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Abstract

Long-context Large Language Models (LLMs)
face significant memory bottlenecks during in-
ference due to the linear growth of key-value
(KV) cache with sequence length. While indi-
vidual optimization techniques like KV cache
quantization, chunked prefill, and model weight
quantization have shown promise, their joint
effects and optimal configurations for edge de-
ployment remain underexplored. We introduce
KV Pareto, a systems-level framework that sys-
tematically maps the trade-off frontier between
total memory consumption and task accuracy
across these three complementary optimization
techniques. Our framework evaluates multi-
ple LLM architectures (Qwen, Llama, Mis-
tral) with varying KV quantization schemes
(int2/4/8, mixed-precision), granularities (per-
token, per-tensor, per-block), and 4-bit weight
quantization via AWQ. Our framework iden-
tifies model-specific Pareto-optimal configura-
tions that achieve 68-78% total memory reduc-
tion with minimal (1-3%) accuracy degradation
on long-context tasks. We additionally verify
the selected frontiers on additional benchmarks
of Needle-in-a-Haystack, GSM8k and MMLU
as well as extended context lengths of up to
128k to demonstrate the practical need of joint
optimization for efficient LLM inference.

1 Introduction

Large Language Models (LLMs) have become use-
ful in many applications, such as code generation
(Jiang et al., 2024b), long question-answering (Liu
et al., 2025) and retrieval-augmented generation
(RAG) (Arslan et al., 2024). These tasks increas-
ingly demand longer-context capabilities, pushing
models like Qwen (Bai et al., 2023), Mistral (Jiang
et al., 2024a) and Llama (Grattafiori et al., 2024b)
to support long context lengths.
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The bottleneck for efficient inference arises from
the transformer architecture which operates primar-
ily in two phases: prefill and decode (Raiaan et al.,
2024). During prefill, the input context is processed
and stored in the key-value (KV) cache. During
decode, outputs are generated autoregressively by
repeatedly accessing the KV cache. Importantly,
the KV Cache size grows linearly with sequence
length (Patwari et al., 2025) and increases time-
to-first-token (TTFT) during prefill, and time-per-
output-token (TPOT) during decode. The resulting
increased latency is a bottleneck for practical de-
ployment of long-context models on edge devices.

To reduce the latency and scalability challenges,
several optimization techniques have been pro-
posed for long-context inference, including KV
Quantization (Hooper et al., 2024; Li et al., 2025;
Liu et al., 2024b), token eviction (Xiao et al., 2023;
Corallo and Papotti, 2024), and chunked prefill
(Agrawal et al., 2023). These methods are typically
evaluated in isolation of one another in the context
of accuracy degradation (Li et al., 2025; Liu et al.,
2024b; Corallo and Papotti, 2024). This creates
a practical question for deployment: which mem-
ory optimizations, together, offer the best-trade offs
between memory savings and task accuracy?

To this end, we introduce KV Pareto, a frame-
work for evaluating and understanding the trade-
offs between KV memory compression and task
performance in long-context LLMs. KV Pareto
focuses on studying the impact of two widely ac-
cessible optimization techniques for long context,
KV quantization, and chunked prefill in conjunc-
tion with 4-bit model weight quantization. Prior
work evaluates these optimization techniques in
isolation (Li et al., 2025; Liu et al., 2024b; Corallo
and Papotti, 2024; Lin et al., 2024; Agrawal et al.,
2023). Instead, our KV Pareto provides a joint as-
sessment of optimization techniques, considering
total memory savings and accuracy degradation.
This enables practitioners to identify the Pareto-
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optimal configurations for edge deployment.
Our KV Pareto spans multiple models (Mistral,

Qwen, LLaMA), KV cache quantization granulari-
ties (per-token, per-tensor, per-block), group sizes
(32, 64, 128), precision formats (int2, int4, int8), as
well 4-bit weight quantization via AWQ (Lin et al.,
2024). We benchmark across long context eval-
uations including LongBench (Bai et al., 2024b),
Needle-in-a-Haystack (NIAH) (Kamradt, 2023) ,
and traditional tasks such as GSM8k (Cobbe et al.,
2021) and MMLU (Hendrycks et al., 2020), mea-
suring total memory through peak activation mem-
ory, KV memory, and model memory, as well as
task accuracy. Our contributions are:

1. KV Pareto Framework: A KV optimization
Pareto framework that systematically maps
the trade-off search space between total mem-
ory savings and task accuracy.

