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ABSTRACT

Large language models (LLMs) demonstrate remarkable capabilities
but face substantial serving costs due to their high memory demands,
with the key-value (KV) cache being a primary bottleneck. State-
of-the-art KV cache compression techniques, such as quantization
and pruning, apply uniform treatment to both keys and values, and
discard unimportant tokens entirely, overlooking the fine-grained
distinctions in the significance of individual KV cache components.
To address such limitations, we introduce DiffKV, a novel frame-
work for efficient KV cache compression that exploits three levels
of differentiation in the KV cache: (1) the differing impact of keys
and values on attention computation, (2) the varying importance of
tokens, and (3) the diverse dynamic sparsity patterns across attention
heads. These levels of differentiation introduce irregular memory
usage patterns across different requests and attention heads, pos-
ing significant scalability challenges for memory management. To
address these challenges, DiffKV proposes an on-GPU memory
manager that compacts fragmented free memory list into contiguous
regions in parallel, effectively translating sparsity in the KV cache
into performance gains. We evaluate DiffKV on several mainstream
LLMs, including the emerging thinking models that generate ex-
tended chains of thought. DiffKV is able to compress the KV cache
by 2.7X to 5.7x with near-lossless accuracy on complex workloads
requiring sophisticated reasoning and long-generation capabilities,
and enhances throughput by 1.9x to 5.4Xx.
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1 INTRODUCTION

Large language models (LLMs) like GPT [4, 10, 56] and Gemini [67]
have demonstrated significant potential to impact our daily lives, of-
fering promising applications in areas including chatbots [13, 14],
programming [24, 27], mathematics [60, 79] and medical assis-
tance [59, 73]. Despite their exceptional performance, hosting LLMs
is costly due to their large model sizes, demanding extensive hard-
ware resources. Given the pervasive adoption of LLMs, enhancing
serving efficiency has become critically important [7, 21, 28, 38, 43,
57,63, 76].

To avoid redundant computation, LLM inference frameworks
typically cache intermediate key and value tensors in memory, com-
monly referred to as the KV cache [39]. The size of the KV cache
scales linearly with both sequence length and the number of concur-
rent requests, often comprising over 90% of total memory consump-
tion [22, 39, 74, 75]. As state-of-the-art models continue to support
longer sequences [4, 20, 36, 46, 67, 69], and with the rise of recent
thinking models [26, 35, 68] that generate extended reasoning pro-
cesses, the KV cache has emerged as a critical bottleneck for LLM
serving efficiency. It limits the number of concurrent requests and in-
creases attention computation latency due to its memory bandwidth
bound nature [16, 17].

Researchers have investigated various compression techniques,
primarily focused on pruning [11, 23, 42, 72, 77] and quantization [2,
32, 45]. Pruning reduces the token sequence length by eliminating
unimportant tokens based on attention scores. Quantization, on the
other hand, reduces the size of the KV cache by converting floating-
point feature values into lower-precision representations.

While effective, these methods overlook the nuanced variations
in importance across different components of the KV cache. First,
existing pruning approaches employ a one-size-fits-all strategy, stat-
ically allocating memory uniformly across attention heads despite
the per-head dynamic attention sparsity patterns. Second, current
quantization schemes apply uniform precision to all key and value
vectors, ignoring both the distinct roles of keys versus values in the
attention mechanism, and the varying significance of different tokens.
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Figure 1: KV cache memory allocation patterns for (a) pruning,
(b) uniform quantization, and (c) DiffKV across two attention
heads in two 5-token requests. Boxes represent retained tokens
(annotated with token IDs), with box size proportional to mem-
ory usage. Percentages indicate total memory usage relative to
an uncompressed KV cache.

Finally, both pruning and quantization treat all requests uniformly,
overlooking variability in information density across requests.

To address these limitations and advance KV cache compression,
we propose DiffKV, a novel framework that exploits three levels of
differentiation within the KV cache:

1. Differentiated Keys and Values. DiffKV assigns higher preci-
sion to key vectors than to value vectors, based on the observation
that keys (critical for attention score computation) play a more sig-
nificant role than values (used primarily for weighted aggregation)
in attention computations.

2. Token Importance Differentiation. Guided by attention scores,
DiffKV stores tokens at varying precision levels based on their
significance. Most critical tokens are quantized at higher precision,
less critical tokens are quantized at lower precision, and the least
significant tokens are pruned.

3. Per-head Dynamic Sparsity. Attention score distributions exhibit
dynamic sparsity across both heads and requests: the number of
important tokens varies not only across different heads, but also for
the same head under different requests. To address this variability,
DiffKV dynamically identifies critical tokens per-head, per-request,
adapting memory allocation accordingly.

Figure 1 compares the KV cache usage of pruning, quantization,
and DiffKV across two heads in two 5-token requests. In both re-
quests, pruning uniformly eliminates one token per head (reducing
cache usage to 80%), failing to adapt to heads with naturally sparser
attention patterns. Quantization, meanwhile, applies INT8 precision
uniformly to all FP16 values, halving memory usage but missing
opportunities for finger-grained savings by treating keys and values
differently based on their relative importance. Moreover, both ap-
proaches treat two requests identically, overlooking their distinct
sparsity patterns.

In contrast, DiffKV exhibits more adaptive memory usage. In
Request 1, for Head A, DiffKV prunes one token and further distin-
guishes precision across the rest: Token 0, deemed highly important,
is stored at high precision (key in INT8, value in INT4), while To-
kens 1, 3, and 4 are stored at lower precision (keys in INT4, values
in INT?2). This reduces usage to 25% for keys and 12.5% for values.

432

Yangi Zhang, Yuwei Hu, Runyuan Zhao, John C.S. Lui, and Haibo Chen

For Head B, DiffKV instead identifies two tokens as highly impor-
tant, resulting in 30% and 15% KV cache usage for keys and values,
respectively. Averaged across both heads, DiffKV uses 20.6% of
memory for Request 1, outperforming pruning and quantization. Ad-
ditionally, DiffK'V also adapts flexibly across requests. In Request 2,
Head A stores one token at high precision and the remaining four
at lower precision without pruning, whereas Head B prunes two
tokens and stores two others at high precision. These examples high-
light DiffKV’s ability to leverage both per-head dynamic sparsity
and request-level variation, enabling more aggressive and flexible
compression than prior methods.

Although DiffKV achieves a high KV cache compression ratio,
it introduces significant memory usage irregularity. As depicted
in Figure 1, pruning and quantization maintain uniform KV cache
utilization across attention heads. In contrast, DiffKV exhibits sub-
stantial variability, not only across different heads but also between
the key and value within individual heads. To mitigate fragmenta-
tion, the memory manager must precisely track and allocate memory
per head and per request. However, this introduces a scalability
challenge: even a modestly sized LLM like Llama3-8B [20] com-
prises hundreds of attention heads, and with hundreds of concurrent
requests, the memory manager must handle tens of thousands of
heterogeneous memory regions during each inference step. Con-
sidering that model execution time per step is on the order of tens
of milliseconds, improper memory management could render the
overhead of dynamic allocation prohibitive, negating the benefits of
KV cache compression.

To overcome the scalability challenge, DiffKV introduces an on-
GPU memory manager that efficiently handles the irregular memory
usage patterns via parallel KV compaction, which optimizes memory
allocation and recycling by packing fragmented free memory lists
into contiguous regions directly on the GPU in parallel. Parallel KV
compaction is enabled by three essential on-GPU data structures:
1. Unified Pages. GPU memory is partitioned into fixed-size pages,
each storing tokens at a specific precision. For example, a page
may hold tokens with keys in INT8 and values in INT4. Each page
is dynamically configured and parsed according to the precision
requirements of the head and request.

2. Circular Free Page List. All page IDs are managed in a central-
ized, GPU-resident circular list. Both free and used pages are kept in
contiguous regions, enabling efficient page allocation and recycling
via parallel prefix sum [29].

