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Abstract
KVCache, by storing key-value pairs for reuse,
has been crucial for enhancing inference ef-
ficiency for large language models (LLMs).
However, the increasing memory demands
of KVCache, especially with recent trends
of longer input sequences, present a major
challenge. In this work, we propose an innova-
tive token-adaptive low-rank approximation
strategy for KVCache compression. By apply-
ing varying ranks based on token significance,
our method compresses KVCache efficiently
while retaining critical information. Moreover,
we introduce a lazy approximation technique,
which approximates lazily only when needed,
alongside a reconstruction-free design to
bypass costly recalculations. Combined with
multi-level quantization, this method reduces
KVCache size by 9.1× on the Llama-3.1-8B
model, with minimal performance degradation
on complex tasks such as GSM8K. Moreover,
our custom attention implementation shows up
to 2× latency reduction compared to the con-
ventional method in long context scenarios.
The code is publicly available.

1 Introduction

Large language models (LLMs) have become the
de-facto standard to solve various tasks (OpenAI,
2023; Touvron et al., 2023; Dubey et al., 2024; Hui
et al., 2024; Yang et al., 2024; Abdin et al., 2024;
Team et al., 2024). Yet, as these models grow
larger, so do the challenges associated with serv-
ing them efficiently. One prominent issue is the
sheer size of the KVCache, a critical component in
the token generation process. By storing key and
value hidden representations to avoid repetitive
computations, KVCache becomes a memory bot-
tleneck, especially during long context generation
(Yuan et al., 2024).

In response, researchers have explored vari-
ous compression techniques to manage KVCache
more effectively. Solutions range from selective
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token eviction to minimize unnecessary caching
(Zhang et al., 2023; Xiao et al., 2023), to reduc-
ing precision through quantization (Hooper et al.,
2024; Liu et al., 2024).

Among various techniques to compress KV-
Cache, we focus on low-rank approximation of
KVCache (Chang et al., 2024; Saxena et al.,
2024). The core idea is to approximate key and
value matrices with lower-rank representations,
caching these smaller matrices instead of the full
ones. Often, this approach is compounded with
quantization to achieve higher compression ratios
(Chang et al., 2024).

However, we observe three problems that reside
in such design. First, different tokens in KVCache
are known to have different importance (Xiao
et al., 2023; Hooper et al., 2024), but existing
low-rank methods do not adapt to this variation.

Second, existing approaches eagerly approxi-
mate key and value representations (Figure 1a
green) due to their offline low-rank approxima-
tion (Figure 1a blue). This approximates the key
and value representations before caching, yield-
ing an unnecessary quality loss in computing next
token probabilities.

Lastly, the conventional low-rank technique has
eliminated the cost of reconstructing compressed
caches into their full shape, by fusing this multipli-
cation with the next computation. However, this
only works for value cache, and not for key cache
due to RoPE embedding (Figure 1a), which exac-
erbated the computational load in LLM inference
(Figure 2).

In this paper, we propose a novel KVCache
low-rank approximation method, TALE, to over-
come all three problems. First, we introduce a
token-adaptive low-rank approximation that dy-
namically adjusts the compression level based
on token importance, drawing inspiration from
token eviction techniques (Xiao et al., 2023).
This enables variable low-rank approximations
across tokens, tailored to their respective roles
in generation.
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Figure 1: Comparison of Palu (existing work), and TALE (this work) attention head design. We point out three
distinctions from Palu: ➀ TALE considers token-importance for low-rank compression, unlike Palu’s uniform
compression. ➁ TALE develops online low-rank approximation, which enables passing full representation for the
model forward, while lazily compressing when caching the representations. ➂ TALE removes the reconstruction
overhead from Palu.

Figure 2: Latency comparison of a Llama-2-7B atten-
tion head with each low-rank KVCache compression
methods.

Second, we introduce lazy approximation,
which compresses the key and value representa-
tion only in the cached version. We enable this by
efficiently implementing online low-rank approx-
imation, leveraging the Eckart-Young-Mirsky
theorem (Eckart and Young, 1936).

Finally, we eliminate the reconstruction of
the key cache, by omitting low-rank approxima-
tion for the key cache. While this increases the
size of the key cache, we show that our method
can compress the value cache much more aggres-
sively, to achieve an overall higher compression

ratio than existing low-rank approximation meth-
ods. We demonstrate the overhead reduced from
our custom attention implementation, showing
almost 2× latency reduction compared to the
conventional low-rank method.

To sum up, we devise TALE by integrat-
ing all of these tactics—Token-Adaptive, Lazy
approximation, and reconstruction Elimination.
We also show that TALE can be synergetically
compounded with multi-level quantization, allow-
ing further compression. Our contribution can be
summarized as follows:

• We point out three limitations in existing
KVCache low-rank methods: Token-
unconditional uniform low-rank approxima-
tion, eager approximation of key and values,
and increasing reconstruction cost.

• We propose TALE with three contributions,
overcoming each of the key challenges:
Token-Adaptive, Lazy approximation, and
Eliminating reconstruction, which can be
synergetically compounded with quantiza-
tion as well.

• TALE can reduce the size of KVCache by
9.1×, with a negligible loss on GSM8K
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performance for Llama-3.1-8B, contrary to
existing low-rank approximation showing
44× higher accuracy loss than ours.

• Code is publicly available.1

2 Proposed Method

2.1 Preliminaries
KVCache is crucial for improving inference ef-
ficiency in transformers, particularly for long
sequences, by caching computed keys and val-
ues for reuse in future attention steps. This setup
greatly reduces redundant computations, but in-
curs a memory cost that grows rapidly with respect
to the context size.

