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Abstract

Reinforcement learning (RL) under partial observability typically re-
lies on recurrent networks to encode temporal information, with the
recurrent module trained jointly with the policy or value function.
This raises a natural question: is learning the recurrent network
actually necessary? In this paper, we investigate whether a frozen
recurrent network can provide sufficient memory for solving par-
tially observable Markov decision processes (POMDPs). Motivated
by the theoretical foundations of Reservoir Computing (RC) and
Generalized Reservoir Computing (GRC), we study a simple archi-
tecture that combines a fixed recurrent network with a trainable
nonlinear output module. We evaluate this approach across tasks
with varying memory demands, observation modalities, and action
spaces. Surprisingly, frozen recurrent networks support recall over
hundreds of steps and achieve competitive control performance
across diverse POMDPs, while using less than half the number of
trainable parameters required by their fully trainable counterparts.
These results suggest that learning the recurrent memory module
is not always necessary for solving POMDPs. Frozen recurrent
networks therefore provide a simple, parameter-efficient, and sur-
prisingly strong baseline for partially observable RL. Our source
code is available at https://github.com/Aphlios/FRN-POMDP.
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1 Introduction

Reinforcement learning (RL) is commonly formulated as a Markov
Decision Process (MDP), in which the current state contains all
information needed for optimal decision making [56]. In many
real-world settings, however, agents cannot directly observe the
underlying state and instead receive partial or noisy observations
that do not satisfy the Markov property. Such problems are natu-
rally modeled as partially observable Markov decision processes
(POMDPs). By incorporating memory, an agent can summarize
its interaction history into a latent state representation that cap-
tures information missing from the current observation, thereby
approximating a Markovian representation and enabling standard
RL methods to be applied more effectively in partially observable
settings [29].

Recurrent neural networks (RNNs) (7, 13, 26], Transformers [2,
31, 48, 51, 53, 61], and state-space models (SSMs) [20, 21, 37, 38,
46, 49] have all been used as memory modules in model-free RL
to summarize trajectory information and address POMDPs [47].
These memory models are usually trained jointly with the policy
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Table 1: Parameter counts for two types of recurrent agents
we used. All hidden layers have the same width. Reduction
is relative to the fully trainable agent.

Model Total Trainable Frozen Reduction
PON

GRU 1,119,746 1,119,746 0 —

Frozen GRU 1,119,746 331,778 787,968 70.37%

LRU 858,114 858,114 0 —

Frozen LRU 858,114 331,778 526,336 61.34%
PPO

GRU 1,385,221 1,385,221 0 —

Frozen GRU 1,385,221 597,253 787,968 56.88%

LRU 1,123,589 1,123,589 0 —

Frozen LRU 1,123,589 597,253 526,336 46.84%

or value function. However, this raises the question that is learn-
ing the memory module actually necessary? Several observations
suggest that it may not always be. Tallec et al. [58] report that
using an untrained Mixture-Density Recurrent Neural Network
(MDRNN) from Ha and Schmidhuber [24] leads to only a 1.16%
performance increase in a model-based RL setting. More recently,
Gu et al. [22] show that freezing the recurrent and input matrices of
S4 and S4D can preserve performance on certain tasks. These find-
ings are closely related to Reservoir Computing (RC) [27, 39, 40],
where a randomly initialized recurrent network serves as a fixed
temporal feature extractor and only the output mapping is learned.
Despite these promising observations, it remains unclear whether a
frozen recurrent network can serve as effective memory for general
POMDPs. We therefore ask: can an agent solve POMDPs using a
randomly initialized recurrent network as memory while learning
only the policy or value function, and what design choices make
this possible? As shown in Tab. 1, freezing the recurrent memory
can substantially reduce the number of trainable parameters, moti-
vating a simpler and more parameter-efficient approach to partially
observable RL.

To answer this question, we need to revisit Reservoir Computing
(RC) mentioned before, because it is the most mature paradigm
to design and leverage frozen recurrent networks. RC typically
consists of two components, a reservoir and a readout. Generally,
reservoir is a randomly initialized RNN and its weights remain
frozen during training. The Echo State Network (ESN) [27] is a
widely used architecture of RC. A key gaurantee in ESN is the Echo
State Property (ESP) which indicates that the hidden state should
be independent of its initial state and only retain information about
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architecture of our simple MLP in detail. We also illustrate the architecture of the frozen recurrent network in Fig. 7.

the input history. However, recurrent networks used in RL are
usually different from the architecture of ESN, and the ESP is not
a necessary condition for recurrent networks design. Generalized
reservoir computing (GRC) [33] offers a broader perspective of
ESP, which verify that a suitable readout can restore input history
even the hidden state retain dependence from initialization. This
suggests that ESP is unnecessary for using frozen recurrent network
as memory in recurrent agent.

Through extensive experiments, we find that, similar to [58],
frozen recurrent networks can match the performance of train-
able counterparts across a wide range of partially observable tasks,
including long-horizon delayed-recall problems, discrete and con-
tinuous control, and pixel-based POMDPs. Performance degrada-
tion appears only in a small number of task-specific cases, where
freezing the recurrent network leads to modest losses.

Here, we summarize the main contributions in this paper as
follows: (1) We investigate whether frozen recurrent networks can
serve as effective memory modules for solving POMDPs. (2) We
propose a simple and effective agent architecture that uses a frozen
recurrent network as memory, reducing the number of trainable
parameters in RL by more than half. (3) Across a diverse set of
POMDPs, we provide empirical evidence that learning the recurrent
memory module is not always necessary for strong performance
in partially observable RL. (4) We further show that agents with
frozen recurrent memory can successfully learn visual encoders for
high-dimensional partially observable control tasks.