3. Bidirectional Page Table. Instead of maintaining separate page
tables for high- and low-precision pages, DiffKV consolidates both
into a single bi-directional page table to minimize metadata overhead.
High-precision page IDs grow from the left side of the table, and low-
precision page IDs grow from the right side. Additional precision
levels can also be efficiently accommodated by employing multiple
bi-directional page tables.

We have implemented DiffKV on vLLM [39] and evaluate it
across multiple LLMs, including the emerging thinking models
QwQ-32B [68], R1-Distill-Qwen-14B and R1-Distill-Llama-8B [26].
Our experiment results demonstrate that DiffKV offers a superior
cost-accuracy tradeoff. Specifically, DiffKV compresses the KV
cache by 2.7x to 5.7x with near-lossless accuracy, resulting in
throughput improvement of 1.9x to 5.4X. Notably, DiffKV is, to
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the best of our knowledge, the first KV cache compression frame-
work evaluated on thinking models and complex reasoning tasks
that require advanced chain-of-thought (CoT) capabilities, while
achieving FP16-comparable generation quality.

2 BACKGROUND AND RELATED WORK

In this section, we describe Transformer-based large language mod-
els and review existing techniques for KV cache management.

2.1 Large Language Models

Large language models (LLMs) are predominantly built upon the
Transformer architecture [70]. At the core of Transformer is the at-
tention mechanism, which allows each token in a sequence to weigh
the significance of other tokens when constructing its contextualized
representation. During autoregressive inference, the attention mecha-
nism operates in a causal manner, attending only to preceding tokens.
Mathematically, the standard attention computation is defined as:

i QKT
Attention(Q,K,V); = softmax ( ) \'7]
4 Z ‘/3 jj J
qi'kj)
Vd
qi'kn )
Vd

Jj=1

i exp( M

= - Vj

2 Ty
Q, K and V are matrices of size [ X d, representing the queries,
keys and values respectively, where I denotes the number of tokens
processed so far in the sequence and d represents the feature dimen-
sionality. Vectors q;, k;, and v; correspond to the query, key, and
value of the i token.

To capture a broader range of interactions between tokens, Trans-
former models employ multi-head attention (MHA), where each
head independently computes attention using distinct projections of
queries, keys, and values. Grouped-query attention (GQA) [6, 61]
improves the efficiency of MHA by allowing a group of query heads
to share the same projection of keys and values, referred to as a KV
head.

LLM execution involves two phases: the prompt phase, where the
model computes latent representations for all tokens in the prompt
and generates the first new token, and the generation phase, where
subsequent tokens are generated iteratively. To avoid redundant com-
putations across generation steps, KV cache is introduced to store the
keys and values of all previous tokens. However, the size of the KV
cache grows linearly with both the sequence length and batch size,
quickly becoming a bottleneck for inference throughput [39, 75].
Therefore, efficient KV cache management is critical for alleviating
memory bottlenecks and improving LLM serving efficiency.

2.2 KV Cache Optimization

PagedAttention. Static KV cache management systems [1, 75]
reserve memory for the maximum possible sequence length, leading
to considerable memory waste when actual sequences are shorter.
To mitigate this inefficiency, vLLM [39] introduces PagedAttention,
which partitions the KV cache into pages, each containing a fixed
number of tokens, and allocates the pages on-demand as the sequence
length grows. By managing the KV cache at the granularity of pages,
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vLLM reduces memory waste and enables larger batch sizes to
improve serving efficiency.

KYV Cache Quantization. Quantization [18, 25, 32, 51] reduces the
KV cache size by approximating high-precision floating points with
discrete low-bit values. For a tensor X, we first compute the scale s
and zero point z based on X, and Xp,4x, then apply quantization

element-wise as: Q = round (%) During inference, the original

tensor is approximately reconstructed via dequantization: X = 5-Q+z.
Unlike the quantized tensor Q, the metadata s and z are kept in
higher precision (e.g., FP16) to ensure more accurate dequantization.
State-of-the-art KV cache quantization methods such as Atom [78]
and Qserve [45] apply this process to each key and value vector
independently. However, these uniform quantization methods, which
apply a fixed bit-width across keys and values of all tokens, may not
be optimal. They overlook the varying importance of tokens as well
as the different roles of keys and values in the attention calculation.
KV Cache Pruning. Several recent works [11, 23, 42, 48, 72, 77]
have explored KV cache pruning to alleviate the memory bottleneck
in LLM inference, which can be considered as an extreme case of
quantization. These methods use attention scores to assess token
importance and evict less important tokens, thereby reducing the KV
cache size. The effectiveness of these methods, however, is limited
by their static and inflexible allocation of memory resources. Specifi-
cally, H20 [77] and SnapKV [42] allocate the same memory budget
uniformly across all attention heads and layers. PyramidKV [11]
allocates more memory in lower layers and less in higher ones, based
on the empirical observation that the number of important tokens
shrinks as the model depth increases, but still relies on static heuris-
tics and cannot dynamically adjust cache allocations to suit various
workloads. Complementary to KV cache pruning, another line of
work [40, 62] addresses GPU memory constraints by offloading the
entire KV cache to CPU memory and selectively loading important
tokens to the GPU for attention computations. However, these meth-
ods do not inherently reduce the KV cache size and incur additional
latency due to data transfers between the CPU and GPU.

3 THE CASE FOR DIFFERENTIATED KV

‘We motivate the design of DiffKV by presenting the case for three
levels of differentiation within the KV cache: (i) the differentiated
impacts of keys and values (Section 3.1), (ii) differentiated token
importance (Section 3.2), and (iii) per-head dynamic sparsity (Sec-
tion 3.3). Building on these insights, Section 3.4 describes how
DiffKV combines them together and highlights its contributions
over prior systems.

3.1 Differentiated Impacts of Keys and Values

While the significance of different tokens can be directly inferred
from attention scores, the roles of the key and value vectors within
a token are less obvious. However, examining Equation 1 reveals a
divergence in their impacts. Each token’s contribution to the attention
output depends on two factors: the attention score from softmax
and the value vector. Key vectors, as part of the shared softmax
denominator, influence the attention scores of all tokens, whereas
value vectors only affect their respective token’s contribution to the
output.
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Attention score vs. Value Norm in Llama3-8B
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Figure 2: Distribution of attention score and value vector norm
in Llama3-8B.

Beyond the broader impact of key vectors, it is crucial to estab-
lish the relative significance of attention scores, determined by key
vectors, over value vectors. Without this, the significance of key
vectors could be overshadowed by that of value vectors. To this end,
we reformulate the attention mechanism as a weighted sum of unit
vectors, as presented in Equation 2. This formulation decomposes
each input token’s contribution into two components: the unit vector
% obtained by dividing the token’s value vector by its L2 norm
to capture only its direction in feature space, and a coefficient, de-
fined as the product of the attention score and the norm of the value
vector, which determines the relative significance of the token’s di-
rection. This allows us to assess the relative importance of attention
scores and value vectors by examining their contributions to these

coefficients.

i QKT v
Attn(Q,K,V); = Z softmax ( ) vl .
J=1 Vd /i vl )
——
Coefficient Unit vector

Figure 2 presents the distributions of the average attention score
per token and the norms of value vectors across three representa-
tive layers of the Llama3-8B model [20], evaluated on the first one
thousand articles from the Wikitext dataset [50]. Notably, the at-
tention scores span seven orders of magnitude, vastly exceeding
the range of value vector norms, which only cover at most two or-
ders of magnitude. Similar patterns are also observed in the larger
Llama3-70B model. This pronounced disparity highlights the pivotal
role of attention scores in determining each token’s contribution to
the attention output. We therefore conclude that key vectors exert a
broader and more impactful influence than value vectors, motivating
further exploration of processing key and value vectors at distinct
precision levels. We validate this intuition in Section 7.2, showing
that K8V4 and K4V2, which quantize keys to 8/4 bits and values to
4/2 bits respectively, outperform their mirror configurations K4V8

and K2V4.

3.2 Differentiated Token Importance

Tokens contribute to attention outputs with varying degrees of im-
portance, as reflected by their attention scores. By exploiting these
differences, we can apply finer-grained compression strategies that
go beyond uniformly quantizing all tokens [45, 78] or exclusively
pruning the least important ones [11, 77].