2. Joint Optimization Study: A comprehensive
evaluation of chunked prefill, KV cache quan-
tization and AWQ weight-only quantization
across multiple KV cache quantization gran-
ularities and precisions, identifying Pareto-
optimal configurations using LongBench.

3. KV Pareto Validation: Validation our frame-
work’s selected frontiers on NIAH, showing
strong task performance even at 20-32k con-
text lengths, as well as MMLU, GSM8k.

2 Related Works

2.1 KV Quantization

KV quantization reduces the precision of stored
key and value tensors, thereby lowering mem-
ory usage (Li et al., 2024). For example, KIVI
(Liu et al., 2024b) and KVQuant (Hooper et al.,
2024) introduce tuning-free asymmetric quantiza-
tion schemes that apply per-channel and per-token
quantization, achieving up to 2-bit compression.
More recently, KVTuner (Li et al., 2025) proposes
an adaptive framework that searches for the opti-
mal layer-wise KV quantization precision pairs and
demonstrates near lossless 3.25 bit mixed precision
KV quantization for mathematical reasoning tasks.
Inspired by KVTuner (Li et al., 2025), our KV
Pareto framework also considers mixed-precision
quantization schemes. While KVTuner (Li et al.,
2025) focuses on layerwise adaptability, our KV
Pareto framework focuses on additional important
quantization hyperparameters such as, quantization

scheme (blockwise, per tensor, per token), as well
as system-level interactions with other optimiza-
tions such as, PC and model quantization.

2.2 Prefill Chunking
Prefill chunking (PC) reduces the peak memory
consumption by dividing input prompts into equal-
sized segments that are processed sequentially
(Agrawal et al., 2023). PC is adopted in inference
systems like vLLM (Kwon et al., 2023). Addition-
ally, follow on works such as WiM (Russak et al.,
2024) leverage the concept of smaller chunks to im-
prove model reasoning. However, the benefits and
effects of PC has not yet been studied in conjunc-
tion with model quantization as well as KV cache
quantization. We address this gap by analyzing PC
at a systems-level, understanding its tradeoffs when
combined with KV cache and model quantization.

2.3 Model Quantization
Model quantization algorithms are popular for ef-
ficient inference as they significantly compress
model size. Popular methods include, GPTQ (Fran-
tar et al., 2023), and AWQ (Lin et al., 2024). GPTQ
(Frantar et al., 2023) uses second-order informa-
tion derived from the Hessian matrix to enable 3-4
bit quantization. AWQ (Lin et al., 2024) preserves
accuracy in 4-bit quantization by using activation
metrics to identify the most important weight chan-
nels, which are then scaled prior to quantization to
reduce error. In our framework, we study model
memory savings via AWQ (Lin et al., 2024) to pro-
vide practical insights for edge deployment on how
model compression, with KV quantization and PC,
can provide the most memory savings with the least
task performance degradation.

3 Background

The KV cache is a crucial component for LLM
inference, storing intermediate representations
that are used for autoregressive generation. KV
cache memory can be represented as the follows:
KV Cache Memory = B ×H ×N ×D × L× s,
where B is batch size, H is number of attention
heads, N is number of tokens stored in the cache,
L is number of layers, D is head dimension and s
is the size per element.

At a systems level, KV cache optimizations for
edge deployment remain largely unexplored when
considering its interactions with other memory-
savings optimizations such as weight-only quanti-
zation and prefill chunking. Therefore, our work
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focuses specifically on the joint interactions among
KV cache quantization, prefill chunking, and model
weight quantization, on accuracy and total memory.

