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ABSTRACT

How should we analyze memory in deep RL? We introduce mathematical tools for fairly
analyzing policies under partial observability and revealing how agents use memory to
make decisions. To utilize these tools, we present POPGym Arcade1, a collection of Atari-
inspired, hardware-accelerated, pixel-based environments sharing a single observation and
action space. Each environment provides fully and partially observable variants, enabling
counterfactual studies on observability. We find that controlled studies are necessary for
fair comparisons, and identify a pathology where value functions smear credit over ir-
relevant history. With this pathology, we demonstrate how out-of-distribution scenarios
can contaminate memory, perturbing the policy far into the future, with implications for
sim-to-real transfer and offline RL.

1 INTRODUCTION

Real-world decision making often requires reasoning under partial observability, where important informa-
tion is hidden from the agent. This is a challenge for reinforcement learning (RL), which excels in fully
observable settings (Silver et al., 2016). To mitigate partial observability, we store and recall sensory infor-
mation using some form of memory. We often evaluate deep memory models by comparing returns across
partially observable tasks. However, deep RL experiments are sensitive to model configurations, observa-
tion size, task difficulty, and other confounding factors; especially when combined with memory (Mania
et al., 2018; Pleines et al., 2025). This sensitivity makes it difficult to isolate the impact of memory on
observability, fairly quantify memory performance, or understand failure modes (Jordan et al., 2024).

To address this gap in understanding, we introduce mathematical tools to isolate and study memory and
observability, and to interpret how agents use memory. To utilize these tools, we introduce POPGym Arcade
(Fig. 1), an Atari-style hardware-accelerated benchmark where every environment has fully observable and
partially observable “twins” with identical spaces and dynamics. By combining twins with our memory
analysis tools, we perform counterfactual studies on observability. Our findings motivate a secondary study
investigating what memory models learn, where we uncover credit attribution failures.

Contributions

(C1) Tools to disentangle, measure, and interpret memory in an RL context.
(C2) POPGym Arcade: a benchmark of paired MDP/POMDP twins for controlled studies.
(C3) Evidence that memory introduces bias and confounds return-based comparisons.
(C4) Discovery of a pathology where memory models incorrectly assign value to irrelevant history.
(C5) Demonstration of recurrent state contamination, where (C4) causes irrelevant past to corrupt a

policy.

1Code available at https://anonymous.4open.science/r/popgym-arcade-BD90/README.md
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Figure 1: Observations from our environment twins. All environments share a unifying observation and
action space, enabling counterfactual studies with observability as the sole independent variable.

2 PRELIMINARIES

Reinforcement Learning A Markov Decision Process (MDP) (Sutton & Barto, 2018) is a tuple M =
⟨S,A, P,R, γ⟩, with the set of states S, actions A, and transition function P : S × A 7→ ∆(S), where
∆(S) is a distribution over S. MDPs also contain a reward function R : S × A 7→ ∆(R) and discount
factor γ ∈ [0, 1). At each timestep, we receive a state st ∈ S and select an action at ∈ A from a policy
at ∼ π(·|st) that takes us to the next state st+1 ∼ P (·|st, at) emitting a reward rt ∼ R(·|st, at). The
Markov property states that st contains sufficient information for an optimal policy. In RL, we learn the
policy π : S 7→ ∆(A) that maximizes the expected return J(π,M) = Eπ,M[

∑∞
t=0 γ

trt] forM.

POMDPs In Partially Observable Markov Decision Processes (POMDPs), the agent cannot access
environment state, instead perceiving the state through noisy or limited sensors. A POMDP P =
⟨S,A, P,R, γ,Ω, O⟩ extends the MDP with set of observations Ω and observation function O : S 7→ ∆(Ω).
At each timestep, the agent indirectly accesses the state through a non-Markov observation ot ∼ O(st).
Fortunately, the trajectory xt = (o0, a0, o1, a1 . . . at−1, ot), is itself Markov (Sutton & Barto, 2018). The
Reward Memory Length (RML) determines how far back in time we must search to learn the optimal pol-
icy (Ni et al., 2024). An RML of k expresses that the reward depends on only the latest k elements of the
trajectory rt+1 ⊥⊥ xt, at|xt−k:t, at. Our new RL objective depends on a memory model f and POMDP P:
J(f, π,P) = Eπ,f,P [

∑∞
t=0 γ

trt] .

Memory and Recurrences A memory model f produces a fixed-size latent Markov state ŝ ∈ Ŝ from the
trajectory xt. This confines the complexities associated with partial observability to f , allowing the policy
to operate on a latent Markov state ŝ. For conciseness, we introduce the joint observation-action space
X = (Ω, A);xt = (ot, at−1). A recurrent memory model f : X ×H 7→ Ŝ ×H maintains a summary of
the trajectory in the recurrent state h ∈ H and outputs a latent Markov state ŝ ∈ Ŝ for the policy

ŝt, ht = f(xt, ht−1) at ∼ π(· | ŝt). (1)

3 RELATED WORK

POMDP Benchmarks Progress in RL builds upon benchmarks that provide MDPs and POMDPs (Ap-
pendix J). Benchmarks include general-purpose tasks (Bellemare et al., 2013; Morad et al., 2023a) and
domain specific tasks like navigation (Chevalier-Boisvert et al., 2018; Beattie et al., 2016; Kempka et al.,
2016), psychological experiments (Fortunato et al., 2019), and velocity-masked control tasks (Todorov et al.,
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2012; Ni et al., 2022), and party games (Pleines et al., 2022). Unfortunately, the cost of training memory
models combined with the sample inefficiency of RL is prohibitively expensive, forcing researchers into a
tradeoff between simplistic low-dimensional observation spaces and a reduced number of experiments to
back their claims. Recent hardware-accelerated benchmarks avoid CPU-GPU copies, resulting in significant
training speedups (Hessel et al., 2021; Toledo, 2024), and new high-throughput algorithms like PQN (Gal-
lici et al., 2024). We highlight benchmarks from Matthews et al. (2024a); Pignatelli et al. (2024); Lu et al.
(2024); Tao et al. (2025) which offer hardware-accelerated POMDPs.

Controlled Studies of Partial Observability There is ample literature on the theoretical costs and in-
tractability induced by partial observability (Papadimitriou & Tsitsiklis, 1987; Kaelbling et al., 1998; Vlassis
et al., 2012; Liu et al., 2022). However, there is less work that empirically quantifies this performance degra-
dation under deep function approximation. Prior work often compares returns between competing memory
models (Parisotto et al., 2020; Morad et al., 2023b; Le et al., 2024). With POMDP returns alone, it is not
possible to determine whether greater returns are due to more informative latent Markov states or other fac-
tors. Paradoxically, literature shows that in certain cases, using memory in MDPs can improve performance,
while using memory in POMDPs can reduce performance (Hausknecht & Stone, 2015; Burda et al., 2022;
Morad et al., 2023a). For example, a memory model may increase the parameter count of the model, which
can improve policy capabilities (Hansen et al., 2023) without improving the Markov state estimate. On the
other hand, optimization of memory-endowed policies is notoriously difficult (Mikhaeil et al., 2022), and
a suboptimal memory-free policy may reach better local optima in difficult tasks. To isolate the impact of
memory, it is necessary to control for all other variables by comparing performance in a partially observable
setting against its fully observable counterpart (Jordan et al., 2024). Ni et al. (2022); Morad et al. (2023a);
Rajan et al. (2023) provide capabilities for counterfactual studies, but only Ni et al. (2022); Tao et al. (2025)
actually perform them. Few works utilize a single shared observation and action space over all tasks, which
is necessary to fully control for both parameter count and task difficulty

Investigating Memory in RL Comparing returns indirectly measures the information content of the latent
Markov state ŝ created by the memory model. Few works directly answer how the model constructs the latent
Markov state, providing hints but never complete answers. Kapturowski et al. (2019) measure the impact
of stale recurrent states. Ni et al. (2024) decouples memory performance from temporal credit assignment,
more directly measuring the quality of ŝ. Finally, Elelimy et al. (2024); Morad et al. (2023b) examine the
distribution of recurrent states.

4 MEMORY EVALUATION TOOLS

The return measures policy performance, but does not disentangle memory capabilities from policy perfor-
mance, nor does it tell us what the memory model is learning. Below, we describe two tools to isolate and
study memory capabilities, and two more tools to understand what memory models learn.

Observability Gap Consider a base MDPM = ⟨S,A, P,R, γ⟩. We can induce partial observability by
introducing an observation function o ∼ O(s), thus creating a corresponding POMDP twin P = ⟨M,Ω, O⟩.
We are interested in a controlled setting where the observation stream is theoretically sufficient to recover
the underlying state, ensuring that the optimal achievable return is identical in both cases.

Our work focuses on the practical difficulty of learning a memory model f , to approximate the latent Markov
state. To isolate this challenge, we compare the performance of an agent configuration (π, f) onM and P .
Under M, f must simply propagate states to the policy. The case for P is more difficult: the agent must
infer the Markov state from the trajectory. Any suboptimality in the learned memory model f will result in
a performance gap between the two.
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Definition 4.1 (Observability Gap). The Observability Gap measures the performance loss of a memory-
based agent (f, π) attributable to inferring the state from observations instead of observing it directly

Gap(f, π,M,P) = J(f, π,M)− J(f, π,P) where M = ⟨S,A, P,R, γ⟩, P = ⟨M,Ω, O⟩. (2)

Memory Bias As stated in Section 3, prior work hints that introducing memory can produce confound-
ing factors. To measure the inherent performance cost of introducing memory, we propose the Memory
Bias. This is the observed performance difference between a memory-endowed policy and its memory-free
counterpart on a fully observable task. Factors that cause Memory Bias could include parameter count,
optimization complexity, implicit regularization, representational capacity, and more.
Definition 4.2. The Memory Bias measures the performance change caused by the memory model that is
attributable to the memory model but not attributable to partial observability

Bias(f, π,M) = J(f, π,M)− J(π,M). (3)

Pixel Visualizations Pixel states and observations enable powerful visualization tools. We implement vi-
sualization tools to probe which pixels persist in memory via their impact on the policy. More formally,
given a trajectory xn, we compute latent Markov states ŝ0, ŝ1, . . . , ŝn via Eq. (1). Then, we backpropa-
gate through memory and policy, taking the absolute value of the gradient of Q values with respect to an
observation ot where t ≤ n. We provide variants for both Q learning and policy gradient methods∑
an∈A

∥∇otQ(ŝn, an)∥22 =
∑
an∈A

∥∥∥∥∂Q(ŝn, an)

∂ŝn

∂ŝn
∂ot

∥∥∥∥2
2

∫
A

∥∇otπ(an|ŝn)∥22 dan =

∫
A

∥∥∥∥∂π(an|ŝn)∂ŝn

∂ŝn
∂ot

∥∥∥∥2
2

dan.

(4)
Eq. (4) measures how much each pixel from a prior observation ot propagates through memory and con-
tributes to either the Q values or action distribution at time n. We experimented with other norms, but we
find the L2 norm provides the clearest pixel visualizations.