Yangi Zhang, Yuwei Hu, Runyuan Zhao, John C.S. Lui, and Haibo Chen
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Figure 3: Per-token attention scores in the 8" layer of Llama3-
8B on a sequence randomly sampled from Wikitext.

Figure 3 shows the per-token attention scores in the 8¢ h layer, se-
lected as a representative layer of Llama3-8B [20], on a sequence ran-
domly sampled from the Wikitext dataset [SO]. Similar sparsity pat-
terns are observed across the other layers as well. This non-uniform
distribution of token importance motivates a hierarchical compres-
sion strategy that allocates memory based on token significance:
high-precision storage (e.g., K8V4) for the most important tokens,
lower precision (e.g., K4V2) for moderately important tokens, and
pruning for the least important. This hierarchical approach enables a
smoother trade-off between memory savings and generation quality
than uniform quantization methods (e.g., Atom [78], QServe [45])
and pruning-only approaches (e.g., H20 [77], SnapKV [42]).

3.3 Per-head Dynamic Sparsity Patterns

LLMs exhibit dynamic sparsity patterns that vary across both at-
tention heads and requests: the number of critical tokens can differ
not only between heads but also for the same head under different
requests. To characterize the sparsity of attention, we analyze the
minimum number of critical tokens required to retain the majority
of information, specifically by preserving a target percentage (e.g.,
95%) of the total attention score.

We begin by investigating dynamic sparsity patterns across layers,
and evaluate the Llama3-8B model with the first thousand articles
from the Wikitext dataset. Figure 4 illustrates the average number of
critical tokens per layer, aggregated across all KV heads, required
to retain 95% of the total attention score. Vertical bars represent the
standard deviation, capturing variability across individual requests.
Notably, the degree of sparsity varies considerably across layers, as
indicated by differences in the number of critical tokens.

Next, we delve into the dynamic sparsity within individual layers.
Figure 5 presents the average number of critical tokens per KV
head for three representative layers, with horizontal bars indicating
the standard deviation across requests. The sparsity pattern remains
highly dynamic: within each layer, the number of critical tokens
varies significantly across KV heads. Furthermore, within individual

KV heads, the number of critical tokens can vary substantially across
requests, as shown by the high standard deviation in some KV heads.

3.4 Main Insights and Implications
Our findings reveal three critical levels of differentiation within the

KV cache:

e Keys exert a broader impact on attention computation than
values, motivating differentiated precisions for keys and val-
ues.

e Tokens vary in importance as reflected by their attention
scores, motivating a fine-grained, hierarchical compression

strategy.
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Number of Critical Tokens per Layer in Llama3-8B
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Figure 4: Number of critical tokens per layer in Llama3-8B to
preserve 95% of the total attention score.
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Figure 5: Number of critical tokens per KV head in Llama3-8B
to preserve 95% of the total attention score.

e Attention sparsity patterns vary across requests and attention
heads, requiring dynamically managing memory resources
on a per-request and per-head basis.

Collectively, these highly dynamic sparsity patterns, across layers,
attention heads, and individual requests, underscore the necessity of
adaptive memory management on a per-head and per-request basis.
They motivate the design of DiffKV, which integrates differentiated
precisions for keys and values, hierarchical compression based on
importance, and per-request and per-head memory management.
Contributions of DiffKV. DiffKV expands the design space for
KV cache compression by jointly exploiting the three levels of dif-
ferentiation in KV cache, enabling higher compression ratios with
minimal quality degradation. Compared to prior work that explores
importance-based KV cache pruning [5, 42, 66, 77] and mixed-
precision quantization [19, 30, 78], DiffKV introduces the following
key innovations:

o Request-aware differentiated KV quantization. DiffKV adap-
tively adjusts the mix of high- and low-precision tokens (e.g.,
K8V4, K4V2) on a per-request basis (Section 4), whereas
prior work [5, 19, 78] typically applies a single static config-
uration across all requests.

e Sequence length-adaptive importance estimation. Diff KV
modulates the proportion of important tokens based on se-
quence length, retaining more tokens in shorter sequences to
preserve quality, while enabling more aggressive compression
for longer ones (Section 4). Prior approaches [5, 42, 77] typi-
cally use a fixed token retention ratio, regardless of sequence
length.

o Per-head dynamic sparsity exploitation. DiffKV dynamically
adjusts memory allocation per head, based on observed spar-
sity patterns (Section 3.3 & 4), whereas existing methods
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allocate memory uniformly across attention heads, missing
optimization opportunities.

e Scalable on-GPU memory management. DiffKV introduces
an efficient on-GPU memory manager that handles irregular
per-head memory allocation patterns, effectively translating
memory savings into performance gains (Section 5).

4 KV COMPRESSION POLICY

We present the KV compression policy of DiffKV, designed to ad-
dress the three levels of differentiation within the KV cache. First, to
reflect the greater impact of keys on attention computation compared
to values, we propose quantizing keys at a higher precision than
values. For example, keys and values can be quantized to 8 and 4
bits (K8V4), or 4 and 2 bits (K4V2). Second, to account for the
varying importance of tokens, we introduce a hierarchical compres-
sion strategy that classifies tokens into three significance levels: the
most important tokens are quantized at high precision (e.g., K§V4),
moderately important tokens at lower precision (e.g., K4V2), and
the least important tokens are pruned entirely. This strategy is both
request-aware and sequence-length adaptive. It dynamically adjusts
the mix of high- and low-precision tokens per request to reflect
their varying sparsity patterns. Moreover, it retains a larger fraction
of tokens at high precision for short sequences to preserve quality,
while applying low precision quantization and pruning more aggres-
sively for long sequences to maximize memory savings. Finally, to
address the dynamic attention sparsity patterns across requests and
attention heads, we propose an adaptive memory management ap-
proach. Rather than imposing a fixed memory budget, our approach
allows each attention head to determine its memory requirements
dynamically based on its specific sparsity pattern.

Next, we describe the KV compression policy in greater detail,
addressing the prompt phase and the generation phase separately.
In both phases, compression is applied per-request and per-head,
ensuring that memory usage is tailored to the specific sparsity pattern
of each request and attention head.

Prompt Phase. In the prompt phase, key and value vectors for all
tokens in the prompt are computed. The compression policy then
determines the appropriate precision for storing each token based on
its significance. The significance of the i h token is calculated by av-
eraging the N — i attention scores it receives from subsequent tokens,
where N denotes the prompt sequence length. In the case of GQA
and MHA, scores from all attention heads associated with the KV
head are aggregated using the maximum operation. To mitigate pre-
mature compression, the most recent W tokens are always quantized
at high precision, where W is typically set to 64. For the remaining
tokens, the policy determines the precision level of the it" token in
a sequence-length adaptive manner, by comparing its significance
score to the theoretical average % based on the intuition that tokens

with scores below average are less critical. Specifically, the i* h token
is quantized at high precision if its significance score exceeds %,
at low precision if its score lies within the interval [, %], and
is pruned otherwise. The parameters «; and ap, which define the
thresholds for high- and low-precision quantization, are determined
offline through profiling on a calibration dataset. As a result of this

hierarchical compression, the KV cache is conceptually divided into



SOSP '25, October 13-16, 2025, Seoul, Republic of Korea

two parts: a high-precision section KV}, and a low-precision section
KV,

Generation Phase. In the generation phase, a single token is com-
pressed at each step, aligning with the autoregressive nature of the
generation process. The most recent token is added to the recent
window to prevent premature compression, while the earliest token
tc in the window becomes a candidate for more aggressive compres-
sion. The compression procedure can be divided into two parts. First,
token ¢, is quantized at either a high or low precision and added to
the corresponding section of the KV cache, or it may be completely
pruned. Next, if ¢. is quantized, the least significant token t, in the
corresponding precision section of the KV cache is considered for
further downgrading: it may be re-quantized to lower precision or
pruned, depending on its significance. Essentially, this policy estab-
lishes a smooth downgrading path for the less important token: rather
than being pruned directly, it is first re-quantized to low precision,
with pruning occurring only if it remains insignificant.

