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Abstract
Modern large language models (LLMs) extend
context lengths to millions of tokens, enabling co-
herent, personalized responses grounded in long
conversational history. However, the Key-Value
(KV) cache grows linearly with the extended dia-
logue history, causing the model’s memory foot-
print to quickly exceed device limits. While re-
cent KV cache compression methods attempt to
reduce memory usage, most apply cache evic-
tion after processing the entire context, incur-
ring unbounded peak memory usage. Addition-
ally, query-dependent eviction narrows the cache
semantics to a single query, leading to failure
cases in multi-turn conversations. In this pa-
per, we introduce EPICACHE, a training-free KV
cache management framework for long conversa-
tional question answering (LongConvQA) under
fixed memory budgets. EPICACHE bounds cache
growth through block-wise prefill and preserves
topic-relevant context via episodic KV compres-
sion, which clusters conversation history into co-
herent episodes and performs episode-specific KV
cache eviction. Across three LongConvQA bench-
marks (LongMemEval, Realtalk, and LoCoMo),
EPICACHE improves accuracy by up to 30%,
achieves near-full-cache accuracy under 4–6×
compression, and reduces latency and peak mem-
ory by up to 2.4× and 3.7×, respectively.

1. Introduction
Large language models (LLMs) (Brown et al., 2020; Yang
et al., 2025a; Touvron et al., 2023; Jiang et al., 2023) have
significantly extended their maximum context lengths, with
LLM-based AI assistants now capable of processing mil-
lions of tokens (Reid et al., 2024; Meta, 2025). This capa-
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bility enables assistants to leverage extensive dialogue histo-
ries when generating responses, producing personalized and
contextually coherent outputs (OpenAI, 2024; Anthropic,
2024), which are central requirements for conversational AI
applications (Fu et al., 2022).

To benchmark whether assistants can leverage long conver-
sational histories, recent work has formalized Long Con-
versational Question Answering (LongConvQA) using both
human-human conversations and user-AI assistant interac-
tions (Maharana et al., 2024; Lee et al., 2025; Wu et al.,
2025a). In this setting, an assistant must answer a sequence
of user questions grounded in dialogue histories spanning
multiple sessions over days or weeks. Most existing sys-
tems tackle LongConvQA by maintaining a retrieval-based
memory bank that incrementally summarizes and stores
conversation content and retrieves relevant entries for each
query (Zhong et al., 2024; Chhikara et al., 2025; Pan et al.,
2025; Tan et al., 2025). However, such systems rely on re-
peated API-based LLM calls to maintain the memory bank
and do not bound memory usage at inference time, limiting
their applicability to resource-constrained environments.

We study how to enable LongConvQA in resource-
constrained environments by designing a Key-Value (KV)
cache management framework. The KV cache stores the
Key and Value states of each token for reuse in auto-
regressive generation, but its size grows linearly with con-
text length, creating severe challenges in extended conver-
sations. For instance, in multi-day dialogues between a
user and an assistant (Wu et al., 2025a), the KV cache of
LLaMA3.2-3B exceeds 7GB after only 30 sessions—larger
than the size of the model parameters. This underscores the
importance of cache management for deploying conversa-
tional AI systems on resource-constrained devices such as
smartphones, where memory usage is strictly limited (Al-
izadeh et al., 2024; Liu et al., 2024b).

Prior work has attempted to mitigate the growing mem-
ory usage of KV cache through various compression tech-
niques (Zhang et al., 2023; Li et al., 2024; Cai et al., 2025).
Yet two major limitations remain in achieving LongConvQA
under resource-constrained environments. First, most meth-
ods apply compression after prefill of the entire input context
(post-prefill), causing peak memory usage that scales lin-
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early with input length. Second, query-dependent eviction
method (Li et al., 2024) retains cache entries by focusing on
the current query and may evict evidence required in later
turns, degrading accuracy in multi-turn conversations.

To address these challenges, we propose EPICACHE, a
training-free KV cache management framework that en-
forces a constant memory footprint through block-wise pre-
fill and episodic organization. After processing each block,
we evict less critical KV entries to free space for the next
block, ensuring memory consumption is bounded. Based on
block prefill, EPICACHE incorporates an episodic clustering
method inspired by conversation segmentation studies (Joty
et al., 2013; Galley et al., 2003). Specifically, we apply clus-
tering to group conversation history into coherent episodes,
and perform episodic KV cache compression, yielding topic-
specific caches while using constrained memory.

Finally, we find that LLMs exhibit different sensitivities to
block prefill eviction across layers. Building on this obser-
vation, we propose an adaptive layer-wise budget allocation
strategy that distributes the KV cache budget proportionally
to each layer’s sensitivity. Together with episodic KV cache
management, this enables EPICACHE to preserve long-term
conversation history while operating under strict memory
limits, yielding up to 30% higher LongConvQA accuracy
than recent baselines and sustaining accuracy comparable
to full KV under 4–6× cache compression. In addition, our
block-wise cache control framework reduces peak memory
usage by up to 3.5×, while cache eviction accelerates de-
coding, cutting decoding latency by up to 2.4× compared
to full KV.

2. Background
We begin by formalizing Long Conversational Question-
Answering (LongConvQA) in Section 2.1. We then discuss
memory-constrained KV cache management in Section 2.2,
comparing post- and block-prefill eviction and discussing
the resulting accuracy-memory trade-offs. Finally, in Sec-
tion 2.3, we review attention-guided cache compression
with patched prompts and present analyses that motivate our
method, EPICACHE.

2.1. Long Conversational QA Formulation

We formalize LongConvQA as answering a sequence of
user queries Q = {q1, . . . , qNq

}, with Nq denoting the to-
tal number of queries, conditioned on long conversational
history (Maharana et al., 2024; Lee et al., 2025; Wu et al.,
2025a). Let the dialogue history be represented as an or-
dered sequence of Nu utterances where each utterance uj

pairs a role rj with text tj :

H = {u1, u2, . . . , uNu
},

uj = (rj , tj), rj ∈ {speaker1, speaker2}
(1)

Given a long conversation H, an LLM encodes it into a
Key-Value (KV) cache KVH. For L layers and H KV
heads, encoding N tokens produces L × H × N KV en-
tries, growing linearly with the conversation length. In this
work, we focus on token-level cache compression, where
KV entries of less important tokens are evicted; the resulting
compressed cache is denoted as K̃VH ⊆ KVH, and we use
the terms compression and eviction interchangeably.

Our goal is to generate accurate answers for all queries
q1, . . . , qNq grounded in the dialogue history H, using a
compressed cache K̃VH that satisfies a memory budget
M , i.e., with size L ×H ×M , while preserving answers
comparable to full KV cache (KVH) based generation:

fLM(qi | K̃VH) ≈ fLM(qi | KVH), i = 1, . . . , Nq. (2)

This formulation evaluates performance in a multi-turn con-
versational setting, where multiple query–answer pairs are
grounded in a shared dialogue history.

2.2. KV Cache Management: Post vs. Block Prefill

Most existing KV compression approaches reduce cache
size in the decoding stage by performing eviction after the
full context has been prefilled, i.e., Post Prefill Eviction (Li
et al., 2024; Feng et al., 2026; Cai et al., 2025; Kim et al.,
2026). As shown in Figure 1a, this design causes peak
memory usage to grow linearly with input length, since
the entire context must be cached before any eviction takes
place. Even with optimized attention kernels (Dao, 2024),
memory demandthe prefill stage remains unbounded, as
observed in Figure 1c top.

To bound memory growth, Block Prefill Eviction (Kim et al.,
2024; Corallo & Papotti, 2024; Park et al., 2025) processes
the input in a block-wise way, handling one segment at a
time under a fixed budget M . Each step adds Mblock tokens,
after which an eviction step reduces KV cache entries back
to M . For example, in Figure 1b, the budget is M = 1, and
each block adds Mblock = 3 tokens that are then evicted back
to M . This design ensures that the number of cache entries
never exceeds M + Mblock, keeping peak GPU memory
usage flat with input length as highlighted in Figure 1c top.

However, this bounded memory comes with a steep accu-
racy trade-off: when the state-of-the-art post prefill eviction
method KVzip, (Kim et al., 2026; NVIDIA, 2025) is applied
in the block prefill setting, LongConvQA scores (Maharana
et al., 2024) degrade sharply across all budget levels. This
underscores a central challenge—while block prefill guaran-
tees constant memory usage, adapting post-prefill eviction
methods to this setting severely undermines answer quality
in LongConvQA.
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Figure 1. KV Cache Management Analysis. (a) Post prefill eviction: eviction after full-context prefill, reducing KV size at decoding but
causing unbounded memory usage. (b) Block prefill eviction: input processed in 3-token blocks with patched prompts for scoring, then
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Figure 2. Patched-Prompt Analysis: LoCoMo results with
LLaMA3.1-8B under block prefill. Patched prompts are formed by
selecting the top 10%–90% similar conversation utterances to qi.

