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A B S T R A C T

Deep reinforcement learning (DRL) has enjoyed impressive success in Artificial intelligence decision-
making problems that are sequential, but there are still significant problems in addressing long
term dependencies and being computationally e!cient. The paper is a detailed exploration of
token-e!cient memory schemes to improve the performance of DRL in high-dimensional partially
observable Artificial intelligence systems. Our proposed new architecture is a Token-E!cient Mem-
ory Architecture (TEMA), a dynamic declarative-procedural memory switching architecture that
combines learned summarization with dynamic declarative-procedural memory switching. TEMA
proposes periodic summarization tokens, which produce compact representations of segments of
historical trajectories in vectors, where 8 fold compression of the context is achieved without a 2 per
cent performance loss over full-context baselines. We benchmark memory-augmented models such as
Recurrent Neural Networks (RNNs), Transformers, Neural Turing Machines (NTMs), and TEMA on
robotic control (MuJoCo), real-time strategy (StarCraft II), and multi-agent settings (Pommerman).
The major findings indicate that TEMA is 21 percent more e"ective than LSTM baselines with 40
percent less memory usage on the GPUs than conventional hybrid designs. Our acquired synopsis
system allows better credit allocation in longer time horizons and overcomes the key memory-
performance trade-o" that has restricted the use of memory-enhanced DRL systems in practice. It
is the best Artificial intelligence method to train the model to solve the Deep reinforcement learning
problem, memory architectures, token e!ciency, learned summarization, long-term dependencies,
and partial observability.

1. Introduction
Deep Reinforcement Learning has become a promising

framework to tackle complex sequential artificial intelli-
gence decision-making tasks, showing superhuman abilities
in games like Go, chess, and poker, and robotic control
tasks (Mnih et al., 2015; Vinyals et al., 2019). In spite of
such developments, real-world artificial intelligence imple-
mentation is a di!cult problem since observability is not
complete, non-stationary (Agarwal et al., 2023; Cherepanov
et al., 2024), and reasoning is necessary over a long time
horizon (Agarwal et al., 2023). Long-term credit assignment
is a problem with standard recurrent architectures, includ-
ing Long Short-Term Memory (LSTM) networks, whereas
Transformer-based architectures have quadratic attention
complexity, which can only scale to context processing
(Graves et al., 2016).

ORCID(s):

The root cause of this issue is the memory-performance
paradox: a problem with computationally resources it takes
to represent long-term dependencies is that the recurrent
models are e!cient, whereas state-of-the-art Partially Ob-
servable Markov Decision Processes (POMDPs) can be e!-
ciently represented. The most recent developments in hybrid
architectures involving Transformers with external memory
systems like Neural Turing Machines (NTMs) have already
attained state-of-the-art performance in strategic games and
robotic tasks (Graves et al., 2016; Cherepanov et al., 2024).
Nevertheless, performance of these techniques usually gen-
erates 40-50% extra GPU memory expense in contrast with
LSTM benchmarks (Javed and Nasir, 2025), posing signif-
icant obstacles to deployment in resource-constrained sys-
tems like edge devices and embedded systems (Javed and
Nasir, 2025; Gentry and Buckner, 2024). The bio-inspired
memory studies have provided good prospects about over-
coming these limitations. Human cognition is conducted
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by complementary declarative (episodic) and procedural
memory systems, and e"ective compression mechanisms
abstract irrelevant information and only store task-important
information (Gentry and Buckner, 2024). More recent ef-
forts in memory-e!cient embodied agents have shown that
learned summarization can be used to achieve large context
compression up to 8 times - with no or even better task
performance in navigation tasks (Gupta et al., 2025). This
paper discusses the importance of computationally e!cient
memory architectures in deep reinforcement learning, which
is urgent for artificial intelligence systems. We introduce
TEMA (Token-E!cient Memory Architecture), a new ar-
chitecture that combines three innovative ideas:

(1) learned memory summarization: compressing tra-
jectory segments to small vectors by using di"erentiable
compression; (2) dynamic memory switching: conditionally
routing information between compressed episodic memory
and procedural recurrent states by task requirements; and

(3) streaming inference support: allowing arbitrarily
long sequences to be processed e!ciently without memory
growing.