The detailed procedure is outlined in Algorithm 1, following

the same intuition and parameters as the prompt phase. Given the
sequence length N, t. is quantized at high precision and added to
KVy, the high precision KV cache (line 6), if its significance exceeds
3’\,—”. Subsequently, the least significant token in KV}, is identified
as the victim token t, for more aggressive compression (line 7). If
ty’s significance exceeds aﬁh it remains in KVj,; if it falls within
[%. S41. to is re-quantized to low precision and moved to KV}, the
low precision KV cache (line 9); otherwise, t, is pruned. Similarly, if
t’s significance lies within [ 5}, $¢1, it is quantized to low precision
and added to KV; (line 14). The least important token in KV} is
designated as the victim ¢, (line 15), and is further pruned if its
significance falls below %t (line 17).
Discussion. The proposed KV compression policy is highly exten-
sible, allowing for the potential use of more than two quantization
precision levels. We adopt two quantization precision levels primar-
ily to minimize metadata overhead and improve system efficiency,
as will be detailed in the following section. In Section 7.2, we em-
pirically show that the two-level scheme (K8V4-K4V2) achieves
near-lossless generation quality across multiple models and bench-
marks. We use a shared set of thresholds for all attention heads, as
our empirical studies demonstrate that this approach is sufficient to
capture the varying sparsity patterns across different heads. Notably,
DiffKV can efficiently support more flexible compression policies,
such as tuning thresholds for each head individually, which could
potentially further optimize the balance between model accuracy
and memory efficiency. We leave the exploration of such flexible
policies for future work.

5 MEMORY MANAGEMENT

In this section, we describe DiffKV’s memory management mecha-
nism which efficiently supports the three levels of differentiation in
the KV cache. We first highlight the challenges posed by these dif-
ferentiations in memory management, and then present parallel KV
compaction, a novel memory management technique that effectively
tackles the challenges.

5.1 Challenges

Flexible Paging. In PagedAttention [39], all tokens are stored at
the same precision, allowing for a fixed page format. However, the
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Algorithm 1: KV compression policy (generation)

: Input: Parameters oy, a;; High & low precision P, & P;

1

2: Input: Candidate token t.; Sequence length N

3: Input: High & low precision KV cache KV}, & KV}
4: Function: Significance Score; Quantization Quant;
5. if Score(t;) > % then

6:  KVy.add(Quant(t., Pp))

7.ty = argminsecky;, (Score(t))

8 if $b < Score(ty) < % then

9: KVy,.remove(ty), KV;y.add(Quant(t,, Pp))
10:  else if Score(ty) < 5 then
11: KVy, remove(t,)
12 end if
13: else if Score(t;) > 3+ then
14:  KVj.add(Quant(z., Pp))
15:  ty = argmingegv, (Score(t))
16:  if Score (t,) < 5t then
17: KVj.remove(ty)
18:  endif
19: end if

differentiation of key and value vectors, along with varying token
importance, introduces multiple precision levels both within and
across tokens, making a fixed page format insufficient. Specifically,
a fixed page format requires conservatively allocating high-precision
slots for all tokens regardless of their actual precisions, leading
to considerable memory wastage. Suppose memory is allocated
to accommodate the highest precision K8V4, a token with K4V2
precision would waste 50% of the memory. Worse, such a fixed
page format results in misaligned memory accesses, which hinder
memory bandwidth utilization and reduce overall computational
efficiency.

KV Compaction Scalability. Ateach LLM inference step, the mem-
ory management complexity is O(#requests) for PagedAttention, as
memory is partitioned uniformly among attention heads. In contrast,
DiffKV must handle varying numbers of high- and low-precision
tokens across different heads, mapping these heterogeneous memory
requirements to physical memory. We term this process KV com-
paction, whose complexity is O(#requests X #heads) per inference
step. This poses significant scalability challenges for memory man-
agement. Given that model execution time per step is on the order of
tens of milliseconds, improper memory management could render
the overhead of dynamic allocation prohibitive, negating the benefits
of KV cache compression. Moreover, managing both high-precision
and low-precision tokens would require separate data structures for
each precision, resulting in increased metadata overhead.

5.2 Parallel KV Compaction

A detailed analysis of the KV compaction process reveals opportu-
nities for parallelization. KV compaction can be divided into two
phases: planning and coordination. In the planning phase, each
attention head independently determines its memory allocation re-
quirements. The subsequent coordination phase synchronizes these
per-head requirements and maps them to the GPU’s physical mem-
ory. The primary source of increased memory management complex-
ity lies in the planning phase, which is perfectly parallelizable and
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well-suited to the GPU’s parallel compute capabilities. Parallelizing
the coordination phase is more challenging, as it requires synchro-
nization across heads. However, we observe that this phase can be
parallelized effectively via parallel prefix sum [52], provided that
the free memory region is contiguous.

Thus, we propose parallel KV compaction, a novel management
technique that efficiently performs per-head dynamic memory allo-
cation and recycling in parallel directly on the GPU. Parallel KV
compaction is enabled by three GPU-resident data structures col-
lectively: the (1) unified pages to enable flexible paging, (2) the
circular free page list to efficiently parallelize memory management,
and (3) the bidirectional page table to minimize metadata overhead
for tracking tokens of differentiated precisions.

Unified Pages. Unified pages abstract away the complexity of differ-
entiated precisions both within individual tokens and across different
tokens, thereby simplifying the implementation of parallel KV com-
paction. Specifically, we partition the available GPU memory into
evenly sized pages, each configured upon allocation to store tokens
at a given precision. Each unified page is organized into six seg-
ments: quantized keys, quantization metadata for keys, quantized
values, quantization metadata for values, token scores, and positions.
The quantization metadata includes scales and zero points for the
key and value vectors. The number of tokens stored per page is ad-
justed according to the quantization configuration, ensuring compact
memory usage. Furthermore, by consolidating keys, values, and their
metadata into a single structure, unified pages enhance data locality
and eliminate the need for scattered lookups, improving memory
access efficiency during attention computation.

Circular Free Page List. The circular free page list serves as the
cornerstone of parallel KV compaction, facilitating the paralleliza-
tion of memory allocation and recycling by maintaining both free
and used pages in contiguous regions.

This centralized, GPU-resident data structure contains all Page
IDs and tracks free pages through a pair of pointers: a start pointer
for allocations and an end pointer for recycling. These pointers
wrap around to the beginning of the list upon reaching the end,
forming a circular structure. When a page is allocated, the start
pointer advances to the next available Page ID; when a page is freed,
the end pointer advances to add the released Page ID back into the
list. Both the available and unavailable regions in the list remain
contiguous, enabling the coordination phase in memory management
to be parallelized via parallel prefix sum.

In parallel KV compaction, after each head determines the number
of pages to be allocated or freed, a parallel prefix sum operation
computes a unique offset for each head relative to the start or end
pointer. This step converts per-head memory demands into a globally
consistent schedule, where each head is assigned a disjoint region
of the free page list to read from (for allocation) or write to (for
recycling), ensuring non-conflicting operations within the list. For
memory allocation, each head concurrently retrieves its new page
IDs from its designated region in the list, with the start pointer
incremented by the cumulative number of pages required across all
heads. Similarly, for memory recycling, each head writes freed page
IDs to its designated region, with the end pointer incremented by the
total number of pages released.

Bidirectional Page Table. Similar to PagedAttention, DiffKV main-
tains a page table for each attention head, mapping each request to
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Figure 6: Memory management flow in the prompt phase.

its corresponding list of page IDs. To avoid the doubled metadata
overhead associated with maintaining separate page tables for high-
and low-precision pages, DiffKV introduces a unified, GPU-resident
data structure called the bidirectional page table. This structure ef-
ficiently supports the use of two quantization precision levels for
KV cache, as proposed in Section 4, minimizing the metadata over-
head. In each entry of the bidirectional page table, high-precision
page IDs grow from the left side of the list, while low-precision
page IDs grow from the right, dynamically adapting to the precision
requirements of the workload. The length of each page table entry is
determined by the maximum sequence length divided by the tokens
per high-precision page, ensuring no overflow since low-precision
pages always contain more tokens than high-precision ones. This
unified approach not only minimizes metadata overhead but also
eliminates the need for separate lookups based on precision lev-
els, thereby enhancing memory access efficiency during attention
computations. The memory overhead of the bidirectional page table
is minimal: for example, with a batch size of 128 on Llama3-8B,
which has 32 layers and 8 KV heads per layer, the total size of all
bidirectional page tables is only 32 MB. By contrast, the KV cache
for a single request occupies 1 GB.