2 Related Work

Recurrent Memory in Partially Observable RL. Recurrent agents
learn history-dependent representations through LSTM-based ar-
chitectures and online recurrent updates [12, 30]. GTrXL, CoBERL,
HCAM, DTQN, AGaLiTe, and RATE use attention or recurrent
memory to process past information [2, 6, 14, 34, 51, 53]. S5, FFM,
and SHM provide structured recurrence and memory updates [36,
37, 45]. MERLIN and MRA combine recurrent networks with ex-
ternal memory to store past experiences and retrieve information

for decision making [15, 64]. These approaches still involve learn-
ing many parameters within their recurrent memory. We explore
an alternative approach by adapting existing trainable recurrent
architectures into frozen recurrent memories for solving POMDPs.

Reservoir Computing and RL. Reservoir computing separates
a fixed recurrent backbone from a trainable readout [27, 40]. In
POMDPs, ESN-based methods exploit this separation to construct
history-dependent state representations for decision making [57,
65]. With trainable actor—critic readouts, ESNs can achieve com-
petitive performance with learned recurrent memories on several
memory-intensive tasks [41]. Related work has also explored fixed
exponential memory traces for value prediction and control [11].
However, these studies primarily focus on reservoir-specific archi-
tectures rather than frozen versions of standard recurrent networks.
We take a simpler approach: directly freeze the recurrent unit of
conventional architectures and train only the downstream policy
or value function. Despite this minimal modification, the result-
ing agents achieve strong performance across a diverse range of

POMDPs.

RL with Frozen Recurrent Networks. Conventional frozen recur-
rent networks can also supply memory. Agents with randomly
initialized frozen LSTMs can learn visual interval-timing tasks [9].
In robotic control, gated feature extraction combines an untrained
GRU’s summary of preceding observations with the current obser-
vation for TD3 [3]. However, agents with frozen RNNs and GRUs
failed on accumulating-towers, range-count, and exact-count tasks
under the reported A2C setup [43]. However, these studies evaluate
a limited range of POMDP environments. They also do not examine
the theoretical basis of this phenomenon. We draw on GRC to guide
the design of agents with frozen recurrent networks. Our simple

architecture enables these agents to solve complex POMDPs.
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3 Background

3.1 Reinforcement Learning (RL)

A Markov Decision Process (MDP) [56] is a tuple M = (S, A, P, R, y),
with state space S, action space A, state transition function P(ss4;
|s¢, a;), reward function R(r;|s;, a;) and discount factor y. In RL,
at each timestep t, the agent observes a state s; € S and selects
an action a, with respect to its policy a; ~ x(-|s;), which leads
the agent to a new state s;11 ~ P(+|s, a;) while emitting a reward
r+ ~ R(-|st, a;). The Markov property states that the next state s;41
depends only on the current state s; and action ay, as follows:

P(st41lSe, ar) = P(St41lSe, @z, St—-1, @1, .., S0, Ao).

The agent’s objective is to find an optimal policy 7* that maximizes
the expected discounted sum of returns

i Ytrz} . (1)
=0

3.2 Partially Observable RL and Recurrent
Memory

A Partially Observable Markov Decision Process (POMDP) extends
an MDP and is defined by the tuple £ = (S, A, P,R, Q, O, y), where
S, A, P, R, and y follow the definitions above, Q is the observa-
tion space, and O(o;|s;) is the observation function. Unlike in an
MDP, the agent cannot directly observe the latent state s; and in-
stead receives an observation o; ~ O(:|s;). In that case, a single
observation o; can not satisfy the Markov property, a trajectory
x; = (09, ag, 01, a1, 02, Az, ..., A;—1, 0¢) is used instead [56].

The objective for an agent with memory model f in a POMDP

is therefore:
>, y’r[} : @)

1=0
A recurrent memory model implements f through a compact hidden
state h;, updated from the previous state and current input [25, 47]:

hy = fo, (he-1, 04), vt = Ro(hy). (©))
Here, o, is the current observation, and the readout Ry maps the
hidden state h; to action values or policy parameters.
A Gated Recurrent Unit (GRU) uses input- and state-dependent
gates to control memory updates and retention [7],

H, = tanh(Wo; + U(r; ©h;_1) +b),

J(r, M) =Exm

J(f, ., P) =Efnp

~ 4
h,=(1-2z)0h;_; +z; Oh,.
Here, W and U are the input and recurrent weight matrices, b is a
bias vector, and Et is the candidate hidden state. The reset gate r;
controls past-state information in the candidate, while the update
gate z, controls how much of the candidate replaces the previous
hidden state. Both gates apply a sigmoid to affine functions of o,
and h;_;; © denotes elementwise multiplication.
A Linear Recurrent Unit (LRU) instead accumulates inputs in a
complex-valued state through a diagonal linear recurrence [49],

h; = Ah;_; + Bo,, A =diag(4y,...,AN). (5)
The magnitudes of A; determine decay and their phases determine

rotation, shaping memory retention. Real-valued output projections
and nonlinear mixing may surround this linear cell.

3.3 Reservoir Computing and the Echo State
Property

Reservoir Computing (RC) uses a dynamical system with randomly
initialized recurrent networks to construct temporal features from
an input sequence [27, 62]. Its hidden state evolves with the inputs,
and a learned readout maps this state to predictions or control tasks.
In a classical Echo State Network (ESN), the state update is

h; = (1-a)h,

+ atanh(Win0; + Weech,—1 +b), ©

where the leak rate @ € (0, 1] controls the mixture of the previ-
ous state and nonlinear update. The input weights Wiy, recurrent
weights W, and bias b remain fixed [28]. A linear readout takes
the form y; = Woyuthy + boyt, although the readout can also be
nonlinear.