3.1 KV Quantization Optimization

KV Quantization reduces the element size s by us-
ing lower-precision formats (e.g. int8, int4, int2),
allowing memory savings: M quant

KV << M bf16
KV .

Additionally, quantizing the KV cache reduces
memory bandwidth, improving TPOT during de-
code. However, KV cache quantization also intro-
duces approximation error ϵQKV

, which can de-
grade attention quality and therefore task accuracy.

3.2 Prefill Chunking Optimization

Standard prefill involves processing the entire input
M in one pass, which leads to higher peak memory
consumption due to the size of the attention com-
putation. The attention weights are computed as:
softmax(

(
QK⊤
√
dk

)
), where Q, K are the query and

key matrices, and dk is dimensionality of the key
matrix (Vaswani et al., 2017). The larger the M , the
larger the query matrix Q, and therefore larger the
attention computation and associated peak memory.
Thus, peak memory during prefill can loosely be
approximated as: Mpeak ≈Matten.

PC reduces the peak memory by dividing M
into smaller chunks sizes of k « M , and processing
each chunk sequentially. This limits the number
of queries computed at once, thereby reducing the
size of the attention computation: M chunked

peak ≈
maxi(Matten(ki)), where ki represents the number
of tokens in chunk i.

3.3 Model Weight Optimization

While KV cache optimization is crucial, model
weight quantization is often needed for deploying
larger models on edge devices with constrained
memory. Therefore, we also consider AWQ (Lin
et al., 2024), a SoTA weight-only quantization
technique which further reduces the total memory.
However, the KV cache quantization error ϵQKV

and AWQ weight quantization ϵQW
can compound

errors, further degrading task performance.
Each type of optimization presents its own set

of hyperparameters, and optimizing across these
require a systematic framework. Our KV Pareto
empirically identifies the Pareto frontier for a given
model, characterizing tradeoffs between total mem-
ory and accuracy for long-context inference.

4 Methodology

Our KV Pareto Framework finds the Pareto fron-
tiers, per model, considering the trade-offs between
total memory savings and task accuracy. KV Pareto
is designed to find the frontier, from a systems
level, considering not only KV cache quantization
schemes, but additionally further memory savings
from PC and model-weight quantization. As shown
in Figure 1, PC is enabled in the prefill phase where
a prompt of length M is segmented into C smaller
chunks, such that the size of the Query matrix Q
into the multi-head-attention block (MHA) is of
size ci ∈ C, lowering peak memory consump-
tion. KV Cache quantization is enabled both in
the prefill and decode phase, and simulated by a
quantization-dequantization (QDQ) process to in-
sert quantization error into both the key K and
value V states. Lastly, weight quantization can be
applied via AWQ for both the prefill and decode
phase on all linear layers.

4.1 Prefill Chunking

PC partitions the input into equal-sized chunks, and
the KV cache is filled iteratively. As shown in Fig-
ure 1, when the prompt is divided into C chunks,
the KV cache undergoes C updates. For each
chunk i ∈ {1, . . . , C}, the update can be expressed
as: KVi ← KVi−1 + {Ki, Vi}. As mentioned in
Section 3.2, PC lowers the size of the attention com-
putation, thereby reducing peak memory consump-
tion. We ran ablations to understand the impact
of different chunk sizes, {64, 128, 256, 512, 1024},
on task accuracy. Appendix B shows minimal accu-
racy changes from PC, and for consistent compar-
isons within our framework, we arbitrarily set the
chunk size to 256 for all KV Pareto experiments.

4.2 KV Quantization

KV quantization compresses the K and V matri-
ces into a lower bit width. We consider int8, int4
and int2 quantization with mixed-precision vari-
ants: {k8v8, k8v4, k8v2, k4v4, k4v2, k2v2} and
apply signed, asymmetric round-to-nearest (RTN)
quantization. Appendix C provides details on RTN
quantization using 3 techniques, per-token group-
wise, per-sequence groupwise and per-tensor.
We also apply k-smoothing (Zhang et al., 2025) to
improve quantization error. Appendix D shows our
ablations on varying group sizes, showing larger
models perform best at per-token, group size 64,
and smaller models at, per token, group size 32.
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Figure 1: Our KV Pareto Framework, showcasing the integration of prefill chunking (PC), KV cache quantization
and model quantization for prefill and decode phases.