5.3 KV Compaction Workflow

We delve into the KV compaction workflow during the prompt and
generation phases, illustrating how the three data structures interact
to enable differentiated KV cache compression. Notably, KV com-
paction is executed once per inference step for all requests in the
batch and all layers in the LLM. This design ensures sufficient paral-
lelism for efficient GPU execution, while amortizing the associated
GPU kernel launch overheads.

Prompt Phase. Figure 6 illustrates the KV compaction workflow
during the prompt phase for an example request with eight tokens.
In this example, one high-precision page stores two tokens, and one
low-precision page stores four. Since the exact numbers of high- and
low-precision pages required by each head are unknown a priori,
we conservatively allocate four unified pages per head, assuming
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all tokens are stored at high precision. Pages 5-8 and 9-12 are thus
assigned to Head A and B, respectively, as shown in their page
tables. The end pointer of circular free page list advances to Page
13, marking Pages 5-12 as allocated.

Next comes the planning phase, during which each head indepen-
dently applies the KV cache compression algorithm and calculates
its specific memory requirements. In this example, Head A uses
one high-precision page, while Head B uses two; both heads also
require one low-precision page. We allocate high-precision pages
left-to-right in the bidirectional page table and low-precision pages
right-to-left: Head A uses Page 5 (high-precision) and Page 8 (low-
precision), while Head B uses Pages 9—10 (high-precision) and Page
12 (low-precision).

Following the planning phase, the coordination phase finally re-
claims unused pages (Pages 6-7 from Head A and Page 11 from Head
B) via a parallel prefix-sum. These recycled pages are appended to
the circular free page list; since the end pointer already points to the
list’s tail, it wraps around to the head to accommodate the recycled
pages.

Generation Phase. At each generation step, a head allocates a
new page only if either its high-precision or low-precision pages
are full, requiring at most one additional page per step. Each head
independently checks its page availability and, if needed, allocates a
new page in parallel using the prefix-sum-based approach. Unlike in
the prompt phase, page recycling is not performed during generation,
as the total number of stored tokens either remains the same if an
old token is evicted or increases by one if no eviction occurs. Once
arequest is finished, all pages allocated for that request are recycled,
freeing up memory for incoming requests.

Supporting Additional Precision Levels. The proposed memory
management system naturally extends to support more than two pre-
cision levels, by incorporating additional page tables. For example,
accommodating three precision levels can be achieved by combin-
ing a unidirectional page table with a bidirectional one. Similarly,
four precision levels can be supported using two bidirectional page
tables. This composable design preserves memory efficiency while
providing the flexibility needed to handle increasingly fine-grained
precision differentiation.

6 IMPLEMENTATION

We implement DiffKV on top of vVLLM, comprising 4.5K lines
of CUDA/C++ code and 9K lines of Python. We first outline the
architecture of DiffKV and then detail our custom GPU attention
kernel, designed to efficiently support the differentiated KV cache
compression.

6.1 DIiffKV Architecture

The architecture of DiffKV is illustrated in Figure 7. At each in-
ference step, the scheduler batches as many requests as possible
within the available GPU memory to maximize throughput, sending
the selected requests to all workers. Each GPU hosts one worker,
responsible for executing a partition of the model [33, 53, 54, 64]. To
facilitate efficient execution, each worker includes a dedicated mem-
ory manager that oversees the KV cache for its assigned attention
heads, as outlined in Section 5, and an execution engine for model
computation. To support differentiated KV cache compression, the
execution engine integrates a KV compressor and a custom GPU
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Figure 7: DiffKV architecture.

attention kernel. After computing key and value vectors, the KV
compressor is invoked to compress them following the policy de-
scribed in Section 4, storing the results in the KV cache. The custom
GPU attention kernel then efficiently computes the attention output
using the compressed KV cache.

6.2 Efficient Attention Kernel

We develop a custom attention kernel that efficiently supports differ-
entiated KV cache compression, leveraging reduced memory access
volume to accelerate performance. Notably, the kernel design is
portable across GPUs and other NPUs, as mainstream architectures
support vectorized memory access and layout-aware tiling [37, 80].
We detail the GPU implementation in the following paragraphs.

Overall, we assign each thread block to process a single attention
head per sequence. To mitigate the potential load imbalance caused
by mixed-precision quantization, we let thread warps iterate over
high-precision pages first, followed by low-precision pages. Each
page is processed in two phases: dot product between the query and
keys to derive attention scores, and weighted sum of values. These
two phases follow different computation patterns: reduction over
the feature dimension and token dimension, respectively. To ensure
coalesced and vectorized memory accesses for both phases, we
design tailored data layouts and parallelization strategies, elaborated
as follows.

For key processing, each warp handles one page at a time, with
threads divided into groups responsible for distinct key vectors.
Within a group, each thread fetches its assigned key elements in a
vectorized manner, performs dequantization on the fly, and computes
a partial dot product between the key elements and corresponding
query elements. Using a straightforward layout such as [F, Niokens]
for keys, where F denotes the feature dimension length, would cause
threads within a group to fetch non-contiguous elements strided by
Niokens When parallelizing across the feature dimension. Alterna-
tively, using [Niokens, F] would cause thread groups to fetch non-
contiguous elements strided by F when parallelizing across tokens.
Both layouts suffer inefficient strided memory accesses, leading to
low bandwidth utilization. Instead, we organize the layout of keys as
[ m, Niokens» Kgroup, Kvecl, where Kyec denotes the vector-
ization factor and Kgroup denotes the number of threads per group.
During each execution step, each thread fetches Kyec consecutive
elements, threads within a group collectively fetch Kgroup adjacent
chunks, and groups within the warp access contiguous chunks along
the Niokens dimension. As a result, the combined memory accesses
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of all threads in a warp are contiguous, enabling memory coalescing
and maximizing bandwidth utilization.

For value processing, tokens in a page are evenly distributed
across thread groups in a warp; within each group, individual threads
perform sum reductions over the feature dimension and save their
accumulation results in registers. Once all groups finish, a tree re-
duction aggregates these partial results and produces the output. The
number of registers required per thread is proportional to the feature
dimension range assigned to it, while during key processing each
thread only requires a single register to store the partial dot product.
Consequently, vectorization along the feature dimension, as used
in key processing, is not suitable for value processing, because it
would significantly increase register pressure by forcing each thread
to handle a larger portion of the feature dimension. To better align
with the computation pattern of reduction across tokens, we apply
vectorization to the token dimension instead, which reduces register

pressure and ensures more effective parallelization. We organize the
F Niokens
ngup > Viec
Additionally, for ultra-long sequences, the attention kernel sup-
ports parallelization along the sequence dimension. It splits the
sequence into multiple segments, processes them in parallel using
the aforementioned method within separate thread blocks, and then
merges the results with minimal computation overhead.

layout of values as [

» Veroup» Vec] accordingly.

7 EVALUATION

We first evaluate the effectiveness of DiffKV’s differentiated KV
cache compression policy. Next, we evaluate the efficiency of the
memory manager as well as the end-to-end throughput improve-
ments achieved by DiffK'V.

7.1 Experiment Setup

We evaluate DiffK'V on several models spanning three major fam-
ilies: Llama3-8B and 70B [69], Qwen2.5-7B and 32B [34], and
the recent thinking models QwQ-32B [68], R1-Distill-Qwen-14B
and R1-Distill-Llama-8B [26], which generate extended chains of
thought and exhibit strong capabilities on complex reasoning tasks.