2.3. Attention-guided KV Cache Compression

To address the accuracy degradation of block prefill eviction,
prior work employs attention-based token scoring with a
patched prompt. Here, token importance is quantified by the
cross-attention it receives from query tokens: Attn(xt→xi)
which denotes the attention weight from a query token xt

to a key token xi. Tokens that receive higher attention from
queries are considered more important, while those with
lower scores are evicted to satisfy the memory budget M .

To provide guidance for cache eviction, the patched prompt
strategy (Kim et al., 2024; Corallo & Papotti, 2024) appends
an auxiliary prompt of length p after each block ending
at token n. These queries xn+1, . . . , xn+p attend back to
the preceding block tokens x1, . . . , xn, as illustrated in Fig-
ure 1b. The resulting importance score si of token i is
aggregated by taking the maximum across token-axis (Kim

et al., 2026), as defined in Equation (3). The patched prompt
is only used for scoring and not retained in the KV cache.

smax
i = max

t∈[n+1,n+p]
Attn(xt→xi). (3)

In block prefill, accuracy strongly depends on the content
of the patched prompt. To quantify this effect, Figure 2
presents a controlled experiment that assumes oracle ac-
cess to the future user query and inserts it directly as the
patched prompt (Exact-Question), yielding the highest ac-
curacy under a fixed memory budget. While this setting
provides an upper bound on performance, it is infeasible
in LongConvQA for two reasons (Kim et al., 2026): (i)
future user queries are unknown at compression time, and
(ii) such query-dependent compression requires re-prefilling
the entire dialogue history for every new question.

Since the dialogue history H consists of query-answer turns,
it offers an opportunity to approximate the future query with
semantically related turns: we embed the future queries and
all utterances u1, . . . , uNu into a shared embedding space,
rank utterances by semantic similarity, and construct the
patched prompt from the top-ranked ones. Using the re-
sulting patched-prompt, we run block prefill eviction and
evaluate LongConvQA accuracy. As shown in Figure 2, the
prompts formed from the most semantically aligned utter-
ances (top 10%) nearly match Exact-Question performance,
while accuracy degrades as semantic alignment decreases.
This observation motivates our goal: identifying, without
access to future queries, patched prompts that approximate
unseen questions. To this end, we introduce an unsupervised
clustering method to discover dialogue segments aligned
with future queries (Section 3.1).
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3. Method
3.1. Episodic KV Cache Management

Conversations span multiple topics within a single ses-
sion (Maharana et al., 2024; Pan et al., 2025). Such long
histories can be segmented into coherent episodes, where
subsequent utterances are grounded in different episodes of
the prior dialogue. This motivates EPICACHE: by clustering
long-term conversation histories into multiple episodes and
constructing episode-specific caches, we match each incom-
ing query to the most relevant cache for accurate answer
generation. As illustrated in Figure 3, this process unfolds
in three stages: offline conversation clustering, episodic KV
cache construction, and query-matched decoding.

Stage 1. Conversation Clustering. (Figure 3a) For
clustering conversation, we first divide the raw dialogue
history H into segments of wembed utterances, denoted as
H = S1, . . . , SK .

Sk = u(k−1)wembed+1, . . . , umin(kwembed,Nu),

k = 1, . . . ,K, K =
⌈

Nu

wembed

⌉ (4)

Each segment Sk is encoded with a lightweight en-
coders (Zhang et al., 2025) fembed into a vector embedding
ek ∈ Rd, capturing the segment’s semantics. We then apply
K-Means clustering C(·) to the embeddings {ek}Kk=1:

C({ek}Kk=1) → {E1, . . . , EE},
E⋃

e=1

Ee = {S1, . . . , SK}.

(5)
Equation (5) partitions H into E semantically coherent top-
ical episodes (Raedt et al., 2024).1 For each cluster Ee, we

1Qualitative analysis of clustering is provided in Appendix B.1.

can compute its centroid embedding ce:

ce =
1

|Ee|
∑

Sk∈Ee

ek, S
(e)
centroid-closest = arg max

Sk∈Ee

cos(ek, ce).

(6)

We then identify the representative segments of the cluster
S
(e)
centroid-closest—i.e., the conversation segment in each cluster

whose embedding is closest to the centroid in terms of cosine
similarity. These centroid-closest segments contain multiple
turns from both speakers and is used as the patched prompt
in the subsequent block prefill eviction step.

Stage 2. Episodic KV Cache Construction. (Figure 3b)
As discussed in Section 2.3, patched prompts guide cache
eviction toward retaining tokens relevant to the prompt con-
tent. Building on this insight, EPICACHE uses the centroid-
closest segments of each episode as the patched prompt,
thereby collecting episode-specific KV entries under the
memory budget M .

For each episode e ∈ {1, . . . , E}, we perform block pre-
fill eviction over the entire context, appending its patched
prompt after each block. Attention scores are then computed
as in Eq. (3), and the top M tokens are retained to form an
episode-specific cache C(e)

KV. Finally, all episodic caches are
collected into B = {C(1)

KV, . . . , C
(E)
KV } and stored offline for

later retrieval.

Stage 3a. KVs Matching and Decoding. (Figure 3c) At
decoding time, each user query qi is embedded with the
same encoder fembed used in clustering, ensuring that it lies
in the same representation space as the episode centroids.
The query is then matched to the closest centroid as follows:

qi = fembed(qi), e† = arg max
e∈[1,E]

cos(qi, ce). (7)
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As illustrated in (3a-2) of Figure 3c, the framework retrieves
the corresponding episodic KV cache C

(e†)
KV from B and

conditions generation on it: fLM(qi | C(e†)
KV , ). This design

enables query-specific retrieval while keeping cache size
bounded under memory budget M .

Stage 3b. Episodic KV Cache Update. (Figure 3c) For
each turn, EPICACHE manages episodic KV caches in two
ways to support a continuous conversational experience.

• Update an existing episode as in (3b-1) of Figure 3c):
When an episodic KV cache is retrieved for decoding
as in Stage 3a, the KV pairs generated at the current
turn are appended to the retrieved episodic cache, en-
riching episode-specific memory. If a subsequent turn
is matched to a different episode due to a topic shift, the
episodic cache used in the previous turn—appended
with newly generated KV pairs—is written back to the
episodic KV cache set.

• Create a new episode as in (3b-2) of Figure 3c): If
the query embedding is not sufficiently similar to any
existing centroid (maxe cos(qi, ce) < τ ), EPICACHE
creates a new episode. A new episodic KV cache is
initialized from the KV pairs of the new turn and added
to the cache set B, allowing previously unseen topics
to be incorporated into the episodic structure.

To maintain strict memory bounds, EPICACHE refreshes
an episodic cache only when its size exceeds M +Mblock.
Upon reaching this cache budget, we collect the newly accu-
mulated episode history H′ and re-run the same clustering
procedure as in Stage 1. We then update the representative
segment for the episode, and rebuild the episodic caches by
block prefill eviction guided by the updated prompt under
the fixed budget M . An interesting extension is to update
the compressed episodic KV cache using only newly added
turns, which we leave as future work.

3.2. Sensitivity-aware Layer-wise KV Budget Allocation

We further address the accuracy degradation of block prefill
by proposing a KV cache budget allocation strategy. The
key idea is to measure how much each layer’s Key states
representation deviates under block prefill and to distribute
a KV budget across layers in proportion to this deviation.

Simulating Block Prefill via Custom Masking. To quan-
tify the deviation caused by block prefill eviction, we intro-
duce a custom masking scheme. Each transformer layer is
represented as a function f that takes the previous layer’s
output X(ℓ−1) ∈ RN×d. Here, N denotes the input se-
quence length and d the hidden dimension. The function
produces the ℓth layer output Xℓ = f

(
Xℓ−1,M

)
, where

M is the standard causal mask.

0.00 0.25 0.50 0.75 1.00
Normalized Layer Position

0.0

0.2

0.4

0.6

0.8

1.0

Ke
y 

St
at

es
 C

os
in

e 
Si

m
ila

rit
y

Llama3.2-3B
Llama3.1-8B
Qwen2.5-3B
Qwen2.5-7B

(a) Key states cosine similarity

PyramidKV
Avg.+0.56

Retrieval
Avg.+0.15

Sensitivity
Avg.-0.80

20

15

10

5

0

5

10

15

20

 K
L 

Di
v 

w/
 U

ni
fo

rm
 A

llo
c.

Uniform (0)
PyramidKV
Retrieval
Sensitivity

(b) ∆ KL divergence w/ full KV

Figure 4. Layer-wise Sensitivity Analysis. (a) Key states cosine
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between block prefill (M=4K) and full KV answer predictions,
with uniform allocation as the baseline. Qwen2.5-7B used.

We replace M with a custom mask M′ that enforces a
budget M , attending to sink tokens and the most recent
tokens (Xiao et al., 2024). This design follows static KV
cache compression methods, allowing us to simulate block
prefill eviction in a single forward pass and directly measure
its effect on layer representations.

