract task structure. Topology shifts vary the task structure itself, mak-
ing them the strongest test of whether learning transfers compositionally. Some experiments also
compare shared-object and disjoint-object shifts: shared-object shifts preserve the object vocabulary
across distributions, whereas disjoint-object shifts introduce new object identities and item-specific
rules while preserving the same abstract rule structure.

4 Experiments

Does controlled task diversity translate into transferable learning, and does that transfer compound
across distribution shifts? We address this in two regimes. §4.1 studies a single shift: how does
diversity on the first distribution shape forward transfer to the second, and backward transfer to the
first once training completes? §4.2 extends the protocol to a sequence of ten shifts, and asks whether
the single-shift effect of diversity persists as shifts compound.

A task distribution d is a distribution over Banyan tasks τ = (L,T,O). Every distribution we
use spans depths 1 through 6, and we require the depths to nest: every task at depth l also appears
as a sub-task inside some task at every deeper level. (As a reminder, a tree’s depth is the length
of the longest leaf-to-root path; see Figure 1 for examples). The constraint serves two purposes.
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Deeper tasks are hard to learn from scratch, so the shallower depths act as a built-in curriculum; and
the nesting makes diversity easy to count: the depth-6 tasks determine everything shallower, so we
count diversity by the depth-6 tasks alone. A distribution with n topologies has 6n tasks in total but
effective diversity n.

Metrics. To study how task diversity affects transfer, we use metrics for forward and backward
transfer between task distributions. For forward transfer, we define the transfer gap between
adjacent distributions: the difference between the agent’s terminal success rate on one distribution,
Send(di−1), and its initial success rate on the next, Sstart(di):

∆i = Send(di−1)− Sstart(di). (1)

A value near zero means the agent enters di at the performance level it reached on di−1; larger
values measure the disruption at the boundary. For backward transfer, we ask how later training
changes performance on an earlier distribution. Let Send(di; t) denote the agent’s success rate on di
when evaluated after training on phase t, with the convention Send(di; i) = Send(di). We define

B(t, i) = Send(di; t)− Send(di; i), (2)

where positive values indicate positive backward transfer and negative values indicate forgetting.

Baselines. This work seeks to understand how data diversity can enable transfer and continual
learning in RL algorithms. We thus focus on algorithms that minimally use auxiliary tasks and have
been shown to benefit from data diversity. For policy-based methods, we focus on Proximal Policy
Optimization (PPO; Schulman et al., 2017). For value-based methods, we focus on Parallelised
Q-Network (PQN; Gallici et al., 2025).

4.1 Diversity produces systematic transfer

Experimental setup. We test how holding the world fixed and varying diversity along a single axis
affects transfer. In d1 we vary the number of layouts L, task-tree object assignments O, or task-
tree topologies T; d2 contains 10K new held-out items along the same axis for layouts and object
assignments, or 256 for topologies. Each PPO run has 5 seeds and each PQN line has 3 seeds.
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Figure 2: Increasing task diversity in d1 causes the transfer gap ∆2 to approach 0. Increasing
the number of layouts L, object assignments O, or topologies T leads agents to begin d2 close to
their performance on d1. This is true for both PPO (top) and PQN (bottom).

Question 1: How does increasing task diversity in d1 affect forward transfer to d2? Across all
dimensions we vary, as we increase the number of examples in d1, we see that ∆2 quickly goes to
0 (Figure 2). Layout count |L| and object assignment count |O| qualitatively have the same effect
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on reducing the transfer gap, whereas topology count |T| seems to have a different effect: learning
seems to benefit strongly from increasing topology count. We attribute this asymmetry to what each
axis demands of the policy. Ignoring efficiency, a policy that is optimal for one layout L or task-tree
object assignment O of a given topology T can reapply the subtask progression order it has learned
to other layouts or task-tree object assignments of that topology. In contrast, every topology requires
its own progression order, so spanning the family requires learning a richer set of knowledge. The
results hold for both PPO and PQN, which suggests the effect is not an artifact of how policy and
value functions absorb structure.
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Figure 3: Increasing task diversity in d1 improves backward transfer to d1 after d2, but only
when varying topology count |T|. This is true for both PPO (top) and PQN (bottom).

Question 2: How does increasing task diversity affect backward transfer to d1 after the agent
has been exposed to d2? Neither layout count |L| nor object assignment count |O| visibly affects
backward transfer across PPO and PQN. However, varying topology count |T| leads to markedly
better backward transfer across both PPO and PQN. As with R1, we find that varying layout count
and varying object assignment count have a similar effect that is qualitatively different from varying
topology count.
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Figure 4: Higher task diversity yields lower TD-error at the d1 → d2 boundary. PQN TD-
error over training as diversity increases along each axis: layouts |L| (left), object assignments |O|
(middle), topologies |T| (right). Dashed lines mark the d1 → d2 boundary.

Question 3: Why does increasing task diversity induce systematic transfer? One simple hy-
pothesis is that diversity produces better representations, and better representations produce better
predictions. PQN lets us check this directly: its policy is derived from its value prediction, so pre-
diction quality is observable as TD-error. We examine the TD-error at the d1 → d2 boundary — the
first d2 data the agent’s d1-trained predictions are evaluated on. Figure 4 shows that higher diversity
along every axis yields both a more performant initial policy and a smaller initial TD-error at the
onset of d2. As is a common empirical phenomenon with value-based methods, as PQN improves,
the magnitudes of both predicted return and TD-error grow together.

Question 4: Do the effects of task diversity on transfer hold in a different control task? To
test whether R1’s diversity effect depends on Banyan’s discrete gridworld control, we re-run R1 in
a continuous-control substrate.
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Figure 5: Task diversity also improves forward and backward
transfer in a continuous control domain.