Formally, to decode a token corresponding to
the ith input token, xi in a vanilla transformer
without KVCache, given WQ,WK ,WV ,WO as
weight matrices, we need to compute q, k, v, the
query, key, and values, as follows:

qi = xi ·WQ (1)
k1:i = x1:i ·WK (2)
v1:i = x1:i ·WV (3)

oi = softmax
(
qi · kT1:i√

d

)
· v1:i ·WO + xi (4)

By caching k1:i, v1:i, we can avoid the repeated
computation in Eqs. 2, 3 as follows:

kci = k1:i, v
c
i = v1:i (5)

k1:i = concat(kci−1, xi ·WK) (6)
v1:i = concat(vci−1, xi ·WV ) (7)

The key idea of existing KVCache low-rank
approximation (Chang et al., 2024; Saxena et al.,
2024) is applying low-rank approximation to
WK ,WV . Suppose WV ∈ R

m×n, and WV ≈
U r
V V

r
V where U r

V ∈ R
m×r, V r

V ∈ R
r×m, r <

min(m,n). Similarly, we can define U r
K , V r

K .
By replacing the Eqs. 2, 3 with these low-rank
approximations, we get:

kh1:i = x1:i · U r
K , k1:i = kh1:i · V r

K (8)

vh1:i = x1:i · U r
V , v1:i = vh1:i · V r

V (9)

With kh1:i, v
h
1:i ∈ R

i×r, which is much smaller
than k1:i, v1:i ∈ R

i×n, we obtain the reduced
KVCache:

kchi = kh1:i, v
ch
i = vh1:i (10)

1https://github.com/thnkinbtfly/TALE.

However, we need to reconstruct the k1:i, v1:i
from the KVCache as follows:

k1:i = concat(kchi−1 · V r
K , xi · U r

KV r
K) (11)

v1:i = concat(vchi−1 · V r
V , xi · U r

V V
r
V ) (12)

This reconstruction step, requiring V r
K multi-

plication, is costly and even increases as context
length increases, but unavoidable in cases where
RoPE embeddings are used, which are common in
modern LLM architectures (Touvron et al., 2023;
Jiang et al., 2023; Guo et al., 2024; Bai et al.,
2023), as we detail in Section 2.2.3.

2.2 TALE

We propose TALE, with the following three main
distinctions from existing KVCache low-rank
compression methods, each of which is discussed
in subsections:

1. Token-Adaptive: Existing approaches apply
uniform compression across all tokens, disre-
garding the varying importance of individual
tokens (Xiao et al., 2023). We introduce
token-aware multi-level compression, which
considers the importance of specific tokens
during the compression process.

2. Lazy Approximation: Current techniques
perform an eager approximation of the key
and values, while we propose a lazy alterna-
tive, approximating the key and values only
in their cached version.

3. Reconstruction Elimination: Existing meth-
ods incur increasing reconstruction costs
with longer context lengths to deal with
RoPE embeddings, undermining the effi-
ciency gains from compression. We eliminate
these reconstruction costs.

2.2.1 Token-Adaptive Compression

KVCache compression studies have shown that to-
kens vary in importance, which has been applied
to adapt compression levels accordingly (Xiao
et al., 2023; Liu et al., 2024; Hooper et al., 2024).
However, uniform compression across all tokens
(Figure 1a orange) has been a convention for KV-
Cache. To address this, we propose a multi-level
low-rank approximation that adapts to token im-
portance. We treat the first α tokens, named
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sink tokens, and the last tokens as important,
following Xiao et al. (2023) (Figure 1b orange).
We show that this strategy generalizes to adversar-
ial scenarios where middle tokens are important
in Section 3.1.7.

Formally, consider a two-level approximation
scenario, with rank r0 ≤ r1. As a control knob
of the compression ratio, we ensure the ratio of
higher rank r1 tokens does not exceed a threshold
ratio p. Suppose the VCache has length κ, denoted
as v1:κ. Initially, we leave v1:α intact, applying the
higher rank r1 to the last tokens in VCache, or,
v[κ−p(κ−α)]:κ, and the lower rank r0 to the middle
tokens, or, vα:[κ−p(κ−α)]. When a new token is
added to the VCache, it is assigned the higher rank
r1. If the ratio of higher rank r1 tokens exceeds p
during addition, we move the first token in the r1
region to the r0 region, lowering its rank.

We can easily generalize this process for mul-
tiple ranks, r0 ≤ · · · ≤ rβ , as elaborated in
Appendix A.

2.2.2 Lazy Approximation

To motivate lazy approximation, we first describe
eager approximation, where the low-rank approx-
imation is performed offline, replacing WV with
a smaller-rank matrix U r

V , as in Figure 1a (blue).
This, in turn, reduces the full-rank value ten-
sor (Figure 1a green), yielding a low-quality
next token probability distribution, and leading
to unnecessary approximation errors.

In contrast, as in Figure 1b, we apply a lazy ap-
proximation strategy, keeping full information of
the green box. During each forward pass, we thus
calculate the next token representation more accu-
rately with full information, and lazily compress
only the cached version.

We efficiently implement lazy approximation
with our novel online low-rank approximation
technique, which requires only a truncation op-
eration in the inference step, as detailed in
Section 2.2.3.

2.2.3 Reconstruction Elimination

Illustration of Single-Head Attention Case
To eliminate the reconstruction overhead from
low-rank approximation, first, we remove the re-
construction cost entirely by leveraging matrix
fusion in VCache, as demonstrated in Chang et al.
(2024) and Saxena et al. (2024). This is easily

done by redefining W r
O as V r

V WO. Then v1:i ·WO

in Eq. 4 is converted by the associative law:

v1:i ·WO (13)

= concat(vchi−1 · V r
V , xi · U r

V V
r
V ) ·WO (14)

= concat(vchi−1, xi · U r
V ) ·W r

O (15)

However, this fusion cannot be applied to
KCache when using RoPE embeddings, which are
common in many LLMs. With RoPE embeddings,
the qi · kT1:i in Eq. 4 becomes as follows:

qi · kT1:i = RoPE(xi ·WQ) · RoPE(x1:i ·WK)T

= RoPE(xi ·WQ) · RoPE(vchi · V r
K)T

(16)

where V r
K cannot be fused into WQ as done in

VCache.
As a result, we refrain from applying low-rank

approximation to KCache in these cases. While
this may seem to reduce compression efficiency,
our experiments demonstrate that even with this
restriction, our method still outperforms existing
low-rank KVCache approximation techniques.

