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Abstract

Efficient memory management is critical for deploying Large Language Models
(LLMs) in streaming applications. Existing methods like StreamingLLM rely on
static heuristics (e.g., retaining initial tokens and recent windows) to limit Key-
Value (KV) cache growth, often discarding semantically important information in
the middle context. In this work, we propose a learned KV retention framework that
dynamically ranks and selects tokens based on their utility for future predictions.
We introduce a lightweight policy network trained via a three-stage pipeline: Oracle
data collection, Behavioral Cloning (BC), and Direct Preference Optimization
(DPO). Experiments on the PG-19 dataset demonstrate that our method outperforms
static baselines in extreme compression regimes (cache size ≤ 128), achieving a
perplexity improvement of 1.37 points while incurring negligible latency overhead
(< 0.1%). Visual analysis confirms that our policy successfully learns to preserve
critical semantic anchors beyond the local window.

1 Introduction

Large Language Models (LLMs) deployed in real-time or streaming settings face a growing bottleneck
in how they manage memory during long-context inference. With each new token generated, the
model must cache all past Key–Value (KV) pairs for attention, leading to rapidly increasing memory
use and latency. Sliding-window attention can limit the cache size, but this often leads to instability
and sharp increases in perplexity when early tokens are dropped.

Recently, Xiao et al. [2024] introduced StreamingLLM, which provides a method for stable long-
context inference. This approach retains a limited set of initial attention sink tokens in memory, in
addition to a rolling window of recent tokens. This mechanism stabilizes the attention distribution and
enables the model to process sequences containing millions of tokens while maintaining perplexity
levels comparable to the full-context baseline.

However, StreamingLLM still relies on a fixed rule for which tokens to keep: the first few tokens
(sinks) are always preserved, while all others are evicted in a FIFO manner. This static approach
ignores the fact that not all tokens contribute equally to future predictions. Inspired by Lin et al.
[2025], which introduced REFRAG to dynamically expand retrieved contexts using a lightweight
reinforcement learning (RL) policy, this project explores whether a similar idea can be applied to the
KV cache itself. Specifically, we learn a small RL policy that decides, at each step, which KV entries
to keep, adjusting memory allocation dynamically instead of relying on fixed heuristics.

To address these challenges, we focus on long-context language modeling to improve memory effi-
ciency without sacrificing stability. We compare our proposed RL-Cache—a lightweight policy that
dynamically retains KV entries based on learned utility—against Static Window and StreamingLLM
baselines. Trained to minimize a combined objective of prediction loss and memory usage, we hy-
pothesize that this adaptive mechanism can match the stability of static heuristics while significantly
reducing memory footprint.



2 Related Work

This project touches on three main areas of LLM research: efficient attention, long-context model-
ing, and adaptive memory control.

Earlier work on efficient attention, such as Longformer [Beltagy et al., 2020] and BigBird [Zaheer
et al., 2020], introduced fixed sparse patterns to reduce quadratic complexity. Clustering-based
approaches like Reformer [Kitaev et al., 2020] and Routing Transformer [Roy* et al., 2020] grouped
tokens by similarity using LSH or k-means routing to make attention more selective. And Sinkhorn
Transformers [Tay et al., 2020] extended this idea by learning sparse permutations through differen-
tiable sorting. All these methods target attention computation cost rather than runtime caching.

More recent approaches, such as Performer [Choromanski et al., 2020] and Hyena [Poli et al., 2023],
approximate or replace attention entirely using kernels or convolutions, achieving sub-quadratic
complexity. However, they require retraining and cannot be applied to existing pretrained LLMs.
In contrast, StreamingLLM [Xiao et al., 2024] targets only cache management during decoding,
keeping the LLM architecture intact. It achieves a stable perplexity by always keeping a few “sink“
tokens that act as global anchors for attention.

On the input side, compression-based methods such as CEPE [Yen et al., 2024] and LongLLMLingua
[Jiang et al., 2024] reduce context length before feeding it into the model. REFRAG [Lin et al., 2025]
goes even further by learning a reinforcement policy to selectively expand only the most relevant
chunks during generation, achieving large gains (up to 30×) in latency and throughput.

The proposed RL-Cache extends this idea to the decoding stage: instead of learning which inputs to
expand, it learns which past states to retain.