Our contributions are threefold:

• We propose the first architecture integrating learned
summarization with hybrid declarative-procedural mem-
ory for deep reinforcement learning, achieving 8ω
context compression with < 2% performance degra-
dation

• We demonstrate that TEMA achieves comparable per-
formance to full-context Transformer-NTM hybrids
while reducing GPU memory consumption by 40%,
enabling deployment in resource-constrained settings

• We provide comprehensive empirical evaluation across
robotic control, real-time strategy, and multi-agent
environments, establishing practical guidelines for
memory architecture selection based on task charac-
teristics

The rest of this manuscript takes the following structure.
Section 2 is a review of the recent developments in memory-
augmented reinforcement learning. Section 3 gives TEMA
architecture and methodology. The experimental setup and
evaluation protocol are described in section 4.

Section 5 gives detailed results and analysis. Future
research directions are the last section of 6

2. Related Work
2.1. Memory-Augmented Neural Architecture

External memory architectures extend neural networks
with addressable memory matrices, enabling explicit storage
and retrieval of information over extended periods. The
Neural Turing Machine (NTM) introduced di"erentiable at-
tention mechanisms for memory access, while the Di"eren-
tiable Neural Computer (DNC) enhanced this with improved
addressing and memory allocation (Graves et al., 2016).
Recent brain-inspired modifications, such as the Memory

Transformation DNC (MT-DNC), integrate working mem-
ory and long-term memory modules with transformation
algorithms, achieving improved performance on reasoning
tasks (Liu et al., 2025).

Transformer-based approaches have gained prominence
in reinforcement learning due to superior long-range depen-
dency modeling. The Decision Transformer reframes RL as
sequence modeling (Chen et al., 2021; Hu et al., 2023; Zheng
et al., 2022; Yang, 2025), while Gated Transformer XL
(GTrXL) introduces gating mechanisms to stabilize trans-
former training in RL contexts (Parisotto et al., 2020; Pra-
manik et al., 2024; Talanov and Feinstein, 2025). However,
these approaches su"er from quadratic attention complexity
with respect to sequence length, limiting their applicability
to long-horizon tasks (Graves et al., 2016; Agarwal et al.,
2023).

2.2. Recurrent and e!cient memory mechanisms
To address transformer context limitations, recurrent

memory approaches maintain state across trajectory seg-
ments. The Recurrent Memory Transformer (RMT) intro-
duces trainable memory tokens processed recurrently across
segments (Adnan et al., 2024). The Recurrent Action Trans-
former with Memory (RATE) extends this for RL by incor-
porating Memory Retention Valves (MRV) to control infor-
mation flow in sparse reward environments, demonstrating
superior performance in memory-intensive tasks such as
ViZDoom and Minigrid (Cherepanov et al., 2024, 2023).

Recent advances in approximate linear transformers have
focused on reducing computational complexity. AGaLiTe
(Approximate Gated Linear Transformer) reduces inference
cost by 40% and memory usage by 50% compared to
GTrXL while maintaining performance (Pramanik et al.,
2024; Parisotto et al., 2020; Poole, 2026). However, these
approaches focus on computational e!ciency rather than
explicit memory compression through learned abstraction.

2.3. Memory compression and summarization
Memo architecture is an important improvement of

memory-e!cient embodied agents (Gupta et al., 2025;
Talanov and Feinstein, 2025; Banino et al., 2020). Memo
learns to interleave periodic summarization tokens with
visual inputs during training, resulting in an 8ω context
compression and beating full-context baselines in object
navigation tasks. The important point is that a significant
part of the input stream in embodied tasks is redundant and
can be abstracted without any information about the task lost
(Gupta et al., 2025; Talanov and Feinstein, 2025; Banino
et al., 2020).

Selective retention of key-value pairs can simplify mem-
ory complexity by complementary approaches in KV cache
compression in training large language models, which are
demonstrated (Tian et al., 2025). Nevertheless, these tech-
niques emphasize the e!ciency of training, as opposed to
end-to-end learned compression when making sequential
decisions (Javed and Nasir, 2025; Tian et al., 2025).
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2.4. Experience replay optimization
Sample-e!cient deep reinforcement learning still relies

on experience replay. Prioritized Experience Replay (PER)
is more e!cient as it samples according to the temporal-
di"erence error (Schaul et al., 2016). Recent developments
encompass Expected-PER (EPER) in which volatile instan-
taneous priorities are substituted by exponential-moving
averaged priorities to ameliorate noise induced bias (Panahi
et al., 2024), and Uncertainty Prioritized Replay (UPER)
in which epistemic uncertainty estimates are used to pre-
vent over-sampling of transitions that are noisy in nature
(Carrasco-Davis et al., 2025; Poole, 2026; Hamadanian
et al., 2023).

