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ABSTRACT
Large language model serving is increasingly limited by KV-cache
growth under long-context workloads, yet existing KV-cache com-
pression techniques are difficult to compare because they were eval-
uated on different models, tasks, budgets, and serving stacks. This
paper presents a workload-aware benchmark of representative KV-
cache optimization mechanisms spanning quantization, pruning,
andmerging, including KIVI, TurboQuant, SnapKV, and CaM, evalu-
ated on LongBench-style multi-document QA, single-document QA,
few-shot learning, and summarization workloads using Llama-3.1-
8B-Instruct and Mistral-7B-Instruct-v0.3. The benchmark measures
task quality, mean output throughput, mean time-to-first-token,
and realized compression ratio across context-length buckets. The
results show that the compression ratio alone is a poor predic-
tor of end-to-end performance. KIVI4 provides the most stable
quality across models, SnapKV delivers the strongest long-context
throughput, and CaM yields large gains on selected QA workloads
but exhibits substantial workload sensitivity in both quality and re-
alized compression ratio. These findings motivate workload-aware
selection of KV-cache mechanisms rather than one-size-fits-all com-
pression and provide deployment guidance for long-context serving
systems.
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1 INTRODUCTION
The adoption of large language models (LLMs) has grown rapidly
across a wide range of data-intensive applications, including docu-
ment summarization, multi-turn dialogue, and code analysis [3, 13].
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As these applications increasingly rely on long-context inputs, effi-
cient LLM serving has emerged as a critical systems challenge. In
particular, the Key–Value (KV) cache used in LLMs grows linearly
with input length, leading to substantial memory and bandwidth
overhead during inference [31]. This has motivated a surge of recent
work on KV cache optimization techniques, such as quantization,
pruning, and merging, to enable scalable long-context serving.

The data management community has recently begun to address
these challenges by rethinking LLM serving stacks and system-level
optimizations. Previous works have explored enhancing LLM serv-
ing by improving efficiency in inference pipelines, memory-aware
scheduling, and hardware-conscious optimizations [25, 28, 35, 44].
A growing research area addresses KV cache compression tech-
niques to reduce memory footprint and improve decoding efficiency
[40]. However, the proposed methods have only been evaluated
in isolation or compared with few other techniques. The corre-
sponding publications make a direct comparison difficult, as they
use different models, datasets, compression budgets, and system
configurations. Thus, it remains unclear how these methods com-
pare among themselves, and which methods are most suitable for
different workloads.

This lack of a unified and workload-aware evaluation is a key
gap in the literature. In particular, existing studies often focus on ei-
ther model quality or system efficiency in isolation, without jointly
analyzing their trade-offs [31, 45]. Furthermore, there is limited un-
derstanding of how KV cache optimizations affect system metrics
such as memory and bandwidth across various task types, input
lengths, and model architectures. This slows the development of
robust KV cache compression techniques and system-level opti-
mization strategies.

In this paper, we present a comprehensive benchmark for KV
cache optimization methods that jointly evaluates task quality
and system performance under long-context workloads. We fo-
cus on representative inference-time techniques spanning three
major paradigms: quantization, pruning, and merging. We employ
widely used instruction-tuned models, Llama-3.1-8B-Instruct [17]
and Mistral-7B-Instruct-v0.3 [21], and cover both task-level accu-
racy and system-level efficiency. Our benchmark is built on the
LongBench suite [2], from which we select six datasets to evalu-
ate task quality across four categories: multi-document QA, single-
document QA, few-shot learning, and summarization. To assess sys-
tem performance, we use three representative long-context datasets:
NarrativeQA, GovReport, and Qasper. We measure key metrics, in-
cluding time-to-first-token (TTFT), output throughput, and prefill
KV cache memory footprint. This dual evaluation of quality and
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system performance enables us to capture the trade-offs between
accuracy preservation and inference efficiency across different KV
cache compression strategies.

Our main contributions are as follows:
• We present a workload-aware benchmark that systemati-

cally evaluates KV cache compression methods across both
task quality and system performance dimensions. This pro-
vides a holistic perspective on the methods and their asso-
ciated trade-offs.

• We conduct a unified evaluation of representative methods
from quantization (KIVI, TurboQuant), pruning and evic-
tion (SnapKV) and merging (CaM) with consistent models,
datasets, and experimental settings. This provides a fair
comparison under realistic conditions.

• We study the tradeoffs between accuracy, throughput, la-
tency, and memory footprint, and demonstrate that the
compression ratio alone is not enough to evaluate the end-
to-end performance of a KV compression approach. This
insight has an immediate practical use and also guides fu-
ture research on new KV cache optimizations.

The paper is organized as follows. Section 2 introduces the nec-
essary background of LLM serving and KV cache optimizations,
including a detailed introduction of the techniques we use in our
benchmark. In Section 3, we provide a detailed account of the ex-
perimental setup, including workloads, setup and metrics. Based
on that, we discuss the results in Section 4. From the results, we
derive practical insights and lessons learned in Section 5. Finally,
we discuss related work in Section 6 before concluding the paper
in Section 7.

2 BACKGROUND
2.1 LLM Inference Serving
Large language model (LLM) inference serving refers to the system-
level process of executing queries on pretrained models to generate
outputs in real time. Fig. 1 depicts a typical serving pipeline, where
an input prompt is first tokenized, i.e., converted from raw text
into a sequence of discrete token IDs that can be processed by the
model. The tokenized input is then processed during the prefill
phase. In this phase, the entire input prompt is encoded, and the
intermediate keys and values (KV) are computed and stored. This
is followed by the decoding phase, where tokens are generated
autoregressively, one step at a time [40]. Each generated token
is subsequently detokenized, i.e., mapped back from token IDs to
human-readable text, enabling streaming output to the user.

Prefill Phase. Let 𝑋 ∈ R𝑏×𝑙prompt×𝑑 denote the input tensor,
where 𝑏 is the batch size, 𝑙prompt is the prompt length, and 𝑑 is the
model hidden size. For simplicity, we omit the layer index. The key
and value tensors are computed as

𝑋𝐾 = 𝑋𝑊𝐾 , 𝑋𝑉 = 𝑋𝑊𝑉

where𝑊𝐾 ,𝑊𝑉 ∈ R𝑑×𝑑 are the projection matrices for keys and
values, respectively. Once computed, 𝑋𝐾 and 𝑋𝑉 are stored in the
KV cache to facilitate efficient decoding [33].

Decoding Phase. Let 𝑡 ∈ R𝑏×1×𝑑 denote the current input token
embedding. The corresponding key and value outputs are computed

as 𝑡𝐾 = 𝑡𝑊𝐾 and 𝑡𝑉 = 𝑡𝑊𝑉 , respectively. First, the KV cache is
updated by appending the new entries:

𝑋𝐾 ← Concat(𝑋𝐾 , 𝑡𝐾 ), 𝑋𝑉 ← Concat(𝑋𝑉 , 𝑡𝑉 ) .
Next, the attention output is computed as:

𝑡𝑄 = 𝑡𝑊𝑄 ,

𝐴 = Softmax(𝑡𝑄𝑋⊤𝐾 ),
𝑡𝑂 = 𝐴𝑋𝑉 ,

where𝑊𝑄 denotes the query projection matrix. For simplicity, we
omit the attention output projection layer and other components
of the full inference pipeline [33].