The Echo State Property (ESP) describes the asymptotic indepen-
dence of the hidden state from its initialization under a common
input sequence [27, 68]. In the asymptotic forgetting formulation,
trajectories h; and h} driven by any admissible common input
sequence converge from any pair of admissible initial states:

Jim |h; —hi[| = 0. )

For the leaky ESN, applying the 1-Lipschitz bound for tanh to two
such trajectories yields

lhe —hillo < xllhe—y —hi_ylla; k= (1-0a) + al[Wrecllz.  (8)

Thus x < 1 is sufficient for contraction in the induced Euclidean
operator norm. A recurrent spectral radius below one alone does
not supply this norm bound for a nonlinear reservoir.

Forgetting an initial state is different from forgetting an input.
Eq. 7 holds the driving sequence fixed; control requires distinguish-
ing histories with different driving sequences. The distinction is
explicit in a linear system with fixed A, B:

t
h; = Z A" FBoy. 9)
k=0

3.4 Generalized Reservoir Computing

Generalized Reservoir Computing (GRC) shifts the ESP requirement
from the reservoir state to the output [33]. It seeks a time-invariant
(TT) transformation that extracts a response determined by input
history, even when the hidden state retains initialization depen-
dence. For a readout y; = Rg(h;), independence of the output from
initialization requires

lim (IR (hy) — Ro(h)| =0, (10)

where h, and h; receive identical inputs from different initial states.
The resulting response has the form y; = ®(o, 041, .. .) after tran-
sients. TI means that the same mapping ® applies at every time;
the output can still vary with the input history.

A nonlinear readout can extract such a response by removing
initialization-dependent components. For example, consider an os-
cillatory state (X;, Y;) = (r; cos ¢y, r; sin ¢;) whose radius depends
on input history while its phase retains initialization dependence.
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Figure 2: Evaluation results on MemoryChain. The shaded regions report the range of success rates across 5 seeds and 10

evaluation episodesper seed.

The transformation X? + Y2 = r? removes the phase. GRC demon-

strates related transformations using MLP readouts to recover past
inputs from chaotic and physical reservoirs without ESP [33].

Frozen LRU as Linear Reservoir. Consider the LRU in Eq. 5, with
h; € CN and fixed matrices A and B. Its stable diagonal parameteri-
zation [49] takes the form

Aj = exp(—exp(v)) +ig;), p=max|Aj| <1, (11)
J
where v; and ¢; are finite real parameters and i* = —1. Each eigen-
value has magnitude exp(—exp(v;)) < 1. For two trajectories ini-
tialized at arbitrary finite states hy and hj and driven by the same
inputs, subtracting their updates cancels Bo, at every step. Writing
Ah; =h; — h] gives
Aht = AAht_l = A[Aho,

. , (12)
llAh |2 < [|A%][2]|Abo|l2 = p*[|Abg 2.

The equality ||Af|l, = p’ follows from diagonality. Since p < 1,
the initial-state difference vanishes as t — oo, establishing the
ESP. For bounded inputs [|o;]|; < M extending into the past, the
corresponding history response is

hi = Z A*Bo,_4,
k=0

I, < 2Bl

(13)

Thus, the frozen LRU cell is a stable linear reservoir satisfying the
ESP. It is a conventional reservoir.

Frozen GRU as General Reservoir. For a GRU, ESP depends on its
parameters. Sufficient conditions for incremental stability ensure
initial-state forgetting [4], but freezing the weights alone does not
enforce these conditions. A two-dimensional construction illus-
trates how a frozen GRU can lack state ESP while admitting a read-
out with output ESP. Let h; = (v;, w;)T € [-1,1]? and o, € [-1,1].
Set all gate weights and biases to zero, so z; =1, = (1/2,1/2)". In
Eq. 4, choosing W = (1,0) T, U = diag(0, 4), and b = 0 yields

vy = %Ut—1 + %tanh(ot),

14
wy = %wt,l + %tanh(Zw,,l). (1)

The second coordinate has fixed points 0 and w, € (0, 1), since
tanh(2w) — w is positive just above zero and negative at one. Two

trajectories with identical vy and inputs but with wy = 0 and
wy = w, remain separated by w., violating state ESP. The first
coordinate instead forgets its initialization. For updates starting at
t = 1, unrolling gives v; = 27"y, + Z;i;(l) 2~ k+1) tanh(o,_t). Extend
the input sequence to ¢ < 0 with any bounded prehistory and write
o<t = (04,04—1,...). Then
®(0<r) = )27 **) tanh(0r-),
k=0 (15)

lo; — ®(0<r)] <2171 — 0.

The bound follows from |vg| < 1 and the geometric tail of the series.
The linear readout y; = v, therefore approaches a nonconstant
function of input history. For a nonlinear readout y; = £(v;), where
¢(v) = max(v, 0.010), the 1-Lipschitz property of ¢ gives

|yt - f(fb(og))| < |Ut - (D(USt)i — 0.

Since ¢ is strictly increasing, the function of input history remains
nonconstant. Both readouts discard the initialization-dependent
coordinate, illustrating the GRC principle [33].

4 Experiments
Our experiments aim to answer the following research questions:

e RQ1: Can frozen recurrent networks retain input over long
horizons in RL? (Sec. 4.2)

e RQ2: Can frozen recurrent networks solve vector observa-
tion discrete POMDPs? (Sec. 4.3)

e RQ3: Can frozen recurrent networks solve vector observa-
tion continuous POMDPs? (Sec. 4.4)

e RQ4: Can frozen recurrent networks solve high-dimensional
image observed POMDPs? (Sec. 4.5)

e RQ5: Which learning matter in frozen recurrent networks?
(sec. 4.6)

4.1 Experimental Setup

Baselines. Morad et al. [44] evaluated serveral memory archiec-
tures and found that GRU is the most performant. Recently, Wang
etal. [63] and Lu et al. [38] found that LRU is the most powerful and
efficient state-space memory architecture for RL. We therefore pick
both of them as our baselines. For the frozen variants, we simply
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Figure 3: POPGym Results: (a) learning curves on seven selected environments, with 10 seeds per environment; (b) final
evaluation returns over all 18 environments, with 10 seeds per environment and 10 evaluation episodes per seed.

