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ABSTRACT

Context management enables agentic models to solve long-horizon tasks through
iterative summarization of previous interaction histories. However, this process
typically incurs substantial decoding overhead for the extra summarization tokens,
which significantly affect the end-to-end response latency at deployment. In this
paper, we introduce COMEM, a novel framework that decouples memory man-
agement from the primary agent workflow, enabling these processes to execute in
parallel. We propose a k-step-off asynchronous pipeline that overlaps the memory
model’s summarization with the agent’s inference, effectively masking the latency
of context processing. To ensure robustness under this asynchronous setting, we
introduce a reward-driven training strategy that aligns the memory model to cap-
ture sufficient statistics for the agent’s decision-making. Theoretical analysis con-
firms that COMEM offers a superior efficiency-effectiveness trade-off compared to
coupled architectures. Our extensive experimental results on SWE-Bench-Verified
show that COMEM provides 1.4x latency improvements upon vanilla long-context
solutions while preserving most of the performance. Furthermore, we demonstrate
that these latency gains scale favorably with increased system throughput, offering
a modular path forward for the independent optimization of agent reasoning and
memory compression.

1 INTRODUCTION

The capabilities of Large Language Model (LLM) agents have expanded significantly, moving be-
yond simple conversational assistants to autonomous systems capable of tackling complex, multi-
step problems in domains such as software engineering (Jimenez et al., 2023), scientific discov-
ery Lu et al. (2024), and open-ended exploration He et al. (2024); Team et al. (2025). Unlike
standard question-answering tasks, these applications are inherently stateful: success depends not
only on the immediate instruction but on the agent’s ability to maintain a coherent understanding of
its entire interaction history. For instance, in repository-level code generation, an agent must recall
decisions made thousands of steps prior to generate valid subsequent actions, such as function defi-
nitions, dependency changes, or debugging results. Consequently, the ability to process and reason
over extremely long contexts has become a non-negotiable requirement for high-performing agentic
systems Zhou et al. (2025); Wu et al. (2025b); Lu et al. (2025); Sun et al. (2025); Yu et al. (2025).

Despite the increasing attention to increase effective context window, there are surprisingly fewer
attention spread on the severe computational cost introduced from long-context processing during
agentic inference. While modern LLMs can natively accept context windows spanning millions of
tokens, utilizing them during online agent deployment is often prohibitively expensive Yuan et al.
(2024). The primary challenge lies in the inference latency of the decoding stage. As the interaction
history grows, the KV cache footprint expands linearly, and the attention computation cost scales,
saturating the High Bandwidth Memory (HBM) of modern GPUs. Unlike the prefilling phase,
which is compute-bound and parallelizable, the auto-regressive decoding phase is memory-bound;
fetching the entire KV cache for every generated token results in high latency that degrades the user
experience and limits the throughput of real-time systems. This creates a ”memory wall” where the
agent’s reasoning power is throttled by the sheer volume of its past observations Tang et al. (2024).

To address these computational challenges, previous solutions have largely pursued two directions:
context reduction and system-level optimization. Context reduction strategies attempt to limit the
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number of tokens the model must attend to. Sliding-window attention (Fu et al., 2025) restricts the
agent to a fixed local context, inherently sacrificing the ability to recall distant dependencies—such
as the initial user goal or a bug identified thousands of steps prior. Retrieval-Augmented Generation
(RAG) Wu et al. (2025a); Shi et al. (2026) alleviates this by fetching relevant snippets from the
history. However, RAG relies heavily on semantic similarity, which often fails to capture the high-
level state or procedural trajectory of an agent, leading to fragmented reasoning.

