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Abstract

Despite the remarkable progress of Large Lan-
guage Models (LLMs), the escalating mem-
ory footprint of the Key-Value (KV) cache
remains a critical bottleneck for efficient in-
ference. While dimensionality reduction of-
fers a promising compression avenue, exist-
ing approaches typically either necessitate pro-
hibitively expensive pre-training from scratch
or suffer from severe performance deterioration
under high compression regimes. In this work,
we propose DynaKV, a novel post-training
framework for low-rank KV cache compres-
sion. To the best of our knowledge, DynaKV
is the first low-rank method to dynamically al-
locate compression rates to individual tokens
according to their semantic meaning, which
allows it to achieve better fidelity at aggres-
sive compression ratios. Extensive experiments
demonstrate that our method consistently out-
performs existing state-of-the-art compression
techniques, achieving significant memory re-
duction while maintaining competitive gener-
ation quality. Furthermore, our approach is
orthogonal to sequence-level pruning methods.
When integrated with SnapKV, DynaKV re-
tains only 6% of the KV cache while maintain-
ing 94% of the baseline performance on the
LongBench benchmark.!

1 Introduction

While Large Language Models (LLMs) (Brown
et al., 2020) have revolutionized Al, the escalating
memory overhead of the Key-Value (KV) cache
has emerged as a critical bottleneck as model sizes
and context lengths grow. Specifically, the memory
footprint of cached states grows linearly with se-
quence length, rapidly exhausting device memory.
This excessive overhead imposes a major challenge
on scalability, effectively preventing the deploy-
ment of larger-scale models and severely limiting
the generation of extended contexts.

'Our code will be available at https://github.com/
LUMIA-Group/DynaKV
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Figure 1: Illustration of the compression strategies. The
diagram compares fixed-ratio compression with our pro-
posed dynamic approach. While traditional methods
apply a uniform compression rate to all tokens, DynaKV
allocates variable storage budgets, assigning different
retain rate of KV to different tokens based on their im-
portance.

different  tokens

To mitigate the growing memory footprint of the
KV cache, existing methods mainly explore two or-
thogonal compression dimensions: sequence-level
token eviction and feature-level low-rank compres-
sion. Token-eviction methods reduce the cached
sequence length by selectively retaining a subset of
tokens and discarding the rest (Zhang et al., 2023;
Xiao et al., 2023; Li et al., 2024; Cai et al., 2024).
These methods are often training-free and can ef-
fectively reduce prompt-side memory usage, yet
their benefits may be limited in long-generation sce-
narios where newly generated tokens continue to
expand the KV cache during decoding. Low-rank
compression methods operate along the vector di-
mension by representing each token’s KV states
in a compact subspace (Yuan et al., 2023; Chang
et al., 2025; Wang et al., 2025; Liu et al., 2024).
Since the per-token storage cost is reduced, this
line of methods can continuously control cache
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growth throughout decoding. As these two lines
operate on different dimensions of the KV cache,
they are naturally orthogonal and can be combined
to achieve more aggressive memory reduction. Our
work follows the low-rank compression direction.

Existing low-rank methods face a dilemma be-
tween performance and training overhead. Ar-
chitectural solutions like MLA require training
the model from scratch on massive datasets, mak-
ing them prohibitively expensive to apply to ex-
isting pre-trained LLLMs. Although methods like
MHA2MLA (Ji et al., 2025) allow converting ex-
isting MHA models to MLA, they still necessitate
Billions of training tokens to make it work. Alterna-
tively, training-free and Post-training compression
methods, such as Palu (Chang et al., 2025) and
MatryoshkaKV (Lin et al., 2024), Despite their ad-
vantage of low adaptation costs, they inherently
trade off performance for efficiency. Consequently,
the primary challenge for these training-free and
post-training approaches lies in sustaining perfor-
mance at high compression ratios.

A critical observation motivating our work is
that natural language exhibits highly non-uniform
information density. In language model predic-
tions, the majority of tokens are generated with
high confidence (low entropy), indicating substan-
tial computational redundancy while making these
predictions. In addition, works like CoM (Song
et al., 2025) have shown that different tokens need
a variable amount of computation according to their
importance. Despite this intrinsic variability, ex-
isting low-rank compression paradigms typically
enforce a rigid, uniform compression policy across
the entire sequence. This “one-size-fits-all" strat-
egy is inherently suboptimal: it allocates equal
memory budgets to critical and trivial tokens alike,
inevitably wasting resources on the latter or de-
grading the fidelity of the former. Theoretically, an
adaptive strategy that dynamically aligns memory
allocation with local semantic importance holds the
promise of achieving significantly higher compres-
sion rate without compromising the model’s core
representational fidelity.

To materialize this potential, we propose Dy-
naKyV, which, to the best of our knowledge, is
the first post-training framework to enable token-
adaptive compression. Unlike prior works, our
method empowers the model to automatically al-
locate compression rates across different tokens.
By effectively leveraging this capability, DynaKV
successfully bridges the gaps in current research,

offering three distinct advantages:

* Seamless Adaptation to Pre-trained Mod-
els: As a post-training method, DynaKV can
be directly applied to existing LLLM architec-
tures without structural modifications.

* Minimal Training Overhead: Our approach
requires only lightweight fine-tuning to cal-
ibrate the dynamic gating mechanism (e.g.,
only 128M tokens for an 8B model), avoiding
the prohibitive costs of training from scratch.

* High Compression with Robust Perfor-
mance: By intelligently preserving critical
information, DynaKV maintains competitive
generation quality even at aggressive compres-
sion ratios where uniform methods typically
fail.