Algorithm 1 Constructing and Using Frozen Recurrent Agents

Ensure: Agent and its trainable parameter set Ojearp
Fiy,¢ is the recurrent memory network: wy contains all recur-
rent unit parameters at initialization; ¢ denotes the trainable
mixer parameters.

. Initialize F,,, 4 and Ry

: Use FROZENSTEP for each recurrent unit

¢ Olearn < {¢s 9}

: E « Identity

. if observations are images then

Initialize CNN E; set E « Ey,

Otearn < Otearn U {¥/}

. end if

. Use E(o;) as the input to F,, 4

: Keep wy fixed; update only ©je,rn with the RL objective

: return agent (E, F, ¢, Rg) and Ojeqrn

T R NS T S R

_-
= o

12: function FROZENSTEP(c, wc0, hy—1, us, €;)
c: a single recurrent unit (e.g., one GRU or LRU unit).
Wep: unit ¢’s initialized parameter block in wy.
t: time step; h;_: the cell’s previous hidden state.
u;: input features supplied to c at step ¢.
e; € {0, 1}: episode start flag.
13: if e, =1 then

14: h;_{ « INITIALSTATE(C) > unit’s reset state
15: end if

16: SG « jax.lax.stop_gradient

17: @& « jax.tree.map(SG, wc)

18: (he, xP)  co, (hy—1,uy)

19: return h,;, x?" > Updated state, output features

20: end function

apply Algo. 1 to the recurrent agent. Here, we use JAX-style pesudo
code as an example.

Agent Architecture. We show our recurrent PQN agent archi-
tecture in Fig. 1. We use a simple MLP as readout, and each MLP
consists of L blocks with a Linear Layer, a Layer Normalization [1],
and LeakyReLU activation. We only stop the gradient of parameters
in the recurrent unit, instead of cutting off gradient computation
of recurrent models, so our agent still can learn a visual encoder to
compress high-dimensional image observations. We update all the
trainable parameters with the PQN learning target. Fig. 7 shows
our detailed architecture of frozen recurrent networks. Each frozen
recurrent unit is followed by a trainable feature mixer. For PPO, we
only replace the Q-value readout MLP with same separate actor
and critic MLP heads.

MemoryChain. MemoryChain is a classical one-bit delayed-recall
task from bsuite [50]. We use the implementation from Gymnax [35]
for faster rollout. We train eight delay configurations with Proximal
Policy Optimization (PPO) [54], using 10M env steps and 5 seeds at
each delay. Each seed receives ten evaluation episodes.

POPGym. Partially Observable Process Gym (POPGym) is a well-
known benchmark for evaluating memory in partially observable
RL [44]. We use POPJym [37], a JAX implementation of POPGym.
Our evaluation includes six tasks: Minesweeper, NoisyStateless-
CartPole, RepeatFirst, RepeatPrevious, and StatelessCartPole. Each
task has three difficulty levels, giving 18 settings. We train each
agent using PON [18] with a budget of 20 million environment
steps with 10 seeds per run.

POMDP MujoCo Playground. We also hope to apply our frame-
work to robot control. We therefore evaluate it on the DeepMind
Control Suite tasks reimplemented in MuJoCo Playground [69]. We
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Figure 4: MuJoCo Playground Results: (a) learning curves across seven position only (P) and velocity only (V) settings, with
means and confidence intervals over 10 seeds; (b) final evaluation return averaged across the seven settings over 10 seeds. Each

seed is evaluated on 10 episodes after training.

use four environments: BalllnCup, CheetahRun, ReacherHard, and
WalkerWalk. We introduce partial observability by modifying the
original observations. The Positional Only setting retains position
information and hides velocity information. The Velocity Only set-
ting retains velocity information and hides position information.
Following the original paper, we use a budget of 60 million en-
vironment steps per run. We train with PPO [54] using a shared
Actor-Critic trunk. Each configuration uses 10 seeds.

POPGym Arcade. We extend the evaluation to pixelated POMDPs
with POPGym Arcade [63]. This benchmark provides both fully
observable and partially observable Atari-style environments im-
plemented in JAX. Our experiments cover the partially observable
variants of BattleShip, CountRecall, MineSweeper, and Navigator.
Agents receive 128 x 128 X 3 RGB images as the observation from
environments. To reduce computational cost and improve training
efficiency, we train the models with PQN [18]. The training budget
is 20 million environment steps per seed, with five training seeds
per configuration.

Evaluation. We evaluate every agent after training. For each seed,
we run 10 episodes and compute the mean return and variance to
make the final evaluation return plots in Fig. 2, 3, 4 and 5.

4.2 RQ1: Long-Horzion Recall

We use MemoryChain to compare the recall performance of Frozen
and trainable recurrent networks. In this environment, the agent
receives a single-bit cue at the first time step of the episode, and
then receives a sequence of zero observations for a number of
delay steps. The agent receives a positive reward of +1 if it outputs
the correct initial cue at the last time step, and —1 otherwise. We
sweep the delay 2k for k € {2,...,11} and compare MLP, GRU,

LRU, frozen GRU and frozen LRU. Here, we introduce MLP as a
memoryless baseline. We implement recurrent PPO with JAX [5]
and Equinox [32] to accelerate the training process.