K-smoothing Inspired by SageAttention (Zhang
et al., 2025), we apply mean smoothing to the
K tensor, prior to quantization, to mitigate un-
even distributions in K. Appendix E details the
K-smoothing process and our ablations reveal k4v4
significantly benefits from K-smoothing.

4.3 Model Quantization

KV Pareto also considers the benefit of model
weight compression via weight-only quantization
to reduce total memory utilization. Given its SoTA
performance, we apply AWQ (Lin et al., 2024),
which selectively protects important weight chan-
nels based on activation statistics calculated from
calibration data. We leverage a robust configuration
of AWQ: 4-bit unsigned, asymmetric quantization
with group size 128 along the channel dimension.

5 Experimental Design

All experiments are performed on AMD MI-210
and MI-325 GPUs.

Datasets. We evaluate long context performance
with Hotpotqa (Yang et al., 2018) and Qasper
(Dasigi et al., 2021) from LongBench (Bai et al.,
2024a). To ensure KV Pareto does not degrade
shorter-context tasks, we also evaluate on GSM8k
(Cobbe et al., 2021) and MMLU (Hendrycks et al.,
2020). Dataset details are in Appendix F.

Models. We evaluate across diverse LLM ar-
chitectures, including Qwen2.5-3b and Qwen2.5-
7b instruct (Qwen et al., 2025), Llama3.2-3b and
Llama3.1-8b instruct (Grattafiori et al., 2024a), and
Mistral-7b-instruct-v0.3 (Jiang et al., 2023).

5.1 KV Pareto Frontier Metrics
In our context, a configuration is Pareto dominated
if there exists another configuration that achieves
equal or better task performance with lesser total
memory utilization. Our metrics are:

1. Total Memory Consumption We approxi-
mate total memory utilization to include peak
memory, KV cache memory, and model mem-
ory. Appendix I provides details.

2. Task Accuracy We measure how accurate
each Pareto configuration is on the Long-
Bench (Bai et al., 2024b) tasks to analyze
impact of joint optimizations on task perfor-
mance.

KV Pareto Validation. We validate our se-
lected pareto-optimal configurations using NIAH
(Kamradt, 2023), GSM8k(Cobbe et al., 2021) and
MMLU(Hendrycks et al., 2020) to ensure robust-
ness at higher context lengths and non-long context
tasks. (Yang et al., 2018).

6 Results

6.1 KV Pareto Frontiers
Figure 2 shows the Pareto-optimal configurations
from our framework, measuring total memory con-
sumption at a 10k context length alongside accura-
cies of two long-context tasks. The pareto frontiers
yield 68-78% memory savings with marginal (1-
3%) task accuracy drop. The frontier for Qwen2.5-
3b-instruct, Mistral-v0.3-7b-instruct and Llama-
3.2-3b-instruct (See Appendix G) is w4a16-k4v4,
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(a) Qwen-2.5-3B-I’s pareto frontier is w4a16_k4v4 (b) Qwen-2.5-7B-I’s pareto frontier is w4a16_k8v8

(c) Mistral-v0.3-7B-I’s pareto frontier is w4a16_k4v4 (d) Llama-3.2-8B-I’s pareto frontier is w4a16_k8v2

Figure 2: Pareto curves for five models that show the tradeoff between task accuracy and memory consumption,
with frontiers shown with a star, and horizontal lines showing baseline (w16a16_k16v16) accuracy.

while for Qwen2.5-7b-instruct it is w4a16-k8v8,
and for Llama3.2-8b-instruct it is w4a16-k8v2.