We select benchmarks that align with those commonly used in
recent LLM technical reports [20, 27, 34, 46, 68], covering a diverse
set of task domains, including general knowledge (MMLU [31] and
MMLU-Pro [65]), mathematics (GSMS8K [15] and MATH [41]),
code generation (HumanEval+ [12, 47] and MBPP+ [8, 47]), and
long-context understanding (LongBench [9]). In addition, we as-
sess DiffKV’s generation quality on thinking models using two
particularly challenging benchmarks: AIME24 [3], a mathematics
competition dataset, and GPQA [58], which evaluates graduate-level
science reasoning. We measure the throughput and latency mostly on
NVIDIA L40 GPUs, each with 48 GB of memory [55]. We further
evaluate DiffKV atop Ascend NPU [44] to demonstrate the portabil-
ity of our approaches. In all experiments, model weights are stored
in FP16 precision.

7.2 Differentiated KV Compression Policy

We first assess the effectiveness of differentiated KV quantization
and dynamic sparsity individually, and then evaluate the combined
benefits of the proposed differentiated KV cache compression. To
ensure the reliability of our results and mitigate the influence of
noise and randomness inherent in floating-point computations, each
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experiment is repeated five times with the dataset randomly shuffled,
and the reported results represent the average across these runs.
Evaluating Differentiated KV Quantization. Figure 8 shows
the model generation quality of differentiated KV quantization on
GSMS8K and HumanEval+, namely K8V4 and K4V2, compared
to FP16 baselines, across Llama3-8B & 70B and Qwen2.5-7B. To
validate our intuition that keys have a more significant impact than
values (Section 3.1), we additionally evaluate the mirror configura-
tions, namely K4V8 and K2V4, where values are stored with higher
precision than keys, as well as more skewed variants, K8V2 and
K4V1.

Results show that K8V4 matches the accuracy of the FP16 base-
line across all models and benchmarks. In contrast, its mirror config-
uration, K4VS8, exhibits noticeable accuracy degradation, particularly
for Qwen2.5-7B, where accuracy drops to nearly zero on both tasks.
This pronounced sensitivity to 4-bit key quantization in Qwen2.5-7B
is likely due to its GQA architecture, which applies aggressive KV
compression with a queries-per-KV ratio of 7, substantially higher
than the ratio of 4 used in Llama3-8B. Similarly, K4V2 retains
over 65% of FP16 accuracy across both benchmarks on Llama3-8B
and 70B, while the mirror configuration K2V4 results in near-zero
accuracy. The more skewed variant K8V?2 retains at least 83% of
FP16 accuracy across all models, even for Qwen?2.5-7B, reinforcing
the importance of assigning higher precision to keys. On the other
hand, K4V1 yields almost zero accuracy, suggesting that 2 bits is
the lower bound for effective value quantization. In summary, these
results confirm that keys play a more critical role than values, and
demonstrate the effectiveness of differentiated KV quantization in
preserving accuracy while enabling aggressive compression.

The accuracy trends across various differentiated KV quantiza-
tion configurations motivate the design of adopting two precision
levels: K8V4 and K4V2. K8V4 matches the generation quality of the
FP16 baseline and is applied to important tokens to preserve model
accuracy. K8V2 and K4V2, when applied uniformly, both lead to
noticeable accuracy degradation. Among them, K4V2 offers better
efficiency and is thus selected for compressing less significant tokens,
enabling opportunistic KV cache savings with minimal quality loss.
As we demonstrate later, the K8V4-K4V2 scheme achieves near-
lossless generation quality across multiple models and benchmarks,
obviating the need for an intermediate precision level like K8V2.
Likewise, introducing an even lower precision level such as K4V1
is suboptimal: not only does K4 V1 significantly degrade accuracy,
but the additional memory savings from a three-level configuration
K8V4-K4V2-K4V1 are marginal compared to the K8V4-K4V?2
design. That said, future models employing more aggressive training-
time KV compression (e.g., architectures with higher queries-per-KV
ratios in GQA) may benefit from an additional high-precision level
(e.g., FP16-K8V4 or FP16-K8V4-K4V2), which we leave to future
investigation.

Evaluating Dynamic Sparsity. We evaluate the effectiveness of
per-head dynamic sparsity (Section 3.3) in identifying critical to-
kens, comparing it to the static sparsity method used in SnapKV [42],
which allocates an equal memory budget to all attention heads. Fig-
ure 9 reports results on Qwen2.5-7B and Llama3-8B across GSM8K
and HumanEval+. The x-axis indicates the percentage of tokens
pruned, while the y-axis shows the resulting task accuracy. Dynamic
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Figure 10: Calibrating the high- and low-precision thresholds
ay, and o; on the training split of the MATH dataset.

sparsity significantly outperforms static sparsity in Llama3-8B, main-
taining full accuracy with 50% tokens pruned on GSM8K, and 10%
tokens pruned for the more sensitive HumanEval+. For Qwen2.5-7B,
dynamic sparsity also consistently surpasses static sparsity, achiev-
ing accuracy higher than 80% on GSMS8K with 50% tokens pruned.
While the improvement is less pronounced on HumanEval+, dy-
namic sparsity still yields higher accuracy at equivalent pruning
ratios. In summary, per-head dynamic sparsity is superior to static
sparsity by leveraging head-specific significance.

Parameter Calibration. As described in Section 4, DiffKV com-
pares the significance score of a token with its theoretical average,
ﬁ, where N denotes the sequence length. A token is quantized to
high precision if its score exceeds ?’V—” to low precision if its score
falls within the interval [ %, $41], and is pruned otherwise. To cali-
brate the appropriate parameters ¢y, and ¢;, we utilize the training
split of MATH [41]. We select MATH as the calibration dataset as
it is comprised of complex mathematical reasoning tasks with high
text information density, where even the removal of a single sym-
bol can invalidate an argument. This makes MATH highly suitable
for parameter fitting, as the resulting compression parameters are
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Figure 11: KV cache memory normalized to vLLM vs. bench-
mark accuracy tradeoff of DiffKV.

expected to generalize well across other tasks. Additionally, MATH
provides a dedicated training split, ensuring that parameter fitting
does not involve testing data and mitigating potential overfitting.
We profile a consistent range of parameters across all evaluated
models, as depicted in Figure 10. The x-axis represents the profiled
parameter values, while the y-axis shows the resulting accuracy on
the calibration dataset. Specifically, we profile aj, within the inte-
ger range [1, 5], progressively relaxing the high-precision threshold
beyond the theoretical average. This adjustment accounts for ag-
gregating scores from multiple attention heads by maximum for
GQA, as mentioned in Section 4. The profiled values of «j, achieve
FP16-equivalent accuracy across all models, except for Qwen2.5-7B,
which exhibits heightened sensitivity to 4-bit key quantization. Ac-
cordingly, we select the values of oy, that yield the highest accuracy
based on profiling results: a;, = 1 for Llama3-8B and 70B, and
ap, = 3 for Qwen2.5-32B and QwQ-32B, and disable low-precision
quantization for Qwen2.5-7B. Subsequently, we profile the low-
precision threshold «;, while keeping «; fixed. We observe that
setting o; = 0.1 induces at least 5% accuracy degradation on the
larger models. As a result, we profile five equally spaced values
within the range [0, 0.1] and select the one yielding the highest ac-
curacy for each model. The final selected values of ¢; are 0.02 for
Llama3-8B, 0.04 for Qwen2.5-7B, and 0 for the remaining models.
While the profiled values cover a limited portion of the entire pa-
rameter space, as will be demonstrated in the following sections,
DiffKV significantly outperforms existing baselines with these fitted
parameters, highlighting its potential effectiveness.
Evaluating Differentiated Compression Policy. Finally, we evalu-
ate the combined benefits of DiffKV’s KV cache compression policy.
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We compare DiffKV against several state-of-the-art baselines, in-
cluding pruning-based methods such as H20 [77], SnapKV [42],
and DuoAttention [71], quantization-based approaches such as 4-bit
KV, KIVI [49], and QAQ [19], as well as KV partial loading tech-
niques like Quest [66]. Table 1 compares the accuracy and KV cache
memory usage of DiffKV and the best-performing baselines, both
normalized to vLLM [39], for the evaluated non-thinking models.
The parameters of DiffKV are tuned as described previously. For
the pruning-based baselines and Quest, we tune their memory us-
age to 50% of the baseline. DiffKV achieves near-lossless accuracy
relative to the FP16 baseline, with an average degradation of only
0.3%, while using 19.3% to 36.7% memory. In contrast, all other base-
lines incur more significant accuracy degradation at comparable or
higher memory usage. Furthermore, DiffKV dynamically adapts its
memory usage based on the task’s information density. For example,
DiffKV allocates less memory for the 5-shot MMLU benchmark
compared to the 0-shot HumanEval+, where the prompt consists
solely of the function name and comments.

