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Abstract

Large Language Models (LLMs) have revolutionized the field of natural language
processing, achieving unprecedented performance across a variety of applications.
However, their increased computational and memory demands present significant
challenges, especially when handling long sequences. This paper focuses on the
long-context scenario, addressing the inefficiencies in KV cache memory con-
sumption during inference. Unlike existing approaches that optimize the memory
based on the sequence length, we identify substantial redundancy in the channel
dimension of the KV cache, as indicated by an uneven magnitude distribution and
a low-rank structure in the attention weights. In response, we propose THINK, a
novel query-dependent KV cache pruning method designed to minimize attention
weight loss while selectively pruning the least significant channels. Our approach
not only maintains or enhances model accuracy but also achieves a reduction in
KV cache memory costs by over 20% compared with vanilla KV cache eviction
and quantization methods. For instance, THINK integrated with KIVI can achieve
a 2.8x reduction in peak memory usage while maintaining nearly the same quality,
enabling up to a 5 X increase in batch size when using a single GPU. Extensive eval-
uations on the LLaMA and Mistral models across various long-sequence datasets
verified the efficiency of THINK, establishing a new baseline algorithm for efficient
LLM deployment without compromising performance.

1 Introduction

Large language models (LLMs) [17, 15, 136, 142, 143} 38}, 137]] have emerged as a dominant paradigm
in natural language processing, achieving state-of-the-art performance across various tasks. A key
principle, the Scaling Law [235]], suggests that LLMs exhibit emergent abilities as model size increases,
improving their capacity to understand complex context and handle long sequences [52]. This growth
in capacity enables LLMs to generate coherent, contextually accurate responses and supports a variety
of downstream applications, such as document summarization [56} 55/, code generation [7]], solving
mathematical problems [[18} 159,146} 29|, and conversational Al 35 36].

Despite their success in various applications, generating outputs with LLLMs incurs significant
computational and financial costs, which rise with increasing model size and sequence length. Both
the training [40, 19, 12] and inference [[1] stages involve frequent generation, further contributing
to these costs. Consequently, efficient LLMs have gained traction in recent years [21} 45]. To
address these challenges, quantization [[15} 30,10, 153] and pruning methods [41}[14] are employed to
reduce model size. Additionally, the key-value (KV) cache, stored in GPU memory alongside model
parameters, scales linearly with both sequence length and batch size, creating a substantial memory
burden when handling long sequences. Consequently, effective management of extended contexts is
essential for the practical deployment of LLMs. In this paper, we focus on the long-context scenario,
aiming to reduce memory consumption associated with processing lengthy sequences.
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Figure 1: An illustration of the pruning procedure of THINK. Within each head, scores are calculated
for each channel, and only the top T channels out of D are selected for retention. A binary channel
mask, along with the pruned keys, is subsequently stored in the cache memory.

Specifically, the number of KV cache parameters is the product of batch size B, sequence length
S, number of layers L, number of heads N, channel size per head D, i.e., K, V € REXSXLxNxD
which need to be stored in the GPU memory during inference. To reduce memory and computational
costs during inference, efficiency can only be achieved by pruning the dimensions across .S, L, N, D
or applying quantization to the caches. It is well-acknowledged that token importance tends to be
sparse. Consequently, KV eviction algorithms have been proposed to reduce the memory footprint by
addressing the sequence length dimension .S [51} 128|158} 27]]. Additionally, inter-layer redundancy
has been explored [31} 149} 4] to address the layer dimension L. Despite these advances, existing
methods have largely overlooked the channel dimension D. In this paper, we highlight that the
magnitudes across key cache channel dimensions are significantly imbalanced, and we observe a
low-rank structure in attention weights. Based on these findings, we hypothesize that the channel
dimension of the key cache exhibits redundancy. Consequently, we focus on exploring the redundancy
in the KV cache along dimension D, aiming to develop strategies that reduce memory costs without
compromising performance.

In this paper, we introduce THINK, a simple yet effective method for KV cache pruning. To pinpoint
the least significant channels, we formulate the problem as an optimization task, aiming to minimize
the loss in attention weights caused by pruning. To effectively address this problem, we propose a
novel query-dependent criterion that assesses the importance of each channel. Using this criterion, we
then select the most critical channels in a greedy fashion. We evaluate THINK using the LLaMA [34]]
and Mistral [23]] models, and validate its effectiveness across various long-sequence datasets. The
results indicate that, when paired with token eviction and KV cache quantization methods, THINK
not only maintains comparable or superior accuracy but also reduces KV cache memory costs by
over 20%.

Contributions. This work pioneers the investigation into the sparsity within the channels of the KV
cache. Specifically, we uncover that the activated key cache is sparse for a given query. This insight
allows us to prune the key cache channels using a query-induced norm. Building on this insight,
we introduce THINK, the first channel pruning method specifically designed for KV cache. THINK
reduces the dimensionality of the cache channels, leading to linear savings in memory usage. As a
plug-and-play technique, THINK is orthogonal to other KV cache compression schemes (e.g. KV
cache eviction, quantization). Our extensive experiments demonstrate THINK’s remarkable efficiency
on the LLaMA and Mistral models. Moreover, we explore the potential extension of THINK to value
cache pruning (THINKV), showcasing the broad applicability of our method.

2 Observations

We identify several key observations (in Appendix that motivate our approach to pruning the
channels of the KV cache. Specifically, we visualize the magnitude of the KV cache and perform
singular value decomposition (SVD) on the attention mechanism of the LLaMA model.



3 ThinK

Notations. We use uppercase letters (e.g., X, Y) to denote scalar values and boldface uppercase
letters (e.g., Q, K) to denote matrices and tensors. The notation || - ||, denotes the {,,-norm for vectors.
Unless otherwise specified, | - || denotes the lo-norm. The Frobenius norm is denoted by || - || 7. The
floor function is denoted by |- |, and the ceiling function is denoted by [-].

3.1 Preliminary Study of KV Cache Optimization

In scenarios with extended contexts or batch processing, the main limitations in terms of memory
and speed are due to the handling of the KV cache size. Considering a batch of requests to a Large
Language Model (LLM) service that provides a long input prompt consisting of tokens [z 51, ..., Zps],
the total KV cache size can be computed as follows: 2 x B x S x L x N x D, where L is the number
of layers, N is the number of heads, D is the head dimension. The KV cach size grows linearly as
the batch size B and sequence length S. For a model with multihead attention (MHA) [44]], such
as LLaMAZ2-7B [43]], a context length of 2048 and a batch size of 13 require storing a 13 GB KV
cache, which is equivalent to the size of the model parameters. The KV cache must be transferred
from off-chip memory (HBM) [22] to on-chip memory (cache) for each token generated, leading
to a memory bottleneck. This substantial memory demand highlights the challenges in managing
large-scale models and the need for efficient memory utilization strategies. Current methods optimize
the KV cache based on the sequence length S [51) 58} 28] and precision [20}[32]. We will introduce
a new method, THINK, to optimize it from the perspective of the number of head dimensions D.