Online Low-rank Approximation With vary-
ing levels of low-rank approximation, it may
seem necessary to introduce multiple W r

O matri-
ces, and matrix multiplication is required for the
conversion to a lower rank in Section 2.2.1. How-
ever, multiplication can be removed if we design
UV = U

√
S, VV =

√
SV , where WV = USV

is the SVD result with singular values sorted in
descending order, by the Eckart-Young-Mirsky
theorem (Eckart and Young, 1936), as W r

O is
simply the truncation of VV WO with the first r
rows. Similarly, reducing the rank from rj to rj−1

only involves truncating the last rj−1 columns,
which enables a reconstruction-free low-rank
approximation without extra computational cost.

Customizing Multi-Head Attention For Recon-
struction Removal To cover most LLMs with
multi-head, we also validate our approach of elimi-
nating reconstruction costs by adapting multi-head
attention. To illustrate, consider two attention
heads with a batch size of 1. Let the attention
weights, the output of softmax in Eq. 4 of each
head, be S0, S1 ∈ R

σ×κ, where σ is the length of
the query, and κ is the length of the key and value.
Let V0,V1 ∈ R

κ×n be the v1:i in Eq. 4 of each
head, where n is the output dimension of the value
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matrix of each head. Let WO =

(
O00 O01

O10 O11

)
,

where each Oi,j ∈ R
n,n. The original attention

output is constructed as follows:

(
S0V0 S1V1

)
·
(
O00 O01

O10 O11

)
(17)

Now, suppose we group the two attention heads
and decompose WV across both. If we decompose
V0,V1 as(

V0 V1

)
=

(
U r
0 U r

1

)
·
(
V r
00 V r

01

V r
10 V r

11

)
(18)

where
(
U r
0 U r

1

)
∈ R

κ×r, and
(
V r
00 V r

01

V r
10 V r

11

)
∈

R
r×2n. The attention output can now be rewritten

as:(
S0(U

r
0V

r
00 + U r

1V
r
10) S1(U

r
0V

r
01 + U r

1V
r
11)

)
·(

O00 O01

O10 O11

)

(19)

For an efficient implementation, we need to
consider the following requirement:

• We need to merge
(
V r
00 V r

01

V r
10 V r

11

)
with

(
O00 O01

O10 O11

)
offline to build some matrix

Or, so that we can obtain the same result as
Eq. 19.

• The associative law should be applied be-
tween Sis and U r

j s first, since they share the
largest dimension, κ, which is significantly
larger than σ, r, n in long context generation.

In the end, we decompose Eq. 19 meeting these
requirements. We operate Sis and U r

j s:
(
S0U

r
0 S0U

r
1

S1U
r
0 S1U

r
1

)
=

(
S0

S1

)
·
(
U r
0 U r

1

)
(20)

then we reshape this matrix, and multiply with the
pre-built matrix on the right-hand side:

(
S0U

r
0 S0U

r
1 S1U

r
0 S1U

r
1

)
·

⎛
⎜⎜⎝

V r
00O00 V r

00O01

V r
10O00 V r

10O01

V r
01O10 V r

01O11

V r
11O10 V r

11O11

⎞
⎟⎟⎠

(21)
which yields the same result as Eq. 19.2

2A similar construction can be found in the Palu (Chang
et al., 2024) implementation as well, but we additionally
argued why this implementation is necessary for our purpose
of reducing overhead.

This restructuring efficiently fuses the low-rank
approximation with the attention mechanism, con-
firming that reconstruction costs are removed. We
can generalize this into Multi-Level, and GQA, as
detailed in the Appendix B and C. We summarize
the algorithm for the reconstruction removal in the
Appendix.

2.3 On Compounding with Quantization
Compounding quantization with our proposed
multi-level low-rank approximation introduces the
following opportunities in each aspect:

Token-Adaptive: In alignment with the
multi-level low-rank approximation, quantization
can be strategically applied based on token
significance. By assigning bj-bit quantization
to regions corresponding to rank rj , with
b0 ≤ · · · ≤ bβ , higher bit-widths are allocated to
more important tokens. This complements our
multi-level compression, where leveling is guided
by token-importance.

Lazy Approximation: KVCache quantization
is more robust than low-rank approximation
(Chang et al., 2024). The eager quantization
can be directly used without severe performance
degradation.

Reconstruction-Free: A keyadvantage of quan-
tization is that it can be applied to the KVCache
without introducing reconstruction overhead, un-
like low-rank decomposition where compressing
KCache introduces reconstruction overhead. This
allows us to compress both KCache and VCache
effectively without compromising the integrity of
positional information.

3 Experiments

As a representative large language model, we use
a recently released Llama-3.1-8B-Instruct (Dubey
et al., 2024), and Mistral-7B-Instruct-v0.3 (Jiang
et al., 2023).

Research Questions In this section, we design
experiments and answer the following research
questions:

• RQ1: Is our token-adaptive compression
effective?

• RQ2: Is our lazy approximation beneficial?

• RQ3: Is the reconstruction cost from con-
ventional low-rank KVCache approximation
eliminated?
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• RQ4: Can TALE be faster and more
memory-efficient than FlashAttention?

• RQ5: Does TALE generalize over various
model sizes?

• RQ6: How does TALE perform in different
languages?

• RQ7: Is TALE weak in capturing the
importance of middle tokens?

• RQ8: How does TALE perform in different
length of prompts?

• RQ9: Does TALE outperform training-
required methods?

Comparisons We compare TALE with meth-
ods from each line of KVCache compression
techniques:

• Palu (Chang et al., 2024): A representative
low-rank approximation technique. We use
3-bit quantization and a 40% lower rank
version to meet a similar compression ratio
as ours. Following their default proposal, we
group every 4 heads.

• KIVI (Liu et al., 2024): A representative
quantization technique we used. We use 2-bit
quantization, to meet a similar compression
ratio as ours.

• HQQ (Badri and Shaji, 2023): Another
representative quantization technique. We
use 2-bit quantization, to meet a similar
compression ratio as ours.