The Hindsight Experience Replay (HER) is a solu-
tion to sparse-reward problems that reconstructs the failed
trajectories with new goals (Andrychowicz et al., 2017).
Newer variants are Multi-step HER that handles inherent
bias by re-labeling multiple transitions (Yang et al., 2023)
and Clustering-based Failed goal Aware HER that is sample
e!cient by concentrating on properties of failed goals and
achieved goals (Kim et al., 2024; Neves et al., 2024; Talanov
and Feinstein, 2025).

3. Proposed Method
In this part, the architecture of the proposed Token-

E!cient Memory Architecture (TEMA) is given in a de-
tailed manner as depicted in Fig 3.1.The suggested approach
learns long-term dependencies in sequential decision-making
tasks in the training phase and allows executing the policies
e!ciently in the inference phase.TEMA is well-designed
with advanced archi- tecture that entails multiple advanced
structures of layers associations capable of executing memory-

enhanced reinforcement learning.The architecture starts
with the input trajectory segment which is defined by K
timesteps, and then proceeds to the Learned Summarization
Layer presented below .

3.1. a. Learned Summarization Layer
The learned summarization layer compresses trajectory

segments (observations, actions, rewards) into compact
memory representations for the policy network. Unlike fixed
pooling, it is trained end-to-end to preserve task-relevant
dynamics.

The learned summarization layer compresses a K-length
trajectory segment

𝜔𝜀 = {(𝜗𝜛, 𝜚𝜛, 𝜍𝜛)}𝜀𝜑𝜛=(𝜀ε1)𝜑+1
(1)

into a memory token mn using a shallow Summary
Transformer:

𝛻𝜀 = SummaryTransformer(𝛻𝜀ε1, 𝜔𝜀) = LayerNorm
⌋
FFN(MultiHeadAttn(𝛻𝜀ε1, 𝜔𝜀))

⌈

(2)

We use Ls = 2 layers, H = 4 heads, hidden size dm = 64,
and FFN dimension d" = 256 (fixed across all experiments).
The compression ratio is:

𝜕 =
𝜑 ℵ

token

ℵ𝛻
(3)

with K = 32, dtoken = 512, yielding r = 8 ω.
The output spectrogram of the learned summarization

for sample trajectory segments is shown in Fig. 3.3
The learned summarization preserves critical temporal

structure (Fig. 3.3), with distinct segment activations high-
lighting task-relevant features. These compressed memories
are routed via a dynamic gating mechanism that balances
episodic and procedural memory depending on the task. Gat-
ing enables better di"erentiation of high/low-reward transi-
tions and task phases. TEMA then processes these represen-
tations through four Memory Processing Units (MPU) for
discriminative feature extraction.

3.2. a. Memory Processing Unit (MPU)
As shown in Fig. 3.4, an MPU module applies the se-

quence: linear projection, layer normalization, ReLU activa-
tion, and attention. Given input Fi, the output Fo is computed
as:

ℶ𝜚 = Attn
⌋
ReLU

⌋
LayerNorm(ℷ

proj
⋛ ℶℸ)

⌈⌈
(4)

where Wproj is the projection matrix, LayerNorm de-
notes layer normalization, and Attn is the self-attention
mechanism.

The MPU processes input through linear projection,
layer normalization, ReLU activation, and self-attention as
per Eq. (3). The training procedure is summarized below:

Pseudocode: For each episode:

1. Collect trajectory segment sn
2. 𝛻𝜀 = SummaryTransformer(𝛻𝜀ε1, 𝜔𝜀)
3. Store (sn, mn) in episodic bu"er
4. If sparse reward detected: write to external memory

with priority based on reward magnitude
5. Update policy using: recent segment sn (procedural),

sampled memory tokens {mk} (episodic), and exter-
nal memory reads (structured)

6. Backpropagate through summarization chain with
gradient truncation at N steps Following the four
MPU blocks, TEMA includes an external memory
read head, dynamic gating, fully connected layer
(dimension = action space), and softmax/Gaussian
output for action selection (Table 1).
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Figure 1: Token-E!cient Memory Architecture (TEMA)

Table 1
Detailed layer-wise parameter dimension information for
TEMA

Layer Block Output Dim Key Parameters

Summarization 1 ω 64 Ls=2, H=4,
dm=64

MPU Blocks (4) 1 ω 256 dmpu=256, H=4
each

External Memory 1 ω 64 128 memory slots
Output Head 1 ω A Softmax / Gaus-

sian

Figure 2: Learned Summarization Layer

Figure 3: Learned Summarization output spectrograms across
di"erent environments showing activation patterns: MuJoCo
walking/running (periodic patterns), StarCraft early/combat
(sparse activations), Pommerman exploration/combat (mixed
patterns). Warmer colors indicate higher activation.