Table 1: Performance comparison of pruning key cache by [, norm on LongBench.
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H20 0.0 23.52 17.93 3468 42.11 33.52 19.92 22.11 2256 23.82 41.00 9046 4020 5.87 69.50 56.71 51.69 37.23

+; 03 2338 17.15 3499  40.56 31.49 19.90 21.37 2213 2344 4050 90.10 40.65 541 69.00 58.64 54.99 37.11
+1 04 2351 1540 3437 4071 31.28 20.24 21.25 2229 2254 3850 8922 3927 5.87 68.33 58.47 54.33 36.60
+> 03 2398 17.04 3519 39.27 31.29 20.40 21.62 2246 2334 4050 89.75 40.71 554 68.67 60.12 58.52 37.40
+ly 04 2376 1623 3219 4023 32.13 20.69 21.30 2225 2320 3950 89.61 4024 566 69.00 60.09 59.45 37.22

SnapKV0.0 24.84 23.96 3877 4275 34.55 20.87 22.26 22.61 2397 70.00 90.52 4029 581 69.50 59.04 51.81 40.10
+i 03 2443 2463 40.11 41.83 33.47 21.22 21.47 2241 2373  66.50 90.39 4020 5.70 68.10 61.04 55.37 40.04
+1 04 2458 2487 3930 4276 31.95 20.47 20.95 2222 2342 5550 9022  39.13 5.82 68.39 60.71 56.10 39.15
+ly 03 2447 2473 3816  41.86 32.23 20.23 21.59 2245 2377 6750 90.33 4031 570 68.42 62.65 60.07 40.28
+ly 04 2452 2375 3835 4242 32.96 20.39 21.21 2228 2341 60.00 9020 3959 575 68.29 61.96 60.59 39.74

Magnitude based Pruning: Based on the observations in Figure [3] which depicts the significant
variation in the magnitudes across different channels, one straightforward criterion is to use the norm
of the magnitude to measure the importance of different channels in key cache.

M, q = ||K[n,:d]| (1)

Given pruning ratio A\, We only keep T" = |(1 — A\)D] most important channels among the D
channels of each head: I = Top,(M,T') where || - ||,, is the [, norm of each channel. n € [1, N] and

»’

d € [1, D] are indicators of heads and channels in key cache. I € (Z+)NXT stores the indicators of
the top 7" values in tensor M per head.

In Table [T} we present the results of key cache pruning with various pruning ratios applied to
the LLaMA-3-8B model. We utilize the [; and l5 norms as criteria for evaluation, and validate
performance using the LongBench benchmark [2]. Compared to the baseline methods, H20 [58]] and
SnapKV [28]], both with a KV length of 512, we further prune the channels of the key cache. A 30%
pruning ratio can maintain accuracy; however, increasing it to 40% results in significant performance
degradation, especially for /; norm based pruning. The results of magnitude-based pruning support
our assumption that the key cache is redundant in the channel dimension. These results also indicate
the need for a better pruning matrix to achieve higher pruning ratios effectively.

3.2 Query-Driven Pruning

For each head, the attention scores are computed using the queries and keys, and then applied to

T
the values. The formula for the attention for head 7 is: Attention(Q;, K;, V;) = softmax( Q\i/l% Vi,




where Q;,K;, V; € R5*P, When one channel of K; is pruned, the corresponding channel in Q,
will also be removed. We aim to find the optimal subset of channels to prune, denoted by the
selection matrix S € {0, 1}P*P, where 8 is a diagonal matrix with binary entries (1 for keeping
a channel, 0 for pruning it). To better maintain the performance after pruning the channels, we
minimize the Frobenius norm of the difference between the original and pruned attention weights:

ming || QK] — Q,;S(K;S)” || . Given a pruning ratio ), it can further expanded as:
- T T
min || QK - Q;SK{ ||, 2

subject to trace(S) = [(1 — A\)D]
S = diag(s1, s2,...,sp), where s; € {0,1}

For simplicity, we use greedy algorithm to optimize S. To achieve the pruning goal, we define a
criterion for evaluating the importance of each channel and greedily select the channels with largest
scores: Score;[j] = HgQZ-[;j]Ki[:, j]THF, I; = Top,(Score;, T). Here’s a detailed explanation
of why it optimizes the selection matrix. The score;[j] measures the magnitude of the interaction
between the query and key vectors for channel j in each head :. By selecting channels with the
highest interaction magnitudes, we aim to retain the most significant contributions to the attention
mechanism. This criterion ensures that the selected channels preserve the primary information flow
in the attention computation, thereby minimizing the loss of important information.

Observation Window. Based on the observations in SnapKV [28] that the last window of input
sequence recognizes highly similar attention pattern with generation. To reduce the computation cost,
we only use the last S, window to calculate the score: ||Q;[—Sobs 3, j]K:i[:, 517 || -

4 Experiment Results

4.1 Settings

Benchmark Datasets. We evaluate our proposed method against state-of-the-art KV cache com-
pression methods on two widely recognized benchmarks: LongBench and Needle-in-a-Haystack.
LongBench [2] is designed to comprehensively assess the long context understanding capabilities of
LLMs. It includes 17 datasets covering six different tasks: single-document QA, multi-document QA,
summarization, few-shot learning, synthetic tasks, and code completion. The average input length of
LongBench is 6,711 words, which necessitates reducing the KV cache to lower memory usage for
inference. Needle-in-a-Haystack [24]] is a recently developed benchmark that tests a model’s ability
to accurately locate a small but crucial piece of information (the "needle") embedded within a lengthy
document (the "haystack"). The random positioning of the needle in this challenge serves as a critical
test to determine whether KV cache compression methods can retain essential information without
loss of accuracy.

Baseline Approaches. The baseline methods in our evaluations include Heavy Hitter Oracle (H20),
SnapKV and KIVI, all of which are the state-of-the-art KV cache compression methods but use
different strategies. H20 [58] is designed to reduce memory usage by dynamically managing the
balance between recent tokens and Heavy Hitter (H2) tokens. H2 tokens represent a small set of
tokens that contribute most of the value when computing attention scores. SnapKYV [28]] introduces an
automated compression mechanism that selects clustered, important KV positions for each attention
head, optimizing the KV cache without sacrificing performance. KIVI [32] reduces memory overhead
by quantizing the KV cache into lower-precision formats, significantly lowering the memory cost
while preserving model accuracy.

Implementation Details. In this paper, we use LLaMA-2-7B-chat, LLaMA-3-8B-Instruct, LLaMA-
3-70B-Instruct [34] and Mistral-7B-Instruct-v0.2 [23]] as the backbone LL.Ms, both accessible via
HuggingFace [48]]. Our THINK aims to prune channels of the key cache, which is agnostic to KV
cache compression methods. If there is no other statement, we prune the key cache by default. All
the experiments are conducted using NVIDIA A100 GPUs. To ensure a fair comparison between KV
cache compression methods and their integration with THINK, we applied consistent hyperparameters
across both settings. For instance, when comparing SnapKV and SnapKYV integrated with THINK,
we used a maximum pooling kernel size of 7 and an observation window size of 32, maintaining the
same KV-size for both configurations.