• Attention Sink (Xiao et al., 2023): A repre-
sentative KVCache pruning technique. We
keep the same number of tokens at the front,
and set the number of tokens in the last part
to be similar to ours.

• ShadowKV (Sun et al., 2024a): A state-of-
the-art baseline using KCache decomposition
and KVCache pruning with CPU offloading.

Tasks and Datasets We mainly evaluate on
generation tasks, such as GSM8K (Cobbe et al.,
2021). To evaluate generation performance in
a long context scenario, we also evaluate on
LongBench (Bai et al., 2024). Following pre-
vious work (Chang et al., 2024), we choose
8 tasks: LCC, Multi-news (M-News), Qasper,
QMSum, RepoBench-P (R-Bench), SAMSum,
TREC, and TriviaQA (TriQA). Finally, we
also conduct perplexity-based evaluations, with

ARC-Challenge (Clark et al., 2018), HellaSwag
(Zellers et al., 2019), and MMLU (Hendrycks
et al., 2021).

Implementation Details We useα = 4, to com-
pare with Attention Sink (Xiao et al., 2023),
which keeps the first 4 tokens as well. We use
p = 0.1, β = 1, and let r0 be the 50% of the full
rank. We use b0 = 2, b1 = 4 for quantization. We
use SVD-LLM (Wang et al., 2025) to perform
SVD of each weight matrix, and use Palu (Chang
et al., 2024) for SVD of grouped heads. We use
KIVI quantization (Liu et al., 2024). For RQ3, we
use a static cache similar to that of GPT-FAST3 to
reduce memory overhead.

We evaluate LongBench tasks with code pro-
vided by Palu (Chang et al., 2024), and evaluate
the rest of the tasks on LM-EVALUATION-HARNESS

(Gao et al., 2021). All experiments except for
RQ5 are conducted on one H100 80GB GPU.
Each evaluation is done within 5 hours. Evalu-
ation is done only once, since we introduce no
randomness in our experiment.

3.1 Experimental Results
3.1.1 RQ1: Token-Adaptive Compression

is Effective
Table 1 demonstrates the effectiveness of TALE.
Compared to the previously proposed low-rank
KVCache approximation method, Palu, TALE
shows significant improvement on the per-
formance– For example, For GSM8K, TALE
does not lose accuracy, while Palu loses by
−53.07 percentage point. This highlights the merit
of our token-adaptive low-rank approximation.
Mistral-based experiments show a similar trend as
well (Table 3).

We can also observe a consistent trend when
comparing with the pruning technique, Attention
Sink. Even with a much lower compression ratio,
they lose information in the context by token
eviction. Similarly, ShadowKV loses performance
with a large margin in GSM8K, even though
they keep KVCache much more than TALE by
CPU offloading. On the other hand, TALE keeps
all the tokens in the context, maintaining the
performance.

Finally, TALE outperforms our quantization
baselines as well. With token-adaptive com-
pression design, we can aggressively compress

3https://github.com/pytorch-labs/gpt
-fast.
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Ratio GSM8K Avg(→) LCC M-News Qasper QSum RBen SSum TREC TriQA
Orig 1.00× 81.65 48.78 63.23 27.14 15.60 23.80 52.38 43.45 72.50 92.14
Attention Sink 4.90× 56.41 42.74 59.28 17.76 8.07 22.77 50.16 42.38 50.50 90.99
KIVI (2bit) 8.00× 79.91 48.18 62.26 26.77 13.96 23.36 50.67 43.63 72.50 92.32
HQQ (2bit) 8.00× 76.73 47.78 59.20 26.81 14.09 23.74 49.23 44.04 72.50 92.66
Palu-40% (3bit) 8.89× 28.58 43.31 45.74 25.37 14.98 24.03 34.68 42.23 71.00 88.41
ShadowKV 3.2×(27.8×∗) 58.68 49.28 65.38 27.34 14.55 23.56 55.82 41.99 73.00 92.62
TALE 9.14× 81.88 48.79 63.36 25.83 17.35 24.25 51.03 44.39 72.50 91.58

Table 1: Generation-based evaluation between different KVCache compression techniques. We report
the compression ratio, GSM8K, and LongBench results. The best performance is emphasized with bold.
∗: Use CPU offloading to save GPU memory.

Ratio ARC HS MMLU Avg
Original (16bit) 1.00× 56.74 59.34 68.09 61.39
Palu-40% (3bit) 8.89× 50.17 53.33 57.13 53.54
TALE 9.14× 56.57 59.30 68.37 61.41

Table 2: Perplexity-based evaluation between dif-
ferent KVCache compression techniques. We re-
port the compression ratio, ARC-Challenge (ARC;
25-shot), HellaSwag (HS; 10-shot), and MMLU
(5-shot). The best performance is emphasized
with bold.

less-important tokens, and assign higher bits to
the important tokens, while achieving a higher
compression ratio and performance.

3.1.2 RQ2: Lazy Approximation is Beneficial
Table 2 emphasizes the importance of lazy ap-
proximation. For example, the existing low-rank
approximation method, Palu, struggles to maintain
the performance even in perplexity-based evalu-
ations, where no generation is needed, i.e., no
KVCache is needed. On the other hand, TALE
successfully maintains the performance.

This performance gap is consistently observed
in Tables 1 and 3, since the eager approximation
propagates the error through the generation steps
to reduce overall accuracy.

3.1.3 RQ3: Reconstruction Cost
is Eliminated

To show that the reconstruction cost is suc-
cessfully eliminated in our design, we conduct
experiments with real implementation with long
context length, 512K, 1M, and 2M, with a batch
size of 1. Following previous work—Palu (Chang
et al., 2024)—we experiment with an attention
head of eager mode in TRANSFORMERS (Wolf et al.,
2020), and we use Llama-2-7B (Touvron et al.,
2023). For Palu, we use a compression ratio

of 50% following their implementation, without
quantization. We use α = 0, p = 0.1, and r0
as 50% of full rank, whose evaluation score yet
outperforms 50% compression of Palu. We also
extend our experiment with a more recent LLM,
Llama-3.1-8B (Dubey et al., 2024), by varying
context length from 128K to 4M.