Recall Density Eq. (4) produces qualitative saliency maps, describing pixel-level memory recall over a
single trajectory. We are also interested in a more quantitative and consistent measure that elucidates the
inner workings of memory in expectation over a distribution of trajectories. For these cases, we introduce
the recall density, which we derive below. We provide variants for both Q learning and policy gradient. We
start with Eq. (4) and reduce over the observation dimensions using the L1 norm, such that we receive a
scalar time-varying function z

zQ(xn, t) =
∑
an∈A

∥∇otQ(ŝn, an)∥1 zπ(xn, t) =

∫
A

∥∇otπ(an|ŝn)∥1 dan, (5)

where zQ represents the quantity for Q functions and zπ for policies. Then, we normalize z, representing a
scale-invariant density over trajectory xn

δQ(xn, t) =
zQ(xn, t)∑n
i=0 zQ(xn, i)

δπ(xn, t) =
zπ(xn, t)∑n
i=0 zπ(xn, i)

. (6)

Finally, we take the sample mean over m trajectories to approximate the expected density under a policy π
and memory model f

1

m

m∑
i=1

δQ(x
(i)
n , t) ≈ Eπ,f [δQ(xn, t)]

1

m

m∑
i=1

δπ(x
(i)
n , t) ≈ Eπ,f [δπ(xn, t)]. (7)

We may compute the resulting expectation over all 0 ≤ t ≤ n to generate a plot summarizing memory
recall.
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Thus far, n must be equal across all sampled trajectories, while in practice trajectories often differ in length.
We use generalized time coordinates to resolve this issue. For each trajectory x(i) of length ni, we normalize
the timestep t ∈ {0, . . . , ni} to a value τ = t/ni ∈ [0, 1]. We then compute the sample mean of the empirical
densities at corresponding normalized time points across m trajectories

1

m

m∑
i=1

δQ(x
(i)
ni
, ⌊τ · ni⌋) ≈ Eπ,f [δQ(x, τ)]

1

m

m∑
i=1

δπ(x
(i)
ni
, ⌊τ · ni⌋) ≈ Eπ,f [δπ(x, τ)]. (8)

We may compute the expectation over all τ ∈ [0, 1] to generate a plot summarizing memory recall. One
should ensure that x is not terminal, or risk evaluating Q or π at a terminal state.

Definition 4.3 (Recall Density). The Recall Density measures the expected relative influence of a past
observation at the current timestep. For trajectories generated by policy π and memory model f , it quantifies
how much an observation at normalized time τ ∈ [0, 1] impacts either:

(4.3.1) Eπ,f [δQ(x, τ)]: The Q value at trajectory end, via Q gradient magnitudes

(4.3.2) Eπ,f [δπ(x, τ)]: The action distribution at trajectory end, via policy gradient magnitudes

5 POPGYM ARCADE

We cannot utilize our memory analysis tools with most prior benchmarks as the Observability Gap requires
MDP/POMDP twins and pixel visualizations require both pixel states and observations. To this end, we
propose POPGym Arcade (Table 1 and Appendices H and I). POPGym Arcade consists of ten base envi-
ronments each with three difficulty levels. All environments are inspired by existing human-playable card
games, board games, and video games, with each environment testing different aspects of memory. Unlike
Atari, our tasks utilize (1) highly stochastic transition functions (2) hardware acceleration (3) known RML
(4) standardized returns to enable easy comparisons.

Base Envs Total Envs State/Observation Size Action Space Return Bounds

10 120 S: 128× 128× 3
L: 256× 256× 3

↑, ↓,←,→,Fire [-1, 1]

Base Env Notes & POMDP Utility RML
Autoencode Push and pop to latent stack, NC1 circuit complexity O(n)
CartPole Classic deterministic control task, useful for debugging O(n)
CountRecall Increment and query latent counters, TC0 circuit complexity O(n)
BattleShip Large configuration space and highly-stochastic transition function O(n)
Breakout Disappearing ball, constant RML, and long episodes O(k)
MineSweeper Difficult games rules, requires in-context exploration O(n)
Navigator Navigation and path planning, requires latent map representation O(n)
NoisyPole State estimation under perturbations, surrogate for real-world control O(n)
Skittles Obstacle avoidance with flickering obstacles, requires path replanning O(k)
Tetris Hard spatial task; human competitions for MDP & POMDP O(n)

Table 1: A summary of our environments. We provide both small (S) and large (L) state/observation spaces
for each task. We describe RML over episode length n or a constant length k. Frame stacking or fixed-
window attention are sufficient to solve O(k) RML POMDPs but not O(n) POMDPs.
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Environment Twins Our twins introduce two notions of state: a low dimensional hidden Markov state
s̃ ∈ S̃ and a pixel Markov state s ∈ S. For example, in MDP MineSweeper, s̃ contains the location
of all mines, while s contains pixels representing numbered tiles inferring mine locations. Both states are
Markov, but deterministic transitions in S̃ become stochastic in S. While S̃ varies across tasks, S is identical
for all tasks. By decoupling s̃ from s, we can introduce POMDP variants with an observation function
O : S̃ 7→ ∆(Ω). Consequently, twins share identical underlying transition dynamics S̃ × A 7→ S̃. All tasks
share a singular state/observation space S = Ω and action space A. As a result, we can reuse a single model
across all tasks and task configurations. We can even change from POMDP to MDP mid-episode, or train
a single policy on both MDP and POMDP at the same time. The motivation behind this task structure is to
isolate and study memory and observability.

6 RESULTS

We measure and analyze memory with our proposed tools, using the PQN algorithm (Gallici et al., 2024)
across five random seeds. We describe the experimental setup in Appendices L, M and O and memory
models in Appendix K.

6.1 DISENTANGLING RETURNS

What portion of the return can we attribute to memory models closing the observability gap, and what
portion can we attribute to other factors? In Fig. 2, we plot the return, Observability Gap, and Memory Bias
(Definitions 4.1 and 4.2) aggregated over all tasks and difficulty levels.

We find that Memory Bias varies between models and can spoil return-only comparisons. For most models,
the Gap and Bias have similar scales, demonstrating the weakness of return-only comparisons and the utility
of disentangled metrics. Take the MinGRU and GRU, for example. The relative effect of Bias 0.07−0.02 =
0.05 impacts the return as strongly as the Observability Gap 0.16 − 0.11 = 0.05. Purely negative biases
across models points to a memory-induced performance penalty, rather than benefit. Although memory
models increase parameter count and can approximate a wider class of functions than feedforward networks,
such effects are not strong enough to overcome other negative factors. Looking deeper, we note a correlation
between the return, Gap, and negative Bias, suggesting a latent factor affecting all three.

MLP Human FART MinGRU GRU LRU

Memory Model

0.0

0.1

0.2

0.3

0.4

0.5

J
(f
,π
,P

)

POMDP Return

MLP Human FART MinGRU GRU LRU

Memory Model

0.0

0.1

0.2

0.3

J
(f
,π
,M

)
−
J

(f
,π
,P

)

Observability Gap

MLP Human FART MinGRU GRU LRU

Memory Model

−0.25

−0.20

−0.15

−0.10

−0.05

0.00

J
(f
,π
,M

)
−
J

(π
,M

)

Memory Bias

Figure 2: We disentangle the return using our memory analysis tools. We plot the POMDP returns ∈
[0, 1], the Observability Gap, and Memory Bias. We aggregate scores over all environments and difficulty
configurations. Whiskers represent the 95% confidence interval over five seeds.
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Figure 3: How do trained agents use memory? We plot pixelwise memory gradients Eq. (4) for the LRU (top
rows) and GRU (bottom rows), denoting how much each pixel contributes to future value estimate V (st)
through memory. In these MDPs, V∗(st) is independent of st−k . . . st−1, yet memory incorrectly smears
value credit over uninformative past states, even with a residual connection bypassing the memory model.
Smeared value attribution suggests value estimators may not generalize to new trajectories.

6.2 THE VALUE SMEARING PATHOLOGY

Next, we investigate how our trained policies use memory with our gradient visualization tools from Eq. (4).
We train policies long beyond convergence (Appendix F) and perform qualitative pixel-level gradient visual-
izations on both MDPs and POMDPs (Fig. 3 and Appendix C). We highlight the MDP results because MDPs
have a known ground-truth credit distribution: the return depends only on the current state/observation.

The resulting gradient distributions appear “smeared” over all prior states, even those containing no useful
information (e.g., empty board denoting only past actions). We call this phenomena “value smearing”. Value
smearing demonstrates that the policies struggle to decorrelate past actions from the forward-looking return,
and may signal that the memory model and Q function may have overfit to the trajectory distribution induced
by the current policy.

One may wonder if these results are cherry-picked. Fortunately, we can use the Recall Density (Defini-
tion 4.3) to measure memory access in expectation. In Fig. 4, we average results across task, memory
model, and seed, finding evidence of value smearing across all models and tasks. States from the first two-
thirds of an episode (τ < 0.66) impart a significant impact on Q values across all MDPs. See Appendix B
for a per-model per-task breakdown.

6.3 RECURRENT STATE CONTAMINATION

Naturally, we ponder what practical consequences arise from value smearing. Perhaps it induces robustness
to Out of Distribution (OOD) scenarios. By distributing credit diffusely, a single OOD observation may
impart little impact on the policy. To test this hypothesis, we first collect trajectories following learned poli-
cies. Then, we perturb these collected trajectories similar to Stone et al. (2021) and analyze how the relative
(mean-centered) Q values A(s, a) = Q(s, a) − |A|−1

∑
a′∈A Q(s, a′) and policy change. We measure the

7
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Figure 4: How does the past affect future value predictions? We bin trajectories into thirds, and plot the
contribution of each bin on the final Q value. We estimate recall density Eπ,f [δQ(x, τ)] for the start, middle,
and end segments τ ∈ [0, 0.33), [0.33, 0.66), [0.66, 1.0) of a trajectory, aggregating across models and seeds.
All density for MDPs should be in 0.66 ≤ τ < 1.0, given the Markov property. Instead, we see credit
diffusely distributed across trajectories for all models and tasks, demonstrating the value smearing pathology.

impact of (1) adding noise to a single frame in each trajectory (Fig. 5a and Appendix E) and (2) shuffling
the first few observations in each trajectory (Fig. 5b). Observation noise is a common problem in POMDPs,
but it is unclear whether the RNN or CNN is responsible for any robustness or sensitivity. By shuffling the
beginning of the trajectory, any observed effects will be purely caused by memory.

We find that recurrent value functions are not robust and they do not smooth over OOD observations. Even
a single OOD observation can be disastrous to the policy, “contaminating” the recurrent state, perturbing the
policy far into the future. We see similar results even when we permute the trajectory, removing possible
CNN confounders. Our results demonstrate large sensitivity to both OOD observations and trajectories.