Table 2: Performance comparison of key cache pruning on LLaMA-3-(8B/70B)-Instruct on Long-
Bench. THINK () indicates we prune the key cache channels with a pruning ratio of A.

Single-Document QA Multi-Document QA Summarization Few-shot Learning Synthetic Code

Method Avg.
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LLaMA-3-8B-Instruct, KV-size Full
ALL KV 25.56 3227 39.71 43.56 35.09 21.18 28.71 2326 2664 7350 90.48 4233 480 69.25 59.29 54.05 41.86

LLaMA-3-8B-Instruct, KV-size 128

H20 22,12 1320 31.61 37.79 32.71 18.45 20.32 22.02  21.10 3850 87.75 39.14 583 69.50 55.06 50.97 35.38
+THINK (0.4) 22.85 14.55 29.49 38.63 30.84 18.90 20.12 2196  20.68 38.50 86.38 3840 550 69.17 57.93 56.12 35.63
+THINK (0.5) 23.47 14.06 28.67 38.35 30.21 17.87 19.69 21.94 19.95 3850 87.14 3807 492 69.50 57.99 56.66 35.44
" SnapKV™ T T2T.19 71355 T32.64 ~ 3875 T 2964 T 1873 T I898 ° 2062 ~ 2026 4500 8836 37.64 ~ 513 6885 55.84 518273550 -
+THINK (0.4) 22.11 14.67 32.49 36.25 28.63 18.80 18.93 2149  20.14 4450 88.11 3832 575 69.17 58.21 55.89 35.84

+THINK (0.5) 21.79 14.73  32.03 37.52 27.86 18.28 18.50 21.52 19.71 4350 86.00 3835 559 69.50 57.96 56.96 35.61

LLaMA-3-8B-Instruct, KV-size 512
H20 2352 1793 3468 42.11 33.52 19.92 22.11 2256  23.82 41.00 9046 4020 5.87 69.50 56.71 51.69 37.23
+THINK (0.4) 23.76 17.80 33.80 40.39 30.70 19.09 21.82 2251 2378 41.00 90.16  40.67 5.15 69.25 60.77 57.58 37.39
+THINK (0.5) 24.17 1696 35.76 39.47 30.29 18.67 21.39 2259  23.06 41.00 89.81 40.35  5.23  69.33 60.20 58.34 37.29
+THINK (0.6) 2340 14.83 32.62 38.47 30.97 19.81 20.80 2204 21.60 40.00 8879 3890 5.36 69.50 58.28 57.65 36.44
" SnapKV™ T 2484 72396 3877~ 4275 ~ 3455 ~ 2087 2226 2261 ~ 2397 7000  90.527 4029 ~ 58I 69.50 59.04 5181 40.10
+THINK (0.4) 24.58 2544 37.03 41.87 3345 20.58 21.77 2242 2416 7000 90.39 4029 6.06 69.50 62.05 59.23 40.55
+THINK (0.5) 24.85 25.10 37.06 41.58 32.34 20.60 21.61 2244 2366 69.50 9039 39.70 584 69.79 61.57 59.42 40.34
+THINK (0.6) 25.98 22.77 3837 40.44 33.19 19.90 20.84 2221 2255 59.00 9032 3812 639 69.50 59.14 58.40 39.20

LLaMA-3-8B-Instruct, KV-size 1024
H20 2562 2216 3681 41.01 3353 19.41 23.28 2265 2541 4650 90.82  41.78 579 69.25 59.69 55.50 38.70
+THINK (0.4) 25.52 21.93 37.17 41.56 31.22 20.17 22.89 2295 2521 47.00 90.74  41.34 5.57 69.50 62.58 58.67 39.00
+THINK (0.5) 2541 22,19 37.64 40.92 31.27 18.66 22.17 2222 2484 4650 9034 4059 520 69.50 61.71 57.99 38.57
+THINK (0.6) 24.06 17.80 37.85 38.63 29.98 19.40 21.41 2232 2342 4450 90.16 3943  5.84 69.50 58.31 58.73 37.58
" SnapKV™ T 72462 2599 T37.64 ~ 4384 T 3499 T 2000 T 2428 ° 2239 T 25.63 725 9056~ 4047 T 536 69.25 60.57 56.11 40.88 ~
+THINK (0.4) 24.88 27.72 38.60 43.16 32.44 20.67 24.21 2279 2556 7150 9045 4094 593 69.50 62.77 59.45 41.29
+THINK (0.5) 24.82 27.26 39.66 42.82 32.09 19.56 23.52 2248 2534 7150 90.43 4074 520 69.50 62.46 59.75 41.07
+THINK (0.6) 24.46 2735 3822 41.96 31.64 20.18 21.89 2283 23.68 70.00 90.19 3869 6.10 69.50 58.87 59.26 40.30

LLaMA-3-8B-Instruct, KV-size 2048
H20 2556 26.85 39.54 44.30 32.92 21.09 24.68 23.01 26.16 53.00 90.65 41.84 491 69.25 58.43 51.31 39.59
+THINK (0.4) 25.56 2631 39.20 42.96 31.81 20.53 2423 2335 2590 5350 90.56 41.03 552 69.25 62.10 59.00 40.05
+THINK (0.5) 25.01 2537 38.82 42.32 31.27 20.50 23.78 23.21 26.03 53.00 90.37 40.86 5.13 69.50 61.91 58.95 39.75
+THINK (0.6) 24.37 22.14 37.77 40.13 29.50 2026 2209 2276 2478 4950 90.16  39.69 5.56 69.50 59.24 58.78 38.51
" SnapKV™ T T25.86 2955 4110~ 4499 ~ 3580 ~ 21810 T 25.98 ° 2340 ~ 2646 7350 9056 41.66 ~ 517 69.25 58.67 51.52 41.58 ~
+THINK (0.4) 2541 29.79 39.21 43.35 33.96 21.49 25.78 23.11 2623  73.00 90.56 4179 581 69.50 62.45 59.19 41.91
+THINK (0.5) 25.00 3025 39.27 43.23 3293 2124 2516 2301 265 73.00 9037 4126 545 69.50 623 59.84 41.77
+THINK (0.6) 24.89 28.88 40.44 41.30 29.99 21.34 23.48 229 2499 7250 90.36 38.5 571 69.50 59.77 59.50 40.88

LLaMA-3-70B-Instruct, KV-size 128
SnapKV 2591 3941 4383 49.60 51.23 27.76 22.14 21.91 23.16 69.00 91.55 43.54 1250 72.00 48.41 63.49 44.09
+THINK (0.4) 25.64 39.20 43.60 50.22 50.50 29.32 2170 2196 2335 68.00 9127 4324 1250 73.00 48.01 62.43 44.00
+THINK (0.5) 2631 38.76 44.86 48.54 49.62 28.97 21.46 22.01 2291 67.00 91.52 43.15 1250 72.50 47.21 60.82 43.63