2 Related Work

Training-free Compression Methods This cat-
egory of approaches aims to compress KV pairs
without updating model parameters, typically by
exploiting the inherent low-rank properties of
weight matrices or activations. Eigen Attention
(Saxena et al., 2024) observes that the standard
attention mechanism can be approximated by main-
taining a truncated basis of the key-value sub-
space, effectively projecting KV pairs into a lower-
dimensional manifold during inference. Similarly,
PALU (Chang et al., 2025) decomposes the linear
projection matrices into low-rank components via
Singular Value Decomposition (SVD), reconstruct-
ing the full cache on-the-fly to reduce memory com-
plexity to the rank size. Addressing inter-layer
redundancy, CommonKV (Wang et al., 2025) iden-
tifies that attention features often converge across
layers. It employs SVD to extract a shared basis for
adjacent layers and stores only the layer-specific
differences, significantly reducing redundancy with
a training-free parameter sharing mechanism.

Post-training Compression Methods Post-
training methods introduce lightweight opti-
mization or calibration to adapt the model for
higher compression rates. ASVD (Yuan et al,,
2023) improves upon standard decomposition
by introducing activation-aware scaling, which
weighs the singular values by the magnitude of
input activations to preserve the accuracy of outlier
features during compression. MatryoshkaKV
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Figure 2: Overview of the DynaKYV framework. Unlike static methods that use a uniform compression rate,
DynaKV employs a token-adaptive masking mechanism to dynamically select and retain critical KV dimensions.
This ensures that semantically significant context is preserved while redundancy is minimized, maintaining high

performance across both short and long-context tasks.

(Lin et al., 2024) enforces a nested structure
within the representation, ensuring that the most
critical information is concentrated in the initial
dimensions. This allows for elastic truncation,
where the cache size can be dynamically adjusted
by slicing the embedding vector with minimal
performance degradation. Additionally, ReCalKV
(Yan et al., 2025) critiques prior methods for
neglecting the distinct roles of Keys and Values.
It introduces a tailored post-training strategy that
applies Head-wise Similarity—aware Reordering
(HSR) to Keys for improved grouped SVD, while
employing Offline Value Calibration (OVC) to
refine Value projection matrices using calibration
data to ensure accurate contextual representation.

Architecture-Intrinsic Methods These methods
fundamentally alter the attention architecture, ne-
cessitating pre-training from scratch or compu-
tationally expensive retraining. GQA (Grouped
Query Attention) (Ainslie et al., 2023) mitigates
the memory bottleneck by grouping multiple query
heads to share a single key-value head, offering
a balanced trade-off between the quality of Multi-
Head Attention (MHA) (Vaswani et al., 2017) and
the efficiency of Multi-Query Attention (MQA)
(Shazeer, 2019). MLA (Multi-Head Latent Atten-
tion) (Liu et al., 2024), introduced in DeepSeek-V2,
natively projects KV pairs into a low-dimensional
latent space and decouples positional embeddings,
maximizing compression capabilities while main-
taining model capacity. While MHA2MLA (Ji

et al., 2025) attempts to bridge the gap by convert-
ing existing MHA models into the MLA format,
it relies on matrix decomposition followed by ex-
tensive training (e.g., billions of tokens) to recover
performance, making the computational cost com-
parable to partial pre-training.

3 Dynamic Compressing

In this section, we present DynaKV, a novel frame-
work for token-adaptive KV cache compression.
Our approach is founded on the observation that the
information distribution within the KV representa-
tions is highly non-uniform and varies significantly
across different tokens. The proposed method con-
sists of three key components: (1) a basis transfor-
mation via Principal Component Analysis (PCA)
to decouple feature correlations, (2) a learnable,
differentiable gating mechanism that dynamically
determines the optimal retention rank for each to-
ken, and (3) a compression-incentivizing training
objective.

3.1 KV Projection to Spectral Space

We aim to project x into a compact spectral space
by transforming its coordinate axes, such that the
dimensions are strictly ordered by their importance.
In this spectral space, the trailing dimensions ex-
hibit minimal significance, allowing us to preferen-
tially prune them during the subsequent compres-
sion phase with negligible information loss.

Let x € R%v denote the pre-RoPE Key and
Value states for the ¢-th token. Formally, we intro-
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duce a learnable projection matrix U € R%v*dkv
to transform the original state:

x = xU. (D

In this transformed space, U is optimized to con-
centrate the semantic energy of the vector into the
leading dimensions, providing a natural inductive
bias that ensures the tail dimensions are safe to
prune. To establish this property from the outset,
we initialize U as the eigen matrix of PCA derived
from offline calibration?, and subsequently allow
it to be updated during training to adaptively align
with the compression objective.

3.2 Differentiable Token-Adaptive
Compression

To achieve token-adaptive compression, we intro-
duce a learnable gating mechanism that dynami-
cally determines the information retention level for
each token. In this section, we first detail how this
mechanism is applied during inference to realize
physical storage reduction and state reconstruction.
Subsequently, we describe the differentiable train-
ing process that enables the model to learn these
optimal truncation points end-to-end.

Hard Masking at Inference Time During the
inference phase, our goal is to minimize KV cache
usage by physically discarding redundant spectral
components. A key property of our transformed
space is that dimensions are strictly ordered by
importance, allowing us to prune dimensions start-
ing from the tail end. Accordingly, for each token
in each layer, we utilize a binary truncation mask
m"e? ¢ R%v which is a vector starting with a
contiguous block of 1s followed by 0s. The spe-
cific generation mechanism for m"@< is detailed
in the subsequent section. Formally, the truncation
is applied to the spectral state via the Hadamard
product:

X =x O mh, )

In terms of physical storage, we denote the set of

retained indices as Z = {j | m?”d = 1}. Only

the components of X indexed by Z are explicitly
persisted in the KV cache, thereby realizing the
actual memory reduction.

2Specifically, we construct a calibration dataset by col-
lecting sufficient large number of consecutive tokens from
standard text sources such as Wikipedia. We perform PCA
on the covariance matrix of these states and use the resulting
eigenvectors (sorted by descending eigenvalues) to initialize
U.