DiffKV also outperforms baseline methods in long-context sce-
narios, as shown in Table 2, where we present results from one
benchmark in each category of LongBench. For Llama3-8B and
Qwen2.5-7B, DiffKV achieves memory usage of 14.9% and 27.0%,
respectively, while baseline methods are tuned to 25% memory usage.
Notably, DiffKV consistently achieves superior accuracy across all
categories, with an average degradation of only 0.4%, while utilizing
less or comparable memory compared to the baseline methods.

Furthermore, the generation quality gap between DiffKV and
baseline methods becomes even more pronounced for the thinking
models QwQ-32B, R1-Distill-Qwen-14B and R1-Distill-Llama-8B
on the more challenging benchmarks, as demonstrated in Table 3.
DiffKV achieves FP16-comparable generation quality using 27.4%,
29.4% and 23.5% of the memory on average for QwQ-32B, R1-Distill-
Qwen-14B and R1-Distill-Llama-8B, respectively, while all other
methods experience significant generation quality degradation. On
the math competition benchmark AIME24, the most accurate base-
line, 4-bit KV quantization incurs a 16.0% accuracy degradation.
On the graduate-level science benchmark GPQA, the accuracy of
pruning-based and KV partial loading methods drops to almost zero,
while using 50% of the full KV cache. The larger gap between Diff-
KV and prior work in long CoT generation highlights the increased
challenges such tasks pose for KV cache compression. In long CoT
generation, tokens are generated autoregressively based on previ-
ous tokens, and errors introduced by compression are accumulated
and propagated across generation steps. In contrast, in long prompt
scenarios, the majority of the text is provided as ground truth in
the prompt, and the model-generated portion is significantly shorter,
limiting the impact of errors introduced by KV cache compression.

Lastly, Figure 11 depicts the accuracy-memory trade-offs of Dift-
KV under the profiled parameter values, namely ap € [0, 5] (step
size of 1) for all models and a; € [0.02,0.1] (step size of 0.02) for
Llama3-8B and Qwen2.5-7B. We also include the accuracy of base-
line methods within similar memory usage ranges for comparison.
DiffKV consistently matches the FP16 baseline accuracy across dif-
ferent models and benchmarks within the profiled range of memory
usage, demonstrating its robustness. In contrast, baseline methods
experience significant accuracy degradation, particularly pruning-
based and KV partial loading methods, which suffer rapid accuracy
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Pruned Low-precision High-precision
MMLU HumanEval+ MATH
Llama3-8B 61% 17% 46% 50% 48% 34%
Qwen2.5-7B 81% 98% 86%
Qwen2.5-32B 73% 27% 60% 40% 65% 35%

50%  100% 50%  100% 50%  100%
Figure 12: Fraction of tokens pruned, quantized to low precision,
and quantized to high precision across different benchmarks

and models.

declines as memory usage decreases. In summary, DiffK'V provides
a superior accuracy-memory tradeoff compared to state-of-the-art
methods.

KV Compression Breakdown. Figure 12 shows the fraction of
tokens that are pruned, quantized to low precision, and quantized to
high precision across three benchmarks (MMLU, HumanEval+, and
MATH) for three different models. Two key observations emerge.
First, sparsity levels vary substantially across workloads. The gen-
eral knowledge benchmark MMLU exhibits the highest sparsity,
likely due to the lower information density of natural language
and the use of 5-shot prompts. In contrast, the reasoning-intensive
benchmarks MATH and HumanEval+ display lower sparsity, with
HumanEval+ being the least sparse, partly due to its 0-shot setting.
Second, despite being calibrated on challenging reasoning-heavy
workloads, DiffKV’s KV compression policy adapts effectively to
the varying sparsity patterns across different tasks, highlighting its
generalizability to diverse scenarios.

7.3 System Performance

In this section, we provide a comprehensive evaluation of DiffKV’s
performance, comparing it against state-of-the-art systems including
vLLM, Quest, and SnapKV across various models. For models that
fit within the memory of a single GPU, such as Llama3-8B and
Qwen2.5-7B, we use one GPU. For larger models, we parallelize the
computation across multiple GPUs: four GPUs for Llama3-70B, and
two GPUs for Qwen2.5-32B and QwQ-32B. Our evaluation focuses
on latency breakdown, attention kernel speedup, and end-to-end
throughput to demonstrate the efficiency and scalability of DiffKV.
Memory Management Overhead. Figure 13 compares DiffKV’s
on-GPU parallel KV compaction with an alternative implementa-
tion that performs multi-threaded memory management on the CPU.
Evaluated with a sequence length of 1024 tokens across different
batch sizes, DiffKV reduces memory management latency by up to
three orders of magnitude relative to the on-CPU approach. For one
entire inference step, DiffK'V significantly outperforms the on-CPU
approach, particularly in the generation phase, where the memory
management overhead on the CPU far exceeds the model execution
time. Therefore, DiffK'V’s on-GPU parallel memory management
is essential for ensuring that the performance benefits of KV cache
compression are fully realized without being overshadowed by mem-
ory management overhead.

Figure 14 further illustrates the latency breakdown of DiffKV
during one inference step. The memory management overhead is
remarkably low thanks to DiffKV’s on-GPU parallel KV compaction,
contributing less than 0.2% of the total latency in the prompt phase
and under 0.9% in the generation phase. Model execution dominates
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Table 1: Accuracy and memory usage of DiffKV and the best-performing baseline methods across models and benchmarks. Numbers
in parentheses represent memory usage normalized to FP16. The memory usage is 50.0% for SnapKYV, Quest and DuoAttn, 25.0% for
INT4, 18.8% for QAQ, and 12.5% for KIVI. DiffKV achieves accuracy close to FP16, consistently outperforming prior quantization

and pruning approaches.