In Fig. 2, we plot the success rate of evaluation results. LRU
achieves 100% success rate at delays up to 512 length, as expected
for a state-of-the-art memory model in POMDPs. More surprisingly,
frozen LRU gets 100% success rate at delays up to 256 length close
to LRU. Similarly, the recall ability of frozen GRU also matches
that of GRU, both achieve 100% success rate at delay of 128 length.
Although the performance of frozen LRU and GRU does not ex-
ceed that of their trainable counterparts, these results still show
the evidence that frozen recurrent networks have the ability to
retain a cue over long horizons, indicating that simply freezing the
parameters of the recurrent unit does not hurt too much of the
memory retention of recurrent networks with RL objective.

4.3 RQ2: Vector Observation Discrete POMDPs

POPGym introduces partial observability to some simple RL tasks,
making them more challenging and long-term memory demand-
ing. For example, in MineSweeper, the agent can only observe the
number of mines nearby instead of the actual grid, which requires
the agent to remember which grids have been revealed before. We
use 18 environments with approximately 1000 runs on POPGym to
test the performance of Frozen GRU and LRU compared with their
trainable counterparts as well as MLP. We plot seven representa-
tive selected learning curves in Fig. 3(a) and the final evaluation
returns for all environments in Fig. 3(b). We present only informa-
tive results and exclude very simple tasks that almost all recurrent
networks can solve.

Frozen recurrent networks achieve competitive performance
while training substantially fewer parameters. As shown in Tab. 1,
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Figure 5: POPGym Arcade Results: (a) learning curves on four partially observable tasks with means and confidence intervals
over 5 seeds; (b) final evaluation return averaged across the four tasks over 5 seeds. Each seed is evaluated on ten episodes.

Frozen LRU trains only approximately 40% of the total agent param-
eters, yet achieves a final evaluation return of 0.464, compared with
0.458 for LRU (Fig. 3(b)). This corresponds to a relative increase
of 1.23%. Frozen GRU trains only approximately 30% of the total
agent parameters and achieves a final evaluation return of 88.70%
for GRU. These results show that updating all recurrent parameters
is unnecessary for effective control on the evaluated POMDP tasks.
In Fig. 3(a), the learning curves of Frozen LRU and LRU closely
overlap on most tasks, indicating similar training progress and final
performance. Although Frozen GRU often achieves lower returns
than GRU during training, its final returns are comparable to GRU.
These results demonstrate that frozen recurrent networks can serve
as effective memory models to solve discrete POMDPs and achieve
competitive performance.

4.4 RQ3: Vector Observation Continuous
POMDPs

To further test the applicability of frozen recurrent networks in
POMDPs, we also conducted experiments on partially observable
continuous control tasks. We use MuJoCo Playground [69], the
latest JAX reimplementation of MuJoCo [59]. It consists of several
challenging tasks in which agents need to control a multi-joint
dynamical body. We introduce Position Only and Velocity Only set-
tings widely used in prior work for evaluating RL agents with
memory [42, 47, 48], which are denoted as P and V in Fig. 4, respec-
tively. We implement wrappers to mask the positional or velocity
information in their observation.

Similarly, frozen recurrent networks also achieve competitive
performance in partially observable continuous control tasks. In our
PPO agents, Frozen LRU and Frozen GRU train approximately 53%
and 43% of the total agent parameters, respectively (Tab. 1). Across
the seven observation settings in Fig. 4(b), Frozen LRU achieves a
final evaluation return of 791.8, compared with 831.9 for LRU, retain-
ing 95% of LRU’s return. Frozen GRU achieves 772.9, compared with
842.8 for GRU, retaining 92% of GRU’s return. The learning curves
in Fig. 4(a) show similar returns for all four agents on ReacherHard.

On WalkerWalk, Frozen GRU has higher mean training returns
than GRU near the end of training under both Position Only and
Velocity Only settings. The learning curves also show lower returns
for Frozen LRU than LRU on WalkerWalk and for Frozen GRU than
GRU on CheetahRun at the end of training. These results demon-
strate that frozen recurrent networks can provide sufficient and
efficient memory to solve such continuous POMDPs.

4.5 RQ4: Partially Observable Visual Control

In real-world scenarios, we usually regard most of the tasks as
partially observable visual control tasks, in which agents need to
make optimal decisions with image observations. With respect to
Fig. 1 and Sec. 4.1, we can use gradients through a frozen recurrent
network to learn a CNN as observation encoder to solve visual
control POMDPs.

We evaluate our agents on POPGym Arcade [63], a JAX im-
plemented extension of POPGym that provides various partially
observable visual control tasks. It includes very challenging and
high-dimensional visual POMDPs. For example, in the partially ob-
servable versions of BattleShip and MineSweeper, each observation
reveals information only about the current grid cell. The agent must
therefore extract features from these high-dimensional images, re-
tain information about previously observed cells in memory, and
retrieve it to guide decisions.

Notably, frozen recurrent networks also achieve competitive
performance with learned visual representations. Across the four
tasks in Fig. 5(b), Frozen LRU achieves a final evaluation return
of 0.694, compared with 0.624 for LRU, representing a relative in-
crease of 11.2% with lower variance. Frozen GRU achieves 0.643,
retaining 95.2% of GRU’s final evaluation return of 0.676. In Fig. 5(a),
the learning curves of all four agents approach similar returns on
MineSweeper and Navigator. Frozen LRU reaches higher mean
training returns than LRU on BattleShip, while the training curves
on CountRecall fluctuate more but remain comparable at the end.
These results demonstrate that frozen recurrent networks can work
with learned CNN encoders to solve challenging and high-dimensional
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Figure 6: Comparison with trainable or frozen mixer. Bars
show final evaluation return across 18 POPGym tasks, with
10 seeds and 10 evaluation episodes per seed.

visual control POMDPs. Moreover, Frozen LRU can even outper-
form its trainable counterpart, making it a promising baseline for
partially observable RL.