7 LIMITATIONS AND FUTURE WORK

Understanding Memory Bias Correlations between all three POMDP metrics across memory models
suggest that a latent factor may be responsible for negative memory bias. Value smearing and brittle policies
hints that optimization difficulty could be one possibility. However, proving causation is difficult and re-
quires future investigation. To avoid confounders, future studies should avoid return-only comparisons and
utilize the Gap and Bias metrics to measure model capabilities.

Recurrent State Contamination Our contamination experiments are proofs of concept, not a rigorous
analysis. That said, these findings have implications for offline RL, imitation learning, or sim-to-real scenar-
ios, where agents may encounter out-of-distribution observations or trajectories after training. We focused
on recurrent models primarily due to hardware constraints, but a transformer policy will discard out-of-
distribution observations when they exceed the context window, potentially reducing contamination effects.
Future work could investigate if such phenomena still occur with fixed-context, non-recurrent memory mod-
els.

Model-Based RL Our study primarily uses PQN, a simple model-free Q learning algorithm, to demon-
strate our analysis tools. This was a deliberate choice to isolate pathologies in value estimation from con-
founding factors in more complex agents. Model-based RL methods learn transition and reward functions
using different objectives (Hafner et al., 2025; Samsami et al., 2024), and may not susceptible to the short-
comings we observe in model-free RL. Future studies are necessary to understand learning dynamics for
model-based RL.

8
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↑ ↓ ← → x

A(sˆ10, a10)

s0 s1 s10

↑ ↓ ← → x

A(sˆ10, a10)

s0 s1 + ε s10

↑ ↓ ← → x

A(sˆ10, a10)

s0 s2 + ε s10

↑ ↓ ← → x

A(sˆ10, a10)

s0 s3 + ε s10

↑ ↓ ← → x

A(sˆ10, a10)

s0 s4 + ε s10

↑ ↓ ← → x

A(sˆ10, a10)

(a) We add noise ϵ into one observation and examine how this perturbation propagates into current values and actions.
s0...s9 s10...s30

↑ ↓ ← → x

A(sˆ30, a30)

Shuffled(s0...s9) s10...s30

↑ ↓ ← → x

A(sˆ30, a30)

s0...s9 s10...s30

↑ ↓ ← → x

A(sˆ30, a30)

Shuffled(s0...s9) s10...s30

↑ ↓ ← → x

A(sˆ30, a30)

(b) We shuffle the beginning of each trajectory to remove any CNN confounders. Even in-distribution observations can
contaminate the recurrent state when the trajectory is OOD.

Figure 5: OOD scenarios contaminate the recurrent state and perturb the policy. The rightmost columns plot
the relative Q values (A), and we color the policy action. We see that not only do the future values change
significantly, but so does the policy action. We expect to experience OOD trajectories in offline RL and
sim-to-real scenarios.

8 CONCLUSION

We introduced POPGym Arcade and a methodology to dissect memory in RL, revealing that return-based
comparisons can be misleading. We proposed alternative metrics that tend to be more fair when making
memory model comparisons. Then, we identified a value smearing pathology, where value is incorrectly
attributed to irrelevant history. We demonstrated that this credit assignment failure makes memory-endowed
policies sensitive to OOD scenarios, corrupting decisions far into the future.
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We collected human baseline results by recruiting five participants to play our benchmark tasks. Each par-
ticipant was provided with the docstring associated with each game and interacted using the arrow keys and
spacebar. Scores were recorded and analyzed for comparison with algorithmic baselines. All participants
gave informed consent, no personally identifiable information was collected, and participation posed mini-
mal risk, as the tasks involved only standard computer-based gameplay. Compensation was provided at fair
rates. The study adhered to institutional and community ethical guidelines for research involving human
subjects.

REPRODUCIBILITY STATEMENT

We provide memory analysis scripts and full benchmark code in the anonymized supplementary materials.
We describe memory evaluation tools and POPGym Arcade in main text, while Appendix H gives detailed
environment descriptions, Appendix M reports all experiment hyperparameters, and Appendix N outlines
our hyperparameter selection methodology. Results are averaged across five random seeds, with additional
analyses in Appendices A to C and E to G. Human baseline procedures are documented in Appendix O, and
compute resources are detailed in Appendix P. Together, these materials allow independent researchers to
reproduce and extend our findings.
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more, Charles Deck, Joel Z Leibo, and Charles Blundell. Generalization of Reinforcement Learners with
Working and Episodic Memory. In Advances in Neural Information Processing Systems, pp. 12448–
12457, 2019.

11

http://arxiv.org/abs/1612.03801
https://www.jair.org/index.php/jair/article/view/10819
https://www.jair.org/index.php/jair/article/view/10819
https://arxiv.org/abs/2306.09884
http://github.com/jax-ml/jax
https://openreview.net/forum?id=H1lJJnR5Ym
https://github.com/maximecb/gym-minigrid
https://openreview.net/forum?id=4UvMOnZMam&noteId=SpwUrmTQx1
https://openreview.net/forum?id=4UvMOnZMam&noteId=SpwUrmTQx1
https://openreview.net/forum?id=GrmFFxGnOR
https://openreview.net/forum?id=GrmFFxGnOR


517
518
519
520
521
522
523
524
525
526
527
528
529
530
531
532
533
534
535
536
537
538
539
540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563

Matteo Gallici, Mattie Fellows, Benjamin Ellis, Bartomeu Pou, Ivan Masmitja, Jakob Nicolaus Foerster, and
Mario Martin. Simplifying Deep Temporal Difference Learning, October 2024. URL http://arxiv.
org/abs/2407.04811. arXiv:2407.04811 [cs].

Albert Gu, Karan Goel, and Christopher Re. Efficiently Modeling Long Sequences with Structured State
Spaces. March 2022. URL https://openreview.net/forum?id=uYLFoz1vlAC.

Danijar Hafner, Jurgis Pasukonis, Jimmy Ba, and Timothy Lillicrap. Mastering diverse control tasks
through world models. Nature, 640(8059):647–653, April 2025. ISSN 1476-4687. doi: 10.1038/
s41586-025-08744-2. URL https://www.nature.com/articles/s41586-025-08744-2.
Publisher: Nature Publishing Group.

Nicklas Hansen, Hao Su, and Xiaolong Wang. TD-MPC2: Scalable, Robust World Models for Continuous
Control. October 2023. URL https://openreview.net/forum?id=Oxh5CstDJU.

Matthew Hausknecht and Peter Stone. Deep Recurrent Q-Learning for Partially Observable MDPs. In 2015
AAAI Fall Symposium Series, September 2015. URL https://www.aaai.org/ocs/index.php/
FSS/FSS15/paper/view/11673.

Matteo Hessel, Manuel Kroiss, Aidan Clark, Iurii Kemaev, John Quan, Thomas Keck, Fabio Viola, and
Hado van Hasselt. Podracer architectures for scalable Reinforcement Learning, April 2021. URL http:
//arxiv.org/abs/2104.06272. arXiv:2104.06272 [cs].

Ralf Hinze. An Algebra of Scans. In Mathematics of Program Construction: 7th International Conference,
MPC 2004, Stirling, Scotland, UK, July 12-14, 2004. Proceedings 7, pp. 186–210. Springer, 2004.

Sepp Hochreiter and Jürgen Schmidhuber. Long Short-Term Memory. Neural Computation, 9(8):1735–
1780, November 1997. ISSN 0899-7667. doi: 10.1162/neco.1997.9.8.1735. URL https://doi.
org/10.1162/neco.1997.9.8.1735.

Scott M. Jordan, Adam White, Bruno Castro Da Silva, Martha White, and Philip S. Thomas. Position:
benchmarking is limited in reinforcement learning research. In Proceedings of the 41st International
Conference on Machine Learning, volume 235 of ICML’24, pp. 22551–22569, Vienna, Austria, July
2024. JMLR.org.

Leslie Pack Kaelbling, Michael L. Littman, and Anthony R. Cassandra. Planning and Acting in Partially
Observable Stochastic Domains. Artificial Intelligence, 101(1-2):99–134, 1998. ISSN 00043702. doi:
10.1016/s0004-3702(98)00023-x.

Steven Kapturowski, Georg Ostrovski, John Quan, Remi Munos, and Will Dabney. Recurrent Experience
Replay in Distributed Reinforcement Learning. In International conference on learning representations,
2019.

Angelos Katharopoulos, Apoorv Vyas, Nikolaos Pappas, and François Fleuret. Transformers are RNNs: Fast
Autoregressive Transformers with Linear Attention. In Proceedings of the 37th International Conference
on Machine Learning, pp. 5156–5165. PMLR, November 2020. URL https://proceedings.mlr.
press/v119/katharopoulos20a.html. ISSN: 2640-3498.

Michal Kempka, Marek Wydmuch, Grzegorz Runc, Jakub Toczek, and Wojciech Jaśkowski. ViZDoom:
A Doom-based AI Research Platform for Visual Reinforcement Learning. In IEEE Conference on
Computational Intelligence and Games, pp. 341–348, Santorini, Greece, September 2016. IEEE. URL
http://arxiv.org/abs/1605.02097.

12

http://arxiv.org/abs/2407.04811
http://arxiv.org/abs/2407.04811
https://openreview.net/forum?id=uYLFoz1vlAC
https://www.nature.com/articles/s41586-025-08744-2
https://openreview.net/forum?id=Oxh5CstDJU
https://www.aaai.org/ocs/index.php/FSS/FSS15/paper/view/11673
https://www.aaai.org/ocs/index.php/FSS/FSS15/paper/view/11673
http://arxiv.org/abs/2104.06272
http://arxiv.org/abs/2104.06272
https://doi.org/10.1162/neco.1997.9.8.1735
https://doi.org/10.1162/neco.1997.9.8.1735
https://proceedings.mlr.press/v119/katharopoulos20a.html
https://proceedings.mlr.press/v119/katharopoulos20a.html
http://arxiv.org/abs/1605.02097


564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593
594
595
596
597
598
599
600
601
602
603
604
605
606
607
608
609
610

Sotetsu Koyamada, Shinri Okano, Soichiro Nishimori, Yu Murata, Keigo Habara, Haruka Kita, and Shin
Ishii. Pgx: Hardware-Accelerated Parallel Game Simulators for Reinforcement Learning. In Advances in
Neural Information Processing Systems, volume 36, pp. 45716–45743, 2023.

Robert Tjarko Lange. gymnax: A JAX-based Reinforcement Learning Environment Library, 2022. URL
http://github.com/RobertTLange/gymnax.

Hung Le, Dung Nguyen, Kien Do, Sunil Gupta, and Svetha Venkatesh. Stable Hadamard Memory: Re-
vitalizing Memory-Augmented Agents for Reinforcement Learning. October 2024. URL https:
//openreview.net/forum?id=We5z3UEnUY.

Qinghua Liu, Alan Chung, Csaba Szepesvari, and Chi Jin. When Is Partially Observable Reinforcement
Learning Not Scary? In Proceedings of Thirty Fifth Conference on Learning Theory, pp. 5175–5220.
PMLR, June 2022. URL https://proceedings.mlr.press/v178/liu22f.html. ISSN:
2640-3498.