3 Methodology

We propose a learned KV-cache compression framework that dynamically selects tokens to retain in
the model’s memory. Unlike heuristic-based methods (e.g., StreamingLLM), our approach trains a
lightweight policy network to rank tokens based on their utility for future predictions. Our method is
designed for efficiency, so that any decision overhead is negligible compared to the decoding cost.

3.1 Hybrid KV-Cache Architecture

To maintain decoding stability while enabling high compression ratios, we employ a hybrid cache
management strategy. At each time step t, the KV-cache is partitioned into three functional segments:

1. Sink (S): The first Nsink tokens (typically 16–32 in our experiments) are always retained.
They serve as crucial attention anchors to prevent the “attention sink” phenomenon, ensuring
that the self-attention mechanism remains stable even when recent history is discarded.

2. Window (W): The most recent Nwindow tokens (e.g., 96) are strictly preserved to capture
immediate local dependencies and syntactic continuity.

3. Remote (R): The intermediate history between the Sink and the Window. This region
represents the long-term context and is the sole target for our compression policy.

The compression policy is triggered whenever the Remote region exceeds a pre-defined capacity.
Given a strict token budget Bremote, the policy network evaluates all tokens currently in R. We retain
the top-Bremote tokens and permanently evict the rest from memory. This simplifies the problem to a
simpler ranking task within the remote buffer.

3.2 Lightweight Policy Network

We prioritize inference latency by adopting a minimalist feature set and architecture.

State Representation. For a token i at step t, the input state vector xi is constructed by concatenat-
ing semantic and temporal information:

xi = [hi; pos_normi; rel_agei] (1)
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where hi ∈ Rdmodel is the final-layer hidden state of the student model at token i. pos_normi =
i/(T −1) is the normalized absolute position at step t (with T tokens seen so far). Finally, rel_agei =
(t− i)/Lmax is the normalized relative age (distance in tokens to the current step).

Architecture. The policy πθ is a specialized MLP with Gated Residual connections. It projects the
input to a hidden dimension (d = 256) and processes it through a stack of Gated Residual Blocks
using a Gated Linear Unit (GLU) variant:

z = LayerNorm(x) → v,g = Linear(z) → y = GELU(v)⊙ σ(g) → x+ Dropout(Linear(y))
(2)

This gating mechanism allows the network to selectively filter semantic features relevant for retention
before outputting a scalar retention score si.

3.3 Training Pipeline

3.3.1 Stage 1: Oracle Data Collection

We employ a “Teacher–Student” framework to construct high-quality training data without relying
on handcrafted heuristics. The student model is Qwen2.5-0.5B. Oracle cache decisions are generated
by a teacher model using the search procedure described above. In our experiments, we consider
teachers of different model scales (e.g., Qwen2.5-0.5B and Qwen2.5-7B) to study the effect of
teacher capacity.

The Teacher evaluates a candidate mask m for the Remote region via a Horizon Look-ahead. We
construct a temporary cache with the masked history and compute the cumulative Negative Log-
Likelihood (NLL) of the ground-truth tokens in the immediate future range [t+ 1, t+ 64]:

L(m) = −
H∑

k=1

logPTeacher(wt+k | S,W,Mask(R,m), wt+1:t+k−1) (3)

Since the search space is combinatorial, we approximate the global optimum by evaluating diverse
candidate masks (e.g., based on hidden-state norms and random sampling). The mask m∗ yielding
the lowest cumulative NLL is identified as the Best Remote Set. Tokens included in m∗ are labeled as
positive (yi = 1), and others as negative (yi = 0).

3.3.2 Stage 2: BC Training

We initialize the policy πθ by cloning the Oracle’s behavior. We formulate retention as a binary
classification problem. To mitigate the extreme class imbalance (retention budget ≪ remote size), we
employ a Weighted Binary Cross-Entropy (BCE) loss:

LBC = − 1

N

N∑

i=1

[wpos · yi log σ(πθ(xi)) + (1− yi) log(1− σ(πθ(xi)))] (4)

3.3.3 Stage 3: DPO Fine-tuning

Because cache compression is fundamentally a ranking problem and since BC treats decisions
independently, we further refine the policy using DPO [Rafailov et al., 2023].