4.6 RQ5: Learning the Mixers Matter

Modern recurrent architectures often use nonlinear feature mixer
after each recurrent unit [21, 23, 49, 55] as well as Feed Forward
Network (FFN) in transformer [8, 31, 61, 67]. In our experiments,
we also adopt a similar design (Fig. 7) and conduct additional exper-
iments to examine the effect of training these mixers while keeping
the recurrent unit frozen.

We find that learning the mixers significantly improves perfor-
mance for both Frozen LRU and Frozen GRU. As shown in Fig. 6,
training the mixers increases the final evaluation return from 0.392
to 0.464 for Frozen LRU and from 0.341 to 0.386 for Frozen GRU,
corresponding to relative improvements of 18.5% and 13.2%, re-
spectively. Even the simple design used here (Fig. 7) substantially
improves agent performance. These results suggest that learning
the mixers contributes to the agent’s ability to adapt and use the
memory provided by frozen recurrent networks. Modern large mod-
els use attention and complex nonlinear transformations to mix
features [19, 60, 66]. Agents with frozen recurrent networks may
also benefit from incorporating such designs into their mixers and
readouts.

5 Discussion

Researchers often assume that recurrent RL requires training a
memory model. Our experiments in Sec.4.2, 4.3, 4.4 and 4.5 challenge
this assumption. We show that agents can solve the tested POMDPs
with frozen recurrent networks and nonlinear MLPs and mixers can
learn to use frozen recurrent networks as memory. We believe this
approach offers an alternative solution for partially observable RL
and may also benefit recurrent RL applications in robotic learning.

6 Limitations and Future Work

Our study has several limitations. First, we do not conduct a large-
scale, exhaustive ablation study, and our evaluation covers a lim-
ited set of benchmarks. Computational constraints also restrict the

(a) Frozen Recurrent Layer (b) Mixer

‘ Frozen Linear

Recurrent Unit

l LayerNorm

‘ A ’ LeakyReLU

Figure 7: Frozen recurrent layer and mixer. (a) Each frozen
recurrent unit is followed by a mixer. The overlapping out-
lines represent recurrent layers stacked to form a recurrent
network. (b) The mixer simply applies Linear, LayerNorm,
and LeakyReLU. Blue denotes trainable parameters.

range of baselines considered. Future work should therefore include
broader ablations, additional benchmarks, and stronger baselines
to better assess the generality of our findings. Second, our GRC
analysis relies on specific assumptions and establishes its result
under a relaxed ESP condition. In practice, random initialization, op-
timization dynamics, and finite-sample effects introduce additional
uncertainty, so trained agents may not always satisfy the theoreti-
cal conditions exactly. Future work could investigate how closely
these conditions hold in practical RL settings and how deviations
from them affect performance.

7 Conclusion

We investigated whether recurrent networks must be learned in
partially observable RL. We first introduced a simple architecture
that uses frozen recurrent networks as memory modules. Across
diverse POMDPs, these frozen memories retain information over
long horizons and achieve competitive performance with substan-
tially fewer trainable parameters. We further showed that visual
encoders can be trained effectively through frozen recurrent mem-
ories to solve high-dimensional visual control tasks. Overall, our
results suggest that learning the recurrent module is not always
necessary and frozen recurrent networks provide a simple, strong,
and parameter-efficient baseline for recurrent RL.
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A PPO Agent

We show the recurrent PPO agent used in our MuJoCo Playground
experiments in Fig. Al. It follows the PQN architecture in Fig. 1,
with separate actor and critic MLPs in place of the PQN readout.
The actor produces the policy, and the critic estimates the state
value. We update the trainable parameters using PPO [54].

B Deep Reservoir Computing

Deep Reservoir Computing (Deep RC) [16] stacks reservoir layers to
construct temporal features from input history and uses a trainable
readout to learn from their hidden states. To further validate our
conclusions, we conduct additional experiments with three Deep RC
models: Deep Echo State Network (DeepESN), Structured Reservoir
Computing (SRC), and Parallel Echo State Network (ParalESN).

B.1 Deep Echo State Network (DeepESN)

DeepESN extends a standard ESN by stacking multiple reservoir
layers [17]. Let hif) denote the state of layer ¢ at time ¢. The first

layer receives ugl) = o;, while each higher layer receives ugt)) =

ht(f_l), Each layer computes a candidate state and applies a leaky
update:

B = tanh (W' uf” + WiZh(", + b)), a1
Al
h" = (1-aDn’ +aOn".

Here, Wl(tf) and WEQ are the fixed input and recurrent weight matri-
ces, and b(®) is a fixed bias. The leak rate a9 € (0, 1] controls how
much of the candidate replaces the previous state. For L, reservoir
layers, a typical readout uses
Ly
ye = Ro([h";..;h{]), (A2)
where [ -; -] denotes concatenation and Ry is the trainable read-

out. This gives the readout access to temporal features at different
depths.
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B.2 Structured Reservoir Computing (SRC)

SRC replaces dense random projections with structured random

transforms [10]. For a layer with N state coordinates and input

u; € RY, the basic update is
1

VN

Here, ¢ is an elementwise nonlinear activation, and o, and oy, scale

the previous state and current input. The structured projection
S € RNX(N+d) 5 constructed from a square transform of the form

Tm = YWHleHmDZHmDS: (A4)

h; = #(S[orh;—1; o)) - (A3)

where H,,, is an orthogonally normalized Hadamard matrix, each D;
is diagonal with independent random signs in {—1, +1}, and y sets
the projection scale. The transform dimension m > N +d is a power
of two, and the corresponding N X (N + d) submatrix gives S. The
fast Hadamard transform evaluates this projection in O(mlog m)
operations without storing a dense matrix. The nonlinear state
update still processes the sequence one time step at a time.