When reconstructing the stored KV, since differ-
ent tokens retain varying numbers of components,
this is implemented as a dynamic low-rank recon-
struction:

Ml

= x[TJU YT, ). (3)

Here, X represents the reconstructed Key or Value
vector. Following reconstruction, these states are
reshaped into the multi-head format, and Rotary
Positional Embeddings (RoPE) are applied to the
Key vectors.

Retain Rate To quantify and control the global
compression level, we define the Retain Rate R as
the average proportion of retained dimensions. Let
mﬁ“"d denote the i-th entry of vector m"®¢, The
Retain Rate is defined as:

_ 1 hard
R = i > mpard. (4)

It is important to note that R here is specific to a
single token within a particular layer. To calculate
the model’s overall retention rate, we average R
across the entire token sequence, all layers, and all
batches.

Differentiable Masking at Training Time To
generate the binary truncation mask m"*? we op-
timize a continuous soft-mask m that serves as a
learnable proxy for the discrete truncation opera-
tion.

Drawing inspiration from the latent structure
modeling in PRPN (Shen et al., 2017) and the
ordered representation in ON-LSTM (Shen et al.,
2018), we implement a differentiable gating mecha-
nism using a smooth relaxation. For a transformed
spectral state x, we first employ a lightweight linear
layer to project the features into a probability distri-
bution over possible truncation indices. The train-
able parameters W and b produce logits which are
normalized via Softmax:

p = Softmax(XxW + b). (5)

Here, the vector p represents the probability dis-
tribution of the optimal cutoff point across all di-
mensions. Crucially, we utilize separate sets of
projection parameters for Keys and Values to ac-
commodate their distinct redundancy patterns.

To construct a mask that starts at 1 (retained)
and transitions to 0 (discarded), we leverage the
cumulative sum operation. Intuitively, if the net-
work predicts a high cutoff probability at index k,
the cumulative sum will transition from O to 1 at

12103



that index. We apply a reversal operation to invert
this sequence:

m = Flip (cumsum(p)) . (6)

The resulting mask m is approximately 1 for in-
dices ¢ < k and O for ¢ > k, providing a smooth
gradient flow for backpropagation. This generated
soft-mask then serves as a differentiable gate, fil-
tering the spectral features via element-wise multi-
plication:

X=XOm. (7

During training, we retain the continuous values of
m to maintain gradient flow, allowing the model to
learn the optimal trade-off between memory usage
and performance.

During inference, we discretize this continuous
gate to achieve physical compression. Specifically,
we obtain the binary mask m"%"? by applying a pre-
defined threshold 7 (e.g., 7 = 0.1) to the learned
soft mask:

mherd = I(m; > 1), (8)

)

where I(+) is the indicator function. This binary
mask m"*? determines the actual truncation point,
ensuring that only the informative dimensions are
preserved in the KV cache while the rest are dis-
carded.

3.3 Training Objective

To balance the trade-off between model perfor-
mance and compression efficiency, we propose a
composite objective that incorporates both the stan-
dard language modeling loss and a regularization
term based on the Retain Rate R (as defined in
Section 3.2).

Let Lo g denote the standard cross-entropy loss
over the target tokens. The final loss function L is
formulated as:

£:£0E+04'R2, 9

where « is a tunable hyperparameter governing the
magnitude of the compression penalty. Crucially,
to ensure valid gradient flow during optimization,
the R in this objective is the averaged overall retain
rate computed using the continuous differentiable
mask m.

We perform continue pre-training using this com-
posite objective. By varying «,, we can explicitly
control the equilibrium between the KV cache bud-
get and generation quality, obtaining models with
varying degrees of compression.

3.4 Storage for Variable-rate KV
Compression

To support token-wise variable-rate KV compres-
sion, we store the compressed KV states of each
sample in a compact contiguous cache. Since differ-
ent tokens retain different numbers of dimensions,
we concatenate the retained KV components of all
tokens into a single continuous tensor and main-
tain an index array that records the starting position
of each token’s compressed representation. This
allows each token’s compressed KV state to be
precisely located without storing a dense padded
cache.

We further implement a customized attention
kernel that operates directly on this compact repre-
sentation. Given the continuous KV buffer and the
token-wise starting indices, the kernel retrieves and
reconstructs the required KV features during atten-
tion computation, without explicitly materializing
the full dense KV cache.

4 Experiments

3519
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Figure 3: LongBench average scores under varying KV
cache budgets. The plot compares DynaKV with base-
line methods (Palu and MatryoshkaKV) across different
compression rates.

4.1 Experimental Settings

Models and Benchmarks We evaluate DynaKV
on LLaMA-3-8B (Touvron et al., 2023) and
Qwen3-8B-Base (Yang et al., 2025). For long-
context understanding, we employ LongBench (Bai
etal., 2024) and RULER (Hsieh et al., 2024). To as-
sess general capabilities, we test on standard short-
context benchmarks including ARC-C, ARC-E
(Clark et al., 2018), PIQA (Bisk et al., 2020), Wino-
grande (Sakaguchi et al., 2021), and HellaSwag
(Zellers et al., 2019). Additionally, we measure