To avoid recomputing attention over all previous tokens at each
decoding step, modern LLM systems maintain a KV cache. For a
sequence of length 𝑁 , each Transformer layer stores key and value
tensors corresponding to all past tokens. During decoding, the query
vector of the current token attends to the cached keys and values,
reducing the computational complexity from 𝑂 (𝑁 2) to 𝑂 (𝑁 ) per
step [32]. This reuse of previously computed representations is
critical for achieving low-latency inference.

However, the KV cache can introduce a major system bottleneck.
Its memory footprint grows linearly with both sequence length
and the number of layers, often dominating GPU memory usage
in long-context scenarios [28]. For large models and long inputs,
KV cache storage and access become the primary limiting factors
for throughput and scalability. This has motivated many works on
KV cache optimization techniques, including quantization, pruning,
and merging, which aim to reduce memory usage while preserving
model accuracy.

2.2 Taxonomy of KV Cache Optimizations
To compress the KV cache size, there have been proposed four
principal methods.

Quantization. The first principal method maintain all entries in
the KV cache, but reduce the bit-length (precision) of the encoding
of the stored keys and values. A common theme that runs among
many KV quantization algorithm is mixed precision, where impor-
tant tokens are kept at higher precision while heavily quantizing
others. For example, ZipCache [17] and QAQ [7] use attention-
derived properties to identify important tokens and store them at
higher precision. In ZipCache, a channel-wise token quantization is
proposed to reduce parameter overhead, and a normalized attention
score guides which tokens to preserve. Similarly, KIVI [17] finds
that keys have a few large-magnitude channels while values do not.
It thus applies per-channel quantization for keys and per-token
quantization for values, enabling 2-bit KV storage with almost no
accuracy loss. KVQuant [18] also exploits KV structure. It quantizes
keys before rotary embeddings and isolates outliers per vector by
keeping them in higher precision.

Another class uses vector transforms or codebooks to ease quan-
tization. For example, CommVQ [27] and PQCache [7] apply vector
quantization. They split each KV vector into subvectors or addi-
tive code components and store compact indices instead of full
float values. CommVQ [27] even designs its codebooks to commute
with rotary embeddings, enabling as low as 1-bit precision with
minimal loss. PolarQuant [41] and TurboQuant [46] apply random
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Figure 1: Prefill and decode during LLM inference. Token T0 is detokenized right after the prefill stage. After each token is
generated in the decode step, the KV cache is updated. Detokenization happens after each decode step. Each token (T0, T1, T2,
T3,....,Tn) is detokenized and output sequentially.

rotations or coordinate changes: PolarQuant [41] transforms KV
vectors to polar coordinates after a random rotation, yielding tightly
distributed angles that can be quantized without extra scaling pa-
rameters. TurboQuant [46] shows that a random rotation makes
each coordinate follow a concentrated Beta distribution, so simple
optimal scalar quantizers can nearly achieve the theoretical best
distortion.

Quantization approaches trade memory for extra computation
or design complexity. Mixed-precision schemes require computing
token importance using attention scores or norms, and per-channel
methods need special grouping of data. Transform-based methods
incur the cost of rotating or projecting vectors at decode time, and
product quantization uses a cookbook for encoding/decoding. How-
ever, the extra computational cost provides orders-of-magnitude
memory savings with only small drops in accuracy. Aggressive
quantization increases compression but risks output quality. Meth-
ods that preserve outliers or adapt precision mitigate this at the
cost of extra overhead [18, 46].

Pruning. The second principal method approaches the problem
by compressing the KV cache along the token or structural dimen-
sion, either by discarding less important tokens or by sparsifying
their representations. The core idea is to rank tokens by some impor-
tance signal and keep only a subset. Similar to quantization, many
pruning methods use attention-derived scores to decide which to-
kens to retain. For example, SAGE-KV [39] computes attention after
prefill and retains only the top-k tokens for inference. This exploits
the “attention sparsity” observation, usually only a few tokens have
high influence. Similar approaches such as H2O [49] and SnapKV
[29], aggregate past attention to pick important tokens. Another
simple yet effective approach is recency. Sliding-window schemes
such as StreamingLLM [42] keep only the most recent tokens plus
a few early attention sinks to stabilize performance. These methods
incur minimal overhead as no scoring of tokens is required, but can
mistakenly drop older relevant context. Other signals such as L2
norm has been explored to guide eviction decisions [11].

Beyond token level pruning, structured pruning removes fixed
groups of tokens at once. For example, PagedEviction operates
on block “pages” of the KV cache [8]. It evicts full blocks aligned
to the memory layout, resulting in less fragmentation and over-
head, but coarser granularity. The trade-off here is that aggressive
pruning saves memory, but has the risk of losing useful context.
Attention-based pruning is precise but adds computation; static poli-
cies are simpler but less adaptable. Empirically, hybrid-strategies

oftenworks best. In all cases, themain cost is potential accuracy loss.
Evicted tokens cannot be recovered, so if importance is misjudged,
model outputs degrade.

Merging. The third principal method aim to compress the KV
cache by combining redundant or highly similar tokens into shared
representations, rather than discarding them outright. The core idea
is to cluster redundant tokens and represent them with a shared
state. For example, Adaptive KV [15] clusters KV tokens by simi-
larity and merges each cluster into one representative. Bolya et al.
[5] merges based on feature similarity on-the-fly during inference.
Other work performs multi-level merging of tokens in a hierarchi-
cal manner, progressively compressing context while preserving
high-level semantic structure [37].

Merging incurs extra computation cost for calculating pairwise
similarity or clustering similar tokens but can retain much of the
original information compared to pruning. It avoids outright dele-
tion of content by combining tokens that have less importance with
the retained tokens, preserving their relevance in a compressed
form [15]. Few methods proposed by [34] and [24] progressively
push past tokens into a fixed-size recurrent memory via a small
updater network, so the KV cache acts like an RNN summary. This
makes the KV cache quite complex and the merged states may lead
to loss of fine grained details among the tokens. However, compared
to pruning, merging yield smoother accuracy, since information is
not fully lost.