On the other hand, system-level Optimizations aim to make processing the full context more efficient
without reducing the token count. Modern inference engines like vLLM Kwon et al. (2023) have
revolutionized memory management through PagedAttention, significantly reducing fragmentation.
Similarly, Sparse Attention mechanisms Xiao et al. (2024) and KV Cache Quantization Hooper
et al. (2025) reduce the compute and memory bandwidth requirements by sparsifying interactions
or lowering numerical precision. KV cache can also be offloaded to CPU for future decoding Jin
et al. (2024). While these methods provide substantial throughput improvements, they do not solve
the fundamental inefficiency of the agent loop: the redundancy of re-encoding or re-attending to a
massive, largely static history for every single decoding step. As a result, even highly optimized
engines eventually hit a latency wall as the interaction trace grows indefinitely.

To bridge this gap, we introduce COMEM, a framework that decouples the distinct responsibilities
of memory management and agentic reasoning. Unlike prior approaches that force a single large
model to handle both history compression and policy generation, COMEM offloads the heavy lift-
ing of long-context processing to a dedicated, lightweight summarization model. This architectural
separation allows us to propose a novel k-step-off asynchronous pipeline, where the memory model
continuously compresses history in the background, freeing the main agent to decode with a sig-
nificantly reduced context window. To ensure this compressed state effectively guides the agent,
we introduce a reward-driven alignment strategy that trains the memory model to capture the ”suf-
ficient statistics” required for optimal decision-making.By shifting the computational burden from
the critical path of decoding to a parallelizable background process, COMEM achieves the best of
both worlds: the global reasoning capability of long-context models and the low-latency inference
of short-context systems.

Our contributions are summarized as follows

• We propose COMEM, a framework that separates memory management from reasoning,
enabling the use of specialized, lightweight models for efficient history compression.

• Asynchronous Inference: We design a k-step-off pipeline that overlaps memory summa-
rization with agent execution, masking the latency of context processing and reducing the
decoding overhead by up to 1.4×.

• We introduce a novel training methodology that aligns the memory model using a func-
tional equivalence reward, ensuring the compressed summary recovers the full-context
agent’s policy without expensive online interaction.

• Extensive experiments on SWE-Bench-Verified demonstrate that COMEM significantly
reduces latency while maintaining competitive performance against state-of-the-art long-
context baselines.

2 PRELIMINARIES

2.1 STANDARD AGENT

Standard agent interaction is a Partially Observable Markov Decision Process (POMDP), where
each process starts from an initial observation o1 that usually contains a problem statement, and
then a multi-turn interaction history of length T is generated as τ = (o1, a1, o2, a2, . . . , oT ) where
ai usually contains a reasoning and a tool call, and oi usually represents an observation returned
from the environment. Different from a vanilla MDP process, the LLM agent has to carry the entire
interaction history as input at each step, which results in a linearly scaling context length through
the interaction.
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Figure 1: COMEM framework: a decoupled agent framework that offloads long-context compression
to an asynchronous, lightweight memory model, significantly reducing inference latency without
compromising reasoning performance.

2.2 LLM INFERENCE

Modern LLMs usually employ a two-stage inference process: Prefill Stage and Decode Stage. The
Prefill Stage serves as the initial step where the key-value cache (KV cache) for the prompt (also
called prefix) sequences are built for each KV head in the Transformer architecture1. Suppose that
each attention head has weights Wq , Wk and Wo, then the attention layers will create three vectors

Query: Q = X · Wq, Key: K = X · Wk, Value: V = X · Wv (1)

where X ∈ Rl×d is the input vector. After prefilling, all the key-value pairs are preserved in the
memory so that they can be reused during the decoding of each token. This will result in two
vectors Kcache = [K1; . . . ;Kl] ∈ Rl×d×h and Vcache = [V1; . . . ;Vl] ∈ Rl×d×h, where we omitted
the layers and use h to represent total number of KV heads in the architecture. The GPU High
Bandwidth Memory (HBM) typically needs to spare a significant amount of spaces to store these
KV cache. For instance, for Qwen/Qwen3-32B in FP16 precision, it will take up 16 GB to save a
sequence of 64K tokens. In contrast, Qwen/Qwen3-4B requires roughly half of the space to save
these amount of KV cache2. Finally, the Prefill Stage is usually compute-bound, since it involves
matrix-matrix multiplications that utilize the GPU’s arithmetic units efficiently. Typically, we use
Time to First Token (TTFT) that calculates the time spent from waiting the first token to emit to
represent the prefilling latency.