LLaMA-3-70B-Instruct, KV-size 512
SnapKV 2795 4519 4850 50.97 54.53 29.78 25.34 22.36 26.03 73.50 92.63 45.07 1250 72.50 45.21 68.22 46.27
+THINK (0.4) 2747 4531 4857 51.22 54.32 30.05 2542 2272 2620 7350 9213 4553 1250 73.00 48.32 66.99 46.45
+THINK (0.5) 2697 44.55 48.16 50.84 53.80 30.57 25.29 22.65 2553  73.00 92.13 43.66 12.50 73.00 50.52 64.82 46.12

LLaMA-3-70B-Instruct, KV-size 1024
SnapKV 26.80 46.21 49.93 51.70 54.71 29.86 27.61 22.43 27.15 7350 92.38 46.18  12.50 72.50 42.84 69.89 46.64
+THINK (0.4) 27.04 46.01 50.13 51.96 54.36 29.87 2774 2278 2707 7350 91.88 4635 12.50 73.00 45.05 67.87 46.69
+THINK (0.5) 27.62 46.22 4897 51.79 53.39 30.47 27.45 23.05 26.57 7350 91.88 4399 1250 72.50 47.41 66.84 46.51

LLaMA-3-70B-Instruct, KV-size 2048
SnapKV 2744 4651 49.60 51.80 54.77 31.05 29.67 22.44 2743 7350 92.38 4598 12.50 72.50 41.86 68.72 46.76
+THINK (0.4) 27.13 4626 50.04 51.72 55.03 31.19 2975 2247 2728 7350 91.88 4637 1250 72.50 42.66 67.77 46.75
+THINK (0.5) 27.84 46.86 49.18 51.97 53.58 31.44 29.41 22.89 2733 7350 91.88 43.60 1250 72.50 44.78 66.65 46.62

4.2 Results on LongBench

Tables[2]and [3|present the results of KV compression methods and their integration with our proposed
channel pruning technique for the key cache (THINK) across three different base LLMs, evaluated at
various KV-sizes on the LongBench benchmark. The following observations can be drawn: (1) Our
method successfully prunes the channels of the key cache after the KV cache has been compressed
using H20 and SnapKV. For the LLaMA-3-8B-Instruct base model, our approach reduces memory
usage while slightly improving performance for both H20 and SnapKV. For the Mistral-7B-Instruct-
v0.2 base model, our method similarly reduces memory usage, with only a minor performance drop in
some cases. For the larger LLaMA-3-70B base model, our method achieves comparable or superior
performance after pruning 40% of the key cache channels, compared to the SnapKV baselines. (2)
When Comparing SnapKV or H20 integrated with THINK in Table [2]to SnapKV or H20 integrated
with [; or [, norm in Table (I} our query-driven channel pruning approach demonstrates superior
performance when the pruning ratio of A = 0.4. (3) Lower pruning ratios generally result in better
performance compared to higher pruning ratios. (4) As the KV-size increases from 128 to 2048,
the performance of our channel pruning method improves. Notably, with a KV-size of 2048 and



Table 3: Performance comparison of key cache pruning on Mistral-7B-Instruct-v0.2 on LongBench.
THINK ()) indicates we prune the key cache channels with a pruning ratio of A.

Single-Document QA Multi-Document QA Summarization Few-shot Learning Synthetic Code

Method Avg.
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Mistral-7B-Instruct-v0.2, KV-size Full
ALL KV 26.63 3299 49.34 4277 27.35 18.77 32.87 2424 27.10 71.00 8623 4296 275 86.98 56.93 54.49 42.71

Mistral-7B-Instruct-v0.2, KV-size 128
H20 21.21 21.81 3887 30.42 20.36 12.30 20.58 22.61 22,10 39.00 8237 4044 290 79.56 51.22 48.38 34.63
+THINK (0.4) 21.17 21.90 39.29 29.92 20.99 1230 20.84 2291 2192 39.00 8270 4035 297 79.21 51.19 48.32 34.69
+THINK (0.5) 21.67 21.80 39.48 28.74 20.65 13.14 20.57 2283  21.78 39.00 8254  40.12 3.61 7839 50.27 484 34.56
+THINK (0.6) 21.04 21.30 39.56 28.68 21.29 13.97 20.13 2252 21.81 3950 82.05 39.14 4.16 74.23 49.83 47.67 34.18
" SnapKV™ T T19.17 2140 T42.93 T 3676 ~ 2244 T 1586  19.16 ~ 2084 T 21557 47350 8415 4024 T 230 6826 52.31 4880 35.29 -
+THINK (0.4) 20.52 21.00 42.65 37.58 22.09 15.23 19.29 22.01 2122 47.00 8385 39.64 320 67.45 51.48 48.31 35.16
+THINK (0.5) 20.67 20.60 43.37 37.27 21.58 15.66 19.06 2179 21.02 47.00 8338 39.77 3.65 67.06 50.80 48.35 35.06
+THINK (0.6) 21.25 20.82 4420 36.21 21.68 16.47 19.05 21.99  20.73 45.00 83.81 3879 419 66.90 49.99 47.61 34.92

Mistral-7B-Instruct-v0.2, KV-size 512
H20 21.83 26.00 44.69 3246 23.05 14.69 23.53 23.06 2459 4200 8522 4149 340 86.20 54.78 51.09 37.38
+THINK (0.4) 21.58 26.15 4449 32.73 23.99 15.09 23.56 2328 2445 4200 8558 4258 3.18 857 5439 51.15 37.49
+THINK (0.5) 22.76 2574 44.61 31.74 23.25 13.91 23.31 23.13 2434 41.00 8539 4185 282 84.36 54.69 50.88 37.11
+THINK (0.6) 22.91 2557 44.04 29.48 22.88 13.67 23.31 2264 2410 41.00 8531 41.15 298 8234 53.70 50.25 36.58
" SnapKV™ T 72444 72787 4898 3946 ~ 2525  T698 2370 2296 ~ 2437 6700 85.88° 4126 ~ 278 86.56 56.46 5341 40.46
+THINK (0.4) 24.27 2846 49.26 38.13 24.22 16.92 23.59 2370 2446 6750 859 4251 292 8532 55.89 53.35 40.40
+THINK (0.5) 24.56 29.22 48.59 37.70 24.27 17.39 23.68 23.65 2458 6750 86.05 4201 3.07 86.30 56.49 53.29 40.52
+THINK (0.6) 24.07 2827 49.10 38.65 2431 17.52 23.16 23.51 2423 67.00 86.33 40.78 3.69 83.74 54.94 52.23 40.10