Chris Lu, Jakub Kuba, Alistair Letcher, Luke Metz, Christian Schroeder de Witt, and Jakob Foerster. Dis-
covered Policy Optimisation. Advances in Neural Information Processing Systems, 35:16455–16468,
December 2022. URL https://proceedings.neurips.cc/paper_files/paper/2022/
hash/688c7a82e31653e7c256c6c29fd3b438-Abstract-Conference.html.

Chris Lu, Yannick Schroecker, Albert Gu, Emilio Parisotto, Jakob Foerster, Satinder Singh, and Feryal
Behbahani. Structured State Space Models for in-Context Reinforcement Learning. Advances in Neural
Information Processing Systems, 36, 2024.

Horia Mania, Aurelia Guy, and Benjamin Recht. Simple random search of static linear policies is competitive
for reinforcement learning. In Advances in Neural Information Processing Systems, volume 31. Curran
Associates, Inc., 2018. URL https://papers.nips.cc/paper_files/paper/2018/hash/
7634ea65a4e6d9041cfd3f7de18e334a-Abstract.html.

Michael Matthews, Michael Beukman, Benjamin Ellis, Mikayel Samvelyan, Matthew Thomas Jackson,
Samuel Coward, and Jakob Nicolaus Foerster. Craftax: A Lightning-Fast Benchmark for Open-Ended Re-
inforcement Learning. June 2024a. URL https://openreview.net/forum?id=hg4wXlrQCV.

Michael Matthews, Michael Beukman, Chris Lu, and Jakob Foerster. Kinetix: Investigating the Training
of General Agents through Open-Ended Physics-Based Control Tasks, October 2024b. URL http:
//arxiv.org/abs/2410.23208. arXiv:2410.23208 [cs].

William Merrill, Jackson Petty, and Ashish Sabharwal. The illusion of state in state-space models. In
Proceedings of the 41st International Conference on Machine Learning, volume 235 of ICML’24, pp.
35492–35506, Vienna, Austria, July 2024. JMLR.org.

Jonas Mikhaeil, Zahra Monfared, and Daniel Durstewitz. On the difficulty of learning chaotic dynam-
ics with RNNs. In S. Koyejo, S. Mohamed, A. Agarwal, D. Belgrave, K. Cho, and A. Oh (eds.),
Advances in Neural Information Processing Systems, volume 35, pp. 11297–11312. Curran Asso-
ciates, Inc., 2022. URL https://proceedings.neurips.cc/paper_files/paper/2022/
file/495e55f361708bedbab5d81f92048dcd-Paper-Conference.pdf.

Volodymyr Mnih, Koray Kavukcuoglu, David Silver, Andrei A Rusu, Joel Veness, Marc G Bellemare, Alex
Graves, Martin Riedmiller, Andreas K Fidjeland, Georg Ostrovski, and others. Human-Level Control
Through Deep Reinforcement Learning. nature, 518(7540):529–533, 2015. Publisher: Nature Publishing
Group.

13

http://github.com/RobertTLange/gymnax
https://openreview.net/forum?id=We5z3UEnUY
https://openreview.net/forum?id=We5z3UEnUY
https://proceedings.mlr.press/v178/liu22f.html
https://proceedings.neurips.cc/paper_files/paper/2022/hash/688c7a82e31653e7c256c6c29fd3b438-Abstract-Conference.html
https://proceedings.neurips.cc/paper_files/paper/2022/hash/688c7a82e31653e7c256c6c29fd3b438-Abstract-Conference.html
https://papers.nips.cc/paper_files/paper/2018/hash/7634ea65a4e6d9041cfd3f7de18e334a-Abstract.html
https://papers.nips.cc/paper_files/paper/2018/hash/7634ea65a4e6d9041cfd3f7de18e334a-Abstract.html
https://openreview.net/forum?id=hg4wXlrQCV
http://arxiv.org/abs/2410.23208
http://arxiv.org/abs/2410.23208
https://proceedings.neurips.cc/paper_files/paper/2022/file/495e55f361708bedbab5d81f92048dcd-Paper-Conference.pdf
https://proceedings.neurips.cc/paper_files/paper/2022/file/495e55f361708bedbab5d81f92048dcd-Paper-Conference.pdf


611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647
648
649
650
651
652
653
654
655
656
657

Steven Morad, Ryan Kortvelesy, Matteo Bettini, Stephan Liwicki, and Amanda Prorok. POPGym: Bench-
marking Partially Observable Reinforcement Learning. In The Eleventh International Conference on
Learning Representations, 2023a. URL https://openreview.net/forum?id=chDrutUTs0K.

Steven Morad, Ryan Kortvelesy, Stephan Liwicki, and Amanda Prorok. Reinforcement Learning with
Fast and Forgetful Memory. Advances in Neural Information Processing Systems, 36:72008–72029,
December 2023b. URL https://proceedings.neurips.cc/paper_files/paper/2023/
hash/e3bf2f0f10774c474de22a12cb060e2c-Abstract-Conference.html.

Steven Morad, Chris Lu, Ryan Kortvelesy, Stephan Liwicki, Jakob Nicolaus Foerster, and Amanda Prorok.
Recurrent Reinforcement Learning with Memoroids. November 2024. URL https://openreview.
net/forum?id=nA4Q983a1v.

Tianwei Ni, Benjamin Eysenbach, and Ruslan Salakhutdinov. Recurrent Model-Free RL Can Be a Strong
Baseline for Many POMDPs. In Proceedings of the 39th International Conference on Machine Learning,
pp. 16691–16723. PMLR, June 2022. URL https://proceedings.mlr.press/v162/ni22a.
html. ISSN: 2640-3498.

Tianwei Ni, Michel Ma, Benjamin Eysenbach, and Pierre-Luc Bacon. When Do Transformers Shine in Rl?
Decoupling Memory from Credit Assignment. Advances in Neural Information Processing Systems, 36,
2024.

Antonio Orvieto, Samuel L Smith, Albert Gu, Anushan Fernando, Caglar Gulcehre, Razvan Pascanu, and
Soham De. Resurrecting Recurrent Neural Networks for Long Sequences. In Proceedings of the 40th
International Conference on Machine Learning, ICML’23. JMLR.org, 2023. Place: Honolulu, Hawaii,
USA.

Christos H Papadimitriou and John N Tsitsiklis. The complexity of Markov decision processes. Mathematics
of operations research, 12(3):441–450, 1987. Publisher: INFORMS.

Emilio Parisotto, Francis Song, Jack Rae, Razvan Pascanu, Caglar Gulcehre, Siddhant Jayakumar, Max
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A ENVIRONMENT THROUGHPUT

We examine the efficiency of our proposed environments. POPGym Arcade uses hardware acceleration
for improved throughput, but large pixel observations take significant resources to render. We compare the
throughput of our environments to other well-known environments in Fig. 6, using an RTX4090 GPU and
Intel I7 13700 CPU. We parallelize CPU environments using synchronous VectorEnvs, and shade the 95%
bootstrapped confidence interval.

Our environments are faster than all CPU-based environments we tested (Fig. 6). Our observations are
about 10,000 times larger than POPGym, yet we run approximately 100 times faster. We achieve similar
throughput to hardware-accelerated Gymnax while generating observations four orders of magnitude larger.
One can quickly prototype models or algorithms on our pixel-space tasks.

22 24 26 28

104

106

108

MineSweeper

Navigator

CartPole

AutoEncode

BattleShip

NoisyCartPole

CountRecall

Tetris

Breakout

Skittles

22 24 26 28

Atari

Gymnax

MinAtar

POPGym

POPGym Arcade

Number of Parallel Environments

F
ra

m
es

p
er

se
co

nd

Figure 6: We plot environment throughput and compare to prior work. We achieve linear scaling until 27
environments, after which we saturate GPU cores. POPGym Arcade is faster than Atari, and outperforms
POPGym and MinAtar while producing observations orders of magnitude larger.

B RECALL DENSITY ANALYSIS BY MODEL AND TASK

In this section, we plot the recall density after training, for each model and task. We discretize τ into sixteen
bins and compute the density over five random seeds. No matter the memory model, uninformative prior
observations still tend to affect future decisions in MDPs. Even in the best cases, much of the density in
MDPs is distributed across old observations (Fig. 9).
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Figure 7: Recall density of FART categorized by environment, over five random seeds.
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Figure 8: Recall density of GRU categorized by environment, over five random seeds.
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Figure 9: Recall density of LRU categorized by environment, over five random seeds.
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Figure 10: Recall density of MinGRU categorized by environment, over five random seeds.
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C ADDITIONAL PIXEL-LEVEL MEMORY ANALYSIS EXPERIMENTS

We provide further pixel-level analysis of our environment is using Eq. (4). We see that memory models
ignore Markov observations, still storing and recalling information in the MDP case.
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Figure 11: LRU saliency on the BattleShip task, plotted via Eq. (4) using the L2 norm. The top row repre-
sents the MDP and the bottom row represents the equivalent POMDP.
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Figure 12: LRU saliency on the Navigator task, plotted via Eq. (4) using the L1 norm. The top row represents
the MDP and the bottom row represents the equivalent POMDP.
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D PPO AND DQN EXPERIMENTS

PQN is as close as we can possibly get to pure deep value function approximation, discarding replay buffers,
target networks, and so on. However, it is not clear if our PQN findings extend to policy gradient algorithms
(PPO) or algorithms with experience replay (DQN). In this section, we repeat our PQN analyses for the
DQN and PPO algorithms, demonstrating our results generally hold across other RL algorithms as well.
Specifically, we aim to demonstrate the generalizability and applicability of Conclusion (C3), (C4) and
(C5).

D.1 MODEL-BASED REWARD PREDICTORS

To simulate a mechanism analogous to model-based prediction, we set the discount factor γ to 0 in the
PQN experiment. This modification restricts the Q-function to learning only the immediate reward, thereby
decoupling it from long-term cumulative returns. From the figure Fig. 13, we can clearly observe that value
smearing is still present.

st−9 st−8 st−7 st−6 st−5 st−4 st−3 st−2 st−1 st

0.0000

0.0001

0.0002

0.0003

Figure 13: LRU saliency on the CartPole MDP task, with PQN and γ = 0. Setting the discount factor γ to
0 is intended to simulate a model-based mechanism, allowing for analysis of how the agent uses historical
information to evaluate immediate states or rewards.