Layer Sensitivity Guided KV Budget Allocation. We
quantify the per-layer impact of block prefill eviction by
comparing Key states2 produced under the causal mask M
and the custom mask M′. For each layer ℓ, the forward pass
under each mask produces:

Kℓ
full = f

(
Xℓ−1

full ,M
)
W ℓ

K ,

Kℓ
block = f

(
Xℓ−1

block,M
′)W ℓ

K

(8)

where Kℓ
full and Kℓ

block are the l-th layer Key states com-
puted under M and M′, respectively. We then define layer
sensitivity as the average cosine similarity between the two
sets of Key vectors across attention heads and input tokens:

σℓ =
1

HN

H∑
h=1

N∑
i=1

cos
(
k
(ℓ,h)
full,i , k

(ℓ,h)
block,i

)
(9)

Empirically, σℓ exhibits large variation across layers yet
remains consistent across different inputs in Figure 4a (shad-
owed regions denote input variance), indicating that layer
sensitivity is model-dependent rather than input-dependent.
We define sℓ = 1 − σℓ as the sensitivity score for layer ℓ.
Based on this observation, we propose a sensitivity-aware
budget allocation strategy that assigns larger cache budgets
to layers more sensitive to block prefill and smaller bud-
gets to less sensitive ones. Specifically, we redistribute the
global budget (M ·L) according to layer sensitivity scores sℓ,
with α controlling how sharply the allocation emphasizes

2Further details regarding the rationale for using Key states
deviation are provided in Appendix B.2.
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sensitive layer:

M alloc
ℓ =

sα
ℓ∑L

j=1 s
α
j

· (L ·M),

L∑
ℓ=1

M alloc
ℓ = L ·M (10)

We evaluate the sensitivity-aware approach by measuring
how budget allocation shifts the KL divergence between
answer predictions generated from block prefill eviction and
those generated from the full KV cache, where negative
values indicate closer alignment with full KV answer gener-
ation. As shown in Figure 4b, sensitivity-aware allocation
shifts KL divergence by –0.80 relative to uniform allocation.
In contrast, recent budget allocation methods such as Pyra-
midKV (Cai et al., 2025), which follows a pyramid-shaped
budgeting, and retrieval head profiling based allocation (Wu
et al., 2025b) tend to increase KL divergence. Our reduced
KL divergence is reflected in improved LongConvQA accu-
racy (see Figure 5), as further discussed in Section 4.1.

4. Experiments
Models and Benchmarks. We evaluate on a com-
prehensive family of models: Qwen3 (Yang et al.,
2025a), LLaMA3.1 and 3.2 (Grattafiori et al., 2024) and
Qwen2.5 (Qwen et al., 2025). All evaluations follow the
LongConvQA formulation in Equation (2), where models
answer various queries grounded in long conversation histo-
ries. We use three benchmarks: Realtalk (Lee et al., 2025)
and LoCoMo (Maharana et al., 2024), containing multi-day
human-human dialogues, and LongMemEval (Wu et al.,
2025a), consisting of multi-session user-LLM dialogues.
Further details of benchmarks are provided in Section A.1.

Baselines. (1) RAG: As an alternative memory-
constrained design for LongConvQA, we consider
retrieval-augmented generation (Lewis et al., 2020) that
retrieve raw-text from the dialogue history and construct
the KV cache for each query. RAG-2K retrieves relevant
2K-token chunks, while RAG-Episodic clusters the history
into episodes (Section 3.1) and retrieves segments from the
most relevant episode under the cache budget M .

(2) KV Cache Compression: We compare different com-
pression strategies within the block prefill eviction frame-
work under the constrained memory budgets. We include
recent query-agnostic compression methods, KVzip (Kim
et al., 2026) and OracleKV (Zhu et al., 2025), and addi-
tionally compare representative KV cache compression ap-
proaches StreamingLLM (Xiao et al., 2024), SnapKV (Li
et al., 2024), KeyDiff (Park et al., 2025), and InfiniPot (Kim
et al., 2024). Detailed dataset information, baseline setups,
and EPICACHE configurations are provided in Appendix A.

4.1. Main Results

Figure 5 presents the main LongConvQA results on three
benchmarks (LongMemEval, Realtalk, and LoCoMo) across
different KV cache budgets with Qwen3-4B and 8B mod-
els. EPICACHE consistently achieves the best performance
across all cache budgets and benchmarks, outperforming
both retrieval-based baselines (RAG-2K and RAG-Episodic)
and recent KV cache compression baselines (KVzip and Or-
acleKV) by wide margins, especially with low cache budgets
(2-4K). Moreover, comparing EPICACHE with and without
sensitivity-aware budget allocation (EPICACHE w.o. alloc.)
shows that our allocation strategy provides a consistent ac-
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Figure 6. Evaluation with Various Models results with Realtalk.
Evaluated with fixed KV cache budgets M ∈ {2K, 4K, 6K, 8K}
across four LLMs. The number of episodes (clusters) fixed to
E=4 in all experiments. See Figure A4 for other two benchmarks.
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Figure 7. Long Form Document QA Results on NarrativeQA,
HotpotQA, MuSiQue, and QMSum (averaged). Evaluated with
fixed KV cache budgets M ∈ {2K, 4K, 6K, 8K} on Qwen3-4B
and Qwen3-8B. The number of episodes fixed to E=4.

curacy gain across models and cache budgets. To further
validate generality, Figure 6 reports results on Realtalk with
four different LLMs, where EPICACHE substantially out-
performs a broader set of KV cache compression methods
(StreamingLLM, SnapKV, KeyDiff, and InfiniPot), yield-
ing up to 30 absolute score improvement under constrained
budgets, while converging to full KV performance as the
budget increases.

Figure 7 probes whether the core mechanism of EPI-
CACHE—clustering semantically coherent segments and re-
trieving the most relevant episode at inference—transfers be-
yond dialogue to unstructured document contexts, using four
long-form document QA tasks from LongBench (Bai et al.,
2024) (NarrativeQA, HotpotQA, MuSiQue, and QMSum;
average input length 15K–36K tokens). EPICACHE con-
sistently outperforms all baselines across both Qwen3-4B
and 8B, with the largest gains observed under constrained
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Figure 8. Multi-Episode Analysis on RealTalk with Qwen3-4B
and 8B at budget M=8K. Queries are grouped by the number
of sources required to answer (Src 1/2/3+), where larger groups
demand evidence distributed across more episodes.

Qwen3-4B RealTalk LoCoMo

Method M Single Cross Temp. Single Cross Temp.

Full KV - 60.3 55.4 61.7 34.1 32.8 32.6

RAG-2K 4K 31.8 27.9 17.6 24.2 20.0 5.5
RAG-2K 8K 38.4 31.9 22.4 31.6 27.8 7.3

KVzip 4K 26.7 21.8 22.8 13.7 15.7 13.7
KVzip 8K 37.5 35.9 35.0 24.5 24.3 23.0

EPICACHE 4K 45.3 40.3 41.5 29.8 25.8 22.3
EPICACHE 8K 54.6 50.8 55.7 33.3 32.7 29.2

Table 1. Cross Episode Analysis on RealTalk and LoCoMo with
Qwen3-4B under KV cache budgets M ∈ {4K, 8K}.

budgets (2–4K), confirming that episodic KV cache man-
agement generalizes effectively to document-level contexts
beyond multi-turn conversational structure.

4.2. EPICACHE Analysis

Multi-Episodic Reasoning. We evaluate EPICACHE’s
ability to handle queries whose evidence spans multiple
conversational episodes from two complementary perspec-
tives. Figure 8 leverages the ground-truth indices of the
conversation segments provided by RealTalk (Lee et al.,
2025)—which indicate the specific multi-turn segments re-
quired to answer each query—to regroup queries by the
number of source segments referenced (Src 1/2/3+), where
larger groups demand evidence distributed across more dis-
tinct episodes. Table 1 takes an orthogonal view by catego-
rizing each query as Single, Cross, or Temporal based on the
sharpness of its cosine similarity distribution over episode
centroids obtained from our clustering stage: queries whose
similarity is dominated by a single centroid are labeled Sin-
gle, while those with comparable similarity scores across
multiple centroids are labeled Cross; Temporal queries, orig-
inally defined in Realtalk, require temporal cues that fre-
quently span episode boundaries.

