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ABSTRACT

Post-training KV-Cache compression methods typically either sample a subset of
effectual tokens or quantize the data into lower numerical bit width. However,
these methods cannot exploit redundancy in the hidden dimension of the KV
tensors. This paper presents a hidden dimension compression approach called
Palu, a KV-Cache compression framework that utilizes low-rank projection to
reduce inference-time LLM memory usage. Palu decomposes the linear layers
into low-rank matrices, caches compressed intermediate states, and reconstructs
the full keys and values on the fly. To improve accuracy, compression rate, and
efficiency, Palu further encompasses (1) a medium-grained low-rank decompo-
sition scheme, (2) an efficient rank search algorithm, (3) low-rank-aware quan-
tization compatibility enhancements, and (4) optimized GPU kernels with oper-
ators fusion. Extensive experiments with popular LLMs show that Palu com-
presses KV-Cache by 50%, while maintaining strong accuracy and delivering up to
1.89x speedup on the RoPE-based attention module. When combined with quan-
tization, Palu’s inherent quantization-friendly design yields small to negligible
extra accuracy degradation, while saving additional memory than quantization-
only methods and achieving up to 2.91x speedup for the RoPE-based attention.
Moreover, it maintains comparable or even better accuracy (up to 1.19 lower
perplexity) compared to quantization-only methods. These results demonstrate
Palu’s superior capability to effectively address the efficiency and memory chal-
lenges of LLM inference posed by KV-Cache. Our code is publicly available at:
https://github.com/shadowpa0327/Palul

1 INTRODUCTION

Large language models (LLMs) have propelled Al into new applications and capabilities, providing
a high-level intelligence that previous machine learning (ML) models could not achieve. To speed up
inference, caching the Key-Value states (KV-Cache) in memory is a simple yet effective technique.
However, the size of the KV-Cache can grow rapidly, straining memory capacity and bandwidth
especially with long context lengths (Fu, 2024); further, the memory-bounded nature of the decoding
stage limits inference speed when loading KV-Cache data (Gholami et al.,[2024). Therefore, KV-
Cache compression has become a central research topic for running LLMs efficiently.

Although emerging attention mechanisms such as Multi-Query Attention (MQA) (Shazeer, 2019),
Group-Query Attention (GQA) (Ainslie et al., [2023) and Multi-head Latent Attention (MLA)
(DeepSeek-Al et al.l |2024) can reduce KV-Cache size, it either requires model pre-training or has
a significant impact on model’s accuracy when converting from traditional Multi-Head Attention
(MHA) (Chen et al., 2024)). In contrast, post-training KV-Cache compression techniques offer an
alternative approach to advance efficiency for existing models. Among various KV-Cache com-
pression methods, quantization (Liu et al., |2024b; Hooper et al., 2024)) and token eviction (Zhang
et al., |2024; |Xiao et al.| [2024) stand out as effective strategies to reduce the memory footprint of
KV-Cache.

Quantization methods aim to reduce the bit-width used to represent each piece of data, while token
eviction techniques focus on retaining a partial set of KV-Cache. However, both methods neglect the
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hidden dimensions of the KV-Cache, where substantial redundancy often resides. To capitalize on
this untapped potential, we introduce Palu, a post-training KV-Cache compression framework that
leverages low-rank projection to reduce the hidden dimension of KV tensors, offering an additional
and orthogonal compression dimension to existing quantization and token eviction methods.

A naive way to utilize low-rank projection for compressing the KV-Cache is by directly mapping
cached matrices into low-rank space (Jolliffte & Cadimal 2016} Zhao et al., 2024). However, this
approach imposes an unacceptably heavy overhead of computing the decomposition matrices during
runtime. To avoid this, Palu statically decomposes the Key and Value-projection weight matrices
and caches the latent representations of the low-rank decomposition (see Fig.[I). This innovative
design enables Palu to reduce memory while mitigating the runtime overhead of KV-Cache low-rank
decomposition.

In designing an effective decomposition strat-
egy for attention modules with multiple attention
heads, we observed a clear trade-off between accu-
racy and reconstruction overhead. Decomposing
the projection matrices across all attention heads

. . Decompose
together improves accuracy by preserving global (Offline)
information, but this approach significantly in-
creases reconstruction costs. On the other hand,
decomposing each head separately reduces recon-
struction overhead but leads to a higher loss in ac-
curacy. To address this, Palu introduces a medium-
grained, group-head low-rank decomposition that
strikes a balance between accuracy and reconstruc-
tion efficiency.

Figure 1: Palu’s low-rank projection method
for KV-Cache reduction. A weight matrix W
of linear projection is decomposed into two
low-rank matrices. Input X is down-projected
For LLMs, each linear projection module has a dif- to latent representation H, which is cached.
ferent sensitivity to compression (Sharma et al., Y can be reconstructed from H using the up-
2023 |Yuan et al., 2023)). To exploit the sensitiv- projection matrix B.

ity and improve accuracy, we design an efficient

rank search algorithm based on Fisher information (Ly et al.|[2017; |Liu et al., |2021). Our algorithm
automatically assigns a higher rank for important matrices and lower ranks for less critical ones,
boosting accuracy at the same overall KV-Cache compression rate.