Cross-Layer/Head Sharing and Low-Rank Methods. Quantization,
pruning, and merging work within the token dimension of the
KV cache. Another orthogonal approach compresses the KV cache
across layers or attention heads, i.e., along the model’s feature di-
mensions. They typically require model-level changes or retraining.
A common theme is sharing KV projections. For example, Multi-
Query Attention (MQA) [36] uses one shared key/value projection
per layer instead of per head, whereas Grouped-Query Attention
(GQA) [1] uses a few projections shared among groups of heads.
MLKV [50] extends this idea to multiple layers by sharing the same
KV projections across layers, achieving up to 6× more compres-
sion beyond MQA. Similarly, YOCO [38] introduces a two-stage
transformer, which is a combination of a self-decoder and a cross-
decoder, so that KV is computed globally once and reused by all
layers. Other schemes such as [30] and KVSharer [43] selectively
merge KV states across layers based on similarity. These methods
drastically cut KV size and bandwidth by design, often with some
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pre-training or architecture redesign. The downside is complexity.
They require changes to the model architecture or training.

Another direction targets the feature dimension using low-rank
approximations. Methods such as Palu [6] factorize attention into
low-rank components and cache compressed representations, re-
constructing full KV states on demand. LoRC [47] applies layer-wise
low-rank projections to compress KV weights without retraining.
By exploiting redundancy in hidden dimensions, these methods
shrink KV storage, though they introduce approximation error and
some extra compute for compression and reconstruction.

Overall, these methods structurally reduce KV size and are com-
plementary to token-level techniques such as pruning or quantiza-
tion. Their main drawback is integration complexity and potential
accuracy loss, while their key advantage is a consistent reduction
in memory usage and bandwidth, independent of input length.

2.3 Benchmarked Techniques
Selection rationale for this study: In our benchmarking study,
we focus on drop-in replaceable KV cache compression techniques
that do not require deep changes to the model architecture or even
retraining. From the practical perspective of data management tech-
niques, it is desirable that a data system architect or administrator
can easily integrate the techniques into existing infrastructure. Fol-
lowing this rationale, we selected representative techniques from
the three categories of quantization (KIVI, Turboquant), pruning
(SnapKV), and merging (CaM). We discuss the details of these tech-
niques in the following.

KIVI. The mathematical core of KIVI [33] is built upon the obser-
vation that the key cache (𝐾 ) and value cache (𝑉 ) exhibit different
outlier structures. In the key cache, outliers are concentrated in spe-
cific channels, meaning certain dimensions across all tokens have
much higher magnitudes. Conversely, the value cache contains
outliers that are token-specific, where certain entire tokens have
higher magnitudes across all channels. KIVI uses an asymmetric
quantization scheme to map these high-precision floating-point
values into a discrete 𝐵-bit integer space.

For any given tensor 𝑋 , the quantization process is defined by
finding a scaling factor 𝑠𝑋 and a zero-point 𝑧𝑋 . The quantization
function 𝑄 (𝑋 ) maps the input to the nearest integer in the range
[0, 2𝐵 − 1] using the following formulas:

𝑧𝑋 = min(𝑋 ),

𝑠𝑋 =
max(𝑋 ) −min(𝑋 )

2𝐵 − 1
,

𝑄 (𝑋 ) =
⌊
𝑋 − 𝑧𝑋
𝑠𝑋

⌉
KIVI adopts different quantization axes for keys and values to

align with their distinct outlier patterns. It applies per-channel
quantization to keys (column-wise) so that large values concen-
trated in certain dimensions do not distort the scaling for the entire
tensor. For values, it applies per-token quantization (row-wise) so
that tokens with unusually large magnitudes are handled locally,
preventing them from degrading the precision of other tokens.

During the inference phase, the B-bit quantization integers must
be converted back to the original precision for the model to perform
the attention operation. This process can be expressed as

𝑋 ′ = 𝑄 (𝑋 ) · 𝑠𝑋 + 𝑧𝑋
where ⌊·⌉ denotes the rounding operator to the nearest integer.
To further stabilize performance, KIVI employs a streaming strat-

egy involving a residual cache. New tokens are kept in full precision
because recent tokens often contribute most significantly to the at-
tention output, and their distributions have not yet stabilized. Once
the residual cache reaches a pre-defined threshold, the oldest to-
kens in the residual are quantized using the per-channel/per-token
logic and appended to the compressed 2-bit KV cache. This hybrid
precision approach ensures that the “local” context remains highly
accurate while the “distant” context is efficiently compressed.

TurboQuant. TurboQuant [46] approaches transforms KV cache
vectors into a distribution that is amendable to efficient quanti-
zation while preserving attention-relevant inner products. Given
an input vector 𝑥 ∈ R𝑑 , TurboQuant first applies a randomized
orthogonal transformation using a matrix 𝑄 ∈ R𝑑×𝑑 , producing
𝑦 = 𝑄𝑥 . This transformation preserves the Euclidean norm while
redistributing the vector’s energy uniformly across dimensions. In
high-dimensional settings, the coordinates 𝑦𝑖 approximate a Gauss-
ian distribution, which enables the use of simple, data-independent
scalar quantizers.

For a given vector𝑦, TurboQuant performs coordinate-wise 𝑏-bit
quantization. Let 𝑄𝑠 (·) denote the scalar quantizer; the quantized
vector is defined as

𝑦 = [𝑄𝑠 (𝑦1), 𝑄𝑠 (𝑦2), . . . , 𝑄𝑠 (𝑦𝑑 )]⊤,
with total distortion

MSE(𝑦,𝑦) =
𝑑∑︁
𝑖=1

E[(𝑦𝑖 − 𝑦𝑖 )2] .

By leveraging the Gaussian-like distribution induced by the rotation,
this approach achieves near-optimal rate–distortion performance
using simple scalar quantization.

To mitigate the contraction bias introduced by MSE-optimal
quantization, TurboQuant incorporates a residual correction mech-
anism. After quantization, the residual vector 𝑟 = 𝑦 −𝑦 is computed
and encoded using a 1-bit Quantized Johnson–Lindenstrauss (QJL)
transform, storing only the sign information:

𝑠 = sign(𝑟 ) .
During inference, the quantized vector 𝑦 and residual signs 𝑠 are
combined to produce an unbiased estimate of inner products, en-
suring that attention scores remain accurate despite aggressive
compression.

This design enables TurboQuant to compress KV cache vectors
to very low bit rates while maintaining high fidelity in both recon-
struction error and attention computation.

SnapKV. SnapKV [29] leverages the intrinsic sparsity and consis-
tency of attention patterns in LLMs to compress the KV cache. The
method identifies salient historical tokens by observing the atten-
tion distribution at the end of a prompt and evicting non-essential
entries to maintain a constant-sized cache. This process is governed
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by a heuristic selection mechanism that utilizes pooled attention
scores to determine which KV pairs are critical for future token
generation.

For a prompt of length 𝑁 , SnapKV computes attention weights
using an observation window of queries 𝑄obs attending over prefix
keys 𝐾prefix:

𝐴 = Softmax
(
𝑄obs𝐾

⊤
prefix√
𝑑

)
.

To estimate token importance, the attention weights are aggre-
gated across the observation window and smoothed using a 1D
average pooling operation:

𝑆 = AvgPool(𝐴, kernel = 𝑠) .

The most salient tokens are then selected via a Top-𝑘 operation
under a fixed cache budget 𝐶:

𝐼 = Top-𝑘 (𝑆, 𝑘 = 𝐶 − 𝐿recent) .