Both analyses consistently show that EPICACHE maintains
strong performance as evidence becomes more distributed
across episodes, whereas baselines degrade sharply. In Fig-
ure 8, EPICACHE consistently stays closer to Full KV ac-

7



EpiCache: Episodic KV Cache Management for Long-Term Conversation on Resource-Constrained Environments

Qwen3-4B (M=8K) Multi-Hop Temporal Common Avg

Full KV 53.6 61.7 52.2 56.9

RAG-Episodic 42.3 22.4 41.0 33.4
KVzip 34.4 35.0 43.3 36.0

Conversation segmentation unit (E = 4, w.o budget allocation)
Words 44.4 50.3 47.6 47.5
Tokens 47.9 47.9 49.3 47.9
Utterances 48.5 51.5 48.1 49.8

Embedding model fembed (E = 4, w.o budget allocation)
LLM-embedding 40.8 43.1 49.1 43.0
MiniLM-L6-v2 45.5 47.9 52.2 47.6
Qwen3-Emb-0.6B 48.5 51.5 48.1 49.8
Qwen3-Emb-4B 48.6 53.1 48.8 50.6

The number of episodes E (w.o budget allocation)
E = 2 46.5 50.0 46.9 47.9
E = 4 48.5 51.5 48.1 49.8
E = 6 48.0 56.1 50.8 51.1
E = 8 48.5 53.4 53.1 51.3

Layer-wise budget allocation (sharpness hyper-parameter α)
α = 1 49.0 55.3 54.4 53.0
α = 2 51.7 55.7 54.7 53.9
α = 4 50.2 57.4 54.1 53.9
α = 8 48.3 52.1 47.3 49.8

Table 2. Ablation Study on the RealTalk benchmark with Qwen3-
4B 8K cache budget. LLM-embedding uses the target LLM’s
embedding layer as the encoder, and Qwen3-Emb. denotes the
Qwen3 embedding model. Highlighted rows indicate the final
selected configuration of EPICACHE.

curacy across all source segment groups (Src 1 to Src 3+),
demonstrating robustness to multi-episode evidence that
holds across both Qwen3-4B and 8B. Table 1 further con-
firms this at the query-type level: on RealTalk at 8K, EPI-
CACHE achieves 50.8 / 55.7 on Cross and Temporal queries
versus RAG’s 31.9 / 22.4. This robustness stems from a
fundamental difference in how context is retained: retrieval-
based methods concatenate a small set of retrieved segments
at query time, inherently missing dependencies distributed
across the full dialogue, while EPICACHE computes each
episodic KV cache via block-wise prefill over the entire
conversation history before compression—preserving glob-
ally contextualized representations within every episodic
cache. Even when evidence spans multiple episodes, EPI-
CACHE can surface cross-episode dependencies through
these context-aware KV states, rather than relying on re-
trieval to explicitly identify and assemble relevant segments.

Ablation Study. Table 2 ablates design choices of EPI-
CACHE on Realtalk. We first compare conversation seg-
mentation units : utterance-level splitting consistently out-
performs word- and token-level alternatives, confirming
that breaking natural speaker-turn boundaries degrades fi-
nal accuracy. For embedding model, we compare the
LLM’s embedding layer, a sentence encoder (MiniLM),
and Qwen3-Embedding (Zhang et al., 2025). Qwen3-
Embedding achieves the best accuracy, while scaling the

35 40
F1 Score
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Book (n=1)

Code (n=100)
Code (n=1)

Chat (n=100)
Chat (n=1)

K-init
Sampling

LoCoMo

45 50
GPT Score

Realtalk

Figure 9. Robustness of Layer-wise Budget Allocation on Lo-
CoMo and Realtalk with Qwen3-8B at budget M=6K. Error bars
denote ±std over 5 seeds. Top: variance due to K-Means initializa-
tion (K-init) and generation sampling, evaluated without budget
allocation. Bottom: variance across layer sensitivity profiling cali-
bration domain and number of calibration samples (n=1 or 100).

encoder to 4B yields only marginal gains, indicating that a
lightweight encoder (0.6B) is sufficient with negligible over-
head relative to the base LLM. We next sweep the number
of episodes E and the sharpness parameter α for layer-wise
budget allocation. Increasing E improves performance, but
even a small number (E = 4) delivers strong accuracy (49.8
vs. 36.0 for KVzip), suggesting that cross-episodic mem-
ory is effectively captured in the contextualized KV cache.
For sharpness, larger values lead to increasingly skewed
layer-wise budgets; moderate sharpness (2–4) performs best,
while overly sharp allocation (8) hurts accuracy.

Robustness of Budget Allocation. Figure 9 examines
EPICACHE’s robustness across two axes: stochasticity (K-
Means initialization and generation sampling) and calibra-
tion sensitivity (domain choice and sample count for layer-
wise budget profiling). Across both LoCoMo and Realtalk,
all conditions yield consistent performance with standard
deviations below 0.5, confirming that neither clustering ran-
domness nor generation sampling introduces meaningful in-
stability. For calibration, we swept three domains—dialogue
history (SAMsum (Gliwa et al., 2019)), code repository
(RepoBench-P (Liu et al., 2024a)), and long-form narra-
tive (BookSum (Kryscinski et al., 2022))—with n∈{1, 100}
samples each. Profiling with a single sample matches
the performance of using 100 samples across all domains,
demonstrating that layer-wise sensitivity is largely model-
dependent rather than data-dependent: a single offline cali-
bration suffices regardless of domain.

4.3. Efficiency Analysis

Table 3 reports an efficiency analysis aligned with the
pipeline in Figure 3, measuring the latency of stages 1–3 of
EPICACHE and comparing it against two Full KV baselines
in a long-term conversational setting under a single-batch
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LLaMA3.2-3B 300 Turns Stage 1 Stage 2 Stage 3 Total QA Peak
Method w. 90K History Embed Cluster Prefill Match Retr. & wb Decode (Per-Turn) Acc. Mem. (GB)

Full KV Latency (sec) 0.0 0.0 27.8 0.0 0.0 3.5 9339.0 46.2 36.3# of Execution 0 0 ×300 0 0 ×300 (31.1)

Full KV Latency (sec) 0.0 0.0 27.8 0.0 0.0 3.5 1062.8 46.2 36.3w. Prefix Caching # of Execution 0 0 ×1 0 0 ×300 (3.5)

EPICACHE
Latency (sec) 25.6 0.76 18.0 0.04 0.30 1.4 545.4 45.6 9.6# of Execution ×1 ×1 ×4 ×1 ×90 ×300 (1.8)

Table 3. Efficiency Analysis with GPU memory usage (GB) and Latency (sec), under 30 days of 90K-token conversation history followed
by subsequent 300 multi-turn conversation with LLaMA3.2-3B. M = 8K cache budget used for EPICACHE. Retr. & wb (retrieval and
write-back) stage is executed 90 times over 300 turns (30% topic-change rate), and its cost is amortized accordingly.

inference regime to reflect device-oriented usage. All ex-
periments use a 90K-token dialogue history, corresponding
to approximately 30 days of conversational sessions from
LongMemEval (Wu et al., 2025a). Conditioned on this his-
tory, we evaluate peak GPU memory usage and total latency
over a subsequent 300 user–LLM interactions, and report
the latency of each sub-stage along with its execution count.

EPICACHE reduces peak GPU memory by nearly 4× (36.3
vs. 9.6), enabling long-term conversational inference under
strict memory budgets in mobile environments (Liu et al.,
2024b). For latency, the total cost is largely determined by
how often each stage is executed. Without caching, Full
KV re-prefills the entire history at every turn, resulting in
a prohibitively high total latency (9,339 s). While prefix
caching (Zheng et al., 2024) removes repeated prefill, de-
coding still operates over the full KV cache at each turn,
leading to a high latency dominated by decoding (1,062.8 s).

In contrast, although EPICACHE incurs one-time costs for
conversation clustering and episodic KV cache construction
(stage 1-2 of Table 3), EPICACHE enables decoding to op-
erate on a compressed KV cache at every turn, achieving
up to 2.4× faster decoding, reducing the total latency over
long interactions. EPICACHE achieves a total latency of
545.4 s, yielding nearly an 18× speedup over Full KV and
an approximately 2× speedup over prefix caching, while
maintaining comparable QA accuracy (46.2 vs. 45.6).

5. Related Work
Prior KV cache eviction methods rely on attention scores to
estimate token importance. H2O (Zhang et al., 2023) aggre-
gates entire attention scores for eviction, while SnapKV (Li
et al., 2024) uses query-dependent attention scores. In-
finiPot (Kim et al., 2024) and OracleKV (Zhu et al., 2025)
use designed patched prompts that approximate future
queries to derive importance scores. Alongside attention-
based eviction, TRIM-KV (Bui et al., 2026) learns token im-
portance via a lightweight retention gate fine-tuned through
distillation, and Cartridge (Eyuboglu et al., 2026) trains a
corpus-specific KV cache offline using a self-study objec-

tive, both requiring additional training. FlowKV (Liu et al.,
2025b) introduces a multi-turn isolation mechanism that
avoids recompressing past-turn KV caches, but does not
compress conversation history.

Another line of work improves decoding efficiency by se-
lectively retrieving the most relevant parts of the KV cache
for each query tokens, thereby reducing the cost of attention
computation. Quest (Tang et al., 2024) and ArkVale (Chen
et al., 2024) retrieves KV entries at the granularity of pages,
while SqueezedAttention (Hooper et al., 2025) and Clus-
terKV (Liu et al., 2025a) clusters Key states and loads the
cluster relevant to the query. IceCache (Mao et al., 2026)
further extends this line by combining semantic token clus-
tering with PagedAttention to hierarchically organize KV
cache. These methods share two key limitations. First, they
operate in the post-prefill regime, assuming unconstrained
memory usage during prefill. Second, their retrieval units
(pages and cluster) do not align with the episodic structure of
conversations, limiting their applicability to LongConvQA
under strict memory budgets.