In addition to its low-rank decomposition, Palu is compatible with quantization techniques. We
found that low-rank decomposition can introduce severe outliers in the latent representation, which
significantly hinders accurate low-bit quantization. Although the Hadamard transformation has been
shown to be effective for outlier elimination in recent studies (Tseng et al., [2024; |Ashkboos et al.,
2024b; |Liu et al., [2024a; (Chiang et al., |2024)), its integration often introduces computational over-
head during runtime. However, Palu’s inherent matrix pair structure makes it highly compatible
with this technique, allowing the transformation matrices to be seamlessly fused into the forward
and backward matrices, effectively mitigating outliers without impacting runtime efficiency.

We evaluate Palu on widely used LLMs and benchmarks. Our experiments demonstrate that Palu
maintains strong zero-shot accuracy and perplexity with up to 50% low-rank compression. More-
over, when combining low-rank compression with quantization, Palu achieves an impressive over
91.25% compression (11.4x reduction) and yields a significantly lower perplexity of 1.19 than
KVQuant (Hooper et al. 2024)), a state-of-the-art KV-Cache quantization method, which only
achieves an 87.5% compression rate.

For latency evaluation, under a 50% KV-Cache compression rate without quantization, Palu demon-
strates up to 1.89x and 2.2x speedup for RoPE-based and non-RoPE attention modules. When
integrated with quantization, Palu achieves up to 2.91x and 6.17x acceleration on RoPE-based
and non-RoPE attention, respectively. These results underscore Palu’s ability to significantly reduce
KV-Cache memory footprint while boosting inference efficiency for LLMs.

Our key contributions include:

* Palu, a new post-training KV-Cache compression framework that caches low-rank latent repre-
sentations of Key and Value states.
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* Group-head low-rank decomposition (G-LRD), an optimization for balancing accuracy and re-
construction efficiency.

* An automated rank search algorithm for adaptively assigning ranks to each decomposed matrix,
given a target compression rate.

* A co-designed quantization compatibility optimization that eliminates low-rank-induced outliers
and imposes zero runtime overhead.

2 BACKGROUND
2.1 MULTI-HEAD ATTENTION MECHANISM

The multi-head attention (MHA) mechanism (Vaswani et al., 2017)) is a core component of the
transformer architecture. Given a new input token X € R¢, an MHA with n heads projects the input
into multiple queries, keys, and values using weight matrices WY, WE, and WY, respectively, for
each head i, as shown by

q; = XWY; k; = xXWF v, = XWY: (1)
Here, k; and v; represent the key and value at time step t for head i. We can then compute the
attention score for each head i and the corresponding attention output as
q,K?
vy
where K; and V; denote the concatenation of current and all previous keys and values corresponding

to the i-th head. The final MHA output is obtained by concatenating the outputs of all heads and
then applying the out-projection layer W, as shown by

Pt = Softmax , a; = prZ, )

x x
MHA(X) = aW? = (p:V)W7; 3)

=1 i=1

where WY ¢ R >4 represents the submatrices of the out-projection matrix for each head i.

2.2 SINGULAR VALUE DECOMPOSITION (SVD)

SVD (Jolliffe & Cadimal 2016)) is a commonly used technique for computing the low-rank approx-
imation for a given matrix. SVD decomposes a given matrix W € R™*" into three matrices:
W = U V7. Here, U and V are orthogonal matrices containing the left and right singular
vectors, respectively. The matrix  is a diagonal matrix that consists of singular values. After
decomposition, the low-rank approximation of W can be described as

P— P— -

W=~AB; A=U, , B= V[ 4)
where A € R™*", B € R"™*", . € R"™". ., isadiagonal matrix containing the largest r singular
values, and U,., VT are corresponding singular vectors truncated from U and V7. This truncation
and subsequent matrix formation let us approximate matrix W with two low-rank matrices A and
B, thereby reducing the storage by %t:"

3 THE PALU FRAMEWORK
3.1 COMPRESSING THE KV-CACHE VIA LOW-RANK PROJECTION

A naive approach to compress the KV-Cache with low-rank projection is to apply SVD directly
on the KV-Cache and store the top-r singular vectors. However, this approach poses significant
computational overhead during runtime that makes it impractical for deployments (see Appendix

[H).

To apply low-rank projection more efficiently than directly decomposing the KV-Cache during run-
time, Palu uses SVD to decompose the Key and Value projection matrices. This approach is based
on the observation that low-rank decomposition rewrites the linear projection layer from y = XW
intoy = XAB.
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Figure 2: Palu uses low-rank decomposition (W = AB) to project the key (or value) to a lower-
dimensional latent representation (h), thereby reducing the size of the KV-Cache. The original key
(K}) is reconstructed on-the-fly with B*, and B is fused into W? to avoid reconstruction overhead.
The fusion also reduces the computational burden for output projection.