Once the prompt is processed, the model enters the Decoding Stage, which decodes token one at a
time. For each step t, the model only processes the single previous token and concatenate a new KV
pair,

K(t)
cache = [K(t−1)

cache ;K(t)] V(t)
cache = [V(t−1)

cache ;V(t)] (2)
and at the same time emits the output token. Different from Prefill Stage, Decode Stage is memory-
bound since at each decoding step, the GPU spends more time waiting for the KV cache to arrive
from HBM. Consequently, the decoding speed is usually bottlenecked by the memory bandwidth.
When the HBM is saturated, part of the KV cache will be either emitted or offloaded to CPU Jin et al.
(2024). Since CPU bandwidth is linear does not incur quadratic compute in long-context prefilling,
CPU offload is often a better choice which results in significantly cheaper prefilling costs. Typically,
we measure decoding efficiency through Time per Output Token (TPOT) , which tracks the average
generation speed per token, excluding the initial prefill latency.

2.3 GROUP RELATIVE POLICY OPTIMIZATION (GRPO)

In Group Relative Policy Optimization (GRPO) (Shao et al., 2024), for each prompt x, we
sample a group of K trajectories G(x) = {τ (1), . . . , τ (K)} where each trajectory τ (k) =

(o
(k)
0 , a

(k)
0 , o

(k)
1 , a

(k)
1 , . . . ) is generated autoregressively by the policy πθ and receives a trajectory-

level scalar return R(τ (k)).
1Note that here we discriminate KV head from attention head because of Grouped Query Attention (GQA)
2https://lmcache.ai/kv_cache_calculator.html provides calculations for some other

models
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Figure 2: Profiling results for agentic inference scenario. Left is the execution time for Full-Context
baseline. Middle the execution time for COMEM. Right is the time per completion token results.

GRPO constructs a relative advantage within each group by subtracting a group-wise baseline from
the individual return. Concretely, we define Ã(k) = R(τ (k))−b(G(x)) where b(G(x)) is a baseline
that depends only on the group statistics: b(G(x)) = 1

K

∑K
j=1 R(τ (j)).

The resulting policy gradient objective over a batch of groups is

J(θ) = Ex,G(x)

[
1

K

K∑
k=1

Ã(k)
∑
t

log πθ

(
a
(k)
t | s(k)t

)]
, (3)

where the inner sum runs over all decision tokens in the trajectory. In practice, we use a PPO-style

clipped surrogate to stabilize training. Let r(k)t =
πθ(a

(k)
t |s(k)

t )

πθold (a
(k)
t |s(k)

t )
denote the likelihood ratio; the

GRPO loss is

LGRPO(θ) = −E

[
1

K

∑
k,t

min

(
r
(k)
t Ã(k) clip

(
r
(k)
t , 1−ϵ, 1+ϵ

)
Ã(k)

)]
+β E

[
DKL

(
πθ ∥πref

)]
(4)

where ϵ controls the clipping range, β weights a KL penalty to a reference policy πref, and the
expectation is taken over prompts, groups, and time steps.

3 DESIGN OF COMEM

We design COMEM to optimize the latency during high-throughput agentic inference. By decou-
pling the long-context processing from agentic process and then overlaps them via k-step-off gener-
ation, our method effectively alleviates the memory-bound bottlenecks and improves the end-to-end
performance while keeping most of the performance. In the following sections, we first analyze
the prefill and decoding latency for standard agentic inference. Next, we present the key insights
of our proposed framework COMEM which includes a novel k-step-off generation algorithm and a
new reward design that encourages the model to capture sufficient statistics. Finally, we show some
theoretical analysis on the determination of a proper summary length.