D.2 PPO

To further verify the generalizability of our findings, we extended our experiments to PPO and analyzed the
policy’s memory utilization. In Fig. 14, We introduced our new metrics (Definition 4.1, Definition 4.2) for
PPO. Figure 15 and Fig. 16 indicate that our findings extend to policy optimization, where the issue persists
but is replaced by policy smearing. Similarly, Fig. 17 provides evidence that the phenomenon described in
Item (C5) also occurs in PPO.
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Figure 14: Disentangling returns for the PPO algorithm. We replicate the analysis from Fig. 2 with PPO to
verify the generalizability of our findings. We plot the aggregated POMDP returns, Observability Gap (Def-
inition 4.1), and Memory Bias (Definition 4.2) across all environments and the Easy difficulty configuration.
The results confirm that the negative memory bias and performance gaps observed in value-based methods
(PQN) persist in policy optimization settings.
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Figure 15: Aggregate Recall Density for PPO on Easy task variants. We plot the expected contribution of
historical observations to the value estimate. The results confirm that policy smearing exists in PPO.
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Figure 16: Pixel-level saliency for PPO with LRU on CartPole MDP. We visualize gradients of the policy
logits with respect to past observations. The results demonstrate that policy smearing occurs in PPO method.

Figure 17: Noise injection experiments on additional baselines. (Left) PPO with LRU, we plot the policy
distribution π(a|s) after injecting noise, observing results similar to PQN. (Right) DQN with FART, we
illustrate the relative Q values (A) after noise injection. Both experiments confirm that the vulnerability to
state contamination persists across different methods and models.
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D.3 DQN

We extended our verification to RL algorithms equipped with replay buffers. Specifically, we evaluated DQN
in three representative environments, with the supporting evidence presented in Fig. 18, Fig. 19, Fig. 20 and
Fig. 17.
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Figure 18: Aggregate Recall Density for DQN. We evaluate DQN on three representative Easy tasks. The
results confirm that value smearing persists even with replay buffers.
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Figure 19: Pixel-level saliency for DQN with LRU on BattleShip MDP. We visualize the gradient of the
Q-value with respect to past observations. Consistent with our PQN results, we observe value smearing even
in the off-policy DQN setting.
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Figure 20: Pixel-level saliency for DQN with FART on BattleShip MDP.
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E ADDITIONAL RECURRENT STATE CONTAMINATION EXPERIMENTS

We provide additional experiments for recurrent policy contamination. We use the cartpole example for even
longer rollout horizons of 50 and 100 timesteps. We find that old observations still have a significant impact
on the relative Q values (A) and corresponding actions.
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Figure 21: We demonstrate recurrent state contamination over longer horizons, using the LRU model. At 50
and 100 timesteps in the future, corrupted observations can still influence relative Q values (A) enough to
change the selected action.
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Figure 22: We prove that when using different levels of noise injection, the obtained relative Q values (A)
will still be affected.
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F PIXEL GRADIENT TRAINING CURVES

We plot the return curves for our pixel gradient analysis experiments. We train until the MDPs appear
converged.
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G RETURN ANALYSIS BY MODEL

In this section, we provide the unnormalized returns (mean and standard deviation) for the aggregated results
in Fig. 2. We provide values for each environment, memory model, and difficulty level.

Table 2: Return for the LRU model, broken down by task and observability.

Environment MDP Return POMDP Return
AutoEncodeEasy 0.26± 0.00 0.27± 0.01
AutoEncodeMedium 0.24± 0.01 0.24± 0.00
AutoEncodeHard 0.23± 0.02 0.22± 0.02
BattleShipEasy 0.85± 0.02 0.84± 0.01
BattleShipMedium 0.78± 0.03 0.82± 0.01
BattleShipHard 0.73± 0.04 0.80± 0.01
BreakoutEasy 0.89± 0.01 0.75± 0.04
BreakoutMedium 0.83± 0.02 0.76± 0.06
BreakoutHard 0.84± 0.00 0.72± 0.09
CartPoleEasy 0.99± 0.00 0.99± 0.00
CartPoleMedium 0.98± 0.01 0.98± 0.01
CartPoleHard 0.97± 0.01 0.95± 0.02
CountRecallEasy 0.47± 0.06 0.36± 0.01
CountRecallMedium 0.22± 0.03 0.23± 0.04
CountRecallHard 0.15± 0.02 0.23± 0.01
MineSweeperEasy 0.87± 0.00 0.82± 0.01
MineSweeperMedium 0.67± 0.01 0.66± 0.01
MineSweeperHard 0.62± 0.01 0.61± 0.00
NavigatorEasy 0.91± 0.01 0.44± 0.09
NavigatorMedium 0.91± 0.01 0.32± 0.03
NavigatorHard 0.94± 0.01 0.40± 0.06
NoisyCartPoleEasy 0.99± 0.00 0.99± 0.00
NoisyCartPoleMedium 0.98± 0.01 0.99± 0.00
NoisyCartPoleHard 0.97± 0.01 0.97± 0.01
SkittlesEasy 0.83± 0.01 0.52± 0.02
SkittlesMedium 0.79± 0.01 0.51± 0.00
SkittlesHard 0.74± 0.01 0.47± 0.00
TetrisEasy 0.01± 0.00 0.01± 0.00
TetrisMedium 0.01± 0.00 0.01± 0.00
TetrisHard 0.01± 0.00 0.01± 0.00

30



1410
1411
1412
1413
1414
1415
1416
1417
1418
1419
1420
1421
1422
1423
1424
1425
1426
1427
1428
1429
1430
1431
1432
1433
1434
1435
1436
1437
1438
1439
1440
1441
1442
1443
1444
1445
1446
1447
1448
1449
1450
1451
1452
1453
1454
1455
1456

Table 3: Return for the MinGRU model, broken down by task and observability.

Environment MDP Return POMDP Return
AutoEncodeEasy 0.27± 0.00 0.27± 0.00
AutoEncodeMedium 0.25± 0.01 0.26± 0.00
AutoEncodeHard 0.25± 0.00 0.25± 0.00
BattleShipEasy 0.82± 0.02 0.76± 0.01
BattleShipMedium 0.73± 0.02 0.75± 0.02
BattleShipHard 0.71± 0.03 0.73± 0.02
BreakoutEasy 0.88± 0.02 0.36± 0.02
BreakoutMedium 0.83± 0.01 0.33± 0.04
BreakoutHard 0.76± 0.03 0.28± 0.02
CartPoleEasy 0.98± 0.01 0.87± 0.02
CartPoleMedium 0.93± 0.02 0.68± 0.06
CartPoleHard 0.88± 0.08 0.54± 0.03
CountRecallEasy 0.31± 0.01 0.29± 0.03
CountRecallMedium 0.17± 0.00 0.21± 0.04
CountRecallHard 0.15± 0.01 0.13± 0.04
MineSweeperEasy 0.83± 0.01 0.76± 0.01
MineSweeperMedium 0.64± 0.00 0.61± 0.00
MineSweeperHard 0.58± 0.01 0.58± 0.01
NavigatorEasy 0.89± 0.02 0.33± 0.08
NavigatorMedium 0.74± 0.08 0.25± 0.12
NavigatorHard 0.13± 0.45 0.09± 0.08
NoisyCartPoleEasy 0.95± 0.01 0.89± 0.01
NoisyCartPoleMedium 0.92± 0.01 0.86± 0.01
NoisyCartPoleHard 0.86± 0.02 0.81± 0.01
SkittlesEasy 0.80± 0.00 0.39± 0.01
SkittlesMedium 0.76± 0.02 0.36± 0.01
SkittlesHard 0.73± 0.01 0.31± 0.01
TetrisEasy 0.01± 0.00 0.01± 0.00
TetrisMedium 0.01± 0.01 0.01± 0.01
TetrisHard 0.01± 0.00 0.00± 0.00
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Table 4: Return for the GRU model, broken down by task and observability.

Environment MDP Return POMDP Return
AutoEncodeEasy 0.26± 0.00 0.26± 0.00
AutoEncodeMedium 0.23± 0.01 0.24± 0.02
AutoEncodeHard 0.23± 0.01 0.23± 0.02
BattleShipEasy 0.84± 0.01 0.84± 0.01
BattleShipMedium 0.76± 0.05 0.81± 0.01
BattleShipHard 0.71± 0.04 0.82± 0.01
BreakoutEasy 0.89± 0.01 0.62± 0.10
BreakoutMedium 0.85± 0.01 0.60± 0.08
BreakoutHard 0.85± 0.02 0.44± 0.02
CartPoleEasy 1.00± 0.00 0.98± 0.01
CartPoleMedium 0.99± 0.01 0.94± 0.02
CartPoleHard 0.96± 0.01 0.93± 0.04
CountRecallEasy 0.37± 0.04 0.36± 0.01
CountRecallMedium 0.19± 0.02 0.21± 0.03
CountRecallHard 0.16± 0.04 0.18± 0.08
MineSweeperEasy 0.85± 0.01 0.81± 0.01
MineSweeperMedium 0.66± 0.00 0.65± 0.01
MineSweeperHard 0.61± 0.01 0.61± 0.00
NavigatorEasy 0.90± 0.01 0.44± 0.06
NavigatorMedium 0.75± 0.25 0.34± 0.09
NavigatorHard 0.90± 0.04 0.38± 0.06
NoisyCartPoleEasy 0.98± 0.01 0.99± 0.00
NoisyCartPoleMedium 0.97± 0.02 0.98± 0.01
NoisyCartPoleHard 0.95± 0.02 0.97± 0.02
SkittlesEasy 0.86± 0.01 0.50± 0.00
SkittlesMedium 0.83± 0.00 0.45± 0.00
SkittlesHard 0.75± 0.00 0.40± 0.00
TetrisEasy 0.01± 0.00 0.01± 0.00
TetrisMedium 0.01± 0.00 0.01± 0.00
TetrisHard 0.01± 0.00 0.01± 0.00
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Table 5: Return for the FART model, broken down by task and observability.

Environment MDP Return POMDP Return
AutoEncodeEasy 0.25± 0.00 0.26± 0.00
AutoEncodeMedium 0.23± 0.01 0.23± 0.01
AutoEncodeHard 0.20± 0.03 0.21± 0.02
BattleShipEasy 0.66± 0.09 0.77± 0.02
BattleShipMedium 0.51± 0.01 0.52± 0.02
BattleShipHard 0.50± 0.00 0.50± 0.00
BreakoutEasy 0.10± 0.04 0.13± 0.02
BreakoutMedium 0.14± 0.01 0.11± 0.05
BreakoutHard 0.13± 0.01 0.10± 0.05
CartPoleEasy 0.98± 0.01 0.97± 0.01
CartPoleMedium 0.85± 0.06 0.78± 0.05
CartPoleHard 0.62± 0.06 0.60± 0.04
CountRecallEasy 0.39± 0.03 0.37± 0.02
CountRecallMedium 0.06± 0.00 0.10± 0.04
CountRecallHard 0.06± 0.01 0.05± 0.00
MineSweeperEasy 0.76± 0.01 0.73± 0.04
MineSweeperMedium 0.61± 0.02 0.59± 0.02
MineSweeperHard 0.55± 0.00 0.55± 0.01
NavigatorEasy 0.46± 0.14 0.36± 0.05
NavigatorMedium −0.27± 0.19 −0.28± 0.19
NavigatorHard −0.45± 0.03 −0.41± 0.02
NoisyCartPoleEasy 0.98± 0.01 0.97± 0.02
NoisyCartPoleMedium 0.96± 0.02 0.96± 0.01
NoisyCartPoleHard 0.92± 0.02 0.89± 0.01
SkittlesEasy 0.85± 0.01 0.32± 0.02
SkittlesMedium 0.80± 0.01 0.29± 0.01
SkittlesHard 0.75± 0.00 0.28± 0.01
TetrisEasy 0.01± 0.00 0.01± 0.00
TetrisMedium 0.01± 0.01 0.01± 0.01
TetrisHard 0.01± 0.00 0.00± 0.00
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Table 6: Return for the MLP model, broken down by task and observability.