B.3 Parallel Echo State Network (ParalESN)

ParalESN separates linear recurrence from nonlinear mixing [52].
For one layer with input u;, the complex-valued state follows

h, = /_\ht—l + a(Wiyu; +b),

A=(1-a)l+aA. (43)

Here, A is a fixed complex diagonal matrix, Wi, is the input matrix,
b is a bias, I is the identity matrix, and @ € (0, 1] is the leak rate. The
diagonal entries of the effective transition matrix A control decay
and rotation of the state coordinates. The mixer then produces
real-valued features:

q; = tanh(Re(Ch; + ¢)), (A6)

where C represents a fixed convolution across state coordinates,
c is its bias, and Re extracts the real part. These features feed the
next block and the trainable readout. The mixer acts at each time
step, outside the temporal recurrence in Eq. A5. The recurrence
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therefore remains affine, so its updates compose associatively and
can be evaluated by a parallel scan over a given input sequence.

C Reservoir Training on POPGym

We compare DeepESN, SRC, and ParalESN with their trainable
variants on the 18 POPGym tasks. Fig. A2(a) shows the learning
curves, and Fig. A2(b) summarizes final evaluation returns across
all tasks.

D Detailed Evaluation Results

We report detailed final evaluation returns for POPGym, POPGym
Arcade, and MuJoCo Playground. For each seed, we evaluate the
trained agent over 10 episodes and compute its mean return. Each
heatmap entry shows the mean and sample standard deviation
across seeds. We use 10 seeds for POPGym and MuJoCo Playground,
and 5 for POPGym Arcade.

D.1 POPGym

The POPGym heatmaps report evaluation results for 18 tasks and
11 model configurations. Figs. A3 and A4 report the final evaluation
returns for the recurrent baselines and reservoir models, respec-
tively. Both heatmaps use a shared color scale centered at zero.
Frozen GRU and Frozen LRU retain trainable mixers and outer pro-
jections. We exclude Autoencode, Concentration, CountRecall, and
MultiArmedBandit because of implementation bugs in the vector
environments. ParalESN achieves a higher mean final evaluation

12

return than its trainable counterpart on six of the seven settings
selected for the learning curves (Fig. A4).

D.2 POPGym Arcade and MuJoCo Playground

We report the final evaluation returns of GRU, LRU, and their frozen
variants on four POPGym Arcade tasks and seven MuJoCo Play-
ground settings in Fig. A5. We train the Arcade agents with PQN and
the Playground agents with PPO. POPGym Arcade uses a separate
implementation from vector POPGym, so we retain its CountRecall
task.

E Model and Training Parameters

Tables A1 and A2 describe the recurrent agents and the CNN en-
coder used for POPGym Arcade. Here, d, is the vector observation
dimension, d, is the number of discrete actions or the continu-
ous action dimension, and dj, is the input feature dimension. We
use L = 1 recurrent block for MemoryChain and L = 2 for the
other benchmarks. Each readout has K = 1 hidden block for Memo-
ryChain, K = 2 for POPGym and POPGym Arcade, and K = 3 for
MuJoCo Playground. PPO uses separate actor and critic readouts
with a shared recurrent trunk. All LeakyReLU activations use a
negative slope of 0.01. The CNN uses no padding, and its output
feature-map dimensions are listed as channels X height X width.

We use Adam with linear learning-rate decay. Tables A3-A6 list
the main training hyperparameters. For MuJoCo Playground, we
report the range of initial learning rates used across models and
tasks.
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Table A1: Architecture Of The Recurrent Agents.

Layer Parameters Activation
Input And Shared Recurrent Trunk

Vector Input (PQN) Observation And Previous One-Hot Action; di, = d, + d, None
Vector Input (PPO) Observation Only; di,, = d, None
Image Input (PQN) CNN Features And Previous One-Hot Action; di, = 512 + d,, None

Input Projection Linear, d;, — 256 None
Recurrent Block

GRU Input/Output Width 256 — 256 Sigmoid & Tanh
LRU Input/Output Width 256 — 256 None
Mixer Linear Layer Linear, 256 — 256 None
Mixer Normalization LayerNorm Over 256 Features, Without Affine Parameters LeakyReLU
Trunk Output And Readout

Output Projection Linear, 256 — 256 None
Readout Hidden Block Linear, 256 — 256; LayerNorm With Affine Parameters; Repeat K Times  LeakyReLU
Q Output (PQN) Linear, 256 — d,; One Q-Value Per Action None
Actor Output (PPO) Linear, 256 — d,; Action Logits Or Gaussian Means None

Critic Output (PPO) Linear, 256 — 1; Scalar State Value None

Minesweeper

(a) Learning Curves

NoisyStateless
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(b) Final Evaluation
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Figure A2: POPGym results for DeepESN, SRC, and ParalESN and their trainable variants. (a) Learning curves on the selected

seven tasks over ten seeds. (b) Final evaluation returns across all 18 POPGym tasks over ten seeds and ten evaluation episodes
per seed
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Table A2: CNN Observation Encoder For POPGym Arcade.

Layer Parameters Activation
Input Scaling 128 x 128 x 3 RGB Image None
Conv2D 1 3 — 64 Channels; 5 x 5 Kernel, Stride 2; Output 64 X 62 X 62 LeakyReLU
MaxPool2D 1 2 X 2 Kernel, Stride 2; Output 64 X 31 X 31 None
Conv2D 2 64 — 128 Channels; 3 X 3 Kernel, Stride 2; Output 128 X 15 X 15 LeakyReLU
MaxPool2D 2 2 X 2 Kernel, Stride 2; Output 128 X 7 X 7 None
Conv2D 3 128 — 256 Channels; 3 x 3 Kernel, Stride 2; Output 256 X 3 X 3 LeakyReLU
MaxPool2D 3 3 X 3 Kernel, Stride 1; Output 256 X 1 X 1 None
Conv2D 4 256 — 512 Channels; 1 X 1 Kernel, Stride 1; Output 512 X 1 X 1 LeakyReLU
Flatten 512X 1x1— 512 None
LRU Frozen LRU GRU Frozen GRU MLP