12104



Method Rate Single-Doc QA Multi-Doc QA Summarization Few-Shot Synthetic Code Avg
NarQA Qasp MF-en Hotp 2Wiki Musiq GovR QMSum MNews TREC TrivQA SAM PasCnt PasRet LCC Repo
LLaMA-3-8B
Full Cache 100% 5.00 18.87 20.39 9.59 1149 6.12 2743 2382 2.12 75.0  90.78 4477  2.00 9.17 72.03 68.53 30.44
Palu 50%  7.83 1650 1721 9.08 9.76 527 1349  7.00 231 72.00 8372 2603 1.89 345 47.13 46.69 23.09
MatryoshkaKV  50%  1.30 13.17 1123 3.16 7.33 221 1298  7.48 15.87 4800 19.71 10.53 1.33 345 38.19 37.29 14.58
DynaKV 47% 1996 18.84 29.13 9.12 11.62 522 26.75 2235 17.95 7150 8795 4132 0.5 5.53 5547 5247 29.73
Palu 30% 070 569 457 133 202 067 7.11 3.14 539 1850 479 124 129 458 19.09 17.59 6.11
MatryoshkaKV  30% 0.51 6.08 569 147 247 .02 7.37 7.84 9.79 9.00 4.81 4.76 1.54 3.69 3649 31.84 840
DynaKV 29% 18.18 18.10 29.39 8.97 9.58 440 2573 21.13 10.81 62.50 88.03 40.38 1.00 333 33.52 41.70 26.05
Palu 20% 011 252 216 024 065 044 640 2.74 1.65 1.00 233 048 216 433 1775 1581 3.80
MatryoshkaKV  20%  0.71 441 192 068 128 095 3.18 8.51 5.04 0.00 092 721 094 324 2407 1835 5.09
DynaKV 20% 19.80 16.48 24.85 795 942 398 2296 21.04 10.29 51.00 8493 3798 0.87 4.16 34.80 46.70 24.83
DynaKV 12% 1548 1534 1926 7.11 985 429 1883 1945 1073 40.50 7440 29.01 2.64 322 3778 4322 21.94
DynaKV 85% 263 1346 1582 518 853 374 1622 1738 1841 30.50 3554 22.64 295 443 43.67 4231 17.71
Qwen3-8B-Base
Full Cache 100% 18.55 4741 5430 57.15 4454 3122 3287 2501 2728 750 9221 4623 7.00 89.00 7272 63.07 48.97
Palu 50% 1396 1637 2893 9.11 1042 551 1598  8.93 1089 655 8390 1989 3.08 3.82 2031 25.16 21.36
DynaKV 48% 10.11 2349 31.08 11.49 11.63 7.05 3051 24.17 2676 725 91.68 41.79 339  56.00 38.41 34.13 32.14
Palu 30% 1.08 609 939 316 531 203 11.65 3.75 8.58 41.5 12.17  3.03  2.96 295 1721 19.99 9.43
DynaKV 30% 251 1920 21.23 1144 11.59 825 2629 2390 2585 69.5 88.16 38.67 2.28 5.67 3213 34.72 26.34
Palu 20% 079 373 420 161 170 139 1072  3.53 7.15 9.5 419 326 333 0.65 17.24 15.15 5.1
DynaKV 18%  2.68 1920 16.60 9.95 1021 4.23 20.89 21.21 2273 60.0 7998 36.16 2.06 5.00 3242 36.40 23.73

Table 1: Detailed performance on LongBench categorized by task type. We report the score for each of the 16
subsets and the overall average (Avg). Bold indicates the best performance under comparable compression rates.

Method Rate ARC-C ARC-E PIQA Wino Hella Avg
LLaMA-3-8B
Full Cache 100% 4576  70.02 80.85 71.51 74.68 68.56
Palu 50% 3932 63.84 77.58 67.80 69.00 63.51
MatryoshkaKV  50%  38.64 6049 78.02 63.14 67.36 61.53
DynaKV 47% 4475 67.37 80.36 67.64 71.70 66.36
Palu 30% 29.15 2751 71.60 60.62 57.19 49.21
MatryoshkaKV  30%  32.88  49.74 73.67 55.80 56.80 53.78
DynaKV 29% 42771 5996 79.82 66.54 70.33 63.87
Palu 20% 2949 2857 65.72 5470 46.47 44.99
MatryoshkaKV  20%  27.46  45.15 68.50 53.83 4531 48.05
DynaKV 20% 3898 59.44 78.56 65.51 67.89 62.08
QOwen3-8B-Base
Full Cache 100% 44.41 71.60 79.76 70.40 72.28 67.69
Palu 50% 32.88 49.74 71.38 6243 60.74 55.43
DynaKV 48% 4237 7019 7878 64.96 68.18 64.90
Palu 30% 27.12 3774 6197 5375 40.04 44.12
DynaKV 30% 40.00 50.79 76.71 63.14 67.08 59.54
Palu 20% 2644 3157 5691 50.99 32.39 39.66
DynaKV 18% 39.32 5996 75.41 58.72 62.44 59.17

Table 2: Zero-shot performance on short-context bench-
marks. “Avg” denotes the average score across these
five tasks. Bold indicates the best performance under
comparable compression rates (excluding Full Cache).

perplexity (PPL) on C4 (Raffel et al., 2020) and
PG-19 (Rae et al., 2019).

Baselines We compare our method with Palu
(Chang et al., 2025), a low-rank compression ap-
proach for KV cache. Specifically, we adopt the
J-LRD variant for evaluation. We also compare
against MatryoshkaKV (Lin et al., 2024), which
employs a nested embedding structure for static
truncation, serving as a fixed-rank baseline.

Implementation Details Our model is continued
pre-trained on the RedPajama-V2-sample dataset

(Weber et al., 2024) for 128 million tokens within 8
GPU-hours. By varying a € {19, 32,50}, we ob-
tain models with different compression rates. The
average retain ratio of our models is measured on
the WikiText-2 dataset (Merity et al., 2016). All ex-
periments are performed on NVIDIA H200 GPUs.
MatryoshkaKYV is excluded from the Qwen3-8B-
Base model due to compatibility issues. The ex-
treme variance in Qwen3’s specific dimensions
causes the inverse Cayley transform applied in Ma-
tryoshkaKV to produce NaN values, preventing the
successful construction of the compressed basis.