Environment MDP Return POMDP Return
AutoEncodeEasy 0.26± 0.00 0.27± 0.00
AutoEncodeMedium 0.25± 0.00 0.25± 0.00
AutoEncodeHard 0.25± 0.00 0.25± 0.00
BattleShipEasy 0.85± 0.02 0.60± 0.04
BattleShipMedium 0.70± 0.04 0.56± 0.01
BattleShipHard 0.75± 0.03 0.53± 0.00
BreakoutEasy 0.93± 0.01 0.49± 0.02
BreakoutMedium 0.89± 0.02 0.49± 0.06
BreakoutHard 0.84± 0.02 0.34± 0.05
CartPoleEasy 0.99± 0.00 0.86± 0.02
CartPoleMedium 0.96± 0.01 0.47± 0.01
CartPoleHard 0.95± 0.01 0.31± 0.01
CountRecallEasy 0.40± 0.04 0.15± 0.01
CountRecallMedium 0.17± 0.02 0.06± 0.00
CountRecallHard 0.15± 0.01 0.08± 0.00
MineSweeperEasy 0.86± 0.01 0.72± 0.01
MineSweeperMedium 0.65± 0.01 0.59± 0.00
MineSweeperHard 0.57± 0.00 0.55± 0.00
NavigatorEasy 0.88± 0.02 −0.20± 0.05
NavigatorMedium 0.86± 0.01 −0.19± 0.02
NavigatorHard 0.94± 0.01 −0.07± 0.08
NoisyCartPoleEasy 0.94± 0.01 0.82± 0.02
NoisyCartPoleMedium 0.86± 0.01 0.74± 0.01
NoisyCartPoleHard 0.70± 0.01 0.66± 0.01
SkittlesEasy 0.84± 0.00 0.41± 0.00
SkittlesMedium 0.81± 0.00 0.37± 0.00
SkittlesHard 0.75± 0.01 0.33± 0.00
TetrisEasy 0.39± 0.02 0.39± 0.02
TetrisMedium 0.39± 0.02 0.39± 0.02
TetrisHard 0.22± 0.01 0.22± 0.01
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H ENVIRONMENT DESCRIPTIONS

We describe each of our implemented MDPs and rules. Then, we explain how and why we make each MDP
into a POMDP.

H.1 BATTLESHIP

MDP The agent’s goal is to sink all the pre-placed ships to win the game. The
agent controls a cursor that represents its current position on the grid. Each turn,
the agent can either move the cursor one space or choose to ”FIRE” the current
grid cell. Each cell can be in one of three states: COVERED, HIT, or MISS.
Initially, all cells are COVERED, but each changes to HIT or MISS upon firing.
The agent receives a positive reward for hitting a ship, a neutral reward (0) for
the first miss on a COVERED cell, and a negative reward for repeatedly firing
HIT or MISS cells.

POMDP We make this task partially observable by only showing the HIT or
MISS markers for the tile the cursor currently occupies. All other tiles appear
COVERED, regardless of whether they have been fired upon. This does not affect
the reward function, only the observation function.

POMDP Required Capabilities The agent must remember the tile label (HIT/MISS) of previously fired
upon tiles, or risk running out of moves. This capability is critical for avoiding redundant actions, which
incur negative rewards, and performing an efficient search of locations and ships. This will test spatial
memory and integrate a sequence of localized observations into a coherent ability.

MDP Recovery from POMDP By retaining all prior observations, the agent can view all the same
HIT/MISS markers as in the MDP.

H.2 COUNT RECALL

MDP Every turn, the agent gets a value card and a query card. All previous
value cards are displayed to the agent. The agent’s task is to figure out how many
times the query card has shown up so far. To do this, the agent counts how many
times it has received the matching value card and uses that as the answer. If
the agent guesses the correct count, it receives a positive reward. If the guess is
incorrect, the agent receives no reward (0). This setup encourages the agent to
accurately track and recall the frequency of specific cards over time.

POMDP All previous value cards are hidden, the agent may only observe the
current value and query card.
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POMDP Required Capabilities The agent must learn to implement a latent counter for each card type to
track the number of times a card has appeared. At each timestep, the agent must utilize these counters to
answer the query.

MDP Recovery from POMDP By retaining all prior observations, the agent can reconstruct the MDP
view from the suits at the top of the screen.

H.3 MINE SWEEPER

MDP The agent’s goal is to hit all the non-mine cells to win the game, inspired
by the classic computer game Minesweeper. Similar to Battleship environments,
the agent controls a cursor to navigate the grid and can either move to an adjacent
cell or sweep the current cell each turn. Sweeping a safe cell earns the agent a
positive reward and reveals the number of adjacent mines, while hitting a mine
results in negative reward and ends the game. If the agent tries to sweep a cell
that has already been revealed, it receives a small negative reward. This reward
structure encourages the agent to explore efficiently, avoid mines, and minimize
redundant actions to maximize its cumulative reward.

POMDP In the POMDP variant, the agent can only observe the tile at the cursor
position. All other tiles appear covered.

POMDP Required Capabilities The agent must remember the number of adjacent mines for previously
swept tiles, while simultaneously learning the fairly complex rules of the game. In particular, the agent must
predict the location of mines from a partial view of adjacency information, which itself must be memorized.

MDP Recovery from POMDP By retaining all prior observations, the agent can view all the same tile
values as in the MDP.

H.4 AUTOENCODE

MDP This game is similar to Simon but played in reverse. The agent’s task is
to recall and replay a sequence of cards in the opposite order they were shown.
During the WATCH phase, the agent observes a randomly generated sequence of
cards. This sequence is displayed on-screen. In the PLAY phase, the agent must
reproduce the sequence in reverse order. The agent receives a positive reward for
each correct card played and no reward (0) for incorrect choices.

POMDP This variant does not display the series of cards to the screen. At each
timestep during the WATCH phase, the agent receives only the corresponding
card.
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POMDP Required Capabilities By playing the cards in reverse order, the agent must learn to push and
pop from a stack in latent space. Sequence permutation (pushing and popping) is well-known to be NC1

complexity and not solvable by transformers in constant depth (Merrill et al., 2024). Only nonlinear RNNs
can solve such a task in constant depth.

MDP Recovery from POMDP By retaining all prior observations, the agent can reconstruct the MDP
view using the suits at the top of the screen.

H.5 NAVIGATOR

MDP The agent’s goal is to navigate and open the treasure on the board while
avoiding the TNT. The agent navigates using a cursor that marks its current po-
sition. On each turn, it can either shift the cursor to an adjacent cell or decide
to open the cell it is currently in. Every move the agent makes results in a small
negative reward. If the agent lands on a TNT cell, it receives a significant neg-
ative reward, and the game ends immediately. This environment challenges the
agent to discover the most efficient path to the treasure, aiming to maximize its
cumulative reward by completing the game as quickly as possible.

POMDP The agent only sees the position of the treasure and TNT blocks at the
initial timestep. Afterwards, the agent can only see its current position.

POMDP Required Capabilities The agent must remember the position of the treasure and TNT blocks
over time. It must perform path planning within the learned memory state to reach the goal quickly.

MDP Recovery from POMDP By retaining the first observation, the agent has access to the goal location.
Retaining all consecutive actions enables reconstruction of the agent’s current location.

H.6 SKITTLES

MDP This game is inspired by many Atari games that focus on moving the
main character to avoid touching enemies. The agent is a white square at the
bottom of the screen and must dodge colored falling blocks. Upon touching a
colored block, the game terminates. The agent receives a positive reward for
surviving and a negative reward for touching a colored block. We spawn the
colored blocks in such a way that the agent always has a feasible path for survival.

POMDP In the POMDP variant, each colored block has only a 50% probabilty
of being rendered at each timestep, causing them to flicker in and our of the
agent’s view, the agent cannot rely on the current observation to navigate safely.
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POMDP Required Capabilities The agent must use its memory to develop a form of object permanence,
tracking the downward trajectories of blocks even when they are temporarily invisible. This requires the
agent to maintain an internal belief about all colored blocks, integrating history observations to infer the
complete observation of the envvironment.

MDP Recovery from POMDP The blocks have a 50% chance of rendering. Given that there are 11 tiles
between the block spawn point and the agent, there is a 1 − 0.511 = 0.9995 chance that each block will be
rendered at least once. By retaining all frames, the agent can reconstruct the position of all blocks (MDP
state).

H.7 BREAKOUT

MDP This game is based on the classic Atari Breakout game. The agent con-
trols a paddle that they may use to deflect a moving ball. When the ball touches
colored blocks, the blocks deflect the ball and then disappear. The agent receives
positive reward when the ball collides with colored blocks, and a negative reward
and termination condition when the ball passes the paddle and leaves the bottom
of the play area. To make this game fully observable, we also provide a ball “tail”
that determines the velocity direction and magnitude of the ball. Upon clearing
all the blocks, the game terminates.

POMDP In the POMDP variant, we remove the tail. Furthermore, the ball is
only visible when moving upward. It becomes invisible when moving downward.
We make sure to start the game with the ball moving upward so the agent knows
the initial position and velocity of the ball.

POMDP Required Capabilities Unlike other tasks, Breakout enables episodes that are thousands of
timesteps long, allowing us to understand how memory adapts over very long sequences. This POMDP
primarily tests short-term memory, as the agent need only (1) integrate position to predict velocity and (2)
remember where the ball was a few timesteps ago to predict the future path of the ball. But it must learn a
representation that can do so reliably over long durations.

MDP Recovery from POMDP By retaining all observations up to and including collision of the ball with
the block, the agent can predict the deterministic angle and velocity at which the ball will reflect. This
information is sufficient to predict the position and velocity of the ball, recovering the MDP.
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H.8 TETRIS

MDP This is the well-known Russian puzzle game. Colored blocks of various
shapes are dropped from the top of the screen, and the player controls their de-
scent (position and rotation). Upon reaching the bottom of the screen or touching
another block, the controlled block is frozen in-place and a new agent-controlled
block is spawned. The blocks slowly pile up, and the agent receives a negative re-
ward and termination upon the blocks reaching the top of the screen. Completely
filling a row with blocks “clears” the row, deleting the tiles in the row and provid-
ing a positive reward. The game also terminates after clearing a predetermined
number of rows.

POMDP In the POMDP variant, once a block is frozen in place, it becomes
invisible. Only the currently controlled block and block-clear animation are visi-
ble to the agent. This is known as “Invisibile Tetris” and has a significant human
following and some associated human competitions as well.