Benefit of Joint Study From Figure 2, we see
that PC yields the most reduction in peak mem-
ory with minimal changes to task accuracy and
AWQ further reduces memory consumption. While
AWQ generally causes task accuracy loss, there
are instances where it benefits task accuracy. For
example, pairing 4-bit weight quantization with
k4v4 improves HotpotQA accuracy compared to
k8v4. Similarly, combining PC with KV quantiza-
tion yields higher-than-baseline task accuracies on
Qasper, while reducing memory footprint (w16a16-
k16v16 vs w16a16-k8v8). We hypothesize this im-
provement stems from k-smoothing. Our findings
stress the importance of our framework, and consid-
ering Pareto-optimal configurations at a systems-
level for edge deployment to maximize tradeoffs.

6.2 Validation of KV Pareto Frontiers

We validate the efficacy of our selected frontiers by
further evaluating them on the following:

GSM8k & MMLU Evaluations Table 1 shows
the task accuracy for each pareto frontier on
GSM8k and MMLU. Overall, GSM8k shows a
greater performance drop compared to MMLU,
with AWQ weight quantization having a stronger
impact on GSM8k. In general, these results confirm
the efficacy of our pareto-optimal configurations
for complex, shorter context generation (GSM8k),
and standard non-generation (MMLU) tasks, with
1-10% degradation, depending on the model.

NIAH Evaluations Figure 3 shows the retrieval
scores for each depth (y axis) within a given doc-
ument length (x-axis) for Mistral-v0.3-7b. The
w4a16-k4v4 frontier maintains stable performance
up to 20k tokens. These results suggest that be-
yond 20k, additional finetuning may be required
to recover task accuracy while preserving memory
savings. See Appendix H for more NIAH results.

6.3 Memory Savings Benefit Beyond 30k

Many real world applications, such as coding
(Jiang et al., 2024b) and RAG (Arslan et al., 2024),
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PC AWQ Qwen2.5-3B-I Qwen2.5-7B-I Llama-3.2-3B-I Llama-3.1-8B-I Mistral-v0.3-7B-I
K/V gsm8k mmlu K/V gsm8k mmlu K/V gsm8k mmlu K/V gsm8k mmlu K/V gsm8k mmlu

no no 16/16 60.95 66.91 16/16 77.48 70.00 16/16 68.76 58.45 16/16 78.92 64.52 16/16 50.79 60.94
yes no 16/16 61.48 66.87 16/16 77.17 70.07 16/16 68.84 58.66 16/16 76.50 64.50 16/16 50.03 60.98
yes no 4/4 56.63 65.95 8/8 77.28 69.96 4/4 67.55 57.33 8/2 66.00 60.40 4/4 50.64 60.17
yes yes 16/16 60.12 61.92 16/16 71.03 69.64 16/16 51.78 56.07 16/16 75.74 64.30 16/16 48.30 60.49
yes yes 4/4 59.21 61.33 8/8 71.72 69.64 4/4 61.03 57.51 8/2 66.00 60.28 4/4 43.66 58.77

Table 1: Performance comparison PC, AWQ and selected pareto optimal configurations (bolded).

(a) W16A16_K16V16 retrieval scores for Mistral-v0.3-7B-I (b) W4A16_K4V4 retreival scores for Mistral-v0.3-7B-I

Figure 3: NIAH performance on baseline (a) and pareto-optimal configurations (b).

require even larger context lengths. To address
these practical scenarios, we analyze the benefit of
our selected frontiers at extended context lengths,
such as 128k tokens. Figure 4 explains the im-
portance of taking a systems-level approach for
selecting the pareto frontier, as each additional op-
timization provides a significant memory savings.
For example, a smaller chunk size of 1k saves 23%
memory consumption with W4A16-K8V8. Simi-
larly, a smaller KV cache provides an additional
15% memory savings from w4a16-k4v4. Further-
more, for real world deployment, we see the com-
pounded benefit of adding optimized kernels, such
as FlashAttention (Dao et al., 2022), resulting an
additional 6% memory savings from w4a16-k4v4-
Flash. Note, it is imperative to evaluate the ex-
tent of task performance degradation under these
Pareto-optimal configurations, even at greater con-
text lengths. Given the application dependency, we
leave such evaluations for 128k and beyond context
lengths for future work.