Figure 4: Memory Processing Unit (MPU)
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4. Experimental setup, results and discussion
4.1. Environments and simulation setup

TEMA is evaluated on MuJoCo (HalfCheetah, Hopper,
Ant; dense, 1000 steps), StarCraft II (partially observable,
500–2000 steps), and Pommerman (sparse, multi-agent, 800
steps). We use K=32, r=8ω (dM=64, dtoken=512), av-
eraged over 5 seeds. Baselines include LSTM, GTrXL,
RATE, and Transformer+NTM across trajectory lengths
100–900 (step 100), measuring cumulative reward, conver-
gence, memory, and compression ratio. Experiments run on
a single RTX 3090 (24GB) with PyTorch 2.0. Hyperparam-
eters are in Table 2.

4.2. Memory computation Analysis
Memory complexity analysis – Standard transformers

scale quadratically with trajectory length T:

⊳
std

= 4 ⋛ ⊲ ⋛ 0 2 ⋛ ℵ
head

⋛ 𝜀
heads

(bytes) (5)

In contrast, TEMA compresses T into N = T/K seg-
ments, yielding linear growth:

⊳
TEMA

= 4 ⋛⊲ ⋛
⌋
0 ⋛𝜑 +12

⌈
⋛ℵ

head
⋛𝜀

heads
(bytes) (6)

The compression ratio is defined as:

𝜕 =
𝜑 ℵ

token

ℵ𝛻
=

32 ⋛ 16
64

= 8 (7)

Dynamic gating balances episodic and procedural mem-
ory via:

2𝜛 = 3
⌋
ℷ2 ⋛ [4𝜛,𝛻current

] + 52
⌈

(8)

Table 2
Hyper-parameters and values for experiments

Parameter Value

Optimizer Adam
Learning Rate 3 ω 10

{
ε 4}

Batch Size 64
Max Episodes 500
Weight Decay 1 ω 10

{
ε 4}

Gradient Clipping 1.0
Memory Dim (dM) 64
Segment Length (K) 32
Summary Layers (Ls) 2
Attention Heads (H) 4
Weight Init He
Early Stopping 50 episodes no improvement

where 3 is the sigmoid function, ℷ2 ϑ ℝ1ω2ℵmpu , and
52 ϑ ℝ.
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Table 3
Performance comparison: TEMA vs. Keyformer vs. LightThinker

Method Compression Ratio GPU Memory Re-
duction

Performance
Retention

End-to-End Train-
able

RL Task
Optimized

Keyformer (Adnan
et al., 2024)

2ω 50% 99% (at 70%
cache)

No No

LightThinker
(Zhang et al.,
2025)

3.3ω 70% 98% Partial No

TEMA (Ours) 8ω 40% 98% Yes Yes

Table 4
Detailed performance metrics on MuJoCo (HalfCheetah) and StarCraft II (Build-Marines).

Method MuJoCo Return StarCraft II Win
Rate

GPU Memory
(GB)

Inference Latency
(ms)

Compression Ratio

LSTM 8,500 ± 340 68.2% 6.0 12 1ω
GTrXL 9,520 ± 280 72.5% 8.5 28 1ω
RATE 9,860 ± 310 78.1% 9.2 35 3ω
Keyformer (Adnan
et al., 2024)

9,100 ± 420 71.5% 7.5 25 2ω

LightThinker
(Zhang et al.,
2025)

9,340 ± 350 75.2% 7.2 24 3.3ω

Transformer+NTM 10,450 ± 260 80.4% 12.0 45 1ω
TEMA (Ours) 10,280 ± 270 76.3% 8.8 26 8ω

5. Results and discussion
5.1. Comparison with state-of-the-art methods

We benchmark TEMA against recent SOTA memory-
e!cient models: Keyformer (50% KV cache reduction, 2.1ω
speedup) and LightThinker (70% token reduction via gist
tokens, 26% faster inference).

TEMA achieves the best compression (8ω) versus Key-
former (2ω, inference-only) and LightThinker (3.3ω, partial
training). Crucially, TEMA is end-to-end trainable with
RL-specific policy gradient optimization—a key advantage
neither baseline provides.