3.1 ANALYSIS OF AGENT INFERENCE

In agentic inference, since at each step, only the current observation are prefilled, the total time is
typically dominated by the decoding stage, which is often memory-bound because of the loading of
KV cache. Thus, we mainly study the decoding speed in this section in both synthetic and real-time
inference scenarios.

Long-context Scenario Real-time agentic inference often involves additional overheads from other
processes such I/O and batch size invariants or token length variants during rollout. In order to
better understand the relationships between the context length and decoding time, we first perform
profiling analysis on a synthetic long-context scenario where the inputs and outputs are both ran-
dom data with fixed length and the batch size is always constant. As shown in Figure 3, we can
observe that when batch size is small (batch=1), the TPOT does not scale significantly with context
length because the time spent on loading KV cache is negligible compared other overheads such
as loading model weights or computing. For batch=32, at lower context (< 213), the KV cache is

4
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still small enough that the GPU bandwidth is not saturated and the TPOT is dominated by the over-
heads. And at higher context (> 213), the KV cache becomes massive and every extra token adds
a linear delay. For large batch (batch=128), the GPU will be fully saturated even at short contexts.
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Figure 3: TPOT for two models on various context
lengths and batch sizes. DeepSWE is a dense model
with 32B parameters.

Agentic Scenario To further understand
how the slow-down affects the inference
latency in agentic scenario, we average the
time for each step and components across
multiple trajectories generated from SWE-
Bench-Verified and then show the results
in the left of Figure 2. First, the total time
at each step is dominated by LLM exe-
cution while the environment execution is
negligible. Second, we see that the LLM
execution time increases from beginning
to around 20 steps, and then starts to de-
crease until the last few steps. We attribute
this behavior to the dynamics of the batch
size. Initially, the large batch size renders
the decoding process memory-bound. As
the generation progresses and individual
requests are completed, the effective batch
size decreases, resulting in reduced inference latency. To isolate the behavior of decoding latency
with respect to the prompt length, we further provide the plot of execution time per completion token
in the right panel of Figure 2. It shows that the decoding latency per token increases as the prompt
length grows, thereby corroborating our earlier hypothesis.

3.2 COMEM FRAMEWORK

Through previous analysis, we show that the inference latency is mainly bottlenecked by the decod-
ing stage. While most agent models are cumbersome large reasoning models, there exists several
light weight long-context models that can offload the burden of long-context processing during de-
coding. In this section, we introduce COMEM (Figure 1), that decouples memory management
from the main agent workflow by employing a dedicated smaller summarization model that com-
presses prior interactions into a concise representation for the agent. This design reduces latency and
memory footprint since fewer parameters are involved, while effectively maintaining a long-context
processing capability. Specifically, (1) memory model (f ) is a native long-context model with a
lightweight decoding mechanism (we choose a model with smaller parameter count) and designed
to capture sufficient statistics from long-term history while (2) agent model (π) is a more capable
model (usually with larger parameter counts) that proposes policies based on the outputs from f and
the short-term memory.

Formally, the memory model f maps the long-term history to a compressed state representation st =
f(τ<t; θf ), where |θf | ≪ |θπ|, ensuring that the computational burden of long-context encoding is
handled by a smaller, more efficient transformer. Moreover, the constraint |st| < |τt| guarantees that
the input length for the agent is significantly reduced, resulting in lower decoding latency compared
to standard full-context inference. Then the agent model proposes policy based on the compressed
summary. at ∼ π(a|st, Ct; θπ) A naı̈ve implementation of the workflow described above introduces
a sequential bottleneck, as the agent model must idle until the memory update concludes. Next,
we introduce a novel pipeline to remedy this extra overhead via overlapping the generation of two
models.