Mistral-7B-Instruct-v0.2, KV-size 1024
H20 23.67 2855 4640 36.99 24.82 15.02 2521 23.04 2577 4600 8593 4198 3.24 86.57 56.40 52.75 38.90
+THINK (0.4) 23.97 2891 4584 35.78 24.88 14.55 25.11 2335 2583 4550 86.11 4244 323 84.82 56.21 53.02 38.72
+THINK (0.5) 23.89 2840 46.60 35.57 24.26 14.78 24.98 23.31 25.68 4450 86.16 4272 3.38 83.20 55.88 52.63 38.50
+THINK (0.6) 23.87 27.76 46.25 35.28 24.38 14.74 24.35 2335 2550 4450 8538 4137 334 81.42 5521 51.89 38.04
" SnapKV™ T 72547 72957 4933~ 4090 ~ 2553 T19.01° 2594 2389 2621 69350 8648 4210 ~ 298 88356 57.19 53.60 41.64
+THINK (0.4) 25.22 3048 4858 41.11 25.28 18.99 2591 2400 2613 70.00 86.64 4335 298 86.3 56.71 54.19 41.62
+THINK (0.5) 25.63 30.08 49.41 40.59 25.13 19.58 25.47 2423 2592 69.5 86.67 4231 274 84.78 57.43 53.59 41.44
+THINK (0.6) 24.69 293 4890 40.44 25.33 19.58 25.23 23.6 2525 69.00 86.85 4086 3.19 83.70 56.3 53.30 40.97

Mistral-7B-Instruct-v0.2, KV-size 2048
H20 25.76 31.10  49.06 40.38 26.43 16.78 27.17 23.64 26.69 55.00 86.35 4248 272 86.64 56.98 53.91 40.69
+THINK (0.4) 2540 30.80 4845 39.64 26.08 1682 27.12 2379 2665 5350 8639 4303 329 86.39 56.61 53.60 40.47
+THINK (0.5) 25.68 31.24 48.69 39.65 25.84 16.72 26.69 2357 2678 5200 86.74 4285 4.01 83.46 57.12 53.67 40.29
+THINK (0.6) 25.83 31.00 4823 38.58 25.71 16.54 26.51 23.81 26.28 50.50 86.57 42.05 336 8249 56.04 52.67 39.76
+THINK (0.4) 25.77 32.67 48.70 41.06 27.07 19.14 2891 24.37 26.88 70.00 86.37 4275 3.61 87.38 57.21 54.44 42.27
+THINK (0.5) 2644 3294  49.02 40.86 26.84 19.49 2846 2451 2672 70.00 8650 4175 278 84.70 56.47 54.15 41.98
+THINK (0.6) 26.00 32.53 48.73 40.95 26.77 18.92 27.40 23.97 26.37 70.00 86.45 41.12 331 82.24 56.01 53.53 41.52

Table 4: Performance evaluation of combining THINK with KIVT [32] on LongBench. THINK (0.4)
indicates we prune the key cache channels with a pruning ratio of A = 0.4.

Single-Document QA Multi-Document QA ization F hot Learning Synthetic Code
Method Bit > > < S Avg.
Q> S o W S ¢ < R I I VR s By
N <9 o A o O S RN O o A IS \:
R VN e T e & o* REER Rt QP&‘ DL Ll Vi
KIVI 2/2 1947 18.62 30.28 29.42 25.00 1030 21.34 2051 2510 63.00 8504 40.16 4.00 8.00 58.04 52.48 31.92
+THINK (0.4) 2/2 19.46 19.01  30.52 28.79 25.78 9.53 22.11 20.66 2573 63.00 84.62 41.54 350 7.00 56.51 48.92 31.77

a pruning ratio of 0.4, our method even surpasses the performance of LLaMA-3-8B-Instruct with
a full KV cache. These findings suggest that our method is agnostic to the underlying KV cache
compression techniques and can further enhance both performance and memory efficiency. Moreover,
query-driven channel pruning proves more effective than /; and /5 norm-based methods for channel
pruning in LLMs. We further validate the efficacy of our method by applying it to the KV cache
quantization technique KIVI [32]], as shown in Tablelé-_ll First, we prune 40% of the key cache channels,
followed by quantization of the remaining channels into 2-bit (implementation details provided in
Appendix[C.2Z). Compared to the standard KIVI method, our approach reduces KV cache memory by
20%, with minimal performance degradation.

4.3 Ablations

Performance Comparison Under the Same Memory Usage. To ensure a fair comparison, we
adjust the KV-size of H20 or SnapKV to match the memory usage of H20 with THINK or SnapKV
with THINK on Mistral-7B-Instruct-v0.2. For example, the KV-size of H20 with THINK is set to
128. Due to channel pruning applied to the key cache, the memory consumption of H20 with THINK
at a K'V-size of 128 is lower than that of H20 at the same KV-size. Consequently, the K'V-size of
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Figure 2: (a) presents the performance comparison with token eviction methods under identical
memory usage for Mistral-7B-Instruct-v0.2, while (b) illustrates the memory usage comparison
with the KV cache quantization method KIVI across different batch sizes for LLaMA-2-7B-chat.
THINK (0.4) indicates we prune the key cache channels with a pruning ratio of A = 0.4.

Table 5: Needles-in-a-Haystack Test Results

Model Method A KV-size
128 512 1024 2048
SnapKV 00 796 902 912 917

LLaMA3-8B-Instruct SnapKV+THINK 04 796 903 912 91.7
SnapKV+THINK 0.5 774 89.6 91.0 91.7

SnapKV 00 77.8 895 904 908
SnapKV+THINK 04 786 90.1 90.6 90.9
SnapKV+THINK 05 781 90.1 90.8 91.1
SnapKV+THINK 0.6 759 892 90.6 91.1

Mistral-7B-Instruct-v0.2

H20 is adjusted from 128 to 109 to equalize memory usage. Table [7] and Figure [Za] present the
results of these comparisons on the LongBench benchmark. The results demonstrate that H20 or
SnapKV combined with THINK consistently outperforms their counterparts without THINK while
maintaining the same memory footprint. This highlights the effectiveness of integrating query-driven
channel pruning with KV cache compression methods, enabling more efficient memory utilization
and improved compression of the KV cache.

Memory Usage Comparison. To evaluate the efficiency of THINK, we follow the methodology used
in KIVI [32]. We generate synthetic workloads with an input prompt length of 160 and an output
length of 338. The peak memory usage is reported for the vanilla FP16 baseline, KIVI, and KIVI
combined with THINK (0.4) for LLaMA-2-7B-chat. As in Figure 2b] the memory savings from our
method become increasingly evident as the batch size grows, in both the KIVI 2/2 and KIVI 4/4
configurations. Compared to the baseline model, our approach achieves over a 5x increase in batch
size while maintaining the same memory footprint when integrated with KIVI. More ablations are
presented in Appendix [A2]

4.4 Results on Needle-in-a-Haystack

Table 3] presents the results of the Needle-in-a-Haystack test, using the SnapKV [28] approach with
varying KV-sizes, ranging from 128 to 2048. With a modest pruning ratio of A = 0.4, THINK
consistently outperforms or matches the accuracy of the original SnapKV across both LLaMA-3
and Mistral models, regardless of KV-size. These comparisons demonstrate that the proposed query-
driven channel pruning method effectively retains informative channels while discarding noisy ones.
However, when the pruning ratio increases to A > 0.5, we observe a drop in accuracy with smaller
KV-sizes, particularly for 128 and 512, across both LLaMA-3 and Mistral models. Despite this,
THINK achieves comparable performance with SnapKV when the KV-size is larger(i.e., 1024 and



2048). Intuitively, a larger pruning ratio with a smaller KV-size may lead to the loss of more critical
information compared to scenarios with a larger KV-size. In addition, the performance on larger
KV-sizes suggests that THINK is robust for long-context tasks.