Figures 2 and 3 show that TALE successfully re-
moves the reconstruction cost which is significant
in Palu (Chang et al., 2024), especially in longer
context scenarios. For example, in the Llama-2-7B
2M scenario (Figure 2), TALE actually reduces
the latency, while Palu nearly doubles it. We see
a similar trend in Llama-3.1-8B (Figure 3)–TALE
reduces the latency almost by half on context
length of 2M, and we even enable longer context,
4M, where original attention faces out-of-memory
(OOM) error.

3.1.4 RQ4: TALE is Faster and More
Memory-Efficient than FlashAttention

While TALE could reduce the number of compu-
tations and memory operations leading to latency
reduction, one may question the efficiency of the
eager mode attention head in TRANSFORMERS (Wolf
et al., 2020). Therefore in this section, we compare
the throughput of TALE with the state-of-the-art
attention implementation, FlashAttention (Dao
et al., 2022; Dao, 2024).

Focusing on TALE without quantization, we
begin by measuring latency at the attention head
level, varying context length and batch size. Next,
we evaluate end-to-end throughput using the entire
model, leveraging GPT-FAST4 for benchmarking.

As shown in Figure 4, TALE outperforms
FlashAttention in larger batch sizes for the

4https://github.com/pytorch-labs/gpt
-fast.
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Ratio ARC HS MMLU GSM8K LBAvg
Palu-40% 8.89× 56.23 62.22 55.72 28.13 49.47
TALE 9.14× 60.58 65.38 62.14 44.88 52.59

Table 3: Mistral-7B-Instruct-v0.3 evaluation between different KVCache compression techniques with
similar compression ratios. The settings are similar to Tables 1 and 2. LBAvg is the average score over
LongBench tasks.

Figure 3: Latency comparison of a Llama-3.1-8B atten-
tion head with each low-rank KVCache compression
methods. Palu kernel is not supported for Llama-3.1,
and the original attention head faces OOM on 4M.

Figure 4: Relative speedup of TALE compared to
FlashAttention with a Llama-2-7B attention head. Each
colored line represents different context lengths.

Llama-2-7B attention head, with the performance
gap widening as context length increases.

Additionally, Figure 5 demonstrates that
TALE’s memory efficiency enables larger batch
sizes, leading to significantly higher end-to-end
throughput compared to FlashAttention.

Finally, we compare the maximum con-
text length with a finer granularity between
TALE with quantization and FlashAttention
on Llama-3.1-8B-Instruct: Figure 6 shows the
detailed GPU memory consumption across var-
ious context lengths. We can clearly observe
TALE drastically reducing the GPU memory
consumption, enabling up to 1.5× more con-
text length compared to the competitive baseline,
FlashAttention.

Figure 5: End-to-End throughput comparison between
TALE-based Llama-2-7B and FlashAttention-based
Llama-2-7B.

Figure 6: GPU memory consumption on H100-80GB
across various context lengths, using Llama-3.1-
8B-Instruct.

3.1.5 RQ5: TALE Generalizes over
Model Sizes

To evaluate TALE across diverse model ar-
chitectures and sizes, in addition to the 7-8B
scale model results in the main table, we pro-
vide results on both a smaller 3B model and
a larger 70B model, Llama-3.2-3B-Instruct, and
Llama-3.3-70B-Instruct. Tables 5 and 6 show
consistent results as well, which captures our gen-
eralization over a diverse range of practical model
sizes.

3.1.6 RQ6: TALE’s Generalization Across
Languages—Findings and Limitations

Table 4 presents the evaluation results on the
Multilingual GSM benchmark. Our findings in-
dicate that TALE generalizes well across most
languages, with the exception of low-resource
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Model Ratio bn de en es fr ja ru sw te th zh
Original (16bit) 1.00× 0.556 0.740 0.848 0.764 0.668 0.548 0.744 0.556 0.536 0.700 0.716
TALE 9.14× 0.544 0.744 0.844 0.764 0.680 0.536 0.764 0.516 0.372 0.636 0.716

Table 4: Multilingual GSM evaluation on Llama-3.1-8B-Instruct over 11 different languages.

Ratio ARC HS MMLU GSM8K LBAvg
Original 1.00× 47.44 52.99 59.81 71.80 49.23
KIVI 8.00× 47.61 53.20 60.74 68.84 48.97
TALE 9.14× 47.44 53.01 59.86 72.10 49.26

Table 5: Llama-3.2-3B-Instruct evaluation between different KVCache compression techniques with
similar compression ratios. The settings are similar to Tables 1 and 2. LBAvg is the average score over
LongBench tasks.

Ratio ARC HS MMLU GSM8K LBAvg
Original 1.00× 68.26 67.33 82.22 94.77 51.01
TALE 9.14× 68.26 67.34 82.22 95.00 51.01

Table 6: Llama-3.3-70B-Instruct evaluation between different KVCache compression techniques with
similar compression ratios. The settings are similar to Tables 1 and 2. LBAvg is the average score over
LongBench tasks.

languages such as Telugu (te). We hypothesize
that addressing imbalances in the training corpus
could enhance KVCache resilience in these cases.
However, we leave this as an avenue for future
exploration.

3.1.7 RQ7: TALE Captures the Importance
of Middle Tokens

Following Xiao et al. (2023), TALE prioritizes
sink tokens and last tokens, ensuring they are re-
tained with higher fidelity. A potential concern
is whether this approach neglects critical infor-
mation in the middle of sequences, which is a
well-documented weakness of LLMs, known as
the ‘‘lost-in-the-middle’’ problem. To test the ro-
bustness of this problem, Needle-in-a-Haystack
is a task devised to place key information ad-
versarially, among which we evaluate RULER
benchmark (Hsieh et al., 2024), as it requires
reasoning over multiple needles, rather than
retrieving a single needle.