k-step-off Pipeline To mitigate this, we propose a novel asynchronous pipeline detailed in Algo-
rithm 1. In this design, the memory model operates in the background, continuously compressing
history with a fixed lag of k steps (τ≤t−k). This allows the agent model to proceed without in-
terruption. To compensate for the latency of the memory model, the agent constructs its context
by concatenating the available and slightly stale summary s with the recent raw interaction buffer
τt−k+1. Formally, the policy generation at step t is defined as:

at ∼ π(at | f(τ≤t−k)︸ ︷︷ ︸
Latent Summary

, τt−k+1:t︸ ︷︷ ︸
Recent Buffer

; θπ) (5)
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Algorithm 1 k-step-off Pipeline
Require: Agent Model π, Memory Model f , Initial History τ0, Retain Turns k
1: Initialize: s← ∅, t← 0, Pmem ← None
2: while not finished do
3: {Retrieve Summary from Previous Step}
4: if Pmem ̸= None then
5: s← await Pmem {Summary of τ≤t−1−k}
6: end if
7: {Start Async Memory Compression (Background)}
8: Pmem ← async f(τ≤t−k) {Will be used at step t+ 1}
9: {Agent Inference (Parallel with Pmem)}

10: Construct context Ct ← (s, τ[t−k+1:t]) {Summary + recent k turns}
11: Sample action at ∼ π(a | Ct)
12: {Environment Execution}
13: Execute at, observe ot+1

14: τt+1 ← τt ∪ {at, ot+1}
15: t← t+ 1
16: end while

This design ensures that while the heavy lifting of long-context compression happens asyn-
chronously, the agent always has access to the full causal history via both summary and the explicit
short-term buffer.

3.3 DETERMINATION OF SUMMARY LENGTH

While COMEM significantly reduces memory overhead during the decoding stage, the introduction
of the summary representation s requires an additional prefilling stage for the agent model before
further decoding, as shown in Figure 4. To ensure a net reduction in end-to-end latency, the decoding
speedup must sufficiently amortize the prefilling cost. We formalize this trade-off below.

Theoretical Analysis Let S denote the KV cache memory size required per token (in GB), and let
W represent the GPU’s HBM bandwidth (in GB/s). Assuming the decoding process is memory-
bound, the latency reduction per decoding step achieved by COMEM compared to a full-context
baseline, is determined by the difference in data transfer volume

∆tdecode = (Lfull − Lsum) · S/W (6)

where Lfull and Lsum are the context lengths of the baseline and COMEM, respectively. However,
generating the summary representation incurs a one-time prefilling latency. Assuming a prefilling
throughput of P (tokens/s), the system must satisfy the condition where the cumulative time saved
over Y generated tokens exceeds the summary prefilling latency:

Y · (Lfull − Lsum) · S
W︸ ︷︷ ︸

Time saved per token

>
Lsum

P︸ ︷︷ ︸
Prefill overhead

(7)

Thus we derive an upper bound for the compression ratio:

Lsum/Lfull <
Y · S · P

Y · S · P +W
(8)

Case study Applying this bound to a standard deployment of Qwen/Qwen3-32B on a sin-
gle A100 GPU, where the HBM bandwidth is W ∼ 2 TB/s and the prefilling throughput is
P = 3, 000 tokens / s. And the KV size taken by each token is 2 × 10−4GB. Assume that the
average number of completion tokens is Y = 1K. Thus the ratio should be less than 0.23, which is
achievable through summarization.

3.4 TRAINING

Empirical analysis suggests that the inherent summarization capability of base models is often in-
sufficient for complex agentic tasks. To bridge this gap, we introduce a targetted training pipeline
designed to align the memory model’s summarization performance with a full-context baselnie.

6
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Figure 4: An example Gantt plot for k-step-off. We include two scenarios. For 1-step-off, the agent
model has to prefill at each step. For 2-step-off, agent model can reuse summarize every 2 steps.

Crucially, our framework assumes the agent model π remains frozen throughout this process. This
design choice decouples the training of the memory model f from the agent’s reasoning policy,
enabling a highly efficient offline training regime that circumvents the need for costly online envi-
ronment interactions.