7 Conclusion

We introduce KV Pareto, a systems-level frame-
work for evaluating memory-accuracy tradeoffs in
long-context LLMs. KV Pareto jointly considers
prefill chunking, 4-bit weight quantization, and
KV cache quantization across multiple precision

Figure 4: Peak memory consumption on 10k vs. 128k
context lengths, comparing SDPA and Flash MHA.

levels, enabling practitioners to identify the pareto-
optimal configurations for edge deployment scenar-
ios, where maximum memory savings are needed
for efficient inference. We specifically focus on
optimization techniques that are lightweight and
do not require out-of-box training for scalability to
diverse LLMs. Our results highlight that pareto-
optimal configurations are model dependent, and
that our framework’s chosen configurations work
well in long context scenarios, as well as shorter
context scenarios. Overall, KV Pareto finds opti-
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mal configurations with a 68-78% total memory
savings with 1-3% long-context task accuracy loss.

Limitations

Our Pareto-optimal configurations currently use
a fixed chunk size, focusing on the impact of en-
abling prefill chunking, varying KV cache quanti-
zation and weight quantization. At 128k context
length, our results show that chunk size plays a
critical role in performance, suggesting that future
work should explore dynamic chunk sizing within
the KV Pareto frontier search. Additionally, fu-
ture work should consider improving the robust-
ness of KV cache quantization, beyond using RTN
quantization. Specifically, future work should con-
sider the inclusion of Hessian rotations, similar to
QuaRot (Ashkboos et al., 2024), and SpinQuant
(Liu et al., 2024a), to improve KV cache quantiza-
tion and push the frontier of KV Pareto. Also, while
we evaluate int8, int4 and int2 KV quantization
(including mixed-precision variants), future work
should expand to other quantization schemes that
are adaptive and layer-specific (Zhang et al., 2024;
Duanmu et al., 2024). Additionally, while prefill
chunking reduces peak memory consumption, it
can introduce additional latency due to repeated
KV cache writes, compared to a single-pass prefill.
Future work should add latency as an additional
optimization criteria in KV Pareto and analyze the
frontiers’ latency tradeoffs. Lastly, future work
should consider the generalizability and applicabil-
ity of KV Pareto to mixed model architectures such
as Granite (Granite Team, 2024) or LFM21.
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Figure 5: TPOT and TTFT curves on the the HotpotQA
dataset, showcasing the bottleneck of a growing KV
cache at longer contexts.

Appendix

A KV Cache Growth

Figure 5 show how KV cache growth increases
TTFT (time to first token) and TPOT (time per
output token) as the context length increases, on a
long context task (HotpotQA) (Yang et al., 2018),
ultimately increasing inference latency. These in-
creases arise because the prefill phase in LLMs is
compute bound and incurs peak memory usage due
to KV cache initialization, while the decode phase
is memory-bound due to repeated KV cache access
(Patwari et al., 2025).

B Prefill Chunking Ablations

To study the effect of variation in chunksize on
task performance, we evaluated the long context
performance on chunksizes ranging from 64, 128,
256, 512, 1024. Overall, we notice that vari-
ation in chunksize shows no impact on perfor-
mance. In this table, we show ablations using the
w16a16_k16v16 configuration. From these results,
we select a chunksize of 256 for all further experi-
ments.

C RTN Quantization Details

Round-To-Nearest Quantization (RTN) can be de-
fined with the following. Let the K and V tensors
have shape: (B,H,N,D) where B is batch size,
H is number of attention heads, N is sequence
length, and D is head dimension. A quantized

longbench Mistral v0.2 instruct

prefill hotpotqa qasper

64 36.62 29.68
128 37.10 29.30
256 36.62 29.42
512 36.76 29.51

1024 36.61 29.21

Table 2: HotpotQA and Qasper scores for different
chunksizes for chunked prefill. Variation in chunksize
does not affect task accuracy.