6. Conclusion
EPICACHE is the first framework that combines block-wise
prefill with episodic clustering and sensitivity-aware bud-
get allocation to preserve topic-relevant context under a
fixed memory budget. Across multiple LongConvQA bench-
marks, EPICACHE substantially outperforms existing com-
pression methods, demonstrating that long-term interaction
is feasible under strict resource constraints and marking a
practical step toward on-device conversational AI.

Future Work. Future work includes improving episode
construction through more effective conversational embed-
dings (Yang et al., 2025b) and adaptive episode count se-
lection (Raedt et al., 2024). Evaluating EPICACHE on
more challenging benchmarks that require tracking implicit
user preferences and handling information updates over
time (Jiang et al., 2025; Uddin et al., 2026) presents a natu-
ral next step toward long-term conversational agents.
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Impact Statement
This paper presents work whose goal is to advance the field
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A. Experimental Details
A.1. Dataset

We evaluate EPICACHE on three LongConvQA benchmarks: Realtalk (Lee et al., 2025), LoCoMo (Maharana et al., 2024),
and LongMemEval (Wu et al., 2025a). Three benchmarks follow the LongConvQA formulation in Section 2.1, where a long
conversational history H is provided and the model is required to answer a sequence of queries Q = q1, . . . , qNq

grounded
in dialogue history. This formulation evaluates the answer accuracy of LLMs in a multi-turn conversation.

Realtalk. Realtalk (Lee et al., 2025) is a real-world dataset of 10 long-term conversations, where pairs of participants
engaged in daily messaging for 16-21 days. Unlike LLM-simulated corpora such as LoCoMo, Realtalk captures natural
dialogue including typos, abbreviations, asynchronous response gaps, and consecutive messages, while also reflecting
diverse emotional expressions and shifts in persona consistency.

For evaluation, the dataset provides annotated memory probing questions across three subtasks-multi-hop, temporal
reasoning, and commonsense—requiring models to recall and reason over extended histories. Following the original setup,
we adopt GPT-based scoring (gpt-4o-mini-2024-07-18) to assess open-ended generation.

LoCoMo. LoCoMo (Maharana et al., 2024) is a benchmark of long-term conversations, created through a human-machine
pipeline where LLM-based agents generate dialogues grounded in distinct personas and temporal event graphs, and human
annotators refine them for long-range consistency. The dataset consists of 10 conversations, each spanning up to 35 sessions
with around 300 turns. The QA benchmark is divided into five subtasks: (i) Single-hop, (ii) Multi-hop, (iii) Temporal
reasoning, (iv) Open-domain knowledge, and (v) Adversarial. Evaluation is conducted with open-ended genetation with F1
score.

We exclude the adversarial subtask for the following reason. This task tests whether a model can recognize unanswerable
questions by choosing between a plausible but incorrect answer and a “no such information” response. Under KV cache
compression, however, models frequently over-predict the latter, which leads to spuriously high scores. For example, with
LLaMA-3.2-3B the adversarial score is only 12.11 under full KV, yet jumps to 49.78 with 4K KVzip compression—an
increase that reflects bias rather than genuine improvement.

This behavior contrasts with other subtasks such as temporal or multi-hop reasoning, where compressed caches consistently
degrade performance. Because open-source models already struggle on adversarial questions (Maharana et al., 2024),
reporting these inflated numbers would give a misleading evaluation of answer quality under compressed KV cache. We
therefore omit adversarial results from our main evaluation and defer a more thorough study of unanswerability detection
under compression to future work.

LongMemEval. LongMemEval (Wu et al., 2025a) benchmarks long-term memory in user-assistant interactions with
five core abilities—information extraction, multi-session reasoning, temporal reasoning, knowledge updates, and absten-
tion—through seven question types (single-session user/assistant/preference, two-hop, multi-session synthesis, knowledge
update, temporal reasoning, and abstention). A key property is its length-configurable chat histories: the benchmark provides
standardized settings with extremely long contexts (e.g., up to 1.5M tokens), designed as controlled stress tests of memory
and retrieval mechanisms. We follow the open-ended generation setup and report F1 scores for this dataset.

To align LongMemEval with the LongConvQA formulation in Section 2.1, we utilize the custom session stacking provided
by LongMemEval3 to build coherent long conversations from user-LLM. Using this feature, we construct evaluation
sets while preserving the original distribution of all question types. Specifically, we sample QA pairs according to the
benchmark’s task-type proportions, retrieve the corresponding evidence conversation sessions, and assemble them into
chronologically consistent histories. We then evaluate models at context lengths of 20K, 40K, 60K, 80K, and 100K tokens.
This design allows us to test KV cache compression under scalable memory budgets.

A.2. KV Cache Compression Baseline Setup

We adapt existing KV cache compression methods to the block prefill setting for a fair comparison with our approach. The
baselines include both static retention and attention-based eviction strategies, as well as similarity-based selection.

3https://github.com/xiaowu0162/LongMemEval
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Algorithm 1 EPICACHE with Layer-wise Budget Allocation Pseudo Code

Require: H (history, Nu turns), fembed, wembed, E, M ; fLM (L layers, H heads); masks {M,M′}; sharpness α; calibration batch B
with |B| = 1; patched prompt Pe (built from medoid segments, see stage A1)

Ensure: Episodic caches B = {C(1)
KV, . . . , C

(E)
KV }, centroids {ce}Ee=1, and layer budgets {Malloc

ℓ }Lℓ=1

Phase A: Clustering and Prefill
A1. Conversation Segment & Clustering (Offline)

1: PartitionH into K = ⌈Nu/wembed⌉ segments {Sk}Kk=1 and encode ek = fembed(Sk).
2: Run K-Means clustering on {ek} to obtain {Ee}Ee=1.
3: for e = 1 to E do
4: ce ← 1

|Ee|
∑

Sk∈Ee
ek; S

(e)
medoid ← argmaxSk∈Ee cos(ek, ce)

5: Build patched prompt Pe by concatenating utterances of S(e)
medoid.

6: end for
A2. Measure layer sensitivity & allocate KV budgets.

7: for each x ∈ B do
8: Kℓ

full(x)← fLM(x,M)W ℓ
K ; Kℓ

block(x)← fLM(x,M′)W ℓ
K for ℓ = 1:L

9: σℓ(x)← 1
HN

∑H
h=1

∑N
i=1 cos

(
k
(ℓ,h)
full,i(x), k

(ℓ,h)
block,i(x)

)
10: end for
11: σℓ ← 1

|B|
∑

x∈B σℓ(x); sℓ ← 1− σℓ

12: wℓ ←
sα
ℓ∑L

j=1 s
α
j

; Malloc
ℓ ← (L ·M)wℓ

A3. Build episodic KV caches.
13: for e = 1 to E do
14: Block-wise prefill overH, appending Pe to each block of Mblock tokens.
15: Compute scores w.r.t. Pe with Equation (3) and retain the top M tokens.
16: C

(e)
KV ← compressed cache for episode e.

17: end for
18: B← {C(1)

KV, . . . , C
(E)
KV }.

Phase B: Online decoding
19: For query qi: qi ← fembed(qi); e† ← argmaxe cos(qi, ce)

20: Retrieve C
(e†)
KV and generate with compressed cache: fLM(qi | C(e†)

KV ).

StreamingLLM. Following StreamingLLM (Xiao et al., 2024), we retain a fixed number of sink and recent tokens
throughout block prefill. Specifically, we fix the number of sink tokens to 128 for all models, while the remaining budget
M − 128 is assigned to the most recent tokens.

SnapKV. We adapt SnapKV (Li et al., 2024) to the block prefill setting, where future queries are not accessible in
LongConvQA. Following the original design, we use the window tokens—in our case the last 64 tokens of each block—as
the patched prompt, and then apply the scoring function in Equation (3). Tokens with the highest attention relevance to this
patched prompt are retained.

KVzip. We adapt KVzip (Kim et al., 2026) to block prefill by treating the entire block of tokens as the patched prompt. At
each block boundary, we append a repetition instruction (e.g., ”Repeat the part of the previous context exactly”) followed by
the full block tokens, and then apply the patched-prompt scoring method.

InfiniPot. We adopt the InfiniPot (Kim et al., 2024) by employing a general-purpose patched prompt designed to highlight
globally important content. Specifically, we append the instruction “Summarize the previous context highlighting the most
important parts.” at the end of each block and compute scores according to Equation (3). This encourages selection of
semantically informative tokens across the block.

KeyDiff. KeyDiff (Park et al., 2025) is KV cache eviction method for block prefill. For each block, it constructs an
anchor key by averaging the key states of all tokens, and computes the dissimilarity score of each token as the negative
cosine similarity between its key state and the anchor. These scores are then used to guide eviction. Following the original
implementation, we evaluate Mblock ∈ 128, 512, 1024, 2048, which includes the default setting of 128, and report results
using the configuration that achieved the best performance.