Specifically, we initialize the process by generating reference trajectories using the standard full-
context agent pipeline. For each step t in a trajectory, we construct a training instance where the
input is the historical context τ<t and the target is the ground-truth action a∗t originally generated
by the full-context agent. We then employ GRPO (Eq. 4) to fine-tune the memory model. The
core innovation lies in our reward formulation , which directly optimizes for functional equivalence
rather than semantic similarity of the summary text. Mathematically, given a generated summary
s = f(τ<t−k) and the immediate raw context Ct = τt−k:t−1 containing the recent k turns. These are
fed into the frozen agent model to obtain a proposed action. The reward is defined as the similarity
between the proposal and the groundtruth

R(s) = sim(π(· | s, Ct), a
∗
t ) (9)

By maximizing this reward, the memory model learns to compress the long-term history into a
representation that induces the agent to behave exactly as if it had access to the full context.

4 EXPERIMENTAL RESULTS

4.1 EVALUATION

We evaluate COMEM on SWE-Bench-Verified Jimenez et al. (2023), a human-validated subset of the
original SWE-bench dataset designed to ensure reliable and reproducible evaluation of autonomous
software engineering agents. Specifically, following Jain et al. (2025), we train our memory model
using R2E-Gym-Lite and then test on 500 github issues on the SWE-Bench-Verified test set. We use
the default scaffold provided by R2E-Gym and set maximum steps to 40 with an extended allowance
to 100 steps to let the LLM submit the answer. Finally, we measure resolve rate, number of tool calls
and inference latency for each batch of 128 issues.

4.2 BASELINES AND IMPLEMENTATIONS

We choose Qwen3-4B as our smaller memory model because of its scale and long-context capa-
bility. We always use the maximum summary length of 2048 for consistency. We pair the memory
model with agent models with various sizes and capabilities. Specifically, we choose DeepSWE,
Qwen3-Coder-Max and GLM-4.7. We compare with the following baselines: Full-Context is
the standard agentic inference scenario with long-context inference. No Summary removes the
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Table 1: Main results. For latency, we show the total inference time for 128 issues.

Agent Memory %Resolved #Tool Calls
w/o CPU Offload w/ CPU Offload

Latency (×128/s) Speedup Latency (×128/s) Speedup

DeepSWE
(32B Dense)

Full-Context 40.4 34.39 9457.78 1× 6390.62 1×

Qwen3-4B (base) 29.9 24.74 4360.72 2.17× 3649.61 1.75×
Qwen3-4B (SFT) 39.8 35.61 5232.64 1.81× 4168.85 1.53×

GRPOAC 41.0 40.69 5622.33 1.68× 4400.89 1.45×

Qwen3-Coder-Max
(480B A35B)

Full-Context 57.2 36.68 6291.11 1× 5129.90 1×

No Summary 46.6 25.20 3780.74 1.66× 3421.78 1.50×
Qwen3-4B (base) 42.2 39.40 3421.63 1.84× 3138.97 1.63×
Qwen3-4B (SFT) 47.3 43.39 3819.70 1.65× 3337.58 1.54×

GRPOAC 51.0 44.55 3917.68 1.61× 3594.51 1.43×

GLM-4.7
(355B 32B)

Full-Context 69.0 55.11 6361.49 1× 5869.42 1×

No Summary 59.4 46.82 4216.83 1.51× 3842.17 1.53×
Qwen3-4B (base) 58.3 49.32 3928.44 1.62× 3526.91 1.66×
Qwen3-4B (SFT) 61.3 52.74 4087.92 1.56× 3668.53 1.60×

GRPOAC 62.7 51.21 3318.42 1.92× 2821.38 2.08×

summaries from the agent model prompt and leave the other components intact. Qwen3-4B (base)
uses off-the-shelf model as memory model. Finally, GRPOAC is a model trained using our pro-
posed framework in Section 3.4. For DeepSWE and Qwen3-Coder-Max, we use k = 2, and
for GLM-4.7 we use k = 4. For latency comparison, we start two different vLLM engines for
both agent model and memory model. We consistently choose vLLM version 0.14.0 with prefix
caching and chunked prefilling. We further compare latency under two scenarios: with or with-
out cpu offloading, to demonstrate the capability of COMEM on wide deployment settings. For
DeepSWE, we run on A100 (80GB), and for the other two models, we run on H200. Notice that in
production, one memory model server can be used for multiple agent models. See further discus-
sions in Section 6.