We construct a preference dataset Dpref by sampling pairs (xwin, xlose) where xwin is drawn from
the Oracle’s Best Remote Set and xlose is a rejected token. Using the BC-trained policy as a frozen
reference πref , we optimize:

LDPO = −E(xw,xl)∼Dpref

[
log σ

(
β log

πθ(xw)

πref (xw)
− β log

πθ(xl)

πref (xl)

)]
(5)

Here, β = 0.3 controls the KL-divergence constraint. This objective encourages the policy to assign
significantly higher scores to important tokens relative to unimportant ones, creating a larger decision
margin. This is crucial for stability, as it aligns the training objective directly with the top-k selection
mechanism used during inference.
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4 Evaluation

4.1 Experimental settings

All experiments are run in a streaming-style setting: the model reads tokens left-to-right and can only
attend to a bounded KV cache. For the 0.5B student we use C ∈ {32, 64, 128, 256, 384, 512}. When
using Qwen2.5-7B as the oracle teacher, we additionally report results for C ∈ {64, 96, 128, 256}.
For a given budget C and sink size S, the cache is partitioned into a sink region that always keeps the
first S tokens, a window region that keeps the most recent tokens, and a small remote region of size
Bremote. We refer to C ≤ 128 as the extreme compression regime and report perplexity under these
compressed-attention settings unless otherwise stated.

Unless otherwise specified, the student model is Qwen2.5-0.5B. We evaluate behavior cloning (BC)
policies trained with teachers of different capacities, including Qwen2.5-0.5B and Qwen2.5-7B, to
analyze the impact of teacher strength.

The cache policy operates at the token level. For each candidate remote token at step t, we concatenate
its last-layer hidden state from the student model with two scalar features: a normalized absolute
position and a relative “age” (distance in tokens from the current step). This feature vector is fed
into a lightweight 3-layer MLP with a 256-dimensional hidden layer that outputs a scalar retention
score. We first train this network with a sigmoid + BCE loss to match 0/1 keep labels derived
from teacher-optimal remote sets (behavior cloning), and then optionally fine-tune it with DPO on
token-level preference pairs (preferred vs. rejected remote tokens). At inference time, we use the
same (S,Bremote,window) settings as in our evaluation protocol for each cache budget C, and the
policy selects the top Bremote scored tokens to occupy the remote region at each step.

4.2 Datasets and metrics

We conduct all experiments on the PG-19 dataset [Rae et al., 2019], a standard benchmark for
long-form language modeling. PG-19 consists of full-length books (often up to ∼100k tokens) and is
widely used to probe long-context behavior. For evaluation, we extract contiguous snippets from the
validation split and feed them to the model in a streaming fashion, processing tokens left-to-right
under a bounded KV cache.

Our comparisons are organized around three attention regimes that form a simple hierarchy. At the
top, Full Attention lets the model attend to all previous tokens without any KV cache restriction;
this offline setting is not streaming-friendly but provides an oracle upper bound on perplexity for a
given model size. Under a fixed cache budget C, we then consider a constrained Sliding Window
(SW) baseline: a small prefix of “sink” tokens is never evicted, and the remaining C − S slots are
allocated purely by recency, forming a sink+window pattern commonly used in streaming inference.
This baseline isolates the degradation caused purely by limited KV capacity under a hand-crafted,
recency-only policy. Finally, RL-Cache uses exactly the same budget C and the same sink size S,
but splits the non-sink part into a local window and a learnable remote pool of size Bremote, with
window + Bremote = C − S. Any improvement over SW therefore comes entirely from a better
allocation of the fixed cache slots, rather than from using more memory, while the remaining gap to
Full Attention reflects the irreducible loss due to compression.

Our main quantitative metric is token-level perplexity (PPL) on held-out PG-19 validation snippets.
For each cache budget C and model scale, we evaluate on a fixed set of 100 validation passages from
PG-19 and report the mean token-level perplexity. Because the same evaluation set is used across all
settings, the Full Attention perplexity for the 0.5B model remains constant at 19.25.

In addition to these scalar metrics, we also visualize retention heatmaps (token-by-time keep patterns)
to qualitatively compare RL-Cache against SW and to inspect which tokens are preferentially
preserved in the remote region.