Benchmarks Llama3-8B Qwen2.5-7B Qwen2.5-32B Llama3-70B
FP16  DiffkV  INT4 QAQ DuoAttn | FP16  DiffkKV  Quest SnapKV KIVI | FP16  DiffkV  Quest INT4 KIVI | FP16  DiffkV  INT4
GSMSK | 763 757(193%) 726 717 322 | 835 83.6(268%) 767 667 722 | 904 902(23.6%) 828 887 793 | 90.5 902 (21.6%) 89.3
MATH 281 279(2L6%) 239 235 93 | 580 S57.7(323%) 417 451 395 | 632 672(253%) 443 647 426 | 487 47.6(213%) 453
MMLU | 665 66.1(17.8%) 652 609 424 | 75.1 747(30.3%) 647 482  53.1 | 83.8 83.8(23.1%) 685 834 705 | 81.0 80.9(20.1%) 79.4
MMLU-Pro | 41.5 41.0(215%) 39.1 382 346 | 554 549(302%) 516 497 452 | 678 67.4(245%) 595 662 545 | 60.1 60.0(21.5%) 59.2
HumanEval+ | 50.0 48.0(27.6%) 451 7.9 48 | 575 559(367%) 85 329 152 | 494 49.4(262%) 110 458 153 | 713 715(26.7%) 70.1
MBPP+ | 593 61.6(17.6%) 588 563 356 | 643 628(27.9%) 333 447 183 | 711 70.5(21.8%) 352 673 38.6 | 686 69.7(22.0%) 67.2
Table 2: Evaluating DiffKV on LongBench. DiffKV uses 14.9% EEE Scheduler 28 KV Compressor
memory for Llama3.1-8B and 27.0% for Qwen2.5-7B. For Quest X3 Memory Management Model Execution
and SnapKYV, the memory usage is 25%. 100 Prompt 100 ‘ Generation
X
Qasper HotpotQA GovReport TREC PCount Lcc 0 75 96% 1 97% 1 75 ‘ 92% 5 93% 577
FP16 | 409 61.3 34.0 730 69 622 g so0 /I 50 d %
. = g A1
Liama3.1.gp | DKV | 4238 613 32.9 730 72 619 g s e 25 ‘ Pan-—Van—
Quest | 389 59.8 30.6 665 64 568 s ) 0 /0 /0
SnapKV | 39.2 59.6 30.1 659 62 572 0 ) 39 0 3 e
FP16 | 265 27.8 33.4 710 57 619 Batch Size Batch Size
DiffKV | 26.4 282 322 700 53 623
2.5-7B . . .
Qwen Quest | 236 5.2 314 656 43 533 Figure 14: Latency breakdown of DiffKV.
SnapKV | 22.6 25.5 30.8 646 45 526
O vlLM [0 K8v4 CJ vilM [0 K8v4
a 0 K8vs  HEE K4V2 2 [ Keve  mEE K4V2
. . s S4
Table 3: Evaluating DiffKV on thinking models. %5
(]
FP16  DiffkV  INT4 KIVI Quest SnapKV &2
MATH | 90.6 90.6(26.8%) 87.3 80.6 633 65.4 1
QwQ-32B | GPQA | 62.1 632(27.6%) 578 26 12 0.8 o!
AIME24 | 755 753 (27.8%) 643 100 233 192 1024 2048 4096 1024 2048 4096
Sequence Length Sequence Length
. MATH | 942 94.1(29.5%) 927 692 684 626
gl'DlSE:; GPQA | 557 55.6(292%) 520 0.0 0.5 0.0 (a) Attention kernel (b) One batch end-to-end
wen-
AIME24 | 670 67.0(29.6%) 61.6 100 202 17.2 . . .
MATH 88.8 88.7(232%) 6.1 482 58.9 542 Flgure 15: Latency Speedup of DiffKV agalnst vLLM.
R1-Distill-
Liama.8B GPQA | 474 465(23.5%) 429 00 05 0.5
AIME24 | 510 51.0(23.8%) 423 66 182 154 . L
due to the overhead of accessing quantization metadata and perform-
[ On-CPU  EEE DiffkV [ On-CPU  mEE DiffkV ing dequantization. Additionally, DiffKV achieves greater speedups
Prompt Ge”e';astéog” Pror;‘g%ts Generation on longer sequences, indicating that its bandwidth optimization tech-
m 366.0 ' 3573 niques become increasingly effective as the sequence length grows.
§ 284.9 3015 327 Figure 15b shows the end-to-end inference latency for a batch of 8
e sequences. With sequence length 4096, DiffKV achieves a 1.4-1.6x
[ . . .
e speedup over vLLM. Note that while DiffKV does improve latency,
— . . . . . .
[1.4] |15 02| |02 25 L its primary design focus is on enhancing throughput by supporting
8 3 32 8 32

32 8
Batch Size
(b) One entire inference step

2 8
Batch Size
(a) Memory management

Figure 13: Latency comparison between parallel KV compaction
and on-CPU multi-threaded memory management.

the latency in both phases, accounting for 96-97% of the latency
in the prompt phase and 92-93% in the generation phase. Notably,
as the batch size increases, the percentage of time spent on model
execution rises slightly, reflecting the scalability of DiffKV.

Latency Speedup. Figure 15a shows the speedup of DiffKV’s
custom attention kernel against vLLM under different quantization
configurations. DiffKV achieves a near-linear speedup proportional
to the reduction in KV cache size. For example, with K8V8, which
halves the KV cache size relative to FP16 datatype, the theoretical
speedup is 2%, and DiffKV achieves 1.7x. The slight gap is primarily
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larger batch sizes.

Throughput Speedup. Figure 17 presents the end-to-end through-
put and achieved batch sizes of DiffKV compared to vVLLM, pruning-
based approaches including Quest and SnapKYV, as well as quantization-
based methods including Atom (4-bit) and KIVI (2-bit). Note that
these pruning- and quantization-based baselines incur larger ac-
curacy degradation than DiffKV, as shown in Table 1. The max-
imum generation length is set to 16K tokens for QwQ-32B, 8K
for Qwen2.5-32B, and 4K for the other models. We evaluate on
1000 sequences sampled from the MATH dataset [41], which elicits
chain-of-thought reasoning and typically leads to long generations
reaching the specified limit. Compression thresholds for DiffKV are
adopted from Figure 10. Across all models, DiffKV consistently
achieves higher throughput than prior systems. Notably, DiffKV
achieves a remarkable 5.4 higher throughput over vLLM on the
QwQ-32B thinking model, while Quest, SnapKV, Atom, and KIVI
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Figure 16: Comparison of average latency between DiffKV and
vLLM under dynamic workloads.

achieve 1.6X, 1.8%, 2.1X, and 3.4x speedups, respectively. This re-
sult highlights the superior efficiency of DiffKV in processing long
sequences, making it particularly well-suited for tasks that require
extended reasoning.

The throughput improvements are directly correlated with the
larger batch sizes supported by DiffKV, enabled by its KV cache
compression techniques. For instance, with the QwQ-32B model,
DiffKV sustains a batch size of 15.9, far exceeding vLLM’s batch
size of 2.7. The increased batch size enables DiffKV to maximize the
utilization of GPU compute capacity, leading to higher throughput.
In contrast, Quest supports the same batch size as vVLLM because
it retains the entire KV cache without reducing memory usage. Its
speedup comes primarily from faster attention computation, as it
processes only a subset of tokens deemed important. However, the
process of estimating token importance incurs additional overhead,
limiting the overall efficiency of Quest. Note that although Atom
and KIVI substantially increase the batch size, approaching or even
exceeding DiffKV, their throughput gains are not proportional. This
is because both methods are built on the HuggingFace Transformers
library, which incurs higher framework overhead than vLLM and
DiftKV, and lacks high-performance GPU kernels that fuse dequanti-
zation with attention computation, as implemented in DiffKV. These
results underscore that custom GPU kernels and an efficient runtime
are essential for effectively translating KV cache compression into
throughput gains.

Serving Dynamic Workloads. We evaluate DiffKV under dynamic
workloads and compare it to vVLLM [39]. Following the method-
ology of vLLM, we inject requests according to a Poisson arrival
process and sweep the request rate. Figure 16 reports the average
per-token latency (including both queuing and LLM processing time)
for Llama3-8B and Qwen2.5-32B across a range of request rates.
DiftKV consistently achieves lower latency and sustains higher loads
before queuing delays grow sharply. These improvements stem from
DiffKV’s reduced KV cache footprint, which enables larger batch
sizes, and its parallel on-GPU KV compaction, which keeps memory
management overhead low even under bursty traffic.

Performance Speedup on Ascend NPU. Additionally, we ported
DiftKV to Ascend NPU [80], integrating it into an in-house inference
framework. On the Llama3-8B model, DiffKV increases the batch
size by 2.3 over the baseline and improves end-to-end throughput
by 1.7X. On the QwQ-32B model, it increases the batch size by 3.9x
and throughput by 3.8x.
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Figure 17: Throughput and achieved batch size.

8 CONCLUSION

We proposed DiffKV, which enhances LLM serving efficiency by
exploiting three levels of differentiation in KV cache: differentiated
precision for keys and values, hierarchical compression based on
token importance, and per-head dynamic sparsity. At the core of Dif-
fKV is the parallel KV compaction technique that efficiently handles
irregular memory requirements across requests and attention heads,
effectively translating memory savings into performance gains. Our
evaluation demonstrated that DiffKV is able to compress the KV
cache by 2.7x to 5.7x with near-lossless accuracy, even on thinking
models and complex workloads that require sophisticated reasoning
and long-generation capabilities, and enhances throughput by 1.9x
to 5.4X, outperforming prior KV cache compression methods.
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