Here, A € R%*" is the low-rank projection matrix, and B € R"*? is the reconstruction matrix
derived by SVD. The forward process first down-projects the input token X € R? into a low-
dimensional latent space h € R" and then up-projects it back to the original space:

h=Ax; y=Bh &)

This two-step process lets Palu (1) store the lower dimension latent representation instead of the
origin key and value states, and (2) reconstruct them during decoding.

3.1.1 INTEGRATION WITH THE ATTENTION MECHANISM AND OFFLINE MATRIX FUSION

We now describe how Palu decomposes the key and value linear layers for the attention mechanism.
For each attention head i, Palu applies SVD and maps the key-projection matrix W¥ and value-
projection matrix WY into A¥B” and AYBY.

Based on the formula of attention output in Eq. 2| Palu absorbs the reconstruction matrix B} into
the output projection matrix WY offline:

a; W7 = (p:Vi)W7 = (p:H/B)W? = p;iH; (B/WY) (6)

Such fusion lets Palu skip the explicit reconstruction of the full value vectors, reduce the number of
matrix multiplications, and improve efficiency. A similar approach applies for calculating attention
scores. Matrix BY can be fused into the query projection matrix W offline, as shown by

g} = ai(HB)" = x,W{(B)"(H))" =x, WI(B))" (H))": (7)

Here, B¥ € R™ and WY € R?*?n_ 5o the fused matrix (WY (B¥)T) has size R?". This fusion
boosts computational efficiency by reducing the matrix dimension during attention score calculation.

3.1.2 COMPABILITY WITH POSITIONAL EMBEDDING

Recent LLMs, such as the Llama family, apply Rotary Positional Embedding (i.e., RoPE (Su et al.,
2021))) onto the Query and Key states prior to their multiplication.

The non-linear nature of these positional embeddings prevents the matrix fusion of attention scores,
as outlined in Eq. To address this, Palu dynamically reconstructs the keys from latent repre-
sentations on the fly. Specifically, Palu employs a custom GPU kernel that efficiently integrates
key reconstruction, RoPE application, and subsequent Query-Key multiplication into a single fused
operation. By transferring only the low-rank latent representations and performing reconstruction
directly within GPU shared memory. By doing so, Palu substantially reduces the off-chip mem-
ory footprint, optimizing the memory-bound LLM decoding Yuan et al.| (2024) process through a
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memory-computation trade-off. Detailed implementation speci cs of this kernel are provided in
AppendiX4.1.

Note that for some positional embedding methods, such as ALiBi (Press et al., 2022), positional
embedding is not directly applied to the Key states. Consequently, the fusion describedin Eq. 7

remains valid. For these non-RoPE attention modu®ak) achieves greater speedup compared to
RoPE-based attention, as their reconstruction can be avoided with matrix fusion.

3.2 DECOMPOSITIONGRANULARITY
3.2.1 MuLTI-HEAD Low-RANK DECOMPOSITION

We name the per-head decomposition scheme in[Sec] 3.miiltishead low-rank decomposition
(M-LRD). We found M-LRD often causes a hon-negligible accuracy degradation (discussed further
in Sec.[4.P), possibly because SVD fails to capture the common information shared across heads.
Therefore, alternative approaches are needed to preserve model accuracy.

3.2.2 DINT-HEAD LOW-RANK DECOMPOSITION

An alternative approach is to jointly decompose weight matrices for all heads. By considering the

low-rank decompositioMV joint A jointB joint, WhereA joine 2 RY "ot and B jgjne 2 Rt (dh Mn)
We call this schemgint-head low-rank decomposition (J-LRD)

J-LRD has the advantage of preserving the common principal components shared among different
heads. This occurs because SVD is particularly effective at capturing the dominant components
when applied to a larger, combined matrix, resulting in a more accurate approximation.

For J-LRD, the joint latent representation shared among all heads can be computéghiwyith
XA joint. During decoding, the original states for each head can be reconstructed via

Despite better-preserving model accuracy, J-LRD introdsiggs cant computational and memory
overheadduring decoding. Speci cally, the total number of oating point operations (FLOPS) to
reconstruct the Key or Value state of all heads now becgmes,oim dn n. Assuming the same
size as the total low-rank latent representatiores, { joint = i”:l ri), the total reconstruction cost
is n times higher than M-LRD, whose total FLOPsLis r; d, n. When considering the matrix
fusion in Sec. 3.1.1, the fused matrix of J-LRD has a sizg,pf d n, which is alsan times larger
than M-LRD, leading to substantial higher memory consumption.

Figure 3: Performing decomposition at different granularities. Jointly decomposing multiple heads
can achieve higher accuracy. Assuming the same total size of the latent represernitatidns;(=

2 Iy = rjint), the FLOPs for reconstruction overhead in joint-head decomposition schemes are 4
times larger than those in multi-head ones.
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