4.3 MAIN RESULTS
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Figure 5: Latency and Speedup results
for GLM-4.7 over various batch sizes.
COMEM’s speedup scales up with throughput.

We evaluate COMEM on SWE-bench Verified
across three agent backbones: DeepSWE (32B),
Qwen3-Coder-Max (480B), and GLM-4.7
(355B). In terms of effectiveness, our framework
consistently outperforms standard compression
baselines. Notably, on the DeepSWE backbone,
COMEM (GRPO) achieves a 41.0% resolu-
tion rate, slightly surpassing the full-context
baseline (40.4%), suggesting that aligned sum-
marization can effectively filter irrelevant noise
for mid-sized models. For larger models like
Qwen3-Coder-Max and GLM-4.7, our reward-
driven training significantly recovers performance
compared to base and SFT variants, closing the gap
with the full-context upper bound while restoring
tool-use frequency. In terms of efficiency, the
decoupled architecture delivers robust inference
speedups ranging from 1.45× to 2.08× across
different hardware configurations. The gains are most pronounced on GLM-4.7 (up to 2.08×),
confirming that COMEM successfully mitigates the decoding bottleneck without compromising the
agent’s ability to solve complex, long-horizon tasks.

4.4 SCALABLE SPEEDUP GAINS WITH INCREASED BATCH SIZE

We evaluate the inference latency of COMEM against a Full-context baseline across batch sizes
ranging from 32 to 256. While the baseline performs competitively at the smallest scale, it exhibits

8



432
433
434
435
436
437
438
439
440
441
442
443
444
445
446
447
448
449
450
451
452
453
454
455
456
457
458
459
460
461
462
463
464
465
466
467
468
469
470
471
472
473
474
475
476
477
478
479
480
481
482
483
484
485

Under review as a conference paper at ICLR 2026

poor scaling as batch size increases, with latency rising from 1206.60 ms to 9684.24 ms. In contrast,
COMEM demonstrates superior computational efficiency and linear scaling; it achieves a 2.08×
speedup at a batch size of 128 and a 2.52× speedup at 256, effectively mitigating the memory-
bandwidth bottlenecks typical of large-batch long-context processing.

5 RELATED WORKS

Recent advancements in scaling large language models (LLMs) to long-horizon tasks have largely
focused on overcoming fixed context window constraints through dynamic context management
and memory optimization. One primary approach involves context compression and summariza-
tion, where methods like ReSum Wu et al. (2025b), ACON Kang et al. (2025), and SUPO Lu
et al. (2025) employ reinforcement learning to condense interaction histories into dense reasoning
states, effectively discarding redundant information while retaining critical evidence. A parallel
paradigm explores context folding and Markovian state reconstruction, illustrated by AgentFold Ye
et al. (2025), Context-Folding Sun et al. (2025), and The Markovian ThinkerAghajohari et al. (2025).
These frameworks restructure linear history into branching or collapsible sub-trajectories, enforc-
ing Markovian properties to decouple reasoning depth from input length. Finally, approaches such
as Mem-α Wang et al. (2025), MEM1 Zhou et al. (2025), and DeepMiner Tang et al. (2025) tran-
sition from passive context maintenance to active memory construction, training agents via RL to
proactively update, retrieve, and synergize external memory stores with reasoning processes, thereby
enabling sustained performance over indefinite horizons without linear computational scaling.