4.2 Main Results

Performance on Short-Context Tasks As
shown in Table 2, DynaKV consistently outper-
forms both Palu and MatryoshkaKV across all set-
tings, and the performance gap widens significantly
under aggressive compression regimes. Specifi-
cally, at a 20% retention rate on LLaMA-3-8B,
baseline methods suffer severe degradation, where
Palu and MatryoshkaKV drop to 44.99 and 48.05,
respectively. In contrast, DynaKV sustains a robust
average of 62.08, surpassing the strongest baseline
by over 14.03 points. A similar trend is observed
on Qwen3-8B; DynaKV dominates Palu (59.17
vs. 39.66 at ~18% rate), validating that our token-
adaptive strategy effectively preserves critical se-
mantic information even when the memory budget
is strictly limited.
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Method Rate Retrieval (Single) Retrieval (Multi) QA RES' Agg. Avg
S-1 S22 S-3 MK-1 MK-2 MK-3 MQ MV Squad Hotpot VT CWE FWE
LLaMA-3-8B
Full Cache 100% 50.0 50.0 50.0 498 498 49.0 499 499 37.0 283 497 492 447 46.7
Palu 50% 50.0 49.5 333 458 485 343 364 228 275 23.0 454 287 327 368
MatryoshkaKV  50% 49.8 46.0 24.8 16.0 1.8 00 72 38 172 11.0 0.1 6.9 39 137
DynaKV 47% 50.0 50.0 48.0 468 47.0 433 465 463 363 285 302 369 415 424
Palu 30% 80 00 00 0.0 0.0 00 00 00 1.8 2.0 00 00 78 15
MatryoshkaKV  30% 39.5 16.0 0.0 42 0.0 00 0.1 04 25 2.2 0.0 24 67 57
DynaKV 29% 50.0 50.0 493 478 475 350 449 413 343 255 298 198 378 394
Palu 20% 0.0 0.0 0.0 0.0 0.0 00 00 00 03 0.0 00 00 00 00
MatryoshkaKV  20% 0.0 0.0 0.0 0.0 0.0 00 00 00 0.5 0.2 00 0.1 22 02
DynaKV 20% 49.8 50.0 47.0 46.0 388 235 39.1 349 275 243 336 81 398 356
Qwen3-8B-Base
Full Cache 100% 100.0 100.0 100.0 98.8 950 92.0 939 98.0 763 553 982 766 938 90.6
Palu 50% 100.0 993 98.0 853 63.0 37.0 845 81.6 39.0 333 314 256 760 65.7
DynaKV 48% 100.0 100.0 988 883 77,5 66.5 90.1 919 703 595 977 455 785 81.9
Palu 30% 96.8 47.0 9.5 323 2.3 00 31.6 258 6.3 8.3 00 06 1.7 202
DynaKV 30% 1000 99.8 99.0 793 753 498 775 787 513 39.0 923 244 423 699
Palu 20% 9.0 0.0 0.0 1.5 0.0 00 19 23 05 1.3 00 00 02 13
DynaKV 18% 100.0 958 915 573 158 03 628 706 388 353 408 18.1 408 513

Table 3: Performance on Ruler benchmark.

Scores are averaged across context lengths from 4k to 32k. Bold

indicates the best performance under comparable compression rates.

Method Rate Cc4 PG-19
LLaMA-3-8B
Full Cache 100% 9.49 9.26
Palu 50% 15.20 14.93
MatryoshkaKV 50% 22.14 20.35
DynaKV 47% 10.73 10.46
Palu 30% 48.51 53.41
MatryoshkaKV 30% 43.87 38.87
DynaKV 29% 11.46 11.34
Palu 20% 113.90 127.88
MatryoshkaKV 20% 137.59 94.64
DynaKV 20% 12.51 13.09
QOwen3-8B-Base
Full Cache 100% 11.71 9.77
Palu 50% 17.73 19.26
DynaKV 48% 12.97 11.59
Palu 30% 47.58 50.78
DynaKV 30% 14.30 15.30
Palu 20% 123.51 149.38
DynaKV 18% 16.01 18.71

Table 4: Perplexity (PPL) evaluation on C4 and PG-
19 datasets. Lower is better. Bold indicates the best
performance under comparable compression rates.

Performance on Long-Context Tasks Figure 3
illustrates the performance trends on LongBench
(Bai et al., 2024). While methods with fixed com-
pression rate degrade rapidly as the memory budget
decreases, DynaKV maintains robust understand-
ing even at extreme compression: it achieves a
score of 17.71 with only 8.5% cache budget, sur-
passing Palu’s performance at a much larger 30%
budget (6.11). This advantage is further amplified
on the RULER benchmark (Hsieh et al., 2024) (Ta-
ble 3), where baselines fail completely at a 30%
retention rate (scoring < 6.0), while DynaKV re-

tains a competitive 39.4. Similar gains on Qwen3-
8B confirm that dynamic capacity allocation effec-
tively prevents context collapse under strict mem-
ory constraints.

Perplexity Finally, we quantify fundamental in-
formation loss via perplexity (PPL) measurements
on the C4 and PG-19 datasets (Table 4). The results
highlight a clear distinction in stability. Baselines
like Palu and MatryoshkaKV experience catas-
trophic PPL surges as the retention rate decreases.
For instance, at a 20% retention rate on LLaMA-3-
8B, Palu’s PPL on C4 spikes to 113.90 and Ma-
tryoshka to 137.59, indicating severe language
degradation. In contrast, DynaK'V maintains a low
PPL of 12.51 at the same 20% retention rate. This
result verifies that our method effectively preserves
core linguistic capabilities even under aggressive
compression.

End-to-End Efficiency and Memory Reduction
We evaluate the practical decoding efficiency of
different KV compression methods on LLaMA-3-
8B using a single NVIDIA RTX 4090 GPU. For
each run, we generate 100 tokens and measure
the average decoding time per token; the reported
throughput is averaged over 100 repeated runs. As
shown in Figure 4, DynaKV achieves 29.84 to-
kens/s, slightly outperforming the uncompressed
baseline while clearly surpassing Palu and Ma-
tryoshkaKV. This result indicates that our flattened
ragged KV layout and customized attention ker-
nel effectively support token-adaptive compression
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Figure 4: Decoding throughput comparison on LLaMA-
3. Throughput is measured by generating 100 tokens
and averaging the per-token decoding time over 100
repeated runs.