The final compressed KV cache consists of the union of selected
salient tokens and a recent token window:

𝐾𝑉compressed = {𝐾𝑉𝑖 | 𝑖 ∈ 𝐼 } ∪ {𝐾𝑉𝑗 | 𝑗 > 𝑁 − 𝐿recent}.

By keeping both 𝐶 and 𝐿recent fixed, SnapKV preserves long-
range dependencies through salient token retention while main-
taining local coherence via recent tokens, enabling efficient long-
context inference without retraining.

CaM. CacheMerging (CaM) departs from conventional KV cache
pruning methods by avoiding hard eviction and instead redistribut-
ing the contribution of removed tokens into retained ones. The key
idea is to preserve the attention output by merging values of evicted
tokens into nearby tokens, thereby reducing the bias introduced by
removing low-probability but non-negligible contributions.

In a standard attention layer, the output for a query is given by

𝑂 =

𝑛∑︁
𝑖=1

𝛼𝑖𝑉𝑖 ,

where 𝛼𝑖 are attention weights and 𝑉𝑖 are value vectors. When a
token 𝑘 is removed, CaM merges its contribution into a retained
token 𝑗 by updating

𝑉 ′𝑗 = 𝑉𝑗 +
𝛼𝑘

𝛼 𝑗
𝑉𝑘 ,

which preserves the attention output since

𝛼 𝑗𝑉
′
𝑗 = 𝛼 𝑗𝑉𝑗 + 𝛼𝑘𝑉𝑘 .

This formulation shows that, given exact attention ratios, merging
can be lossless.

Since future attention weights are unknown during inference,
CaM approximates this process using even merging, where an
evicted token 𝑉𝑖 is distributed across a local window of𝑚 retained
tokens:

𝑉 ′𝑗 = 𝑉𝑗 +
1
𝑚
𝑉𝑖 .

This approximation assumes locally similar attention magnitudes
and reduces variance compared to single-point merging.

To further improve robustness, CaM employs an adaptive merg-
ing strategy based on cumulative attention scores𝐴𝑖 , which provide

Dataset Min-Max Tokens Workload
HotpotQA 2K-8K Multi-Doc QA
2WikiMQA 2K-8K Multi-Doc QA
Qasper 1K-20K Single-Doc QA
MultiFieldQA_en 1K-16K Single-Doc QA
TriviaQA 2K-8K Few-shot Learning
Multi-news 4K-32K Summarization
NarrativeQA 8K-64K Single-Doc QA
GovReport 2K-64K Summarization
Table 1: Datasets, token ranges, and workload types.

a stable estimate of token importance. The decision tomerge a token
is modeled as

𝑀𝑖 ∼ Bernoulli
(
clamp

(
𝐴𝑖

1
𝑚

∑
𝑗∈window𝐴 𝑗

, 0, 1
))
.

Tokens are merged when their relative importance is sufficiently
high; otherwise, they are evicted.

Overall, CaM compresses the KV cache by converting discrete
token removal into a continuous redistribution of value representa-
tions. This design preserves attention outputs more faithfully than
standard pruning while maintaining a bounded memory footprint.

3 EXPERIMENTAL SETUP
Workloads. We evaluate KV cache compression methods using

the LongBench benchmark [2], which consists ofmany long-context
tasks. Table 1 shows the datasets we use along with the minimum
and maximum context length test examples it consist of and the
workload type. We consider four varying categories: (1) multi-
document QA, which needs to extract and combine information
from several documents to obtain the answer, (2) single-document
QA, which tests the long context understanding ability with longer
documents, (3) few-shot learning, which is a practical setting requir-
ing long-context understanding over provided examples, and (4)
summarization, which requires a global understanding of the whole
context in this work [45]. For task quality evaluation, we use six rep-
resentative datasets: HotpotQA and 2WikiMQA for multi-document
QA, Qasper and MultiFieldQA_en for single-document QA, Triv-
iaQA for few-shot learning, and MultiNews for summarization.
These datasets span a wide range of context lengths, reasoning com-
plexity, and dependency patterns, from multi-hop retrieval across
documents to long-form generation tasks. For system efficiency
evaluation, we focus on NarrativeQA, Qasper, and GovReport, as
they contain substantially longer contexts, making them better
suited to capturing realistic KV cache behavior and more repre-
sentative system-level performance under long-context workloads.
This enables us to systematically study the impact of KV cache
compression on task quality and system efficiency for various long
context tasks.

Compared Methods. We select a small but representative set of
KV cache compressionmethods to capture the core design trade-offs
relevant for long-context serving systems. Rather than exhaustively
evaluating all prior work, we focus on widely adopted, training-free
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methods that can be directly applied at inference time and reflect
distinct system-level behaviors.

For quantization, we evaluate KIVI [33] and TurboQuant [46],
which represent two complementary techniques. KIVI is a data-
dependent approach that explicitly models the outlier structure in
keys and values via asymmetric quantization, achieving consistent
accuracy despite aggressive compression. On the other hand, Tur-
boQuant is a data-oblivious, rotation-based approach with strong
theoretical guarantees, allowing efficient low-bit compression that
behaves distinctly under varying workloads. For pruning and evic-
tion, we include SnapKV [29], a state-of-the-art training-free ap-
proach that leverages consistent attention patterns to retain salient
tokens under a fixed cache budget. This makes it representative of
practical token-level sparsification strategies used in long-context
inference. For merging-based compression, we evaluate CaM [48],
which departs from hard eviction by redistributing evicted token
contributions to preserve attention outputs. This provides a funda-
mentally different trade-off, prioritizing output integrity over strict
sparsity.

These KV cache compression methods can be easily deployed in
real systems. It enables us to systematically analyze how different
KV cache optimization strategies impact both task quality and end-
to-end system performance under diverse workloads.

LLMs. We conduct experiments on two widely used instruction-
tuned models: Llama-3.1-8B-Instruct [16] and Mistral-7B-Instruct-
v0.3 [21]. Both models use Grouped-Query Attention (GQA). The
differentiator is that Mistral-7B specifically utilizes Sliding Window
Attention (SWA) and a rolling buffer cache for extreme efficiency,
whereas Llama-3.1-8B focuses on maximizing reasoning perfor-
mance, utilizing a much larger 128k context window compared to
32k in Mistral-7B.

These architectural differences lead to different attention behav-
iors and KV cache usage patterns, providing a diversity ofmodels for
evaluating compression strategies. Using both models allows us to
determine whether the observed performance trends are consistent
across LLM families or sensitive to model-specific characteristics.

Setup. All methods were evaluated using the same models and
datasets. Models were loaded in FP16 with FlashAttention2 [9]
enabled, and prompts were formatted using the corresponding chat
template for each instruction-tuned model. We used the LongBench
prompt templates and dataset-specific generation budgets [2].