We adapt Point Mass (Connell,
1992; Sutton & Barto, 2018), a
domain in which an agent con-
trols a 2D point mass to move
objects around by bumping into
them, to support tree-structured
tasks. Actions. The agent se-
lects a continuous (x, y) direc-
tion to move one unit per step
and moves objects by hitting
them. Two objects can be combined by placing both inside a special “combine” object, which
then merges them according to the task tree. Reward, horizon, and termination match Banyan. We
run PPO only, as value-based methods require additional care to extend to continuous action spaces,
which we leave for future work. We sweep the object assignment axis O from 1 to 1,000 balanced
trees at depths 1 and 2. The R1 effect replicates: ∆2 falls from .95 at n = 1 to .5 at n = 1000, and
B(2, 1) falls from ≈ 0.8 to ≈ 0.01 across the same range (Figure 5).

4.2 Systematic transfer does not enable continual reinforcement learning

Experimental setup. The single-shift study showed that diversity along any one axis closes the
forward transfer gap to d2 (∆2 → 0) and, in the case of topologies T, improves backward transfer to
d1. Whether either effect compounds across a longer sequence is unclear, as gains at one boundary
need not survive nine more. Here we extend the protocol to ten distributions d1, . . . , d10. We use
Continual Backprop (CBP; Dohare et al., 2024) as our baseline, which targets the loss-of-plasticity
failure mode that arises under repeated distribution shifts.
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Figure 6: Diversity closes every transfer gap yet stalls long-run learning. PPO with Continual
Backprop across the ten-distribution sequence d1, . . . , d10, sweeping co-varied layout/topology di-
versity n from 1 to 256. Top: success averaged over depths 1–6; bottom: depth 6 alone.

Question 5: How does task diversity affect transfer across a sequence of 10 task distributions?
We sweep diversity along each axis from n = 1 to n = 256, yielding up to 256 × 256 = 65,536
unique tasks per distribution. As in R1, increasing diversity drives ∆i → 0 at every transition:
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at high n, each new distribution begins at the success rate the agent reached on the previous one
(Figure 6). At intermediate diversity (n = 16) the agent continues to learn after each transfer:
Send(di) climbs from ≈ 0.74 at d1 to ≈ 0.95 at d10. At the highest diversity, this within-sequence
improvement disappears: at n = 256, Send(di) stays near 0.80 across all ten distributions. The
endpoint Send(d10) in fact declines monotonically as diversity grows past n = 16, falling from 0.95
at n = 16 through 0.91, 0.86, 0.82 to 0.80 at n = 256. Backward transfer moves in the opposite
direction: as diversity grows, the agent’s performance on d1 after the full sequence exceeds its level
at the end of phase 1; at n = 256, Send(d1; 1) ≈ 0.80 rises to Send(d1; 10) ≈ 0.95 (Figure 7).
This suggests that when an agent is forced to shift task distributions, the network keeps learning the
general task structure but is inhibited in its ability to learn the structure specific to each new task
distribution.
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Figure 7: Increasing task diversity improves backward transfer B(10, 1). Success on d1 after
round 1 versus after round 10, averaged over depths 1–6, against the number of unique layouts and
topologies n2.

5 Discussion

Our results present a paradox. Across a single distribution shift, increasing diversity along any axis
drove the transfer gap toward zero — at the highest diversity, the agent entered each new distribution
at the performance it had reached on the previous one. Across ten shifts the relationship shifted.
The same diversity that smoothed every single boundary instead caused agents to plateau, and the
highest diversity produced the least learning over the full sequence. We considered two accounts for
the plateau — optimization, and interference. This result continues even with continual backprop
(Dohare et al., 2024) suggesting that interference is the most likely candidate. The signature is that
the agent’s performance on d1 keeps climbing (B(i, 1) grows) while Send(di) flatlines, as updates
refine structure shared across distributions at the expense of fitting what each new one makes new.
What stalls is not learning but specialization.

To ask what diversity was buying, we examined PQN’s value predictions at the boundary between
distributions. PQN derives its policy from a single value function, so its TD-error at the d1 →
d2 boundary measures how well features trained on d1 predict d2 before the agent has trained on
d2. Higher diversity yielded both a more performant initial policy and a smaller initial TD-error
(Figure 4), evidence that diversity shapes features that generalize off-distribution.

To test whether these effects depend on the discrete grid-world control of Banyan, we replicated
the single-shift sweep in a continuous point-mass domain. The diversity effect held: ∆2 fell from
0.95 at n = 1 to 0.5 at n = 1000, and B(2, 1) approached zero across the same range (Figure 5).
Whatever diversity is buying for the agent, it is bought at a level above the specifics of the control
problem.

Limitations. Banyan is a grid-world environment, so the ecological validity of these effects re-
mains unclear; our continuous-control replication is reassuring, but we do not vary visual diversity
here. Our agents rely on recurrent rather than attention-based architectures throughout, leaving open
whether transformers are similarly inhibited by diversity under repeated distribution shift. We also
restrict ourselves to minimal PPO and PQN baselines, so it is an open question whether mechanisms
that already help low-diversity continual learning — replay, modular policies, model-based plan-
ning — can recover the compounding benefits of diversity we find disappear here, or whether the
trade-off is intrinsic to weight-sharing function approximation.
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Conclusion. If we want minimal algorithms that benefit from scaling data, the question is how
to use diversity to promote continual reinforcement learning rather than to inhibit it. Our results
suggest that the same diversity that smooths individual transitions also stalls the longer-run learning
it is meant to enable. Learning and scale, on their own, may not be not enough.
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