Table 6 and Figure 13 compare TEMA with Keyformer
and LightThinker. TEMA achieves 8ω compression (vs.
2ω and 3.3ω), with 40% memory reduction at 98% per-
formance retention—a better trade-o" than inference-only
(Keyformer) or partially trainable (LightThinker) baselines.
All methods have similar latency (24–26 ms). Critically,
TEMA is end-to-end trainable with policy gradients and
dynamic routing, enabling RL-specific optimization.

On HalfCheetah, TEMA (10,280±270) rivals Trans-
former+NTM (10,450±260) and outperforms Keyformer
(9,100±420) and LightThinker (9,340±350). On Build-
Marines, TEMA achieves 76.3% win rate vs. 71.5% (Key-
former) and 75.2% (LightThinker). Critically, TEMA de-
livers near-peak performance with lower memory (8.8 GB
vs. 12.0 GB) and faster inference (26 ms vs. 35 ms). These
gains stem from its 8ω compression, end-to-end policy-
gradient training, and RL-specific dynamic memory routing

addressing sparse rewards and credit assignment, unlike
inference-only or partially trainable baselines.

5.2. Simulation results and discussion
We initially provide the results of the proposed TEMA

approach applied to MuJoCo tasks in terms of learning
curves as represented in Figure 1.

Figure 5.2 shows TEMA’s stable and e!cient perfor-
mance on continuous control, matching Transformer+NTM
asymptotically with 21% relative improvement over LSTM.
Early convergence comes from e!cient credit assignment
via compressed memory, though TEMA shows slightly
higher early-training variance due to compression noise.
Figure 5.3 presents TEMA’s win rates on StarCraft II mini-
games (BuildMarines, CollectMineralShards, DefeatRoaches)..

Figure 5.3 shows win rates exceeding 80% for all mini-
games by 400 episodes, with DefeatRoaches converging
slower due to sparse rewards. We then analyze the impact
of segment length K and compression ratio r on TEMA’s
performance. Figure 3 shows the e"ect of segment length
with r=8ω.

Figure 5.4 shows that longer trajectories degrade re-
turns across all methods due to di!cult credit assignment.
Shorter segments (K=8, 16) su"er compression noise and
information loss at long horizons (>600 steps), while K=32
achieves the best performance across all trajectory lengths by
balancing compression e!ciency and information retention.
Performance di"erences diminish at short trajectories. We
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Figure 5: Comparison with Keyformer (Adnan et al., 2024) and LightThinker (Zhang et al., 2025) (a) Compression ratio. (b)
Memory-performance trade-o". (c) Inference latency. (d) End-to-end trainability. (e) RL-specific optimization.

Table 5
Overall return of TEMA with standard deviations across 5
random seeds

Trajectory Length Return (%) ± Std. Dev.

100 92.3 ± 2.1
300 89.7 ± 2.4
500 87.4 ± 2.8
700 85.1 ± 3.2
900 82.6 ± 3.5

next analyze the e"ect of compression ratio r in Figure 4
(r=4ω, 8ω, 16ω over 100–900 timesteps).

Figure 5.5 shows r=8ω compression outperforms across
all trajectory lengths, balancing information preservation
and memory e!ciency while minimizing GPU usage. r=16ω
su"ers performance loss at long trajectories due to in-
formation loss, but di"erences diminish at short lengths.
Performance stability across trajectory lengths for K=32,
r=8ω is summarized in Table 5.

The work in (Talanov and Feinstein, 2025) was the only
work to the best of our knowledge to consider the e"ect
of compression on the performance of memory-augmented
RL methods with embodied navigation. It o"ers a memory-
e!cient periodic summarization-based memo architecture
of agents. Moreover, authors compare the performance of

Table 6
Performance comparison of proposed TEMA with Talanov and
Feinstein (2025) in terms of compression ratio across domains

Domain RMT RATE Memo TEMA
(Pro-
posed)

Navigation 1ω 3ω 8ω 8ω
MuJoCo 1ω 3ω — 8ω
StarCraft
II

1ω 3ω — 8ω

Memo with the approaches based on full-context trans-
formers such as RMT and RATE. We now compare the
performance of our proposed work with that of the work in
(Talanov and Feinstein, 2025) at di"erent compression ratios
in Table 5. Table 5 shows that proposed work exhibited better
compression ratios compared to other approaches in all
domains of tasks. This indicates the e!ciency of proposed
method in memory-constrained conditions.