For KIVI [33], we use the official KIVI-style asymmetric KV-
cache quantization implementation integrated into the Llama and
Mistral attention modules. We evaluate both 2-bit and 4-bit KV-
cache variants. In both cases, keys and values are quantized to the
same bit width, with group size for group-wise quantization and
residual length for preserving the latest tokens in full precision as
32. The KIVI’s FP16 model where both keys and values are stored
in full precision without any quantization is used as the full-cache
baseline.

For TurboQuant [46], we used the Transformers 4.45-compatible
TurboQuant cache implementation by Omar Hory [19]. We evalu-
ated 3-bit and 4-bit KV-cache quantization. The 3-bit configuration
used outlier-aware quantization: for a head dimension of 128, 32
outlier channels were stored at 4 bits, giving an effective preci-
sion of 3.25 bits per value. The 4-bit setting used uniform 4-bit

quantization without outlier channels. The reported runs used the
unpacked cache representation, so the reported memory usage may
be slightly higher than with additional bit-packing optimizations.

For SnapKV, we used the SnapKVPress implementation from
KVPress [10]. The cache was compressed just after prefill using
SnapKV’s attention-based token selection [29]. We set the com-
pression ratio to 0.75. In SnapKV, window size denotes the num-
ber of most recent query tokens used to estimate the importance
of earlier KV entries, while kernel size denotes the width of the
average-pooling filter used to smooth the resulting attention-based
importance scores. We set the window size to 32 and the kernel
size to 7.

For CaM [48], we evaluated the CAMPress wrapper with SnapKV
as the base compressor provided by KVPress [10]. We used CAM-
Press with a compression interval of 32, which means that CaM
applies one merge-and-prune compression pass after every 32 de-
coding steps. After each compression pass, the KV cache is reduced
to a pre-defined number of retained tokens per layer, known as the
target cache size. We set it to 1024. The hidden-state buffer size is
set to 64, which provides longer recent decoding context available
for scoring and compressing. A merge budget of 32 helps redis-
tribute the token value across up to 32 subsequent tokens instead
of being simply dropped. The underlying SnapKV base press uses a
window size of 16 and a kernel size of 7. We use a smaller SnapKV
window inside CaM because CaM performs periodic decoding-time
compression using recent buffered hidden states and cumulative
attention, so a shorter observation window emphasizes the most re-
cent local decoding context and keeps the base scorer aligned with
interval-based compression. Thus, CaM performs periodic cache
merging during generation rather than only applying a one-shot
prefill compression.

We conduct our experiments on a NVIDIA A100 GPU with 40GB
of memory. As a result, we limit our evaluation to models in the
7-8B parameter range, which represents a practical balance be-
tween model capability and feasible long-context inference under
KV cache compression. The main trends we observe are expected to
generalize to larger models and distributed settings. KV cache size
and memory bandwidth costs grow with model size and context
length, so KV compression carries the same importance for larger
models [33]. The workload-dependent patterns we observe are
driven by task structure and are expected to persist. However, exact
memory usage, throughput, and latencywill depend on system-level
optimizations, so quantitative gains may differ in larger deploy-
ments.

Metrics. We evaluate KV cache compression methods along two
dimensions: task quality and system efficiency.

We report both per-task performance and category-level aver-
ages to capture method behavior across heterogeneous workloads.
In doing so, we rely on accuracy metrics provided by LongBench
for each dataset [2]. For the question answering tasks HotpotQA,
2WikiMQA, Qasper, and MultiFieldQA_en, we use the F1 score,
which measures the overlap between predicted and ground-truth
answers. For TriviaQA, we use the exact match (EM), which checks
whether the model’s predicted answer matches the ground-truth
answer exactly, after applying basic normalization. For summariza-
tion datasets such as MultiNews, we report ROUGE scores, which
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Multi-Doc QA Single-Doc QA Few-Shot Learning Summarization
Models HotpotQA 2WikiMQA Qasper MultifieldQA_en Trivia_QA Multi-news

Ll
am

a-
3.1

-8
b-
In
st
ru
ct

All KV 55.72 44.27 45.76 53.92 91.65 27.15
KIVI2 54.42 42.94 44.07 54.98 92.56 26.99
KIVI4 55.99 46.63 45.42 54.74 91.66 26.95

TurboQuant3 53.19 41.57 46.60 51.46 84.84 16.39*
TurboQuant4 56.10 45.07 46.03 53.31 90.13 16.16*
SnapKV-0.75 59.2 49.41 46.37 56.06 92.04 23.04

CaM 59.8 51.33 47.32 56.42 91.71 17.56

M
ist
ra
l-7

b-
In
st
ru
ct
-v
0.3

All KV 51.54 36.16 38.27 50.10 88.59 26.42
KIVI2 48.46 38.34 39.89 54.12 87.82 27.04
KIVI4 48.98 39.11 41.10 53.56 88.54 27.68

Turboquant3 49.45 34.31 37.16 50.21 88.05 15.86*
Turboquant4 49.43 33.94 40.39 50.65 88.09 16.01*
SnapKV-0.75 48.43 38.46 36.44 51.23 86.31 24.25

CaM 48.57 37.59 40.55 52.4 85.37 16.74

Table 2: Accuracy results on LongBench tasks for Llama-3.1-8B-Instruct and Mistral-7B-Instruct-v0.3 under different KV
compression methods. Bold and italic values denote the best and second-best performance per column, highlighting the
trade-offs between compression efficiency and task-specific accuracy. Note: *Summarization task using TurboQuant was only
ran once as the run takes 3-4 days to complete.

evaluate the quality of generated summaries based on n-gram over-
lap with reference summaries. These metrics reflect the model’s
ability to preserve semantic correctness and coherence under KV
cache compression. We report both per-dataset performance and
category-level averages.

We focus our system-level evaluation on three representative
datasets: NarrativeQA, GovReport, and Qasper, as they have longer
context lengths. We measure efficiency metrics such as time-to-
first-token (TTFT), output throughput, and prefill KV memory.

Time-to-First-Token measures the time elapsed from when a user
submits a prompt to when the model generates its very first output
token. It captures the total latency of the prefill stage, including KV
cache construction and initial model overhead. It is heavily influ-
enced by input prompt length, KV cache compression strategies,
and includes the computation time required to generate the very
first output token. Lower TTFT indicates faster perceived respon-
siveness in real-time applications such as chatbots, voice AI, and
interactive streaming because it reduces the initial wait time before
the user sees the first piece of output.

Output Throughput is measured as the average number of tokens
generated per second during inference. This metric reflects the
efficiency of the decoding stage and is directly impacted by the
KV cache compression used. Higher throughput indicates better
system performance.

Prefill KV memory measures how much VRAM is consumed to
hold the context during that initial KV processing stage, which is
a major factor in overall peak memory. This metric captures the
effectiveness of each compression method in reducing memory
usage. Lower KV cache memory enables longer context lengths and
improved scalability under given hardware constraints.