Figure 5] (a)-(d) (in Appendix [B) visualize the Needle-in-a-Haystack accuracy across varying token
lengths and depth percentages. The KV-sizes are set to 128 and 1024, with pruning ratios of A = 0.4
and A = 0.5, respectively. THINK preserves the retrieval capabilities of SnapKYV, although there
are minor numerical differences in overall accuracy (e.g., 77.8 vs. 78.6 and 90.4 vs. 90.6). THINK
matches SnapKV in accuracy for the majority of token limits and depths, demonstrating consistency
in performance. Furthermore, THINK successfully retrieves certain "needles" that SnapKV fails to
capture, resulting in improved overall accuracy. These visualizations highlight the robustness of
THINK from a fine-grained perspective, illustrating its capacity to enhance the original approach.

5 Related Work

In scenarios involving long contexts, the most significant computational burden from the attention
mechanism is the key-value (KV) cache. Reducing the KV cache is a high priority for optimizing de-
ployment efficiency. System-level optimizations, such as FlashAttention [8] and PagedAttention [26],
have been developed to address this issue. Additionally, algorithm-level optimizations are being
explored to further enhance efficiency.

KYV Cache Eviction. Streamingl.LLM [51]] maintains a few initial tokens and some recent tokens based
on the observation of attention sink, which may result in the loss of important information carried by
the dropped tokens. H20 [58] retains only a small portion of the tokens by greedily dropping tokens
based on their contributions to the cumulative attention. SnapKV [28] selects clustered important KV
positions for each attention head from an ‘observation’ window located at the end of the prompts.
FastGen [16] adaptively evicts tokens from attention heads that emphasize local contexts. This
approach focuses on discarding non-special tokens centered on special tokens, while the standard
KV cache is used only for attention heads that broadly attend to all tokens. PyramidKV [57] and
PyramidInfer [54] considers adjusting the KV cache size across different layers by allocating more
cache in the lower layers and less in the higher ones.

KV Cache Quantization. SmoothQuant [50] can quantize the KV cache to 8-bit with minimal
performance degradation. Q-Hitter [58] uses accumulated attention scores and ‘Quantization Friend-
liness’ metrics to identify tokens that are essential for maintaining the generalization capabilities of
LLMs and are suitable for KV cache quantization. Some studies have found that the key cache and
value cache should be quantized differently [32,[20]: the key cache should be quantized per-channel,
while the value cache should be quantized per-token.

Structured Pruning of LLMs. Structured pruning [33| [11] of LLMs traditionally focuses on
removing unimportant layers, heads, and hidden dimensions, which often results in significant
performance degradation. In contrast, our methodology preserves the original architecture of the
LLM and specifically targets the channel dimension within each head’s key cache. By dynamically
identifying unimportant channels based on data dependant criterion, our approach greatly reduce the
key cache-size with negligible performance loss.

6 Conclusion

Motivated by the observation that certain channels have significantly larger magnitudes compared to
others, and the singular value analysis indicates that the key cache is inherently low-rank [39], we
propose THINK to perform pruning over the key cache channel. The proposed pruning strategy is
query-dependant and optimized based on the attention scores, ensuring that essential information
is retained for each input query. In addition, THINK can be seamlessly integrated with other
popular token-level KV cache quantization techniques [28l 58], further enhancing inference efficiency.
Extensive experiments on LongBench [2] and Needle-in-a-Haystack tests with two foundation models
demonstrate the effectiveness and robustness of our query-dependent channel pruning method. Our
approach achieves comparable or superior performance to baseline methods while reducing the key
cache size by 40%. Our analysis indicates that THINK can maintain superior performance over
baselines with a smaller KV cache size under equivalent memory consumption conditions.
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A Appendix

A.1 Observations

Magnitudes of KV cache channels. Figure 3] visualizes the absolute values of the KV cache across
tokens in each channeﬂ Consistent with previous findings [30} 50, [32]], we observe that only certain
channels have significant magnitudes in the key cache, whereas the value cache lacks obvious patterns.
For instance, in layer 14 (Figure [3|(a)), the magnitudes in the key cache are substantially higher
around the 50*" channel across all tokens. A similar pattern is observed in the 50" and 150"
channels of the first head in layer 20 (Figure|3|(c)). Given such an observation, [32] proposed to
perform quantization over the channels of the key cache. Beyond quantization, our findings suggest
that certain key cache channels with smaller contributions to the attention mechanism can be pruned.
Moreover, channel quantization and pruning are orthogonal techniques, meaning they can be applied
concurrently to further improve model efficiency.

Singular value analysis. We conducted singular value decomposition (SVD) [9] on the attention
weights of the specified layers to investigate their principal components. The singular values derived
from SVD capture the effective rank of the attention matrix, indicating how the information is
distributed across different components.

Figure [f] (a) illustrates the energy distribution of the singular values, plotted on a logarithmic scale to
enhance visibility of the differences. Notably, only a few singular values exhibit high energy levels
exceeding 0.01 across all heads and layers, highlighting their relative significance. This observation
aligns with previous findings [3]], where a small subset of singular values often captures most of
the information in attention mechanisms. In addition, the rapid decay of the energy suggests that a
low-rank approximation can effectively capture the essential information in the key cache.

Figure[d (b), the normalized cumulative energy sum reveals that the top 50 singular values account
for over 90% of the total energy. These findings suggest that the attention matrix is inherently
low-rank [47, |6l [13]], indicating that the key cache can be approximated using low-dimensional
vectors [39].

'We use the visualization code from https://github.com/jy-yuan/KIVI/tree/main/vis,

12


https://github.com/jy-yuan/KIVI/tree/main/vis

i “\\\‘ | !
(it “‘ W‘
My,

60
zfoke,47100

(a) Key Cache (14" layer)  (b) Value Cache (14" (¢) Key Cache (20%" layer)  (d) Value Cache (20"
layer) layer)

Figure 3: Magnitude of key and value cache for LLaMA3-8B. The first head of layer 14 and layer 20
of LLaMA3-8B is selected to visualize the magnitude of the key and value caches. We observe that
the magnitudes of the key cache channels vary differently, whereas the channels of the value cache
do not exhibit such variation.
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Figure 4: The energy and cumulative energy of the singular values.

A.2 Ablation Studies

Impact of Different Recent Sizes. Preserve the most recent KV embeddings [58], 28] is important
for maintaining the performance of LLMs after KV cache compression. Note that a tradeoff exists:
increasing the recent-size allows more infomation to be propagated, while increasing the cache size
to be stored. To study its impacts, we evaluate the performance produced by three recent-size, namely
0, 32 and 128, on LongBench, using Mistral-7B-Instruct-v(.2 as the basleline model. The results
are summarized in Table[§] One can observe that a recent-size of 32 yields superior performance
than 0 in terms of averaged score on LongBench which demonstrates the importance of keeping the
most recent KVs. On the other hand, the performance of 32 and 128 is negligible, suggesting that
maintaining the most recent 32 KVs suffices to preserve optimal performance.