To ensure fair comparison, all attention-based methods (SnapKV, InfiniPot, KVzip, EPICACHE) use the same scoring
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formulation from Equation (3), and all eviction methods are combined with head-wise non-uniform token selection as
suggested by Feng et al. (2026).

A.3. EPICACHE Setup

Overall Process. We provide the complete procedure of EPICACHE in Algorithm 1. The framework consists of two
phases. In Phase A, the conversation history is clustered into topical episodes and a compressed KV cache is prepared for
each episode. In Phase B, online queries are answered by retrieving the most relevant episodic cache.

In Phase A1, we segment the conversation history, embed each segment, and cluster them into E episodes. This step can be
performed offline, and the cost of segment encoding and K-means clustering is negligible (under a minute). Each episode
is represented by its centroid and a medoid segment that serves as a patched prompt. In Phase A2, we measure per-layer
sensitivity by comparing Key states under full and block-wise prefill masks, and allocate layer-wise budgets proportionally
using the sharpness hyper-parameter α. In Phase A3, we construct episodic KV caches by performing block-wise prefill
with the patched prompt appended, and then compress the resulting caches according to the allocated budgets from Phase
A2. Although prefill must be repeated for every episode, the peak memory remains flat during this process (see Figure 1c),
making it practical for constrained-memory environments.

In Phase B, when a new query arrives, we embed the query and compute its similarity to the episode centroids. The query
is then routed to the most relevant episodic cache, which is loaded for decoding. If the same cache is selected as in the
previous turn, no additional retrieval is required since the cache remains resident, further reducing overhead.

Detailed Settings For segment construction, we set the embedding window size wembed to 4, selected from 2, 4, 8.
To cluster segments into episodes, we apply the standard K-means algorithm with k-means++ initialization (Arthur &
Vassilvitskii, 2007). This offline segmentation and clustering stage completes within one minute, incurring negligible
overhead.

For sensitivity-aware budget allocation, we estimate per-layer weights using a single randomly sampled long document
from the BookSum (Kryscinski et al., 2022) dataset, chosen to avoid bias from any specific conversational dataset. By
performing two forward passes—one with the full causal mask and one with the block-wise prefill mask—we measure
layer-wise deviations and compute allocation weights. Because only one sample is used, the overhead of this calibration
step is negligible.

In block prefill, the cache always maintains size M : as conversation segments are added in blocks of Mblock, the cache can
temporarily grow up to M +Mblock entries, after which eviction is applied to reduce it back to M . A larger Mblock enables
the model to cover the entire conversation more quickly but increases the temporary peak memory footprint, while a smaller
Mblock lowers peak memory at the cost of slower coverage. We set Mblock ∈ 128, 512, 1024, 2048 to balance this trade-off.

B. Further Analysis
B.1. Conversation Clustering Analysis

In this section, we provide qualitative examples of conversation clustering to illustrate how episodic structures emerge
in practice. Conversation histories are divided into segments of wembed = 4 utterances, which are then embedded using
Qwen3-0.6B (Zhang et al., 2025). Segment embeddings are clustered with K-Means, and the resulting clusters are visualized
in two dimensions via t-SNE, as shown in Figure A1 (a).

For each cluster, we further present representative medoid segments in Figure A1 (b). These examples demonstrate that
the clustering procedure consistently groups segments into coherent topical episodes, such as games, movies, literature, or
weather. The medoid samples highlight the interpretability of each episode and indicate how such episode-level partitioning
can serve as the basis for episodic KV cache compression.

B.2. block-wise prefill Sensitivity Analysis

We analyze layer-wise deviations under block prefill by comparing multiple internal states—Key, Value, and layer out-
puts—across Transformer layers computed with the full causal mask (M) and the block mask (M′). To this end, we
forward LoCoMo (Maharana et al., 2024) conversation history samples under both masks and plot the resulting internal
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(a) t-SNE visualization

Episode Medoid segments examples

0. Video game A: Its a game I used to play a lot . . . mostly play for fun
. . .
B: I also have finished the first game . . . my favorite
games of all time are ...

1. Movie A: I love the art and I think he is an incredible director
. . .
B: I haven’t watched movies in a while . . .

2. Literature A: Have you ever read a book called . . .
B: I’m currently reading ... a multi generational family
...

3. Weather A: I love the weather today its gotten warmer
B: I just got home from work . . . it’s raining like crazy
. . . parts of the city are flooded

(b) Medoid samples by cluster.

Figure A1. Episodic clustering of conversation segments. (a) t-SNE visualization of conversation clustering. (Silhouette score=0.28) (b)
Medoid segments illustrate coherent topics per cluster.
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Figure A2. Layer-wise Sensitivity Analysis. layer-wise deviation results under the full and block masks using Qwen2.5-7B on LoCoMo
conversation history. Key and Value states are measured by cosine similarity, while hidden states at layer outputs are measured by L2
distance; shaded regions indicate variance across input samples.

states differences across layers, as defined in Equations (8) and (9). Specifically, each plot reports cosine similarity of Key
and Value states, and L2 distance of layer outputs, respectively.

We find that Value states (Figure A2b) exhibit consistently low similarity across layers, offering little discriminative trend.
Layer outputs, measured by L2 distance (Figure A2c), show a monotonic error accumulation pattern rather than meaningful
variation. In contrast, Key states (Figure A2a) provide clear differentiation across layers. This observation motivates our use
of Key state deviation as the sensitivity measure for budget allocation, as discussed in Section 3.2. Further analysis of why
these trends differ across Key, Value, and layer-wise output representations is left for future work.

C. Additional Experimental Results
C.1. Comprehensive LongConvQA Results

Figure A4 shows the comprehensive LongConvQA evaluation results, comparing EPICACHE against baselines (Xiao et al.,
2024; Li et al., 2024; Kim et al., 2024; Park et al., 2025; Kim et al., 2026) across multiple cache budgets and four model
variants, LLaMA3.2-3B, LLaMA3.1-8B, Qwen2.5-3B, and Qwen2.5-7B. The corresponding numerical results underlying
this figure are reported in Table A4 for Realtalk and LoCoMo with LLaMA3.2-3B and LLaMA3.1-8B, in Table A5 for
Qwen2.5-3B and 7B, and in Table A6 for LongMemEval across all four models.
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Figure A3. Memory Scalability up to 100K Context. Conversation histories between user and LLM-based assistant scaled to 100K
tokens across four LLMs with LongMemEval. Comparison of InfiniPot and KVzip (M=6K) with EPICACHE (4 episodes, M=6K–24K).

C.2. Memory Scalability Evaluation.

Figure A3 evaluates LongConvQA under extended conversation lengths, scaling up to 100K tokens.4 Open-source LLMs
exhibit declining QA performance as context length grows to 100K, as reported in (Wu et al., 2025a), and the performance
gap between full KV and baseline methods (KVzip, InfiniPot) becomes increasingly pronounced. EPICACHE delivers higher
accuracy than baselines at the same memory budget across all context lengths, and as the KV cache budget increases, its
accuracy steadily approaches full KV, demonstrating the memory scalability of our approach.

D. Future Work
Several promising directions remain for future work. On the episode construction side, the quality of episodic boundaries
depends heavily on the underlying segment representations: more effective conversational embeddings that capture turn-level
context and inter-utterance dependencies could yield more coherent episode construction (Yang et al., 2025b), representing
an improvement to our clustering and scoring pipeline. Complementarily, extending EPICACHE to adaptively determine the
optimal number of episodes (Raedt et al., 2024) could further improve scalability across dialogue lengths and domains.

Beyond improvements to episodic construction, long-term conversational QA surfaces richer memory management chal-
lenges: tracking implicit user preferences, handling information updates and deletions over time, and maintaining consistent
persona across extended interactions (Jiang et al., 2025; Uddin et al., 2026). Finally, combining text-level memory organiza-
tion (Tan et al., 2025; Pan et al., 2025; Xu et al., 2026) with efficient KV cache compression presents a promising direction
toward accurate and efficient conversational agents deployable on resource-constrained devices.

4LongMemEval (Wu et al., 2025a) supports stacking conversation sessions with associated QA pairs, allowing conversation histories
to be constructed at custom lengths.
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Figure A4. Evaluation with Various Models results with Realtalk, LoCoMo and LongMemEval. Evaluated with fixed KV cache budgets
M ∈ {2K, 4K, 6K, 8K} across four different models. The number of episodes (clusters) fixed to E=4 in all experiments.