5.3. Ablation analysis
To validate TEMA’s architectural contributions, we ab-

lated four components: (1) removing the last MPU block (No
MPU4), (2) removing last two MPU blocks (No MPU3&4),
(3) removing external NTM memory (No Ext Mem), and (4)
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Figure 6: MuJoCo learning curves across training phases showing mean return with standard deviation (shaded regions). TEMA
achieves faster early convergence and matches Transformer+NTM asymptotic performance with 21% relative improvement over
LSTM.

Figure 7: StarCraft II mini-games win rates over training episodes. All games achieve >80% win rate at 400 episodes, with
BuildMarines reaching >90% at 500 episodes. DefeatRoaches shows slower convergence due to the sparse reward structure.

replacing dynamic gating with static averaging (No Dynamic
Gate). Table 7 summarizes the returns.

Removing both MPU3&4 caused the largest perfor-
mance degradation (-7.6%), confirming MPU blocks are
critical for feature refinement. External memory (-2.3%) and
dynamic gating (-1.1%) provide secondary but meaningful
contributions. This suggests future optimizations should
prioritize MPU depth over gating complexity.

5.4. Generalization to Pommerman multi-agent
environment

TEMA generalizes to Pommerman a sparse, competitive
multi-agent environment with non- stationary opponents
using the same K=32, r=8ω hyperparameters without re-
tuning. We compare win rate and memory e!ciency against
baselines.

TEMA achieved 76.3% win rate, outperforming LSTM
(68.2%), Keyformer (70.5%), and LightThinker (74.8%),
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Table 7
Return of TEMA and its variants

Model Vari-
ant

Description Return (%) Drop (%)

Full TEMA Baseline
model

87.4 —

No MPU4 Removed
only the last
MPU block

84.2 -1.1

No MPU3
and MPU4

Removed
last two
MPU blocks

79.8 -2.3

No External
Memory

Removed
NTM read
head

85.1 -3.2

No Dynamic
Gate

Static mem-
ory averaging

86.3 -7.6

Table 8
Win rate comparison of TEMA on Pommerman environment

Method Win Rate (%) GPU Memory
(GB)

LSTM 68.2 6.0
GTrXL 72.5 8.5
RATE 78.1 9.2
Keyformer (Adnan
et al., 2024)

70.5 7.5

LightThinker
(Zhang et al.,
2025)

74.8 7.2

Transformer+NTM 80.4 12.0
TEMA (Proposed) 76.3 8.8

while approaching RATE (78.1%) and Transformer+NTM
(80.4%). Importantly, TEMA achieved this using only 8.8
GB GPU memory 40% less than Transformer+NTM (12.0
GB) demonstrating e"ective memory-performance trade-
o"s in multi-agent settings. These results confirm TEMA’s
generalization capability across di"erent reward structures,
task complexities, and agent configurations.
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Figure 8: Impact of segment length K on performance with
fixed compression ratio r = 8ω. K=32 provides optimal bal-
ance between compression e!ciency and information retention
across all trajectory lengths. K=8 and K=16 show degradation
at long trajectories (∱600 timesteps).

Figure 9: Impact of compression ratio r on performance with
fixed segment length K=32. r=8 achieves optimal performance
across all trajectory lengths. r=16 shows significant degrada-
tion at trajectories >500 timesteps due to information loss.
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6. Conclusion
We have presented a powerful and e"ective approach

to memory-augmented deep reinforce- ment learning in
resource-constrained settings via a novel resource-e!cient
Memory Archi- tecture (TEMA) in this work. The addition
of the learned summarization mechanism to the network
structure makes the memory management pipeline simpler
and, more importantly, the model more e"ective by guaran-
teeing uniformity between the training and inference stages.
We show through our large-scale simulations that TEMA
is much better than more recent memory-e!cient models
such as Keyformer and LightThinker in both compression
ratio and RL task performance, and as good as full-context
baselines in accuracy.

The simulation runs indicate that the developed approach
yields a total return of 10,280 + 270 on MuJoCoHalfChee-
tah, which is better than Keyformer (9,100 + 420) and
LightThinker (9,340 + 350). The TEMA approach is also
highly resilient to long-horizon scenarios with a 76.3% win
rate on Pommerman with 8x context compression and 40
percent reduction in memory used by the GPUs. These
findings underscore the possibility of TEMA to be used
in real life situations where memory limitations cannot be
avoided and therefore makes positive contributions to the
deep reinforcement learning field.
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