4.3 Quantitative results

We evaluate the effectiveness of our learned policy on PG-19, focusing on extreme compression
regimes with cache size C ≤ 128 tokens. For each cache budget C and model scale, we evaluate on a
fixed set of 100 validation passages from PG-19 and report the mean token-level perplexity under the
corresponding KV constraint.
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Oracle Teacher Model Cache C SW PPL BC PPL DPO PPL
Qwen2.5-0.5B 32 44.39 43.59 43.02
Qwen2.5-0.5B 64 29.62 29.98 29.63
Qwen2.5-0.5B 128 24.66 24.57 24.76
Qwen2.5-0.5B 256 21.58 21.55 21.63
Qwen2.5-0.5B 384 20.53 20.53 20.55
Qwen2.5-0.5B 512 20.08 20.10 20.11
Qwen2.5-7B 64 29.62 29.37 29.18
Qwen2.5-7B 96 26.28 26.29 26.09
Qwen2.5-7B 128 24.66 24.83 24.68
Qwen2.5-7B 256 21.58 21.60 21.58

Table 1: Quantitative results on PG-19. We report perplexity (PPL; lower is better) under the same
cache budget for the Sliding Window (SW) baseline and the learned policies trained via behavior
cloning (BC) or DPO. The oracle teacher model indicates which model is used to generate the oracle
cache decisions for training.

Table 1 summarizes the results across cache sizes and model scales. The smallest budget (C = 32)
corresponds to a highly compressed regime in which only a tiny fraction of the prefix can be stored,
making the choice of remote tokens particularly critical.

Overall, RL-Cache consistently matches or improves upon the sliding-window (SW) baseline under
the same cache budget (Table 1). In the most compressed setting (e.g., C = 32 on the 0.5B model),
the DPO-trained policy achieves approximately one point lower perplexity than SW. For other small
budgets (C ≤ 128), both BC and DPO yield smaller but stable improvements over the baseline. In
terms of relative performance, BC and DPO are generally close: DPO tends to be more effective in
the most extreme compression regimes, while BC can be competitive or slightly better as more cache
capacity becomes available.

Figure 1: Visualization of retention patterns. Top: The static SW baseline exhibits a fixed diagonal
pattern, keeping only the most recent tokens. Bottom: Our DPO policy (RL-Cache) learns a dynamic
retention strategy. The vertical streaks (circled) indicate specific tokens in the remote history that are
preserved over long periods, corresponding to critical semantic anchors.
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4.4 Qualitative comparison

Comparing matched cache budgets (e.g., C = 64, 128, 256), using a stronger oracle teacher (7B)
generally yields lower PPL for BC/DPO than using a 0.5B teacher. We visualize typical retention
patterns in Figure 1. The sliding-window baseline (top) produces an almost perfect diagonal band,
keeping only the most recent tokens and discarding anything that falls outside the local window. In
contrast, our DPO-trained policy (bottom) shows clear vertical streaks in the remote region: a small
set of tokens is preserved over long horizons and reused as semantic anchors for later predictions.

Although the retention behavior is more structured, RL-Cache adds only a negligible amount of
computation. The policy network contributes less than 0.1% of the total inference FLOPs at T = 2048,
and we do not observe any measurable drop in throughput or time-to-first-token. In practice, the
method therefore behaves like a “smarter” cache with essentially the same runtime cost as the
sliding-window baseline.

5 Conclusion

We have presented a simple learned framework for KV-cache compression in streaming language
models. Instead of relying on a fixed sliding window, the proposed policy scores candidate tokens in a
remote region and selects a small subset to keep, effectively turning cache eviction into a token-level
ranking problem.

On PG-19, this learned policy consistently matches or improves upon a sliding-window baseline
under the same cache budget, with the clearest gains appearing in the most compressed regimes. In
the smallest-cache setting, the DPO-trained variant recovers roughly one point of perplexity compared
to a purely recency-based strategy, while in larger-cache settings both behavior cloning and DPO
provide smaller but stable improvements. At the same time, the policy network adds negligible
computational overhead, so the method behaves effectively like a “smarter” cache with almost no
runtime penalty.

This study is exploratory in scope: experiments are limited to a single dataset and relatively small
model scales, and the teacher supervision is still defined in terms of next-token likelihood. Future
work could extend this analysis to long-range reasoning benchmarks, incorporate more diverse
baselines, and investigate end-to-end training schemes that couple cache management more tightly
with the underlying language modeling objective.
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6 Contribution by Group Members

Adam Kuca developed the theoretical foundation of the project, authored the project proposal,
proposed the high-level method, and prepared and presented the final research poster.

Peizhou Huang was responsible for the improvement and parameter tuning of BC and DPO, as well
as most of the experimental design, training, and plotting.

Chaoyu Zhang drafted and implemented the core code framework, including training pipeline scripts
for oracle data collection, behavioral cloning, and DPO, and also ran a subset of the experiments.

Xiangzhong Ye contributed to the code debugging process, authored the Abstract and Method sections,
and was responsible for compiling the first draft of the report.
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