POMDP Required Capabilities Invisible Tetris is arguably the most difficult task we propose. Standard
Tetris is already a fairly hard task, as as far as we know, unsolved by RL. Even Tetris Grand Masters struggle
with Invisible Tetris. The arrangement of tiles is complex and constantly shifting. It must be memorized
perfectly, and a small error in state quickly compounds as the hidden structure undergoes mutation. This
POMDP requires very strong state tracking capabilities and the ability to learn very difficult games.

MDP Recovery from POMDP Each block is visible during the timestep it is locked in place. Considering
all observations therefore provides all block positions and recovers the MDP.

H.9 CARTPOLE

MDP The CartPole environment is a classic control problem framed as a
Markov Decision Process (MDP), where the objective is to balance a pole on
a moving cart.

POMDP In the POMDP version, after the initial timestep, the cart and pole
are hidden from the agent while the arrows representing velocity remain. A hori-
zontal arrow representing the cart’s velocity and a curved arrow representing the
pole’s angular velocity. The size of each arrow is proportional to the magnitude
of the corresponding velocity. This creates a pixel-form of the position-masked
CartPole problem.

POMDP Required Capabilities To succeed, the agent must integrate velocity signals from all prior
timesteps to infer the hidden positional information, directly testing the model’s capacity to maintain an
internal state from a stream of partial information.
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MDP Recovery from POMDP By considering the initial position (rendered) and integrating over all
velocities, the agent can predict cart and pole position information.

H.10 NOISYPOLE

MDP This task is Cartpole (Env. 1) affected by Gaussian noise on position and
speed of the cart as well as angle and angular velocity of the pole. The result of
noise is still reflected in the arrow magnitudes.

POMDP After the initial timestep, the cart and pole are hidden from the agent,
providing only the velocity arrows.

POMDP Required Capabilities This is a harder version of the CartPole POMDP. Morad et al. (2023a)
demonstrates that certain memory-free policies can do well in POMDP CartPole, perhaps by learning a time-
varying policy. Adding noise results in a better test of memory, as the agent must remember and react to the
noise. A simple time-varying policy is insufficient to solve this task.

MDP Recovery from POMDP By considering the initial position (rendered) and integrating over all
velocities, the agent can predict cart and pole position information. Noise information is reflected in the
velocity observations, allowing integration to recover the full state.
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I HARDWARE-ACCELERATED RL

Copying observations from CPU to GPU during rollouts is a major efficiency bottleneck in the training
process (Lu et al., 2022). Using JAX, we can implement environments on accelerator hardware, avoiding
copy overhead and training policies up to one thousand times faster (Lange, 2022; Koyamada et al., 2023;
Matthews et al., 2024b). We highlight Matthews et al. (2024a); Pignatelli et al. (2024); Lu et al. (2024)
which offer hardware-accelerated POMDPs. With improved environment throughput, we can consider new
training paradigms like Podracer (Hessel et al., 2021; Toledo, 2024). In this work, we focus on the PQN
algorithm (Gallici et al., 2024), a simplified podracer version of Q learning. Unlike DQN (Mnih et al., 2015),
PQN does not use target networks or replay buffers, and opts for an on-policy TD(λ) objective.

Given the poor sample efficiency of RL, we focus on maintaining high environment throughput. First and
foremost, we ensure that all environments are implemented in JAX (Bradbury et al., 2018) in a vector-
izable and compilable form to leverage hardware acceleration. Beyond this, we find a number of small
tricks can improve performance. Pre-caching sprites and their pixel positions upon reset provides noticeable
performance gains, and replacing calls to jax.lax.cond with jax.lax.switch provides increased
throughput.

I.1 VECTORIZED STATE TRANSITIONS AND RENDERING

Our rendering system is built on a canvas framework. We draw to the canvas using primitives, such as
letters, numbers, shapes, and more. All rendering functions are pure (without side effects), and may be
easily vectorized or compiled. We build our rendering framework on top of jax.numpy and does not
use any external dependencies. With these tools, anyone can easily render their own custom grid-based or
card-based environments for further research and exploration.

Seven of ten of our proposed environments come with fairly intricate rules, requiring multiple iterations of
pattern rendering on the canvas. These complex tasks can be broadly split into two rendering categories:
grid-based environments, like Battleship, and card-based environments, like CountRecall. Initially, we re-
rendered at each step, but this was slow, even with JIT compilation. We found that removing dynamic
computations improved performance, which we detail below.

Grid-Based Environments In grid-based games, we divide the entire canvas into a bunch of small square
cells, where each cell displays either the same or a unique pattern to reflect the environmental info contained
in the current state. We precompute the coordinates of every cell that needs to be drawn on the canvas and
stash them in two matrices – one for the x-axis positions and one for the y-axis. During rendering, we
leverage jax.vmap to handle the process in parallel along the row dimension.

Card-Based Environments We precompute all possible card templates (value, query, and historical cards)
during initialization period, avoiding repetitive redrawing of static elements like suits or card positions. This
turns dynamic rendering into a fast lookup-and-merge process. For example, when rendering value or query
cards, we retrieve pre-drawn templates and apply them to the canvas using masks, skipping pixel-by-pixel
logic during runtime. For the history display, we vectorize the drawing of historical cards using jax.vmap,
generating all variations upfront and later selecting only the visible ones with fast array indexing. By JIT-
compiling the render function, we lock these optimizations into a highly efficient, hardware-accelerated
pipeline. The benefits are reduced per-frame computation, minimal branching, and GPU-friendly opera-
tions—all critical for real-time rendering. Even when rendering complex elements like the history grid,
we avoid loops and instead use clever indexing with jnp.argmax and masks to overlay the latest valid
symbols.
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J RELATED BENCHMARKS

Below, we list additional relevant benchmarks and their characteristics. A tilde in the MDP Twins columns
means that MDP and POMDP twins do not share observation spaces, making causal studies difficult. Our
benchmark is the only one with POMDP/MDP twins and GPU acceleration.

Benchmark POMDP/MDP Twins GPU

MuJoCo/MJX (Todorov et al., 2012) ✓
Atari/ALE (Bellemare et al., 2013)
DMLab (Beattie et al., 2016)
MiniGrid/Navix (Chevalier-Boisvert et al., 2018), (Pignatelli et al., 2024) ∼
Memory Task Suite (Fortunato et al., 2019)
MinAtar (Young & Tian, 2019)
EnvPool Weng et al. (2022) ✓
Gymnax (Lange, 2022) ✓
POMDP Baselines (Ni et al., 2022) ∼
MemoryGym (Pleines et al., 2022) ✓
POPGym/POPJaxRL (Morad et al., 2023a), (Lu et al., 2024) ∼
PGX (Koyamada et al., 2023) ✓
MDP Playground (Rajan et al., 2023) ✓
Jumanji (Bonnet et al., 2024) ✓
Kinetix (Matthews et al., 2024b) ✓
Craftax (Matthews et al., 2024a) ✓
POPGym Arcade (ours) ✓ ✓

K RECURRENT MODELS

In this appendix, we provide detailed descriptions of the recurrent models used in our experiments. We
categorize these models into two families: classical recurrences, such as LSTMs and GRUs, which process
sequences step-by-step, and associative recurrences, which leverage parallelizable operators for significantly
faster computation.

K.1 CLASSICAL RECURRENCES

Classical recurrent models, such as the Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU),
process sequential information in a strictly ordered manner. The computation of the hidden state at any
step t, denoted as ht = f(ht−1, xt), is fundamentally dependent on the completion of the previous step’s
computation, ht−1. This creates a sequential chain of operations that cannot be parallelized.

LSTM The LSTM network (Hochreiter & Schmidhuber, 1997) introduces a dedicated cell state ct to carry
information over long sequences, separate from the hidden state ht. Information flow is regulated by three
gates: an input gate it, a forget gate ft, and an output gate ot. At each timestep t, the LSTM updates its
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states as follows:

ft = σ(Wf [ht−1, xt] + bf ) (9)
it = σ(Wi[ht−1, xt] + bi) (10)
ot = σ(Wo[ht−1, xt] + bo) (11)
c̃t = tanh(Wc[ht−1, xt] + bc) (12)
ct = ft ⊙ ct−1 + it ⊙ c̃t (13)
ht = ot ⊙ tanh(ct), (14)

where σ is the sigmoid function, ⊙ denotes element-wise multiplication, and [ht−1, xt] is the concatenation
of the previous hidden state and the current input.

GRU The Gated Recurrent Unit (GRU) (Chung et al., 2014) simplifies the LSTM architecture by merging
the cell state and hidden state into a single hidden state vector ht. It uses two gates: a reset gate rt and
an update gate zt. The reset gate determines how to combine the new input with the previous hidden state,
while the update gate decides how much of the previous hidden state to retain. The update equations are:

zt = σ(Wz[ht−1, xt] + bz) (15)
rt = σ(Wr[ht−1, xt] + br) (16)

h̃t = tanh(Wh[rt ⊙ ht−1, xt] + bh) (17)

ht = (1− zt)⊙ ht−1 + zt ⊙ h̃t. (18)

The GRU’s simpler structure makes it computationally more efficient than the LSTM while often achieving
comparable performance.

K.2 ASSOCIATIVE RECURRENCES

Associative recurrent models, also known as linear recurrent models or memoroids (Morad et al., 2024),
update the recurrent state with a binary operator • that obeys the associative property

h3 = (x1 • x2) • x3 = x1 • (x2 • x3). (19)

Given an associative recurrent update, we can leverage the associative property to rearrange the order of
operations. For example, given four inputs x1, x2, x3, x4, we can compute either

h4 = (((x1 • x2) • x3) • x4) h4 = (x1 • x2) • (x3 • x4). (20)

The former case corresponds to standard recurrent networks, relying on the prior recurrent state to compute
the current state, resulting in linear time complexity. In the latter case, we can compute x1 • x2 and x3•
x4 in parallel, achieving logarithmic parallel time complexity (Hinze, 2004). Blelloch (1990) provide an
associative scan implementation with linear space complexity. Associative recurrences are orders of magni-
tude faster than classical RNNs in practice, while using much less memory than transformers, making them
useful in sample inefficient tasks like RL (Lu et al., 2024).

Our experiments rely on three distinct associative recurrent models: the Fast Autoregressive Transformer
(FART) (Katharopoulos et al., 2020), a form of State-Space Model (Gu et al., 2022) called the Linear Re-
current Unit (LRU)(Orvieto et al., 2023), and a GRU (Chung et al., 2014) variant of a Minimal Recurrent
Network called the MinGRU (Feng et al., 2024). We provide formal descriptions of each model below.