Model KYV Cache Size
LLaMA-3-8B 1024.00 MB
DynaKV 47% 493.26 MB
DynaKV 29% 307.71 MB
DynaKV 20% 197.87 MB

Table 5: KV cache memory usage of LLaMA-3-8B and
DynaKYV under different retention rates.

without introducing noticeable decoding overhead.

We further measure the actual GPU memory
footprint of the KV cache under different compres-
sion rates. Specifically, we randomly sample an
8k-token text segment from WikiText and record
the memory occupied by the KV cache after pro-
cessing the sequence. As shown in Table 5, the
full-cache LLaMA-3-8B baseline requires 1024.00
MB for the KV cache and the measured KV cache
reduction closely matches the expected compres-
sion ratios, confirming that DynaKV delivers the
intended memory savings in practice.

4.3 Integration with Token-Eviction Methods

DynaKV compresses the KV cache along the fea-
ture/channel dimension, which is orthogonal to
sequence-level token eviction methods such as
SnapKV (Li et al., 2024). Therefore, they can be
naturally combined for more aggressive memory
reduction. To verify this compatibility, we integrate
DynaKV with SnapKV and evaluate the combined
method on LLaMA-3-8B using LongBench. As
shown in Table 6, the combined approach remains
highly robust under extreme compression. Even
with a strict 6% overall KV budget, it preserves

Configuration Base Budget LB Avg
Full Cache 8192 100.0%  30.44
SnapKV (2048) 2048 25.0%  29.95
Snap(2048) + DynaKV 47% 2048 ~11.8% 29.19
Snap(2048) + DynaKV 30% 2048 ~7.5%  25.60
SnapKV (1024) 1024 125%  29.56
Snap(1024) + DynaKV 47% 1024 ~59%  28.88
Snap(1024) + DynaKV 30% 1024 ~3.7%  25.08

Table 6: Synergistic performance of DynaKV inte-
grated with SnapKV on LongBench (LLaMA-3-8B).
Snap(L)+DynaKV R % denotes applying SnapKV to
retain L tokens, followed by DynaKV compression at
rate R%.

94% of the original performance. These results
demonstrate that DynaKV can effectively comple-
ment token-eviction mechanisms, enabling substan-
tial memory savings while maintaining strong long-
context capability.

5 Compression Rate Allocation Analysis

Figure 5 and Figure 6 visualizes the token-wise and
layer-wise compression rate allocation of DynaKV
on a sample sentence: “I keep telling myself that 1
am going to start working on it tomorrow, but to be
honest, I am just struggling with chronic procras-
tination.” The bar chart and heatmap reveal three
distinct characteristics of our adaptive compression
strategy:

* Dominance of Attention Sinks: First, we
observe a significant retention bias towards
the initial token (< BOS >). As shown in
Figure 6, it consistently maintains the highest
average retention rate (~0.75) across all lay-
ers. This aligns with the “attention sink" phe-
nomenon observed in previous studies (Xiao
et al., 2023), where models allocate dispro-
portionate attention mass to initial tokens to
stabilize inference.

* Semantic-Adaptive Allocation: Second, the
method demonstrates a clear ability to dis-
tinguish between high-value semantic tokens
and low-information functional ones. Rare or
complex words such as “chronic"” and “pro-
crastination" (tokenized as “procrast” and
“ination") are assigned significantly higher re-
tention rates. In contrast, common functional
tokens and stopwords—such as “that"”, “to”
“be", and “just"—are aggressively compressed,
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Figure 5: Token-wise average retention rate across all layers. The bar height represents the budget allocated to each
token, highlighting the high retention of the sink token and semantic tokens compared to functional ones.
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Figure 6: Layer-wise compression rate allocation heatmap. The x-axis denotes input tokens and the y-axis denotes
model layers (0-31). Darker red indicates a higher retention rate, visualizing the dynamic distribution of memory
budgets across different network depths.

showing much lower retention rates. This con-
firms that DynaKV effectively allocates lim-
ited memory budget to tokens that contribute
most to the semantic density of the context.

Hierarchical Layer-wise Distribution:
Third, Figure 6 reveals a distinct hierarchical
pattern in compression intensity. The lower
layers exhibit generally higher retention
rates, suggesting that early layers prioritize
preserving a broader range of syntactic
information. Conversely, the deeper layers
show a shift towards lighter colors, indicating
higher compression rates. This suggests that
as the model abstracts information in higher
layers, it requires fewer tokens to maintain

context, allowing DynaKV to compress more
aggressively with low performance loss.

6 Conclusion

In this work, we introduce DynaKYV, a post-training
framework for low-rank KV cache compression
with a token-adaptive strategy. By assigning com-
pression rates based on token importance, DynaKV
improves the trade-off between memory efficiency
and model performance. Experiments show that
DynaKYV substantially reduces KV cache memory
with minimal training overhead while preserving
generation quality. It is also complementary to
sequence-level pruning methods such as SnapKV
for further memory savings.
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Limitations

Despite the encouraging empirical results, the cur-
rent design of DynaKYV still leaves room for further
investigation in terms of its training objective. In
this work, we optimize the model using next-token
cross-entropy together with an average retention-
rate penalty, which provides a simple and effective
way to balance generation quality and compression
efficiency. However, more direct objectives, such
as KL-based distillation, KV reconstruction loss, or
attention-score preservation, may provide stronger
supervision for maintaining model fidelity under
aggressive compression. A systematic comparison
of these alternatives, as well as their possible com-
binations with our current objective, is therefore an
important direction for future work.
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A Scaling to Longer Contexts and Larger
Models

To further evaluate the scalability of DynaKV to
longer contexts, we conduct experiments on Llama-
3.1-8B, which natively supports context lengths of
up to 128K tokens. As shown in Table 8, DynaKV
maintains strong performance across a diverse set
of long-context benchmarks under substantial KV
cache compression.