19



EpiCache: Episodic KV Cache Management for Long-Term Conversation on Resource-Constrained Environments

LLaMA3.2-3B LoCoMo (Full KV length: 21.8K) Realtalk (Full KV length: 26.4K)

Method M Multi-hop Temporal Open-domain Single-hop Avg Multi-hop Temporal Common Avg

Full KV – 36.0 15.1 13.2 54.5 40.3 39.0 30.8 38.2 35.3

2K 17.3 3.7 17.3 17.6 14.3 20.1 10.5 25.0 16.6
SnapKV 4K 23.1 6.0 11.5 28.7 21.9 28.5 14.7 30.0 22.7
(Li et al., 2024) 6K 27.3 9.9 10.6 36.8 27.8 31.7 18.2 33.2 26.0

8K 31.2 11.9 11.7 44.3 33.1 34.1 20.3 33.7 28.0

2K 15.9 7.2 10.1 15.0 13.3 22.1 9.4 24.3 16.8
InfiniPot 4K 21.3 12.0 10.0 23.7 20.0 29.2 16.0 31.9 23.8
(Kim et al., 2024) 6K 25.6 17.0 11.9 31.3 26.1 32.8 19.7 32.4 27.0

8K 28.6 20.5 11.4 36.9 30.4 35.6 24.5 36.9 31.0

2K 10.7 3.7 11.6 11.2 9.2 10.4 5.6 19.5 9.7
KeyDiff 4K 15.7 8.3 11.5 17.9 15.1 16.8 14.2 18.2 15.9
(Park et al., 2025) 6K 20.7 11.9 13.4 23.8 20.1 20.6 14.5 24.8 18.5

8K 23.7 15.7 14.7 30.2 25.0 24.8 20.7 29.7 23.7

2K 22.0 4.5 12.0 17.3 15.2 18.7 9.5 27.9 16.0
KVzip 4K 21.9 13.3 10.0 24.5 20.8 25.0 10.1 29.4 19.1
(Kim et al., 2026) 6K 28.1 16.5 12.0 34.2 28.0 26.1 15.2 36.3 22.8

8K 31.2 21.8 11.8 41.5 33.6 30.7 18.1 34.5 25.7

2K 29.3 15.9 13.7 33.1 27.6 34.7 23.0 41.3 30.5
4K 30.4 19.7 14.2 42.3 33.6 37.4 24.7 41.0 32.4
6K 33.7 22.2 12.1 46.4 36.9 39.9 25.6 44.2 34.3EPICACHE

8K 33.9 23.9 12.7 48.2 38.3 40.0 26.6 42.9 34.6

LLaMA3.1-8B LoCoMo (Full KV length: 21.8K) Realtalk (Full KV length: 26.4K)

Method M Multi-hop Temporal Open-domain Single-hop Avg Multi-hop Temporal Common Avg

Full KV – 43.1 22.7 17.2 67.4 50.5 49.2 55.9 48.4 52.0

2K 23.4 6.6 14.3 25.5 20.5 20.2 15.8 34.3 20.4
SnapKV 4K 30.8 10.9 13.6 37.3 29.2 28.7 26.6 44.4 30.1
(Li et al., 2024) 6K 33.3 13.8 13.3 46.8 35.3 37.3 32.2 42.3 35.8

8K 37.7 18.1 14.2 55.5 41.8 41.5 36.8 45.2 40.0

2K 15.2 12.3 10.2 19.6 16.7 21.2 14.9 35.0 20.5
InfiniPot 4K 23.0 22.1 13.9 29.5 25.8 30.0 25.8 39.1 29.5
(Kim et al., 2024) 6K 29.8 29.6 13.9 40.1 34.5 34.4 33.3 43.4 35.3

8K 33.1 33.8 13.8 45.5 38.8 38.3 38.2 43.4 39.0

2K 18.7 4.4 17.7 21.8 17.3 13.0 8.2 28.8 13.2
KeyDiff 4K 23.3 14.1 13.8 31.5 25.3 21.9 16.5 30.9 20.9
(Park et al., 2025) 6K 27.5 18.6 14.5 39.7 31.5 29.6 25.3 33.3 28.2

8K 33.0 25.8 16.4 46.2 37.7 33.0 29.9 33.3 31.7

2K 24.4 8.4 22.8 24.7 21.2 20.6 16.6 34.6 20.9
KVzip 4K 28.8 24.3 15.3 36.8 31.4 29.5 26.4 40.0 29.7
(Kim et al., 2026) 6K 32.8 31.0 13.3 47.3 39.1 36.4 33.4 41.5 35.8

8K 37.2 35.0 13.1 54.6 44.8 38.8 41.3 41.1 40.3

2K 33.2 26.3 14.2 43.5 36.3 37.9 35.2 45.2 37.8
4K 37.7 33.8 15.9 55.8 45.4 39.6 44.9 46.7 43.0
6K 38.2 36.4 16.4 58.2 47.3 42.3 50.5 35.2 46.5EPICACHE

8K 38.4 37.5 17.4 62.7 50.2 44.2 50.9 46.5 47.5

Table A4. LongConvQA (LoCoMo and Realtalk) Evaluation: Comparison of different KV cache compression methods under block-
prefill with LLaMA series models.
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Qwen2.5-3B LoCoMo (Full KV length: 21.9K) Realtalk (Full KV length: 26.6K)

Method M Multi-hop Temporal Open-domain Single-hop Avg Multi-hop Temporal Common Avg

Full KV – 33.2 22.9 12.3 49.1 38.4 32.7 28.0 39.6 31.6

2K 14.1 8.0 11.5 10.4 10.6 12.4 5.6 23.5 11.1
SnapKV 4K 17.9 12.7 11.5 16.2 15.5 15.4 9.0 27.0 14.3
(Li et al., 2024) 6K 21.3 13.1 13.7 21.1 19.0 17.9 9.3 26.2 15.3

8K 23.2 14.3 12.1 27.4 22.9 21.6 12.6 28.8 18.7

2K 12.4 16.1 12.6 8.8 11.2 8.6 6.1 26.3 10.1
InfiniPot 4K 18.2 19.7 10.2 15.7 16.7 15.4 8.9 24.3 13.9
(Kim et al., 2024) 6K 20.0 20.0 13.9 19.9 19.6 17.5 12.0 28.2 16.7

8K 23.9 18.8 13.2 25.1 22.8 23.9 11.4 31.1 19.5

2K 10.4 14.2 13.6 7.8 10.0 3.9 9.0 23.5 8.9
KeyDiff 4K 14.0 15.8 12.0 14.1 14.3 9.2 6.0 21.6 9.6
(Park et al., 2025) 6K 19.6 16.4 9.2 20.8 18.9 11.5 10.0 22.6 12.5

8K 21.6 17.3 7.4 27.8 23.2 18.1 15.1 24.4 17.7

2K 11.8 6.1 11.9 11.4 10.4 10.6 5.3 18.2 9.4
KVzip 4K 16.2 10.3 12.6 14.7 14.0 13.3 8.4 21.7 12.4
(Kim et al., 2026) 6K 19.5 12.7 11.3 19.1 17.4 15.0 10.0 27.8 14.7

8K 21.9 14.3 14.1 24.3 21.1 18.8 11.4 28.4 17.0

2K 23.6 7.6 13.4 23.8 19.8 25.6 13.2 37.7 22.0
4K 27.1 10.7 11.4 29.7 24.1 30.0 17.1 36.9 25.4
6K 27.3 13.3 10.8 37.2 28.8 32.6 19.7 36.4 27.5EPICACHE

8K 31.3 17.0 10.0 41.7 32.7 33.9 25.0 41.1 31.1

Qwen2.5-7B LoCoMo (Full KV length: 21.9K) Realtalk (Full KV length: 26.6K)

Method M Multi-hop Temporal Open-domain Single-hop Avg Multi-hop Temporal Common Avg

Full KV – 36.2 19.2 16.6 59.3 44.1 38.7 52.3 43.4 45.3

2K 17.6 5.9 12.6 14.7 13.3 9.8 10.5 14.2 10.8
SnapKV 4K 23.8 8.0 13.1 24.2 20.1 15.8 16.0 24.8 17.2
(Li et al., 2024) 6K 27.8 9.1 15.2 30.2 24.4 20.6 24.4 29.2 23.5

8K 30.8 13.2 14.9 39.4 30.8 24.4 25.1 33.5 26.1

2K 15.1 14.2 12.0 12.4 13.2 10.4 15.7 15.2 13.4
InfiniPot 4K 19.2 20.0 10.8 19.9 19.2 17.1 22.7 23.7 20.5
(Kim et al., 2024) 6K 23.4 23.7 15.0 26.0 24.3 21.6 30.0 25.5 25.8

8K 27.7 14.0 14.0 32.7 29.4 26.3 29.4 31.5 29.0

2K 12.8 16.7 12.4 13.6 14.0 9.8 15.0 18.4 13.3
KeyDiff 4K 18.9 22.0 13.9 21.8 20.8 12.0 19.9 26.3 19.5
(Park et al., 2025) 6K 26.3 25.2 14.3 29.8 27.2 15.7 26.1 21.1 21.1

8K 28.3 23.7 15.9 36.4 30.8 20.3 32.7 28.0 26.9

2K 14.3 13.7 11.7 12.9 13.3 12.2 10.8 23.9 13.3
KVzip 4K 19.4 16.2 13.9 20.6 19.0 17.7 16.0 29.8 18.8
(Kim et al., 2026) 6K 24.3 19.5 12.5 27.2 24.2 22.5 24.6 32.6 24.9

8K 25.6 23.8 13.0 34.8 29.5 26.8 28.7 37.7 29.3

2K 26.4 15.4 13.2 29.3 24.9 24.1 21.3 36.6 24.7
4K 29.0 20.9 14.1 38.5 31.6 31.1 29.3 37.5 31.3
6K 32.6 24.6 15.1 46.5 37.5 33.0 39.4 40.6 36.9EPICACHE

8K 32.6 28.1 15.3 52.7 41.6 33.8 46.9 43.6 41.0

Table A5. LongConvQA (LoCoMo and Realtalk) Evaluation: Comparison of different KV cache compression methods under block-
prefill with Qwen series models.
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Method M
LLaMA3.2-3B LLaMA3.1-8B

SH TH MS TR-E TR-I KU IP Avg. SH TH MS TR-E TR-I KU IP Avg.