Pruning Channels of Both Key and Value Cache. In our previous study, we evaluate methods
with pruning channels of the key cache. In this part, we explore the impact of pruning channels
of the value cache. Specifically, for KV cache compression methods, we prune channels of the
key cache at one pruning ratio and channels of the value cache at another pruning ratio. Table [§]
presents the results with LLaMA3-8B and Mistral-7B on LongBench. When testing on the base
model LLaMA3-8B, H20 or SnapKV with key and value channel pruning can perform on par with
H20 or SnapKV without channel pruning. In some cases, H20 or SnapKV with key and value
channel pruning may even perform better. Pruning the channels of the value cache over the base
model Mistral-7B experiences a slight performance drop. Despite this, note that KV cache with
additional value channel pruning can further reduce memory usage.

B Needle-in-a-Haystack test performance comparison

Figure 5] visualizes the test performance comparison on Needle-in-a-Haystack on Mistral-7B-Instruct-
v0.2.
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Table 6: Performance comparison of key cache pruning with varying recent-sizes.

Single-Document QA Multi-Document QA Summarization Few-shot Learning Synthetic Code

Recent-Size >

Avg.
> 3 > Q
gt“Q o ‘\0\?&

IR LR & e ¢ o o B
,ﬁq‘\‘é@ §;\\\9‘6’ G&Q@Q Qv‘s v\o\\ﬁ ‘ﬂv& .«\“‘b “:W\% QCP“ s

H20 + THINK (A = 0.4)
0 2440 27.50 4542 3517 2445 1302 27.65 23.88 2686 5350 86.06 4173 301 8342 55.12 51.32 3891
32 2540 30.80 4845  39.64 2608 1682 27.12 2379 2665 5350 8639 43.03 329 8639 56.61 53.60 40.47
128 2569 3093 4832 3963 2608 1682 27.18 2392 2662 53.50 8639 4296 3.29 8639 56.77 53.60 40.51

SnapKV + THINK (A = 0.4)

0 2494 2858 4578 39.59 25.40 15.92 29.50 24.05 2672 7000 8560 4138 297 84.00 55.27 52.39 40.76
32 25.77 32.67 4870 41.06 27.07 19.14 28.91 2437 2688 70.00 86.37 4275 3.61 87.38 57.21 54.44 42.27
128 25.75 3249 4861 41.01 27.18 19.14 28.79 24.64 2677 7000 8637 4277 3.61 87.13 57.19 54.39 42.24

Table 7: Performance comparison of key cache pruning with the same memory consumption.

Single-Document QA Multi-Document QA Summarization Few-shot Learning Synthetic Code
Methods Memory(M) > > & <« . I Avg.
QS e W P 0 RS OO P
N Q' o' A 3 O ) » R )X o A
R R R P R PR R S
H20
Vanilla 54.5 2129 20.69 37.66 28.65 21.08 14.01 20.20 22.11 2133 3850 8255 39.87  3.66 78.14 50.32 48.54 34.29
THINK 54.4 21.17 2190 39.29 29.92 20.99 12.30 20.84 2291 21.92  39.00 82.70 4035 297 79.21 51.19 48.32 34.69

Vanilla 208.0 22.13 2383 4324 30.92 23.36 14.56 2292 2277 2423 4150 85.04 4126 3.02 86.03 54.91 50.50 36.89
THINK 208.0 21.58 26.15 44.49 3273 23.99 15.09 23.56 2328 2445 42.00 85.58 4258 3.18 85.7 54.39 51.15 37.49
Vanilla 413.0 2290 2845 46.16 35.57 23.86 13.74 24.90 23.19 2577 4450 8554 4197 322 85.82 55.96 52.33 38.37
THINK 412.8 2397 2891 45.84 3578 24.88 14.55 25.11 2335  25.83 4550 86.11 4244 323 84.82 56.21 53.02 38.72
Vanilla 8225 25.51 30.23 4823 39.72 25.56 16.75 26.98 23.81 2647 5050 86.43  42.09 278 8557 574 53.42 40.09
THINK 822.4 2540 30.80 4845 39.64 26.08 16.82 27.12 2379 2665 5350 8639 4303 329 86.39 56.61 53.60 40.47

SnapKV
Vanilla 54.5 19.25 1995 42.80 35.88 21.96 14.59 18.76 21.71 2070 46.00 84.12 3943 259 6536 51.39 47.81 34.52
THINK 54.4 20.52 21.00  42.65 37.58 22.09 15.23 19.29 22.01 2122 47.00 83.85 39.64 320 67.45 51.48 48.31 35.16
Vanilla 208.0 2331 2745 4885 38.77 23.93 16.50 23.44 23.63 24.13  66.00 86.05 41.00 2.62 87.01 56.13 52.60 40.09

THINK 208.0 2427 2846 49.26 38.13 24.22 16.92 23.59 2370 2446 6750 8590 4251 292 8532 55.89 53.35 40.40
Vanilla 413.0 2424 2953 49.13 40.48 25.05 18.74 25.46 23.64 2560 68.00 86.14 4142 3.03 88.55 57.08 53.86 41.25
THINK 412.8 2522 3048 48.58 41.11 25.28 18.99 2591 24.00 2613 70.00 86.64 4335 298 86.30 56.71 54.19 41.62
Vanilla 8225 24.84 3190 48.16 41.32 26.77 19.49 28.23 24.63 2641 70.00 8632 41.83 291 88.06 56.98 53.74 41.97
THINK 822.4 2577 3267 487 41.06 27.07 19.14 28.91 2437  26.88 70.00 86.37 4275 3.61 87.38 57.21 54.44 42.27

C Implementations

C.1 Implementation of THINK

Following SnapKYV, we focus on the long context input

scenario. We opt not to prune the most recent tokens % ]

and newly generated keys. Consequently, our key-
value (KV) cache will store two distinct categories Pruned Query Pruned Key  ruroysee Query
of keys: one subset consists of pruned keys with a T
reduced channel size, while the other retains keys at i

their original size. Additionally, we maintain a binary #— pE

mask to indicate which channels have been pruned. 4z
Note that the memory overhead associated with this remalargh  beaiegrss

mask is negligible. Figure[6]illustrates one implemen-
tation of our method during the decoding stage. This
implementation involves initially pruning the query using the mask. The pruned query is then multi-
plied by the pruned key, while the unpruned query is applied to the unpruned Key. Subsequently, the
two outputs are concatenated.

Figure 6: Implementation during decoding.

C.2 Implementation with quantization

Figure[7illustrates the implementation of our method when integrated with the KV cache quantization
method KIVI [32]. During the prefill phase, we first prune the unimportant channels of X x before
applying quantization. In the decoding phase, each newly arrived key cache ¢k is added to X, .
Once X, reaches G tokens, the residual length hyperparameter in KIVI, we prune and quantize the
data, then concatenate it with the previously quantized Q(P(Xk,)).
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Table 8: Performance comparison of pruning both K and V cache with different pruning ratios on
LongBench. H20 + THINKV (A;1+\2) indicates that the key cache channels of H20O are pruned with
a pruning ratio of \; and the value cache channels are pruned of a pruning ratio of .