6 DISCUSSION

Relationship with Sparse Attention. A prominent line of research for efficient long-context pro-
cessing involves sparse attention mechanisms Child et al. (2019); Beltagy et al. (2020); Zaheer et al.
(2020), which mitigate the quadratic computational complexity of standard self-attention by limit-
ing token interactions to predefined patterns or dynamic selections. More recent approaches, such
as H2O Zhang et al. (2023) and StreamingLLM Xiao et al. (2023), further optimize inference by
identifying “heavy hitter” tokens or utilizing attention sinks to prune the KV cache significantly.
We emphasize that COMEM is orthogonal and complementary to these architectural optimizations.
Sparse attention techniques operate at the intra-model level, optimizing how a single model attends
to its context. In contrast, COMEM operates at the system level by decoupling the context man-
agement process entirely. Consequently, these approaches can be combined synergistically; for
instance, the underlying Memory Model in COMEM could employ sparse attention or KV cache
eviction policies to process raw interaction histories with even greater efficiency, while the Agent
Model continues to benefit from the high-level, compressed state representations provided by our
framework.

Practical Deployment and Model Synergy. For real-world applications, COMEM enables a flex-
ible and modular deployment strategy. We envision the memory model operating as a distinct
high-throughput service, capable of handling context compression for multiple concurrent agent
processes. This shared service architecture leverages the inherent efficiency of smaller models to of-
fload context management, allowing for independent scaling of memory and reasoning components
without necessitating specialized heterogeneous hardware. Consequently, this deployment paradigm
resolves the tension between large and small model utilization.

7 CONCLUSION

We proposed COMEM, a framework that decouples memory management from reasoning via a
novel k-step-off asynchronous pipeline. Experiments on SWE-bench Verified confirm that COMEM
achieves up to 2.1× inference speedup while maintaining full-context performance through our
reward-driven alignment training. This work effectively mitigates the latency bottleneck in long-
horizon tasks, offering a robust and scalable architecture for future agentic systems.
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A PROMPT FOR AGENT MODEL

C o n s i d e r t h e f o l l o w i n g g i t h u b i s s u e :
<g i t h u b i s s u e >
{ p r o b l e m s t a t e m e n t }
</ g i t h u b i s s u e >
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Can you h e l p me implement t h e n e c e s s a r y changes t o t h e r e p o s i t o r y
t o f i x t h e <g i t h u b i s s u e >? P l e a s e r e f e r t o t h e summary and r e c e n t
messages f o r c o n t e x t , which c o n t a i n s our p r e v i o u s c o n v e r s a t i o n s
and what you have done so f a r .

Here a r e t h e summary of our p r e v i o u s c o n v e r s a t i o n s :
<summary>
{summary}
</summary>
Here a r e t h e most r e n c e n t messages exchanged t h a t a r e n o t i n c l u d e d
i n t h e summary :
<r e c e n t m e s s a g e s >
{ r e c e n t m e s s a g e s }
</ r e c e n t m e s s a g e s >

B PROMPT FOR MEMORY MODEL

You a r e a h e l p f u l a s s i s t a n t t h a t summar izes c o n v e r s a t i o n s f o r
a n o t h e r model t o use . You need t o make s u r e t h a t t h e summary
c a p t u r e s a l l i m p o r t a n t d e t a i l s from t h e c o n v e r s a t i o n so t h a t
t h e o t h e r model can u n d e r s t a n d t h e c o n t e x t j u s t l i k e r e a d i n g
t h e f u l l c o n v e r s a t i o n .

\#\#\# C o n v e r s a t i o n :\\
\{ c o n v e r s a t i o n \}

P l e a s e p r o v i d e a d e t a i l e d summary of t h e above c o n v e r s a t i o n . Make
s u r e t o i n c l u d e a l l n e c e s s a r y d e t a i l s f o r t h e o t h e r model t o
u n d e r s t a n d t h e c o n t e x t , e s p e c i a l l y e n t i t i e s , a c t i o n s taken ,
and outcomes . But NEVER i n c l u d e any s u g g e s t i o n s o r recommenda t ions
f o r f u t u r e a c t i o n s − on ly summarize what has a l r e a d y o c c u r r e d .
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