Full KV 21K 84.6 10.0 12.5 47.9 27.1 52.3 6.2 39.4 87.2 14.1 17.6 56.5 28.5 56.1 6.3 43.1

2K 26.9 0.8 1.8 26.6 17.4 31.4 6.1 17.7 35.6 3.8 3.3 29.8 23.3 25.4 8.8 20.2
SnapKV 4K 40.0 5.3 2.4 40.2 20.4 48.5 6.5 26.1 63.3 9.7 3.9 45.8 24.4 45.8 10.8 32.4
(Li et al., 2024) 6K 54.5 5.3 15.8 37.1 23.0 58.7 6.3 33.0 65.1 8.3 9.0 49.4 30.4 50.5 11.8 35.6

8K 67.1 7.9 12.4 37.1 27.1 56.6 7.1 35.6 74.3 13.1 13.6 53.8 25.9 52.5 10.9 38.7

2K 46.2 0.8 10.8 40.5 19.1 40.7 8.9 26.3 39.8 1.8 3.4 29.1 31.7 35.8 7.6 24.1
InfiniPot 4K 48.5 7.9 12.3 33.6 18.4 52.3 7.6 29.4 62.4 7.9 4.1 53.9 23.0 46.8 9.2 32.7
(Kim et al., 2024) 6K 60.0 2.6 12.4 33.6 25.9 51.7 6.7 31.9 81.3 11.0 13.3 54.9 28.1 54.9 5.6 40.4

8K 76.0 4.4 13.3 40.7 25.0 52.9 7.6 36.2 90.3 9.1 18.8 54.0 28.5 56.8 9.4 42.2

2K 35.3 0.5 4.1 34.3 17.7 5.7 2.6 15.1 26.0 6.8 9.5 28.8 12.3 22.8 5.5 17.1
KeyDiff 4K 54.2 2.1 2.4 34.3 15.4 34.4 6.8 24.2 60.0 14.7 12.9 41.4 20.2 31.8 6.1 29.6
(Park et al., 2025) 6K 55.8 6.5 7.4 54.3 11.4 32.2 9.0 26.9 69.2 11.2 13.6 48.4 26.1 52.1 8.5 36.7

8K 56.1 2.1 6.6 37.1 25.9 37.7 7.7 27.9 70.7 11.2 18.4 46.1 30.0 50.1 5.2 37.6

2K 30.8 0.0 1.8 30.9 15.2 30.3 7.6 18.2 33.8 7.5 8.0 36.0 19.4 27.2 9.1 21.5
KVzip 4K 44.7 2.6 6.5 37.1 15.0 37.8 7.4 24.0 56.6 9.7 6.7 35.3 24.1 42.7 12.4 29.8
(Kim et al., 2026) 6K 58.1 5.3 12.4 37.1 21.3 50.8 6.2 31.3 61.3 11.8 6.9 42.7 29.4 47.5 11.3 33.6

8K 73.5 7.9 12.5 40.7 26.2 59.1 6.9 37.5 73.6 14.4 7.7 48.6 26.9 51.4 6.2 37.1

2K 73.0 10.5 7.4 40.5 21.0 50.8 6.0 34.4 72.3 16.7 3.3 46.5 24.0 56.4 10.5 37.1
4K 79.9 12.6 16.6 41.4 27.0 53.9 9.1 39.3 87.2 14.1 17.4 56.5 28.5 54.6 3.9 42.6
6K 85.0 10.0 13.4 40.7 27.2 55.1 8.3 39.6 83.8 13.8 25.4 55.7 25.3 54.9 10.7 42.9EPICACHE

8K 85.0 10.0 12.5 40.7 26.6 56.6 6.2 39.5 88.2 13.5 17.5 56.5 28.5 55.2 6.4 43.0

Method M
Qwen2.5-3B Qwen2.5-7B

SH TH MS TR-E TR-I KU IP Avg. SH TH MS TR-E TR-I KU IP Avg.

Full KV 21K 80.8 14.0 15.0 50.2 23.7 59.0 9.1 40.7 88.6 39.7 35.1 32.9 35.4 47.9 12.9 46.9

2K 23.5 1.2 1.3 11.9 0.1 25.6 3.8 12.7 19.9 4.9 8.3 33.1 21.5 31.1 8.9 19.3
SnapKV 4K 48.8 6.5 0.8 11.9 1.1 27.9 4.6 18.7 42.9 10.9 22.0 33.6 28.8 38.4 10.7 29.3
(Li et al., 2024) 6K 59.3 3.9 19.6 32.4 5.9 34.5 5.7 26.4 50.4 10.9 17.0 32.9 28.4 42.6 11.3 30.7

8K 56.3 11.4 20.4 29.8 7.9 41.7 8.1 28.6 67.4 17.1 24.4 32.9 31.6 42.9 14.1 36.7

2K 31.0 1.2 11.9 22.6 5.4 17.5 4.9 14.8 29.8 1.6 2.0 33.3 23.1 32.2 11.8 20.5
InfiniPot 4K 46.2 5.3 16.5 33.3 19.4 31.5 6.8 25.2 44.7 22.6 25.3 36.4 36.7 41.6 10.3 34.0
(Kim et al., 2024) 6K 55.9 4.8 10.6 32.4 25.7 40.1 6.1 28.7 66.1 26.7 32.9 36.4 40.5 48.1 11.7 41.7

8K 70.2 6.1 15.7 35.9 27.3 47.3 7.7 34.5 78.6 34.0 33.6 32.9 41.4 50.1 13.1 45.5

2K 12.6 14.0 6.3 44.1 11.1 27.6 3.3 17.3 18.1 8.2 9.4 31.1 14.3 31.5 11.7 18.4
KeyDiff 4K 30.5 11.4 11.1 34.5 18.9 33.0 5.7 22.5 43.1 5.8 9.9 37.1 20.5 32.7 10.7 24.7
(Park et al., 2025) 6K 51.6 15.3 21.1 43.7 20.5 35.4 9.6 30.4 57.5 13.0 13.9 34.2 26.8 38.0 9.9 30.8

8K 62.6 22.6 15.4 30.7 22.0 47.5 7.8 33.9 69.6 23.6 32.9 39.1 25.6 50.2 11.9 40.2

2K 18.4 1.2 1.3 13.7 10.9 22.5 4.2 11.8 21.1 4.8 2.4 22.8 19.8 27.1 8.9 16.5
KVzip 4K 39.4 6.5 5.0 23.8 13.8 25.3 6.4 19.2 45.4 14.1 22.0 31.7 23.3 29.9 11.5 27.5
(Kim et al., 2026) 6K 51.9 1.2 20.0 44.1 17.6 34.3 5.7 27.5 57.8 23.5 22.8 33.6 31.9 34.4 11.2 33.8

8K 68.4 8.8 15.0 39.5 20.7 40.9 10.0 32.5 69.6 23.5 23.4 32.9 35.0 40.3 10.6 37.7

2K 52.6 3.5 10.0 32.4 22.9 46.7 6.7 28.7 70.4 36.9 31.1 42.4 35.9 48.5 12.4 43.7
4K 74.4 14.0 11.0 46.7 17.6 55.9 9.1 37.0 83.6 38.3 29.8 37.6 49.6 41.3 12.8 46.6
6K 77.3 16.7 15.4 46.7 22.0 55.3 10.5 39.2 86.1 38.3 33.1 32.9 39.9 48.8 12.7 46.9EPICACHE

8K 77.3 16.7 15.0 46.7 22.8 55.9 10.1 39.4 86.0 38.3 33.1 37.6 40.5 47.3 12.9 47.2

Table A6. LongConvQA (LongMemEval) Evaluation: Evaluation results with Qwen and LLaMA series models under block prefill. SH
= Single Hop, TH = Two Hop, MS = Multi-Session, TR-E = Temporal Reasoning (explicit), TR-I = Temporal Reasoning (implicit), KU =
Knowledge Update. IP = Implicit Preference.
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