Table 7: Performance comparison on C4 and PG19.

Model C4 PG19
llama3.1-8b-baseline  8.76  10.47
DynaKV 47% 11.66 1291
Palu 50% 13.05 16.97
DynaKV 28% 13.38 15.27
Palu 30% 28.78 38.76
DynaKV 18% 15.25 18.41
Palu 20% 62.61 71.34

We further evaluate long-context language mod-
eling performance on C4 and PG19 by measuring
perplexity with a 128K-token context length, as re-
ported in Table 7. DynaKV consistently preserves
substantially lower perplexity than the uniform low-
rank baseline at comparable compression ratios.
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Table 8: Experiment with LLaMA 3.1-8B on longbench.

Model Avg NarQA Qasp

MF-en

Hotp

2Wiki

Musiq

GovR

QMSum MNews TREC

TrivQA

SAM

PasCnt PasRet

LCC Repo

llama3.1-8b-baseline  34.07  20.89
DynaKV 47% 32.88  24.80
DynaKV 28% 3096  23.62
DynaKV 18% 28.20 18.78

20.34
20.85
21.35
19.03

3237
27.17
32.41
33.15

11.93
17.32
13.05
12.45

14.04
13.67
12.56
10.32

8.77
7.69
6.22
8.77

29.89
30.07
29.59
27.95

25.20 0.90 73.50
24.49 5.63 71.50
23.09 15.65 72.50
21.56 10.81 68.00

90.97
88.80
89.44
87.24

47.36
43.77
42.42
37.63

0.92
3.00
1.00
0.50

26.75
15.50
4.50
4.10

71.96
66.90
49.47
41.00

69.25
64.93
58.44
49.84

Table 9: Performance comparison on Ministral-3-14B.

Model C4PPL PG19PPL
Ministral-3-14B 9.72 6.19
DynaKV 30% 10.98 7.05
Palu 30% 20.14 14.74

We also evaluate DynaKV on the larger
Ministral-3-14B model to examine its scalability
across model sizes. As shown in Table 9, Dy-
naKV maintains perplexity close to the full-cache
baseline at only 30% retention, while substantially
outperforming Palu under the same retention rate.
These results demonstrate that DynaKV remains ef-
fective on larger-scale models and preserves strong
language modeling performance under aggressive
KV cache compression.

B Comparison with Stronger Baselines

We further compare DynaKV with more recent
and competitive KV cache compression methods,
including CommonKYV, ReCalKYV, and EigenAtten-
tion. We conduct the experiments on Llama-3-8B
and evaluate perplexity on C4 and PG-19 under
multiple compression levels.

As shown in Table 10, DynaKV consistently
achieves substantially lower perplexity than all
competing methods across different retention rates.
These results demonstrate that DynaKV provides
a significantly better performance—compression
trade-off than existing strong baselines, particularly
in highly compressed settings.

C Frozen-Backbone Training Ablation

To further investigate whether the effectiveness of
DynaKYV relies on full-parameter fine-tuning, we
conduct an additional ablation where the original
backbone parameters are completely frozen and
only the newly introduced parameter matrices in
DynaKYV are optimized. The results are reported in
Table 11.

Even without updating the backbone, DynaKV
achieves substantially lower perplexity than the

Table 10: Perplexity comparison with stronger KV
cache compression baselines on Llama-3-8B.

Method Rate C4PPL PG-19 PPL
Full Cache 100% 9.49 9.26
DynaKV 47% 10.73 10.46
CommonKV 50% 13.43 12.71
ReCalKV 50% 14.93 15.65
EigenAttention 50% 48.07 49.50
DynaKV 29% 11.46 11.34
CommonKV 30% 21.09 21.73
ReCalKV 30% 76.89 77.77
EigenAttention 30%  227.17 167.44
DynaKV 20% 12.51 13.09
CommonKV 20% 46.29 48.79
ReCalKV 20% 14248 161.16
EigenAttention 20%  364.62 251.64

competing baselines at a comparable retention rate,
demonstrating that the proposed adaptive KV com-
pression mechanism itself provides significant ben-
efits. Nevertheless, freezing the backbone leads
to a moderate performance degradation compared
with our standard full-parameter training setting, in-
dicating that jointly adapting the backbone further
improves the model’s ability to accommodate com-
pressed KV representations. Since full-parameter
training remains lightweight and requires only
128M training tokens, we adopt full-parameter
training as the default setting in our main experi-
ments.

D Custom Kernel Design

Our compressed KV cache stores the retained co-
efficients of each token in contiguous buffers, to-
gether with per-token lengths and offsets. This
ragged layout avoids padding variable-rank repre-
sentations to the maximum rank. During decoding,
a Triton cache-update kernel appends only valid
coefficients and updates the metadata on the GPU.
Both attention kernels consume this layout directly,
without materializing dense KV states.

We use two decode kernels for different context
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Table 11: Ablation study with the backbone parameters frozen.

Method Rate Trainable Parameters C4 PPL PG-19 PPL
Full Cache 100% - 9.49 9.26
DynaKV 47% Full parameters 10.73 10.46
DynaKV w/ frozen backbone ~50% DynaKV parameters only 12.08 11.62
Palu 50% Training-free 15.20 14.93
MatryoshkaKV 50% New projection layers only 22.14 20.35

Algorithm 1 flash-attention-styled kernel for short
contexts
Require: Query ¢; ragged caches F, Fy ; meta-
data (I, 0); up-projections Ug, Uy
(m,z,a) + (—00,0,0)
for each sequence tile 7' do

Krp + Gather(Fk, ljlf, o¥)UK

ST < @ ROPE(KT)T/\/a

m’ < max(m, max sp); pr < exp(sy —
m')

Vr « Gather(Fy, lj‘{, 0¥)UV

a <+ em g 4 prVr

2 emm 4 S prsm —m/
end for
10: return a/z

AP

Y ® D

lengths. Given a profiled crossover point 7, the
runtime selects a flash-attention-styled fused kernel
when N < 7 and a two-stage kernel otherwise. The
two paths compute the same compressed attention
but make different trade-offs between fusion and
parallelism.