Linear Transformers Standard transformers have quadratic space complexity from the outer product of
keys and queries. The Fast Autoregressive Transformer (FART) (Katharopoulos et al., 2020) replaces soft-
max attention with a kernelized attention mechanism to achieve linear space complexity and logarithmic
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time complexity via associative recurrent updates

ht = ht−1 + ϕ(Wkxt)ϕ(Wvxt)
⊤ ŝt = MLP

(
x+

ϕ(Wqxt)
⊤ht

ϕ(Wqxt) ·
∑t

i=0 ϕ(Wkxi)

)
. (21)

Here, ϕ(x) = 1 + ELU(x) represents a kernel-space projection and the recurrent state h represents the
attention matrix. Wk,Wv,Wq represent the key, query, and value projection parameters. To compute ŝt, we
multiply the recurrent attention matrix by the query vector and normalize by a scalar.

State-Space Models State-Space Models (SSMs) (Gu et al., 2022) model an associative recurrence via

ht = WAht−1 +WBxt ŝt = WCht +WDxt, (22)

where WA,WB ,WC ,WD are discretizations of carefully initialized trainable parameters
WA,WB ,WC ,WD. In practice, we initialize WA,WB ,WC ,WD deterministically. Deterministic
initialization applied to many consecutive SSM layers can result in instabilities, and so Orvieto et al. (2023)
proposes a meticulously derived random initialization and new parameterization of SSM parameters. They
call their method the Linear Recurrent Unit (LRU).

Minimal Recurrent Networks Feng et al. (2024) revisit the popular Gated Recurrent Unit (GRU) (Chung
et al., 2014) and Long Short-Term Memory (LSTM) (Hochreiter & Schmidhuber, 1997) RNNs. They sim-
plify the GRU and LSTM recurrent updates, proposing the MinGRU and MinLSTM with efficient associative
recurrent updates. The authors write the MinGRU as

ht = (1− σ(W1xt + b1))⊙ ht−1 + σ(W1xt + b1)⊙ tanh(W2xt + b2) ŝt = ht, (23)

with trainable parameters W1, b1,W2, b2, sigmoid function σ, and elementwise product ⊙. The authors find
that the MinGRU outperforms multiple SSM variants across offline reinforcement learning tasks, using an
offline decision transformer (Chen et al., 2021) framework.
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L NETWORK ARCHITECTURE

PQN Our Q-network combines spatial feature extraction with decision policy learning through a
JAX/Equinox implementation. The network processes batches of 128 × 128 RGB images through four
convolutional blocks, followed by three dense layers with intermediate normalization (Table 7).

Table 7: Q network architecture

Layer Parameters Activation

Conv2D-1 Channels: 3, 64, Kernel: 5× 5, Stride: 2 LeakyReLU

MaxPool2D-1 Pool: 2× 2, Stride: 2 –

Conv2D-2 Channels: 64, 128, Kernel: 3× 3, Stride: 2 LeakyReLU

MaxPool2D-2 Pool: 2× 2, Stride: 2 –

Conv2D-3 Channels: 128, 256, Kernel: 3× 3, Stride: 2 LeakyReLU

MaxPool2D-3 Pool: 2× 2, Stride: 2 –

Conv2D-4 Channels: 256, 512, Kernel: 1× 1, Stride: 1 LeakyReLU

Dense-1 Features: 512, 256 LeakyReLU

LayerNorm Shape: 256 –

Dense-2 Features: 256, 256 LeakyReLU

LayerNorm Shape: 256 –

Dense-3 Features: 256, 5 –

PQN × RNN Our recurrent Q-network extends the base architecture with explicit memory handling
through a hybrid CNN-RNN-MLP design. The RNN combines a 512-channel input tensor x with a 5-
dimensional one-hot encoded last action vector from POPGym Arcade, processes these through its 512-unit
hidden state, and generates 256-dimensional output features (Table 8).

Table 8: Recurrent Q network architecture

Layer Parameters Activation

Conv2D-1 Channels: 3, 64, Kernel: 5× 5, Stride: 2 LeakyReLU

MaxPool2D-1 Pool: 2× 2, Stride: 2 –

Conv2D-2 Channels: 64, 128, Kernel: 3× 3, Stride: 2 LeakyReLU

MaxPool2D-2 Pool: 2× 2, Stride: 2 –

Conv2D-3 Channels: 128, 256, Kernel: 3× 3, Stride: 2 LeakyReLU

MaxPool2D-3 Pool: 2× 2, Stride: 2 –

Conv2D-4 Channels: 256, 512, Kernel: 1× 1, Stride: 1 LeakyReLU

RNN Cell Input, Hidden, Output: 517, 512, 256, Num Layer: 2

Dense Features: 256, 5 –

45



2115
2116
2117
2118
2119
2120
2121
2122
2123
2124
2125
2126
2127
2128
2129
2130
2131
2132
2133
2134
2135
2136
2137
2138
2139
2140
2141
2142
2143
2144
2145
2146
2147
2148
2149
2150
2151
2152
2153
2154
2155
2156
2157
2158
2159
2160
2161

M EXPERIMENT HYPERPARAMETERS

We used one set of hyperparameters for all our PQN experiments. Please see the following section for the
hyperparameter selection methodology.

Table 9: PQN hyperparameters used in all of our experiments. See Gallici et al. (2024) for a detailed
description of hyperparameters.

Parameter Value
TOTAL TIMESTEPS 10e6, 20e6
TOTAL TIMESTEPS DECAY 1e6, 2e6
NUM ENVS 16
NUM STEPS 128
EPS START 1.0
EPS FINISH 0.05
EPS DECAY 0.25
NUM MINIBATCHES 16
NUM EPOCHS 4
NORM INPUT False
NORM TYPE layer norm
LR 0.00005
MAX GRAD NORM 0.5
LR LINEAR DECAY True
REW SCALE 1.0
GAMMA 0.99
LAMBDA 0.95
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2162
2163
2164
2165
2166
2167
2168
2169
2170
2171
2172
2173
2174
2175
2176
2177
2178
2179
2180
2181
2182
2183
2184
2185
2186
2187
2188
2189
2190
2191
2192
2193
2194
2195
2196
2197
2198
2199
2200
2201
2202
2203
2204
2205
2206
2207
2208

N HYPERPARAMETER SELECTION METHODOLOGY

To select hyperparameters, we performed a manual sweep over four model architectures (MLP, MinGRU,
LRU, and FART) across six tasks (CartPole, Navigator, BattleShip, MineSweeper, CountRecall, and Au-
toEncode), and all three difficulty levels. We evaluated the training timesteps, learning rate and schedule,
exploration parameters, batch size, number of minibatches per epoch, gradient clipping magnitude. These
refer to TOTAL TIMESTEPS, LR, LR LINEAR DECAY, TOTAL TIMESTEPS DECAY, EPS START,
EPS FINISH, EPS DECAY, NUM STEPS, NUM ENVS, NUM MINIBATCHES, MAX GRAD NORM respec-
tively.

Unlike the original PQN paper which annealed learning epsilon to near-zero over the entire training duration,
we found it beneficial to decay more quickly to a slightly higher final epsilon value. When experimenting
with epsilon decay to 0.01 and 0.05 over the episode, we noticed that most learning tended to happen near
the ends of training. By quickly annealing to 0.05, the policies learned much more quickly. We found
annealing epsilon to 0.01 produced suboptimal results.

The batch size is a function of the number of workers and the number of steps taken at each epoch. We found
decreasing the number of steps below 128 hurt performance, and increasing it beyond 128 yielded similar
results but reduced sample efficiency. With a number of steps at 128, we found that doubling the batch size
via double the number of workers, did not produce a noticeable improvement. Performance increased as we
increased the number of minibatches to 16, beyond which we did not see meaningful improvements.

We found that changing lambda from the PQN recommended 0.65 to our selected 0.95 resulted in the best
returns. We evaluated learning rates including 0.0005, 0.0001, 0.00005, 0.00001 finally settling on 0.00005.
We found linear LR decay outperformed no decay, and that decaying over the first tenth of an episode
produced better results than decaying over the full training duration. We tested gradient clipping values of
1.0 and 0.5, selecting the smaller value for training stability despite a minor efficiency reduction.
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O HUMAN BASELINES

We added human baseline results in our study. Each human was provided the docstring associated with each
game, then played the game using the arrow keys and spacebar. The scores were recorded and uploaded for
our analysis.

These baselines are computed from five participants, matched against the five seeds reported in the Fig. 2.
We report the per-task breakdown of normalized returns in [0, 1] at the end of this response.

In general, humans tend to perform better on card games, perform similarly on board games, and perform
worse on control tasks. Overall, the MLP outperforms humans on MDPs. Humans make up this gap when
introducing partial observability, scoring almost the same as the MLP.

Table 10: Return for the human baselines, broken down by task and observability.

Environment MDP Return POMDP Return
AutoEncodeEasy 0.79± 0.39 0.28± 0.09
AutoEncodeMedium 0.82± 0.17 0.27± 0.08
AutoEncodeHard 0.58± 0.12 0.28± 0.04
BattleShipEasy 0.96± 0.09 0.71± 0.08
BattleShipMedium 0.92± 0.08 0.73± 0.29
BattleShipHard 0.94± 0.13 0.66± 0.22
CartPoleEasy 0.22± 0.11 0.18± 0.10
CartPoleMedium 0.16± 0.10 0.07± 0.05
CartPoleHard 0.12± 0.12 0.07± 0.05
CountRecallEasy 0.78± 0.10 0.35± 0.20
CountRecallMedium 0.68± 0.17 0.15± 0.08
CountRecallHard 0.57± 0.11 0.14± 0.09
MineSweeperEasy 0.78± 0.16 0.79± 0.13
MineSweeperMedium 0.41± 0.21 0.30± 0.14
MineSweeperHard 0.26± 0.28 0.17± 0.17
NavigatorEasy 0.97± 0.02 0.97± 0.02
NavigatorMedium 0.97± 0.01 0.97± 0.01
NavigatorHard 0.97± 0.01 0.68± 0.67
NoisyCartPoleEasy 0.09± 0.05 0.16± 0.12
NoisyCartPoleMedium 0.19± 0.13 0.17± 0.08
NoisyCartPoleHard 0.18± 0.09 0.14± 0.12
BreakoutEasy 0.55± 0.45 0.08± 0.03
BreakoutMedium 0.81± 0.39 0.06± 0.02
BreakoutHard 0.72± 0.39 0.06± 0.05
SkittlesEasy 0.80± 0.33 0.54± 0.33
SkittlesMedium 0.76± 0.32 0.59± 0.39
SkittlesHard 0.69± 0.30 0.42± 0.24
TetrisEasy 0.21± 0.14 0.02± 0.03
TetrisMedium 0.18± 0.12 0.03± 0.03
TetrisHard 0.03± 0.04 0.00± 0.00
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P COMPUTE RESOURCES

We used approximately 231 days equivalent training time on an RTX4090 GPU to produce a little over
2,000 total runs. We used an unknown amount of additional resources to tune hyperparameters and rerun
experiments after fixing bugs.

Q LLM USAGE

We used LLMs as a writing aid for portions of the paper. We used it to improve grammar and clarity, as well
as to restructure the order in which we present our ideas.
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