Despite our concern, as shown in Table 9,
TALE successfully handles middle-token re-
trieval, maintaining strong performance over
original models, across various RULER bench-
mark tasks, differently from our baseline, Palu.
This demonstrates that TALE successfully pre-
serves critical middle-token information even in
its lowest-fidelity representations—highlighting

Figure 7: Score distribution of a LongBench task (Sam-
Sum) over various length of prompts using TALE on
Llama-3.1-8B-Instruct.

the effectiveness of low-rank decomposition vali-
dated, even in an extreme adversarial scenario to
the token selection we used.

3.1.8 RQ8: TALE Generalizes over
Length of Prompt

Since TALE compresses large portion of tokens,
one may question whether samples with longer
prompts would suffer performance degradation.

Nevertheless, we observe that TALE general-
izes over various length of prompts. Figure 7
shows an example task of SamSum with TALE on
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LCC M-News Qasper QmSum R-Bench SAMSum TREC TriQA
pearson correlation 0.025 −0.065 0.023 −0.067 0.025 −0.018 0.049 0.046

Table 7: Pearson correlation coefficient between the context length and score in the LongBench, using
TALE on Llama-3.1-8B-Instruct.

GSM8K LongBench Avg
TALE 81.88 48.79
TALE-sink 81.12 47.49
TALE-last 80.97 48.55

Table 8: Ablation study of token-adaptive multi-
level design. The best performance is emphasized
with bold.

Ratio FWE VT QA1 QA2 avg
original 1.00× 85.42 97.29 82.29 59.38 81.09
Palu-40% 8.89× 72.22 69.79 59.38 38.54 59.98
TALE 9.14× 87.15 90.42 83.33 55.21 79.03

Table 9: RULER (Needle-in-a-Haystack) test
with Llama-3.1-8B-Instruct. We evaluate fre-
quent word extraction (FWE), variable tracking
(VT), and two different question answering which
is SQuAD (QA1) and HotPotQA (QA2).

Llama-3.1-8B-Instruct—there is no tendency of
performance degradation as the length of prompt
gets longer. Table 7 shows the Pearson correlation
coefficient between the context length and the
score in the LongBench evaluation with TALE
on Llama-3.1-8B-Instruct. It implies that there is
no correlation—TALE generalizes over various
length of prompts.

3.1.9 RQ9: TALE Outperforms
Training-Required Method

To compare with KVCache compression meth-
ods requiring training, such as CLA (Brandon
et al., 2024), which enforces KVCache sharing
across layers from the pretraining stage. Since the
pretraining stage of LLM is prohibitively costly,
we employ LoRA (Hu et al., 2022) with rank of
256 to update Llama-3.1-8B-Instruct. We perform
knowledge distillation using ultrachat 200k, Meta-
MathQA, Magicoder-OSS-Instruct-75K, lmsys-
chat-1m, and SlimOrca datasets, for 1 epoch.
While such training enables CLA, the perfor-
mance is far below our training-free method,
TALE (Table 10). This indicates while vari-
ous pretraining-stage KVCache compression tech-

Ratio train GSM8K
CLA 2.00× ✗ 0.00
CLA 2.00× ✓ 48.83
TALE 9.14× ✗ 81.88

Table 10: Comparing with KVCache compression
method requiring training.

niques are available, it is challenging to apply them
for existing LLM without retraining them. In con-
trast, TALE is applicable to LLMs without such
challenging training stage.

3.2 Ablation Studies

3.2.1 Ablation of Token-Adaptive
Multi-Level Design

TALE leverages token-adaptive multi-level de-
sign, inspired by Attention Sink, strongly attend-
ing to initial sink tokens and last tokens, validated
in Table 8.

More specifically, TALE keeps the first α sink
tokens intact and keeps the p = 0.1 ratio as a
high rank for the last tokens. We first ablate the
sink heuristics, by keeping α = 0 (second row),
where performance degrades. Similarly, we ablate
the last token heuristics by setting p ≈ 0 (third
row), which also leads to decreased performance.
Overall, our design of assigning high rank for sink
and recent tokens is empirically validated.

3.2.2 Ablation of Grouping Heads
To show the effectiveness of grouping heads for
LLMs without GQA design (Eq. 30), we leverage
Llama-2-13B (Touvron et al., 2023) to estimate the
impact of prebuilt matrix size. We use the same
settings as in the main experiments, except for
setting g = 4 or g = 1, and compare with g = 32,
meaning no group-head strategy is applied.

Table 11 shows that grouping heads is sig-
nificantly important for keeping the model size.
Although removing the group-head structure
introduces the best performance in some bench-
marks, it comes with a higher model size—for
example, with 32 heads, the model size increases
up to 3.2×. In contrast, grouping heads yields no

1307



Model Size KV Compress. Ratio GSM8K LongBench Avg
Orig (Llama-2-13b) 1.0× 1.00× 22.82 44.77
TALE (g = 4) 1.2× 9.28× 22.90 43.69
TALE (g = 1) 1.0× 9.28× 21.76 43.41
TALE w/o grouped head 3.2× 9.28× 22.59 44.53
Palu-40% (g = 4, 3bit) 1.2× 8.89× 13.65 41.04

Table 11: Comparing model size, KVCache compression ratio, and accuracies by varying the head
group size on Llama-2-13B, a representative non-GQA LLM. The best performance is emphasized with
bold, and the second-best is underlined.

Ratio GSM8K Avg(→) LCC M-News Qasper QmSum R-Bench SAMSum TREC TriQA
Orig 1.00× 81.65 48.78 63.23 27.14 15.60 23.80 52.38 43.45 72.50 92.14
Palu-30% 1.43× 41.55 47.61 57.38 26.44 14.40 23.26 53.62 43.09 73.00 89.72
TALE 1.46× 80.74 48.10 60.64 25.14 14.94 25.33 50.47 43.47 73.00 91.82

Table 12: Generation-based evaluation between different KVCache low-rank compression tech-
niques, without quantization. We report the compression ratio, GSM8K, LongBench results. The
best performance is emphasized with bold.

or marginal performance degradation, while main-
taining the model size almost intact. We highlight
that our design with g = 1 already outperforms
Palu-40%, which requires a larger model size than
ours.