4 RESULTS
Our results are organized into two sections: Task Quality and System
Efficiency.

4.1 Task Quality
We first discuss general observations and trends across all tasks
before discussing the detailed results for each workload in separate
paragraphs. Table 2 shows all accuracy results.

General Observations. We observe clear differences between KV-
cache compression paradigms across all workloads and models.
Overall, moderate quantization methods, especially KIVI4, achieve
the most stable accuracy across workloads, while pruning using
SnapKV and merging using CaM often yield higher peak accuracy
across the QA workload, but the accuracy is variable across other
tasks. This can be attributed to the fact that, despite aggressive com-
pression, KIVI handles key/value outliers in an efficient manner.
Aggressive quantization, such as in TurboQuant, leads to a drop in
quality, especially for generation-heavy workloads such as summa-
rization. This indicates that, although rotation-based quantization
is theoretically efficient, it introduces reconstruction errors that
negatively affect tasks requiring global context understanding.

Multi-Document QA. For Multi-Document QA, CaM and SnapKV
achieve good performance across both models. On Llama-3.1-8B,
both CaM and SnapKV even outperform the All-KV baseline. This
can be explained by the nature of the Multi-Doc QA task, which
requires the retrieval and aggregation of sparse but highly relevant
information across documents. Pruning preserves important tokens
based on attention scores, ensuring that important cross-document
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Time to first token (in ms)
Context All KV KIVI2 KIVI4 TurboQuant3 TurboQuant4 SnapKV-0.75 CaM

Ll
am

a-
3.1

-8
b-
In
st
ru
ct

NarrativeQA 4-8K 724.89 782.14 777.80 882.29 812.66 763.85 744.18
8K+ 3873.34 4048.71 4039.81 4397.15 4273.93 3982.49 3922.54

GovReport
0-4K 287.42 334.59 332.31 - - 310.93 306.06
4-8K 552.74 605.68 603.34 - - 581.63 572.97
8K+ 1402.18 1485.98 1482.85 - - 1449.56 1430.83

Qasper
0-4K 289.62 333.31 330.20 405.08 324.25 310.62 306.25
4-8K 496.82 544.73 541.85 637.29 558.41 522.12 514.27
8K+ 1124.66 1194.20 1190.24 1351.43 1260.67 1163.29 1148.08

M
ist
ra
l-7

b-
In
st
ru
ct
-v
0.3

NarrativeQA 8K+ 4932.28 5013.10 5042.05 4757.37 4172.87 4957.70 4905.75

GovReport
0-4K 308.67 346.50 348.43 - - 317.84 314.13
4-8K 556.53 592.91 595.35 - - 563.84 555.55
8K+ 1504.87 1547.04 1556.57 - - 1508.24 1486.31

Qasper
0-4K 311.67 346.38 346.39 497.89 338.68 319.88 316.52
4-8K 532.64 567.66 568.23 778.63 582.58 541.21 534.14
8K+ 1138.46 1176.59 1182.53 1513.77 1249.65 1143.80 1133.55

Table 3: Time to first token of different KV caching methods across 3 datasets (NarrativeQA, GovReport, Qasper) and varying
context length ranges for Llama-3.1-8B-Instruct and Mistral-7B-Instruct-v0.3.
Note: We do not present results for Gov_Report using TurboQuant because it takes up to 3 days for one single run.

context is retained, andmerging redistributes information instead of
discarding it, which reduces information loss compared to pruning.
Heavy quantization with KIVI2 and TurboQuant3 shows slight
performance degradation. This is likely because precision loss in
attention scores affects multi-hop reasoning, where small numerical
differences can propagate across reasoning chains.

Single-Document QA. In Single-Document QA tasks, results are
more balanced, especially with the Llama model. Similar to Multi-
Document QA, CaM achieves the best performance across all the
compression methods with Llama, while KIVI4 performs consis-
tently well across both models.

The good performance of CaM indicates that merging benefits
tasks that require holistic document understanding, as it preserves
broader context. KIVI4 achieves the best Qasper accuracy score
and near-best MultifieldQA scores for Mistral-7b-Instruct-v0.3. The
relatively weaker performance of SnapKV on Mistral suggests that
aggressive token selection may remove context needed for detailed
comprehension, especially in long single documents.

Few-Shot Learning. In few-shot learning, quantization methods
perform surprisingly well, with KIVI2 achieving the highest score.
This suggests that few-shot learning tasks are less sensitive to fine-
grained KV precision, as they rely more on pattern recognition from
examples rather than on exact long-range dependencies. Few-shot
learning workload is robust to compression as long as recent tokens,
which here are few-shot examples, are preserved. KIVI explicitly
ensures this via its residual cache mechanism.

In contrast, aggressive TurboQuant compression using the Llama-
3.1-8b-Instruct model shows a noticeable degradation in quality
of almost 7%. This indicates that aggressive low-bit quantization

may still harm the pattern extraction required for few-shot learning
tasks.

SnapKV and CaM remain competitive but do not outperform
KIVI. This can likely be attributed to the fact that token selection
and eviction or merging provide less benefit when most few-shot
examples are already highly relevant.

Summarization. Summarization workload exhibits the largest
largest performance drop across compression methods, especially
for TurboQuant and CaM.

Quantization using KIVI remains closest to baseline All-KV qual-
ity performance, mainly because KIVI retains all tokens, only re-
ducing precision rather than changing the token structure. Tur-
boQuant underperforms in summarization because its uniform
quantization introduces small errors across all tokens, which ac-
cumulate and disrupt the global context coherence required for
high-quality summaries. SnapKV shows a moderate degradation in
quality of approximately 15% and 8% using Llama-3.1-8b-Instruct
and Mistral-7b-Instruct-v0.3 respectively. This reflects that pruning
might remove information that may still be important for coherent
summaries. Whereas merging, especially using CaM, introduces
approximation errors when combining tokens, which results in a
quality degradation of approximately 35-36% using both models.

Thus, summarization is most sensitive to structural modifica-
tions of the KV cache, confirming that compression methods that
preserve full context are preferable.