tensor qT via RTN quantization can be defined as:

qT = round

⌊
T

s

⌉
+ z (1)

where, scale s and zero point z are defined follows,
where qmin and qmax are the integer range of the
target quantization:

s =
max(T )−min(T )

qmax − qmin
(2)

and

z = round

⌊
qmin −

min(Tq)

s

⌉
(3)

Similarly, for the QDQ process, de-quantization is
performed as follows:

T ≈ ⌊qT − z⌉ ∗ s (4)

Per-token group-wise Each token’s representa-
tion is quantized independently across the heads.
For each token t ∈ [1, N ], the head dimension
D is divided into G groups of equal size and
T ∈ RB×H×N×D

G
×G. Scales and zero points are

calculated for each group g ∈ G.

Per-sequence group wise Tokens within the
same sequence group share quantization parame-
ters. Specifically, the entire sequence dimension N
is broken into G groups of equal size and scales and
zero points are calculated for each group g ∈ G.

Per-tensor This represents the coarsest granular-
ity where the entire tensor is globally quantized.
Specifically, a single scale and zero point is calcu-
lated for the entire tensor T ∈ RB×H×N×D.

Figure 6 provides a diagramatic explanation of
the aforementioned granularities.
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Figure 6: Illustration of KV quantization granularities.

D KV Cache Quantization Ablations

We evaluated multiple KV cache quantization gran-
ularities, as outlined in Table 3, including per-token,
per-block, and per tensor quantization, consider-
ing int4 and int8 precision, to isolate the effect of
granularity on task accuracy. For per-token and
per-block quantizations, we further ablated group
sizes in the range of {32, 64, 128}. Table 3, shows
that per-token quantization yields the best perfor-
mance compared to per-tensor and per-block. Ad-
ditionally, a group size of 32 yields the best task
performance for Qwen 3B, while a group size of 64
yields the best performance for Mistral 7B. Using
this information, we leverage per-token quantiza-
tion with group size 32 for the the smaller models
in KV Pareto (Qwen 3B and Llama3.2 3B), and per
token quantization with group size 64 for the larger
models (Mistral 7B and Llama3.2 8B).

E K-smoothing Method

K-smoothing is inspired from SageAttention
(Zhang et al., 2025) where mean-smoothing is ap-
plied to the K tensor. Specifically, we apply the

Granularity blocksize KV bits LongBench KV
bits

LongBench

hotpotqa qasper hotpotqa qasper

Mistral 7b
- - bf16 50.28 39.73 bf16 50.28 39.73

Per tensor - int8 44.57 36.52 int4 40.05 29.50
Per block 32 int8 44.81 40.74 int4 47.36 38.01
Per block 64 int8 45.21 38.87 int4 54.01 31.95
Per block 128 int8 47.21 39.75 int4 48.03 32.47
Per token 32 int8 47.21 38.94 int4 50.42 36.21
Per token 64 int8 46.57 39.53 int4 48.21 37.03
Per token 128 int8 46.57 39.53 int4 48.21 37.03

Qwen 3b
- - bf16 44.59 37.38 bf16 44.59 37.38

Per tensor - int8 42.19 34.69 int4 33.96 13.92
Per block 32 int8 45.68 35.58 int4 42.45 25.18
Per block 64 int8 41.99 36.36 int4 39.87 26.96
Per block 128 int8 43.49 35.88 int4 31.19 25.01
Per token 32 int8 43.63 36.75 int4 45.37 34.91
Per token 64 int8 41.63 36.24 int4 37.96 27.56
Per token 128 int8 41.39 36.01 int4 40.01 33.26

Table 3: Granularity-wise KV precision and LongBench
scores for Mistral 7b and Qwen 3b.

following:

K̃b,i,d = Kb,i,d −
1

L

L∑

j=1

Kkb,j,d (5)

where K ∈ bRB×L×D is the original tensor, K̃ is
the mean-centered tensor, B is the batch size, L is
the sequence length (dimension over which mean
is computed), D is the feature or head dimension, b
indexes the batch, i indexes the sequence position,
d indexes the feature dimension.