Single-Document QA Multi-Document QA S ization Few-shot Learning Synthetic Code
Method » » s\ <« - » Avg.
Qo & A R o o o g ¢ L o W e L« B
o) S o A o™ > Ry o Ll
~T o W Fe m\g\‘& W G@x‘ o §Ns\‘ R R gy&\ PO Ll G
KV-size 128
H20 22.12 1320 31.61 37.79 3271 18.45 20.32 22.02 21.10 3850 87.75 39.14 583 69.50 55.06 50.97 35.38
+THINKV (0.3+0.3) 23.71 33.08 41.86 29.88 18.04 19.60 21.65 20.26  38.00 86.08 38.61 5.16 69.50 57.59 55.19 35.74

3
+THINK(0.3+0.3)  21.86 13.79 33.26 40.93 29.39 19.22 18.81 21.30 1926 4150 87.00 3795 578 69.50 57.84 55.62 35.81

g
‘E KV-size 512
= H20 2352 1793  34.68 42.11 33.52 19.92 22.11 22.56 2382 41.00 90.46 4020 5.87 69.50 56.71 51.69 37.23
g +THINKV (0.3+0.3) 22.83 17.57 34.18 42.67 33.52 19.95 21.17 2223 22.82 3850 90.11 39.08 521 69.0 59.99 56.83 37.23
o [ SnapkV™ — T T 7 248472396 ~ 3877 T4275 ~ 3455 T 2087 T 22267 2261 ~ 2397 7000 90.527 "40.29 ~ 58T 69.50 59.04 51.81740.10 ~
g +THINKV (0.3+0.3) 24.57 2459 38.09 44.61 34.37 20.37 21.23 21.95 2330  66.00 90.69 39.38  5.60 69.00 61.75 58.46 40.25
Gl
3 KV-size 2048

H20 2556 26.85 39.54 44.30 32.92 21.09 24.68 23.01 26.16  53.00 90.65 4184 491 69.25 58.43 51.31 39.59

+THINKV (0.3+0.3) 25.03 26.77 39.68 42.12 33.08 19.59 23.00 22.89 2527 51.00 91.11 40.58 523 69.00 61.12 57.95 39.59
| STHINKY 0.450.4) 2487 2431 3777 4313 3442 1960 2167 2270 2452 4900 081 3938 600 69.00 6181 808 30.19
+THINKV (0.3+0.3) 25.13 29.97 40.35 44.12 34.64 19.94 23.62 23.03 2530 7250 90.78 39.46 535 69.00 61.50 57.91 41.41
+THINKV (0.4+40.4) 25.13 28.85 40.70 4421 36.36 21.07 2231 22.89 24.80 7250 90.88 38.77 641 69.00 61.49 58.87 41.52

KV-size 128
H20 2121 21.81 3887 3042 2036 1230 2058 2261 2210 39.00 8237 4044 290 79.56 51.22 48.38 34.63
+THINKV (0.3+0.3) 20.71 21.49 38.01 30.66 22.28 13.87 20.13 22.45 21.07 3850 8220 38.69 294 78.56 51.55 48.28 34.46
[ SmapRV™ ~ ~ 7 19.17 2140 ~ 4293~ 736.76 ~ 2244 T 71586 ~ 19.16 2084 T 21557 4750 8415 4024 ~ 230 6826 52.31 48:80 35.29
+THINKV (0.3+0.3) 19.92 20.61 4268  37.63 2319 1509 1897 2193 2055 4500 84.06 3933 299 66.00 51.51 47.51 34.81
KV-size 512
H20 2183 2600 4469  32.46 2305 1469 2353 2306 2459 4200 8522 4149 340 86.20 54.78 51.09 37.38
+THINKV (0.3+0.3) 22.36 2426 44.77 30.47 22.94 14.96 22.63 22.90 23.73 4150 8530 4021 3.08 80.07 54.48 50.96 36.54
o | fTHINKV (0.3+0.1) 22.14 2515 4529 3178 2321 1462 2336 2270 2451 4150 8561 4158 275 84.03 54.50 51.09 37.11
S [ SmapkV™ ~ T 7 © 24447 27.81 ~ 4898 73946 ~ T2525 T 71698 T 23.70° 2296 ~ 2437 67.0 8588  "41.26 ~ 278 "86.56 56.46 5341 40.46
L | +THINKV (0.3+0.3) 24.10 27.04 4776  38.66 2545 1751 2264 2281 2391 6600 8662 3991 336 8224 55.96 52.81 39.80
2 | +THINKV (0.3+0.1) 23.90 28.14 4835  39.03 2483 1668 2351 2312 2434 6750 8609 4169 2.65 84.34 57.29 53.22 40.29
= KV-size 1024
£ | mo 2367 2855 464 3699 2482 1502 2521  23.04 2577 4600 8593 4198 324 5275 38.90
s | +THINKV (0.3+0.3) 23.65 26.54 47.00 35.52 24.79 17.15 23.64 23.12 2520 44.00 8638 41.67 346 38.23
Z | +THINKV (03+0.1) 24.13 2857 4631 2333 2593 4550 8591 4297 257
= [ SnapRV~ ~ 2547 729.57 ~ 49337 . 389 T 26217 6950 8648 "42.10 ~ 298 "88.56 57.19 353.60 41.64 ~
+THINKV (0.3+0.3) 25.29 29.25 49.17 23.02 2527 69.00 86.70 4092 3.29
+THINKV (0.3+0.1) 25.84 29.30  49.56 2529 19.02 2521 2373 2572 69.00 86.69 4255 244 54.10 41.45
KV-size 2048
H20 2576 3110 49.06  40.38 2643 1678 2717 23.64 2669 550 8635 4248 272 86.64 56.98 53.91 40.69
+THINKV (0.3+0.3) 25.60 28.74 47.54  38.67 2625 1735 2454 2327 2615 5100 87.01  43.02 294 81.46 56.41 54.26 39.64
+THINKV (0.3+0.1) 25.64 30.65 48.95 40.42 26.43 16.65 26.76 23.51 26.59 5250 86.53 4345 2.66 83.96 56.55 53.83 40.32
[ SmapkV™ ~ ~ T T 25.89 T32.56 ~ 48557 T41.68 T 2724 T TI875 T 2890 2447 T 26637 7000 8627 4257 ~ 309 "86.93 57.44 35383 42.18
+THINKV (0.3+0.3) 27.01 30.72  48.81 41.15 26.93 18.93 25.81 23.59 2642 70.00 86.82 4191 3.05 82.65 57.01 54.25 41.57
+THINKV (0.340.1) 2622 32.69 4896  40.83 2670  19.02  27.87 2423 2664 7000 86.65 42.63 222 85.13 57.00 54.28 41.94
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Figure 7: Implementations of THINK when incorporated with KIVI.
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