3.2.3 Ablation of Quantization

While we showed that TALE can achieve a sig-
nificant compression ratio by compounding with
quantization, we also show that TALE is a suc-
cessful low-rank KVCache compression method
even without quantization. To test this, we use a
30% compressed version of Palu and apply TALE
with similar settings, except for reducing r0 to
30% of the full rank to match Palu’s compression
ratio.

Table 12 depicts that TALE outperforms the
existing method, Palu, by a high margin. For
example, for GSM8K, the loss of TALE is only
−0.91 percentage point, which is 44.1× smaller
than that of Palu.

3.2.4 Quality-Efficiency Tradeoff in
Rank Selection

Table 13 presents the LongBench average score
across different ranks, all maintaining a similar
KVCache compression ratio. The results indicate
that using a smaller rank than our chosen hy-
perparameter significantly degrades performance
due to the aggressive application of low-rank
decomposition. Conversely, increasing the rank
requires reducing p, the proportion of ‘‘important

rank (r0) p compression ratio LBAvg
37.5% 0.15 9.05× 48.45
50% 0.1 9.14× 48.79
62.5% 0.05 9.18× 48.36

Table 13: LongBench average score over various
ranks with TALE on Llama-3.1-8B-Instruct with
similar KVCache compression ratios.

tokens’’ to maintain the compression ratio, which
also leads to performance degradation. Thus, our
choice represents the optimal balance.

4 Related Work

To enable longer-context generation, various
KVCache compression techniques have been pro-
posed. At the training stage, methods such as
cross-layer key-value sharing (Brandon et al.,
2024), linear attention (Sun et al., 2024b), and
MLA (DeepSeek-AI et al., 2024) significantly re-
duce KVCache size. However, these approaches
require modifications during training, making
them incompatible with pre-trained models and
thus outside the scope of our work.

In contrast, our focus of training-free KV-
Cache compression is particularly valuable
because most widely used LLMs, such as Llama
(Dubey et al., 2024), Mistral (Jiang et al., 2023),
and Qwen (Bai et al., 2023), are not trained
with the techniques cited above, rather rely
on post-training optimizations. Post-training KV-
Cache compression methods fall into three main
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categories: pruning, low-rank decomposition,
and quantization, each presenting complementary
trade-offs in efficiency and accuracy.

KVCache Pruning aims at identifying and
evicting less important key-value pairs from the
cache. Toward the goal, classification of unimpor-
tant parts to discard in the cache is a key technique,
and token eviction methods such as Attention Sink
(Xiao et al., 2023) is an illustrative example, us-
ing token importance to decide which parts of the
cache should be retained or discarded.

KVCache Low-rank Decomposition seeks to
approximate the key-value matrices as low-rank
structures, storing these compressed representa-
tions rather than the full KVCache. However,
a significant challenge is reconstruction, espe-
cially in models using RoPE embeddings, where
the reconstruction cost becomes a bottleneck as
sequence lengths increase (Chang et al., 2024).

LoRC (Zhang et al., 2024) uses lower-rank
decomposition in deeper layers to compress
key-value matrices. ShadowKV (Sun et al., 2024a)
integrates KCache decomposition with KVCache
pruning, significantly reducing KVCache size. We
could empirically compare with ShadowKV us-
ing their released code, to observe its struggle to
generalize across certain tasks, highlighting their
limitations in broader applications.

KVCache Quantization reduces the memory
size of the cache by converting the stored
key-value pairs into a lower-bit representation
(Hooper et al., 2024; Liu et al., 2024). Usu-
ally, it introduces certain challenges, such as
outliers induced by SVD, when compounding with
other techniques, such as low-rank decomposition
methods (Chang et al., 2024).

Ours combines the strengths of all three ap-
proaches: Rather than discarding less important
key-value pairs (as in pruning), we retain them
in a token-guided multi-level low-rank approxi-
mation with significantly reduced reconstruction
costs.

By integrating quantization, our method
achieves substantial compression with minimal
performance trade-offs, delivering memory and
computational efficiency, even in contexts with
millions of tokens.

5 Conclusion

We introduced a novel token-guided multi-level
low-rank approximation method for KVCache
compression, addressing a new challenge of man-
aging inference efficiency for growing trends of
longer input context. By adaptively adjusting
the compression levels based on token impor-
tance, our approach minimizes accuracy loss while
reducing the KVCache size. Specifically, we pre-
sented an error-reducing compression technique
by avoiding the convention of eager approxima-
tion of full-rank representations and introduced a
reconstruction-free design to minimize computa-
tional overhead. We also extended the approach
by integrating multi-level quantization, further
optimizing compression.
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Appendix

A Multi-Level Token Importance

In Section 2.2.1, we addressed two-level token
importance. Here we generalize it into larger-level
token importance case.
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Consider a multi-level approximation scenario,
with rank r0 ≤ · · · ≤ rβ , and let 0 = p−1 ≤ p0 ≤
· · · ≤ pβ = 1 be the control knobs for the com-
pression ratio. Suppose the VCache has length
κ, denoted as v1:κ. Initially, we leave v1:α intact.
Then we assign rank ri to v[α+pi−1(κ−α)]:[α+pi(κ−α)].
Whenever a new token is added to the VCache, it
is assigned the highest rank rβ first, then consecu-
tively examines the control knobs. If the length of
higher rank ri+1 tokens exceeds (pi+1−pi)(κ−α)
during addition, we move the first u tokens in
the ri+1 region to the ri region, lowering its
rank. In practice, we efficiently move the re-
gion by batching (u > 1) to reduce memory
operations. Especially, when combined with the
multi-level quantization, for efficient dequantiza-
tion and quantization operations, we enforce u to
be the multiple of v

bi
, where v is the number of

bits we use to pack multiple bi bit numbers in
implementation. We may perform a grid search to
choose the hyperparameters.