E.1 K-smoothing Ablations

Our ablation studies show that subtracting Kmean

(averaging along sequence dimension) from K for
per-token quantization gives the best configuration
for smoothing. Overall, this shows the necessity of
K smoothing for lower precision (int4) support.

K smoothing: qwen3b

precision averaging across hotpotqa

int8 No smoothing 44.77
int8 head_dim 44.46
int8 seq_len 46.15

int4 No smoothing gibberish
int4 head_dim gibberish
int4 seq_len 41.69

Table 4: Results for K smoothing by subtracting mean
across various dimensions, for int4 and int8. Including
K smoothing improves results significantly.
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Figure 7: Llama-3.2-3B-Instruct’s pareto optimal
search.

F Evaluation Dataset Details

We evaluate KV Pareto on long context datasets
from LongBench (Bai et al., 2024b), specifically
HotpotQA (Yang et al., 2018) and Qasper (Dasigi
et al., 2021). Both Qasper and HotpotQA evalu-
ate multi-document QA and single-document QA
using F1 scores. The average prompt length in Hot-
potQA is 9k, whereas the average prompt length
in Qasper is 4k. We additionally evaluate on
the Needle-in-a-haystack (NIAH) (Kamradt, 2023)
which evaluates text retrieval (needle), in large doc-
ument scenarios. The NIAH benchmark supports
up to 32k context length.

We also evaluate on GSM8k (Cobbe et al., 2021)
and MMLU (Hendrycks et al., 2020) tasks which
are not considered long context tasks to ensure
minimal task performance degradation on these
standard evaluation tasks. For both GSM8k (Cobbe
et al., 2021) and MMLU (Hendrycks et al., 2020)
evaluations, we leveraged LM-Eval-Harness (Gao
et al., 2024), and specifically set the evaluation
sample size to 50 across all subjects for MMLU.

G Longbench Pareto curves

Figure 7 shows an additional pareto search from
our KV Pareto framework for the llama-3.2-3b-
instruct model. T pareto-optimal solution is at
W4A16_K4V4 configuration.

H NIAH results

We also assess information retrieval performance
using the Needle in a Haystack benchmark on the
Qwen-2.5-3B-Instruct model. Figure 8 illustrates
retrieval accuracy up to a 32k context length. No-
tably, the baseline results show poor performance at

(a) W16A16_K16V16 retrieval scores for Qwen-2.5-3B-I

(b) W4A16_K4V4 retrieval scores for Qwen-2.5-3B-I

Figure 8: NIAH performance on selected
configurations.

26k tokens, which may be due to model-specific be-
havior. The w4a16_k4v4 configuration maintains
acceptable performance up to 14k context length.

I Memory Consumption Approximation
Details

The memory consumed by the model is a sum
of model parameters, KV cache size and peak
activation memory. Model parameters are calcu-
lated by counting the parameters and corresponding
datatypes. KV cache is calculated as described in
Section 3. The peak activation memory is dom-
inated by either lm_head layer or by the MHA
depending on the operating conditions.

memMHA =





nhM
2 if SDPA,

nhcM if SDPA, PC,
b2q + 2b2kv +∆ if Flash-MHA.

(6)

memlm_head = M × vocab_size (7)

mempeak = max(memMHA,memlm_head) (8)
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Model Name bf16 baseline Pareto Memory @ Memory
memory (GB) Optimality Optimality (GB) reduction %

Qwen 2.5 3B Instruct 11.49 W4A16_K4V4 + PC 3.10 73%
Llama 3.2 3B Instruct 14.10 W4A16_K4V4 + PC 3.36 76%
Qwen 2.5 7B Instruct 24.90 W4A16_K8V8 + PC 7.74 68%
Llama 3.1 8B Instruct 26.91 W4A16_K8V2 + PC 6.83 75%
Mistral v0.3 7B Instruct 24.34 W4A16_K4V4 + PC 5.52 78%

Table 5: Pareto-optimal memory configurations for different LLMs.

where nh denotes number of attention heads, bq
and bkv are block sizes in Flash Attention kernel,
M is the total sequence length and c is the chunk
size.
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