Minesweeper Medium -0.24+0.10 -0.32+0.05 -0.35£0.07 -0.39£0.05 -0.25+0.07

B

e
13

Hard -0.43+0.01 -0.44+0.02 -0.43+0.02 -0.43+0.03

Easy 0.99+0.01 0.99+0.02 0.99£0.01 0.98+0.02
NoisyStateless
Medium 0.66+0.05 0.65+0.06 0.67+0.08 0.28+0.05
CartPole

Hard 0.42+0.05 0.40+0.06 0.41+0.06 0.38+0.07 0.22+0.03

CartPole

Figure A3: Detailed final evaluation returns for LRU, GRU, Frozen GRU , Frozen LRU and MLP on POPGym. Each entry shows
the mean + sample standard deviation over 10 seeds, with 10 evaluation episodes per seed

!
j=}
(=]

Mean Return
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Table A3: PPO Hyperparameters For MemoryChain. Table A4: PQN Hyperparameters For POPGym.
Hyperparameter Value Hyperparameter Value
Initial Learning Rate 3x1074 Initial LR (Trainable RNNs) 107°
Final Learning Rate 10710 Initial LR (Fixed RNNs) 5% 107°
Discount y 0.99 Initial LR (MLP) 5% 1077
GAE 14 0.90 Final Learning Rate 10710
Gradient Clipping 0.5 Discount y 0.99
PPO Clip 0.2 TD(A) 0.95
Entropy Coefficient 0 Gradient Clipping 10
Value-Loss Coeficient 0.5 Exploration e 1—0.05
Number Of Environments 64 Number Of Environments 16
Rollout Length 1024 Rollout Length 128
Minibatches Per Epoch 16 Minibatches Per Epoch 16
Update Epochs 4 Update Epochs 4
Total Timesteps 10M Total Timesteps 20M

Trainable DeepESN DeepESN Trainable SRC Trainable ParalESN ParalESN

Minesweeper Medium -0.26+0.05 -0.38+0.05 -0.35+0.05 -0.38+0.06 -0.19+0.06 -0.24+0.10 io 5
Hard -0.44+0.03 -0.43+£0.04 -0.42+0.02 -0.45+0.03 -0.43+0.05 -0.42+0.03
Easy 0.99+0.02 0.99+0.01 0.98+0.02 1.00+0.01 - 0.96+0.05
NoisyStateless
Medium 0.65+0.08 0.67+0.08 0.64+0.09 0.40+0.04
CartPole c
Hard 0.42+0.06 0.42+0.05 0.41+0.06 0.42+0.05 0.31+0.03 0.42+0.05 g
—00 %
Easy 1.02+0.00 0.99+0.01 1.02+0.00 0.74+0.17 1.02+0.00 %
=
RepeatFirst Medium - 0.67+0.32 -0.26+0.20 -0.01+0.34 - 0.16+0.40
Easy 0.13+0.04 0.09+0.05 0.06+0.06 0.14+0.05 0.64+0.15 1.00+0.00
RepeatPrevious Medium -0.21+0.03 -0.29+0.04 -0.33+0.04 -0.28+0.03 -0.14+0.05 E 05
Hard -0.32+0.02 -0.42+0.04 -0.40+0.03 -0.39+0.03 -0.28+0.05 -0.06+0.06

Easy 1.00+0.00 0.99+0.01 1.00+0.00 1.00+0.00 - 1.00+0.01

Medium - 0.99+0.02 0.31£0.05 99+0.02

Hard 0.79+0.29 0.91+0.24 0.81+0 0.96+0.13 0.19+0.03 0.98+0.04

Figure A4: Detailed final evaluation returns for DeepESN, SRC, ParalESN, and their trainable variants on POPGym. Each entry
shows the mean + sample standard deviation over 10 seeds, with 10 evaluation episodes per seed.
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Table A5: PQON Hyperparameters For POPGym Arcade. Table A6: PPO Hyperparameters For MuJoCo Playground.
Hyperparameter Value Hyperparameter Value
Initial LR (Trainable RNNs) 5% 1073 Initial Learning Rate (Range) [1,5] x 1073
Initial LR (Frozen RNN5s) 3x 1074 Final Learning Rate 1078
Final Learning Rate 5% 1077 Discount y 0.995
Discount y 0.99 GAE 1 0.95
TD(A) 0.65 Gradient Clipping None
Gradient Clipping 10 PPO Clip 0.3
Exploration e 1—0.05 Entropy Coefficient 0.01
Number Of Environments 16 Value-Loss Coefficient 0.5
Rollout Length 128 Number Of Environments 16
Minibatches Per Epoch 4 Rollout Length 128
Update Epochs 4 Minibatches Per Epoch 4
Total Timesteps 20M Update Epochs 4
Total Timesteps 60M
(a)
Frozen LRU Frozen GRU
1
BattleShip _ 0.75+0.08 0.66+0.12 0.67+0.03 I
B c
CountRecall 0.27+0.05 0.30+0.06 0.31£0.03 0.26+0.04 =
-0 o
MineSweeper 0.85+0.09 0.84+0.06 .78+0.08 ;‘3’
Navigator 0.83+0.20 0.87+0.13 0.89+0.13 0.87+0.13 I
-1
(b)
LRU Frozen LRU GRU Frozen GRU
1000
=]
<
U
ReacherHard - P 636+172 593+184 668+137 555£229 =
WalkerWalk 835:212 666+256 7124233 839+158 |

Figure A5: Detailed final evaluation returns for GRU, LRU, and their frozen variants on POPGym Arcade (top) and MuJoCo
Playground (bottom). Each entry shows the mean + sample standard deviation over 5 and 10 seeds, respectively, with 10
evaluation episodes per seed.
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