B Reconstruction Removal
Generalization to Multi-Level
KVCache

In Section 2.2.3, we discussed our reconstruction
removal assuming single-level KVCache. Now
we generalize this to the multi-level case, with
ranks r0 ≤ · · · ≤ rβ . One might conjecture the
overhead will increase as we may need multiple
versions of Eq. 21 per rank. However, similarly to
the single-headed case, all we need is the full-rank
version of Eq. 21, and the lower-rank case can be
dealt with truncation.

For simplicity, suppose we have only two levels,
each with rank r0, rβ , and α = 0. To obtain(
S0U0 S0U1

S1U0 S1U1

)
as in Eq. 20, the first r0 columns

can be filled by

(
S0

S1

)
· concat(

(
U r0
0 U r0

1

)
,
(
U

rβ
0 U

rβ
1

)
[:, : r0])

(22)
and the remaining rβ columns can be filled by

(
S0

S1

)
[κ− pκ :] ·

(
U

rβ
0 U

rβ
1

)
[:, r0 :] (23)

where we use concatenation along rows, [i :]
means the submatrix starting from ith row, [:, i :]
means the submatrix starting from ith column,

and [:, : i] means the submatrix ending with ith
column. Then, Eq. 21 can be calculated as:

(
S0U0 S0U1 S1U0 S1U1

)
·

⎛
⎜⎜⎝

V00O00 V00O01

V10O00 V10O01

V01O10 V01O11

V11O10 V11O11

⎞
⎟⎟⎠

(24)
where the matrix in the right-hand side is prebuilt
with full-rank SVD results. In conclusion, we do
not need multiple versions of Eq. 21, and only need
to truncate and concatenate the VCaches, the U
matrices. This design removes the reconstruction
cost (Figure 2), which is the main reason why
Palu is slower even though it is smaller than the
original attention head.

C Grouping Attention Heads to Reduce
Prebuilt Matrix (Eq. 24)

While the above implementation reduces the la-
tency almost by half (Figure 2), as a byproduct, we
notice that the prebuilt matrix on the right-hand
side of Eq. 24 can be larger as the number of
heads for key and values increases, compared
with

(
Oij

)
. For such a case, we show that we

can make the prebuilt matrix small by grouping
attention heads.

First, the prebuilt matrix is already small if
the target LLM employs grouped query attention
(GQA; Ainslie et al., 2023), which is popular in
recent LLMs (Dubey et al., 2024; Hui et al., 2024;
Yang et al., 2024; Team et al., 2024; Abdin et al.,
2024).

To illustrate the size of the prebuilt matrix, for
example, suppose we have h heads. Our target is
obtaining the same output between:

(
SiVi

)
·
(
Oi,j

)
=

(
S[k/h]Uk%h

)
·Mk,j (25)

where 0 ≤ i, j < h, 0 ≤ k < h2, and k%h ≡
k (mod h). If we adopt the former strategy, then
the prebuilt matrix M will become as follows:

Mk,j =
(
Vk%h,[k/h]O[k/h],j

)
(26)

which is h times larger than the original
(
Oi,j

)
.

This roots from merging
(
Vi,j

)
from Eq. 18 into(

Oi,j

)
. Thus, reducing the size of

(
Vi,j

)
should

be beneficial.
Now, for simplicity, assume a simple GQA,

where the number of heads for query is h = 2 as
before, and the number of heads for key and value
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is 1. The size of the decomposed matrix is reduced
as the number of heads for values:

V0 = U0 · V00 (27)

With this decomposition, the original attention
output is updated as follows:

(
S0V0 S1V0

)
·
(
O00 O01

O10 O11

)
=

(
S0U0V00 S1U0V00

)
·
(
O00 O01

O10 O11

)
=

(
S0U0 S1U0

)
·
(
V00O00 V00O01

V00O10 V00O11

)

(28)

where the first term in the final expression can be
obtained by reshaping

(
S0U0

S1U0

)
=

(
S0

S1

)
· U0 (29)

In Eq. 28, we can observe that the prebuilt ma-
trix size is smaller than that of Eq. 24, supporting
our design does not occur significant increase of
model weights.

Second, if GQA is not employed, we manually
group the heads to reduce the prebuilt matrix size.
In the GQA case, we notice that the gist for a
smaller prebuilt matrix is reducing the size of the
decomposed matrix as in Eq. 27. Therefore, we
propose to group the heads before decomposition.5

Suppose we are manipulating LLM without GQA,

5This is inspired by the group-head strategy of Palu
(Chang et al., 2024) for a different purpose. Our distinction
is grouping heads to reduce the size of the prebuilt matrix.

which we group heads by g heads, and we properly
reshape the given matrices. Then we decompose
as:
(
V[i/g],0,i%g

)
=

(
U[i/g],0,i%g

)


(
V[i/g],i%g,j%g

)
(30)

where 0 ≤ i < h, 0 ≤ j < g, and 
 is the
batched matrix multiplication, which we define
A = B 
 C as follows:

Ai,j,l =
∑
k

Bi,j,k · Ci,k,l (31)

Notice the size of
(
V[i/g],i%g,j%g

)
is h

g times
smaller than

(
Vi,j

)
from Eq. 18. Now, the output

of attention is updated as follows:

(
S[i/g],0,i%g

∑
j
U[i/g],0,jV[i/g],j,i%g

)


(
O[i/g],i%g,j

)
=

(
S[k/g2],0,[k/g]%gU[k/g2],0,k%g

)

Mk,j

(32)

where 0 ≤ k < gh and the first term in the final
expression is reshaped version of

(
S[i/g],i%g,0

)


(
U[i/g],0,i%g

)
(33)

and the second term is

Mk,j =
(
V[k/g2],k%g,[k/g]%gO[k/g2],[k/g]%g,j

)
(34)

This makes Mk,j only g times larger than
(
Oi,j

)
.

The same idea can be applied to GQA design
as well for further reduction. We elaborate the
required modification to the forward pass in TRANS-
FORMERS (Wolf et al., 2020), a popular framework,
in Figure 8.
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Figure 8: Modified forward pass considering TALE without quantization.
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