Flash-attention-styled kernel for short contexts.
The short-context kernel assigns one Triton pro-
gram to each batch—query-head pair. It streams
over sequence tiles and fuses key reconstruction,
RoPE, query—key scoring, online softmax, value
reconstruction, and weighted aggregation. Neither
dense KV states nor attention scores are written to
global memory. This minimizes kernel launches
and memory traffic, which is particularly beneficial
when the context is short.

Two-stage kernel for long contexts. In the flash-
attention-styled kernel, the up-projection matrices
are repeatedly loaded for each sequence tile. Al-
though this overhead is small for short contexts,
repeated matrix loading and value reconstruction
become increasingly expensive as the sequence
grows. We therefore design a two-stage kernel

Algorithm 2 Two-stage kernel for long contexts

Require: Query g; ragged caches Fix, Fy ; meta-
data (I, 0); up-projections Uy, Uy
Stage 1: parallel over sequence tiles
for all sequence tiles 7" in parallel do
Kr « Gather(F, ¥, o) Uk
St <+ q RoPE(Kr)" /Vd
end for
Stage 2: online softmax and aggregation
(m, z,¢) < (—00,0,0)
: for each sequence tile 7" do
"« max(m,maxSr);
exp(St —m’)
8: XY « Gather(Fy, 1Y, oY)
: ¢ e et pr XY
10: 24 ™2 4 Y prym < m!
11: end for
12: return (c/z)Uy

Rl e

AN

1: m pr

for long-context decoding. Stage 1 computes the
attention scores in parallel over sequence tiles.
Stage 2 performs online softmax and accumulates
the weighted values directly in the compressed
space:

\%
Ch = thixi )
)

By exploiting the linearity of the value up-
projection, Uy is loaded and applied only once
after all sequence tiles have been aggregated, rather
than once per tile. This substantially reduces
projection-matrix traffic and redundant value recon-
struction, enabling stable decoding performance for
long contexts. The additional cost is only one inter-
mediate attention-score tensor produced by Stage 1
and consumed by Stage 2.

Thus, the fused path provides low latency for
short inputs, while the two-stage path trades mod-
est intermediate traffic for higher parallelism and
stable long-context throughput. Both kernels use

yrn =c,Uy. (10)
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FP32 online-softmax accumulators and leave the
final output projection to the optimized GEMM
implementation.

E Discuss For Artifacts And Packages

All existing artifacts used in this work are em-
ployed consistently with their intended research
and evaluation purposes. The pre-trained language
models are used only as backbone models for
studying KV-cache compression and efficient infer-
ence. The training and calibration corpora are used
solely for post-training calibration and retention-
ratio measurement. The evaluation benchmarks are
used only for their intended purpose of measuring
model capabilities, including long-context under-
standing, perplexity, and short-context reasoning
performance. Baseline implementations are used
only for academic comparison under their released
licenses and are properly cited.

We use OpenCompass for evaluation. For
LLaMA-3-8B, we set the maximum context length
to 8192 tokens, while for Qwen3-8B-Base we use a
32K context length. All evaluations are conducted
with batch size 1, and all other hyperparameters
follow the default or recommended settings of the
corresponding benchmarks.

F Information About Use Of Al

We used Al assistants, including ChatGPT, during
the preparation of this work. The assistance was
limited to language polishing, grammar checking,
LaTeX formatting, code debugging, and improving
the clarity of explanations. All technical ideas,
experimental designs, implementation decisions,
results, analyses, and final claims were developed,
verified, and approved by the authors. We did not
use Al assistants to generate experimental results,
fabricate citations, or replace human judgment in
the research process.

12113



Artifact Type License / Terms Usage in This Work
Meta LLaMA-3-8B Model Meta Llama 3 Community Li- Used as one of the backbone LLMs
cense Agreement for evaluating DynaKV.
Qwen3-8B-Base Model Apache License 2.0 Used as one of the backbone LLMs
for evaluating DynaKV.

RedPajama-V2-sample

Training dataset

Data follows Common Crawl
Foundation Terms of Use; pro-
cessing code is Apache License
2.0

Used for continued pre-training / post-
training calibration.

WikiText-2 Calibration / measure- Creative Commons Attribution- Used to measure the average reten-
ment dataset ShareAlike License tion ratio of DynaKV models.
C4 Perplexity dataset ODC-BY; also subject to Com- Used for perplexity evaluation.
mon Crawl Terms of Use
PG-19 Perplexity dataset Apache License 2.0; texts are Used for perplexity evaluation.
derived from Project Gutenberg
books
LongBench Benchmark MIT License Used for long-context understanding
evaluation.
RULER Benchmark Apache License 2.0 Used for long-context capability eval-
uation.
ARC-Challenge / ARC- Benchmark CCBY-SA 4.0 Used for short-context zero-shot eval-
Easy uation.
PIQA Benchmark Not specified / unknown in the Used for short-context physical com-
public dataset card monsense evaluation.
WinoGrande Benchmark Dataset: CC-BY; codebase: Used for short-context commonsense
Apache License 2.0 evaluation.
HellaSwag Benchmark MIT License Used for short-context commonsense
evaluation.
Palu Baseline implementa- MIT License Used as a low-rank KV-cache com-
tion pression baseline.
MatryoshkaKV Baseline implementa- No explicit license found in the Used as a fixed-rank / trainable pro-
tion public code repository jection KV-cache compression base-
line.
SnapKV Baseline implementa- Apache License 2.0 Used to evaluate compatibility with

tion

token-eviction methods.

Table 12: Licenses and terms of use for the artifacts used in this work. We report the license or usage terms provided
by the official model, dataset, benchmark, or code repositories.
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