4.2 System Efficiency
Time to first token. Table 3 shows TTFT over different context

length buckets for all KV cache compression methods. In terms of
8



Compression Rate
Context Min_tokens Max_Tokens KIVI2 KIVI4 TurboQuant3 TurboQuant4 SnapKV-0.75 CaM

Ll
am

a-
3.1

-8
b-
In
st
ru
ct

NarrativeQA 4-8K 7964 7964 5.25 3.17 4.27 3.76 4.00 1.00
8K+ 8962 65271 5.32 3.19 4.27 3.76 4.00 1.00

GovReport
0-4K 2020 3919 5.16 3.15 - - 4.00 3.09
4-8K 4138 7979 5.24 3.17 - - 4.00 6.04
8K+ 8118 51393 5.29 3.18 - - 4.00 13.82

Qasper
0-4K 1847 3934 5.16 3.15 4.27 3.76 4.00 1.26
4-8K 4044 7874 5.23 3.17 4.27 3.76 4.00 1.17
8K+ 8027 21111 5.28 3.18 4.27 3.76 4.00 1.22

M
ist
ra
l-7

b-
In
st
ru
ct
-v
0.3

NarrativeQA 8K+ 9570 81496 5.31 3.19 5.02 4.43 4.00 1.00

GovReport
0-4K 2204 3988 5.16 3.15 - - 4.00 3.21
4-8K 4140 7989 5.32 3.17 - - 4.00 5.86
8K+ 8071 58334 5.30 3.18 - - 4.00 14.20

Qasper
0-4K 2091 3986 5.17 3.15 4.27 3.76 4.00 1.09
4-8K 4002 7841 5.24 3.17 4.27 3.76 4.00 1.07
8K+ 8024 24121 5.28 3.18 4.27 3.76 4.00 1.13

Table 4: Compression rates of different KV caching methods across 3 datasets (NarrativeQA, GovReport, Qasper) and varying
context length ranges for Llama-3.1-8B-Instruct andMistral-7B-Instruct-v0.3.We report compression ratios alongsideminimum
and maximum token lengths for each method, illustrating how compression efficiency varies with sequence length and task.
Note: We do not present results for Gov_Report using TurboQuant because it takes upto 3 days for one single run.

TTFT, we observe only moderate differences across KV compres-
sion techniques, which are largely consistent across both models, as
illustrated in Fig. 2. Overall, most methods remain close to the All-
KV baseline, confirming that KV cache optimizations have limited
impact on prefill latency. KIVI and SnapKV show slightly increased
TTFT compared to All-KV, reflecting the additional overhead intro-
duced by quantization and attention-based token selection during
the prefill phase. CaM performs similarly, with only minor devia-
tions, as its merging operations are applied periodically and do not
heavily impact the initial prefill stage.

In contrast, TurboQuant exhibits the highest TTFT overhead
among all methods, particularly for longer contexts such as Narra-
tiveQA and Qasper. This is expected, as TurboQuant applies compu-
tationally expensive transformations, including random rotations
and residual corrections, which increase the cost of KV cache con-
struction before the first token is generated. Additionally, we ob-
serve that TTFT increases with context length across all methods,
highlighting that prompt processing remains the dominant factor
in prefill latency.

Overall, these results indicate that KV cache compression tech-
niques introduce only limited additional latency for the first token,
with the exception of TurboQuant, whose more complex quantiza-
tion pipeline leads to noticeable overhead. This suggests that most
compression methods can be safely applied in latency-sensitive ap-
plications without significantly affecting perceived responsiveness,
aligning with the observation that TTFT is primarily dominated by
prompt encoding rather than KV cache operations.

Throughput. In terms of throughput, we see large differences
between the compression techniques that are consistent across
both models as can be seen in Fig. 3. SnapKV achieves the best
throughput, on par with All-KV on Llama and even surpassing All-
KV on Mistral. KIVI and CaM are in the middle, suffering of only
modest throughput degradation. The most overhead is introduced
in TurboQuant, leading to severe throughput drop.

These results are expected, as SnapKV comes with very low
overhead and effectively reduces the number of tokens in the KV
cache instead of just compressing their representation. CaM also
reduces the number of tokens, but induces higher overheads as it
redistributes the contributions of evicted tokens. The quantization
techniques KIVI and TurboQuant do not reduce the number of
tokens in the KV cache, but only compress them. Here, the com-
pression techniques in TurboQuant are more aggressive, leading to
higher overheads that have significant impact on throughput.

Compression rate on KV memory. Table 4 shows the compres-
sion rates of the various KV cache optimizations, broken down
across workloads and context-lengths within each workload. This
allows for a detailed look into the effectiveness of the techniques
in achieving their primary goal: reducing the size of the KV cache
in GPU memory. We make two major observations, one on sta-
bility of compression rates and one on the maximally achievable
compression.

Stability: KIVI and SnapKV achieve the most stable and pre-
dictable compression rates. There are no major fluctuations across
the different workloads and context lengths. TurboQuant is also
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Figure 2: Relative time for TTFT (normalized to All KV) of
KV compression methods across models and tasks.
Note: We do not present results for Gov_Report using Turbo-
Quant because it takes upto 3 days for one single run.

relatively stable, but shows an outlier with the NarrativeQA work-
load where the compression rate is slightly higher This can be
attributed to its rotation-based quantization scheme, which de-
pends on the statistical distribution of KV vectors; longer and more
diverse contexts, such as in NarrativeQA, tend to produce more
uniformly distributed representations, enabling slightly more ef-
fective compression [12]. For CaM, we see a completely different
picture: Compression lies between extreme compression of 14.2
times (GovReport on 8K+ context length) and no compression at
all (compression rate of 1.0 for NarrativeQA). This variability stems
from CaM’s adaptive, attention-driven merging strategy, which
dynamically decides whether tokens should be merged or retained
based on their estimated importance. In workloads like GovReport,
where redundancy is higher and many tokens can be safely merged,
CaM achieves very high compression. However, in tasks such as
NarrativeQA, where a larger portion of the context remains rele-
vant for downstream generation, fewer tokens qualify for merging,
resulting in minimal compression. From a data management per-
spective, such unpredcitability of compression effectiveness may
make it challenge to operate CaM in real-world deployments.

Figure 3: Average accuracy and throughput across different
KV compression methods

Effectiveness:Among the quantization-based compression tech-
niques, KIVI2 shows the highest effectiveness with an average
compression rate between 5.16 and 5.32. The compression rates of
TurboQuant3 and Turboquant4 are between those of KIVI2 and
KIVI4. SnapKV is also exactly in the middle between both KIVI
settings. This shows that, by using the quantization width as a pa-
rameter, it is possible to carefully tune the approaches to achieve a
desired compression rate. This is good news for practical data man-
agement, providing an effective tuning knob that can be adapted
to given hardware constraints and workload characteristics. If ex-
treme compression is needed under certain long-context workloads,
CaM can be a good choice, as it achieved the highest compression
rates under the long-context GovReports tasks (up to 14.2).

5 LESSONS LEARNED
We present lessons learned and relate them to conventional data
management wisdom, comparing our lessons to insights from re-
cent data management papers on related topics where appropriate.

KV cache compression can preserve high accuracy. All-KV
was not the consistent winner in terms of accuracy across the vari-
ous workloads in our benchmark. Instead, under most workloads,
one of the compression techniques achieved even better results.
This shows that it is not important to retain all information in the
KV cache, but to identify the task-relevant information. Summariz-
ing across all workloads, we show that the decision to use a KV
cache compression technique does not necessarily mean trading
accuracy for memory efficiency. This is different from conventional
data management wisdom about lossy compression, where informa-
tion loss is considered an undesirable but necessary cost to achieve
a high compression rate [4, 22].

Compression overhead can be amortized by reducing KV
cache size. In terms of throughput, we observe that some compres-
sion techniques indeed cause a certain throughput degradation, but
not all. By reducing the number of tokens in the KV cache, SnapKV
yielded even higher throughput than the All-KV baseline. Again,
this is different from conventional datamanagement wisdom, where
compression and decompression overheads are considered an addi-
tional cost that one has to pay to achieve a reduction in data size.
One could compare our results to Isenko et al. [20], who showed
that data compression in machine learning preprocessing pipelines
can in some cases be amortized by overcoming communication
bottlenecks.

Stable compression rates are preferable in real-world de-
ployments.While CaM achieves extremely high compression rates
on some long-context workloads, it fails to be effective on shorter
context workloads. This discrepancy has consequences for practi-
cability. It may be extremely hard to predict under which circum-
stances an LLM may be used, especially if it accepts prompts from
users. Indeed, it is one of the strengths of LLMs that they are general-
purpose across a variety of different tasks. In such settings, from
a data systems management perspective, having more predictable
performance is key. Hence, we recommend using quantization or
pruning methods except for scenarios with repeated and uniform
tasks, such as using LLM-based summarization for similar kinds of
documents.
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Latency in terms of time-to-first-token is merely affected
by KV cache optimizations. While there are overheads involved
in decompressing KV cache (especially under quantization), these
do not significantly affect the perceived latency for the user. This
is because KV-cache overheads are insignificant when compared to
decoding and detokenization phases of LLM inference. As a result,
KV cache optimizations can safely be applied in latency-sensitive
settings such as user-facing interactions.

KV cache optimization trends are similar across LLMmod-
els. We find that the relative performance of the various KV cache
compression methods is consistent for both Llama-3.1-8B-Instruct
and Mistral-7B-Instruct-v0.3. In particular, KIVI provides consis-
tent accuracy, SnapKV consistently improves throughput, and Tur-
boQuant incurs additional overheads across both models. While
absolute performance scores vary due to architectural differences
such as sliding-window attention in Mistral, the qualitative trends
are consistent. From a data management perspective, this implies
that system-level insights from KV cache optimization are trans-
ferrable across model families, enabling generalizable optimization
strategies without the need for model-specific tuning.

Accuracy stability is different in different workloads.We
observe that the impact of KV cache compression on accuracy
strongly depends on the task type. Tasks such as few-shot learning
are relatively robust to compression, as they rely primarily on re-
cent tokens and local patterns, whereas summarization is highly
sensitive to any form of KVmodification due to its reliance on global
context. Multi-document QA lies in between, benefiting from selec-
tive pruning or merging that preserves important information while
removing redundancy. From a data management perspective, this
implies that workload characteristics such as context redundancy,
dependency structure, and sensitivity to global information deter-
mine the effectiveness of compression. Consequently, KV cache
optimization should be treated as a workload-dependent decision
rather than a uniform system configuration.

Quantization provides robustness across unknown work-
loads, but not all methods behave equally. We observe that
KIVI is largely insensitive to workload type, maintaining stable
accuracy across QA, few-shot, and summarization tasks. This ro-
bustness is due to its asymmetric, data-aware design that takes into
account explicitly different outlier structures in keys and values and
preserves recent tokens in higher precision with a residual cache.
Thus, KIVI preserves both local and global context information
even under aggressive compression, making it a reliable default
choice when workload characteristics are unknown.

In contrast, TurboQuant is not as robust, despite also being a
quantization-based method. Its data-oblivious design relying on
random rotations and uniform scalar quantization, leads to small
but systematic reconstruction errors on all tokens. While these may
be acceptable for local or pattern-based tasks, they accumulate in
workloads requiring an understanding of global context, such as
summarization, resulting in significant quality degradation. More-
over, TurboQuant introduces higher computational overhead due
to its transformation and residual correction steps, which adversely
affect system performance. From a data management perspective,
this implies that not only the compression paradigm, but also the
underlying design principles (data-aware vs. data-oblivious) dictate
robustness and suitability for deployment.

6 RELATEDWORK
Recent work has increasingly framed KV cache optimization as a
system-level problem in LLM inference, closely aligned with data
management concerns such as memory efficiency, scheduling, and
resource utilization. Surveys such as Towards Efficient Large Lan-
guage Model Serving [23] emphasize that KV cache optimization
spans multiple system dimensions, including execution scheduling,
memory placement, and representation design, highlighting that KV
cache is a central bottleneck in modern LLM serving systems . Simi-
larly, Li et al. [26] categorize KV cache management techniques into
token-level, model-level, and system-level optimizations, reflecting
the need for holistic approaches that jointly consider computation
and memory trade-offs . Xu et al. [31] further show that no single
optimization strategy dominates across workloads, and that adap-
tive, workload-dependent KV cache management is essential for
scalable inference .

From a datamanagement perspective, priorwork onML pipelines
has demonstrated that performance bottlenecks are often driven by
memory movement and data representation rather than pure com-
putation, and that compression can improve system efficiency de-
spite introducing approximation errors [4, 20, 22]. However, these
studies typically assume a fixed trade-off between compression
and accuracy, and evaluate optimizations at isolated stages of the
pipeline. Earlier works such as CLA [14] considered lossless com-
pression only, which is hard to achieve in KV cache as there is little
redundancy in KV cache tensors that could be exploited.

In contrast, our work positions KV cache compression as a core
data management problem within LLM inference pipelines, and
provides a unified evaluation across accuracy, latency, throughput,
and memory under realistic long-context workloads. Unlike prior
survey and systems work, which primarily categorize techniques
or analyze them in isolation, we empirically show that the effective-
ness of KV cache optimization is highly workload-dependent and
that compression does not necessarily imply a loss in task quality.
This extends existing data management insights by demonstrat-
ing that workload-aware KV cache strategies can simultaneously
improve both system efficiency and model quality, challenging
traditional assumptions about lossy compression in data systems.

7 CONCLUSIONS
LLM serving pipelines receive growing attention in the data man-
agement community, as they involve difficult data management
and systems challenges. In this paper, we investigate an important
component of LLM serving: the KV cache which stores previously
computed attention keys and values so a transformer can reuse
them during autoregressive decoding, avoiding recomputation and
dramatically speeding up token generation. KV cache optimizations
like quantization, pruning, and merging reduce the memory foot-
print and bandwidth of stored attention keys and values with the
goal of enabling faster and more scalable decoding with minimal
impact on output quality.

Our benchmarking study reveals various trade-offs in using the
existing methods, and provides surprising but practical insights that
in parts defy common datamanagementwisdom about compression.
Counter-intuitive findings such as the fact that lossy compression
could improve accuracy in a data system challenge the way we may
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think about data management for LLMs. At the same time, we found
that not all compression techniques are easily deployable in general-
purpose LLM serving stacks, such as CaM that could yield by far the
best compression rate, or no compression at all, depending on the
data set and task. This shows significant challenges when setting
up and optimizing an LLM inference system. The data management
community with its decade-long experience in query optimization
may play a big role in workload-aware optimization of future LLM
serving stacks. Our benchmarking study may be a starting point of
such explorations.
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