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NANOKYV: HIGH-RATIO KV CACHE COMPRESSION
FOR AUTOREGRESSIVE VIDEO GENERATION
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Figure 1: NanoKV achieves high-ratio historical KV compression while preserving generated video
quality across three autoregressive video backbones. Displayed PSNR is measured against the
matched Original rollout. NanoKV reaches up to 26.09x effective KV compression and reduces
measured peak GPU memory by up to 35.9%.

ABSTRACT

Autoregressive video models rely on historical key—value (KV) caches to preserve scene
consistency over extended rollouts, making KV storage and repeated attention over history
a growing memory and computational bottleneck. Aggressive compression can degrade
generation quality, while reconstructing full-dimensional KV leaves attention computation
largely unchanged. We introduce NanoKYV, a frozen-backbone framework for generation-
aware high-ratio KV compression. NanoKV exploits redundancy across tokens and attention
heads by storing shared content in cluster centers and encoding joint head—channel residuals
into low-bit coefficients. Crucially, NanoKV uses different fitting objectives for Keys and
Values according to their distinct roles in attention: Key decoders are optimized to preserve
downstream block outputs, whereas Value encoders and decoders are fitted for faithful
reconstruction through the deployed quantization path. Building on the same compressed
representation, the optional NanoKV-Fast variant reuses the stored coefficients for mixed-
dimensional attention, reducing computation without modifying the video backbone. Across
three autoregressive video backbones, NanoKV consistently improves the quality—storage
trade-off. On HY-WorldPlay, NanoKV achieves 26.09 x effective KV compression—nearly
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twice that of KVTC—while improving PSNR by 1.0 dB. NanoKV-Fast retains 20.53x
effective compression and achieves an approximately 1.15x end-to-end speedup over KVTC.

1 INTRODUCTION

Autoregressive video models rely on historical Key and Value (KV) caches to preserve objects, layout,
and appearance over extended rollouts and when revisiting earlier views (Sun et al., 2026; Qian et al.,
2026; Gao et al., 2026). Growing history creates a systems bottleneck: retaining KV consumes GPU
memory, while repeatedly attending to it increases computation. Reducing the history window or
evicting cached tokens lowers these costs, but also removes scene information that may become
important later in the rollout.

KV feature compression offers a complementary solution: quantization and low-rank projection
reduce each token’s bitwidth or feature dimension without shortening history (Xi et al., 2026;
Staniszewski & Lancucki, 2026). At high compression ratios, however, two challenges become
critical. First, compression must preserve not only the reconstructed KV features, but also their
downstream effect on generation. KV reconstruction errors perturb attention outputs and propagate
through subsequent Transformer blocks, so minimizing KV reconstruction error alone does not fully
capture compression-induced generation distortion. Second, compact storage does not automatically
vield compact computation. Compressed storage saves memory, but full-dimensional reconstruction
leaves historical-attention computation largely unchanged.

We introduce NanoKV, a frozen-backbone framework for high-ratio historical KV compression.
Our key observation is that effective compression should preserve how historical KV is used by the
generator, not merely how accurately the cache tensors are reconstructed. NanoKV first exploits
redundancy in video KV by jointly encoding token-specific residuals relative to shared centers across
heads and channels, yielding a compact low-bit representation without discarding historical tokens.
To preserve generation under aggressive compression, we further adapt the Key and Value encoders
and decoders (codecs) according to their distinct roles in attention: Key decoders are optimized
through block-output alignment to preserve downstream Transformer behavior, while Value codecs
are fitted through the deployed quantization path for faithful low-bit reconstruction. Together, these
enable substantially higher compression without retraining the backbone.

The same compressed representation also provides a direct path to lower computation. Instead
of reconstructing all history at full dimension, optional NanoKV-Fast reuses the coefficients for
mixed-dimensional attention, assigning lower dimensions to less sensitive history and higher or
full dimensions where needed. The same compressed history thus supports both high-fidelity
reconstruction and compute-efficient attention.

Our main contributions are:

* Generation-aware high-ratio KV compression. We formulate high-ratio historical KV
compression around preserving the downstream effect of compressed history on generation,
rather than KV reconstruction fidelity alone. This perspective motivates compression
objectives that account for how the frozen video backbone uses historical K'V.

* Structure- and role-aware KV compression. We instantiate this principle in NanoKV
through shared-center residual coding, joint head—channel compression, and role-specific
K/V fitting. Key decoders are optimized to preserve downstream block outputs, while Value
codecs are fitted through the deployed quantization path for faithful low-bit reconstruction.

* Turning compressed storage into efficient attention. The optional NanoKV-Fast vari-
ant directly constructs mixed-dimensional attention features from NanoKV’s compressed
coefficients, reducing historical-attention computation without modifying the backbone.

Across three autoregressive video backbones, NanoKV consistently improves the quality—storage
trade-off, reaching up to 26.09x effective KV compression. NanoKV-Fast achieves lower end-to-end
latency than all evaluated competing compression baselines.
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Figure 2: Comparison of NanoKV(-Fast) with representative KV compression and attention-
access baselines. (a) VideoMLA modifies KV projections and adapts the model for shared latent-
space attention. (b) KVTC preserves the original projections but reconstructs full-dimensional
KV before attention. (c) NanoKV preserves the original projections and frozen backbone, using
generation-aware, role-specific K/V fitting; optional NanoKV-Fast reuses the coefficients for mixed-
dimensional attention. hq, ..., hy denote attention heads.

2 RELATED WORK

Selecting historical tokens. A common way to reduce KV cost is to retain only a subset of the history.
Recent methods exploit temporal distance, future relevance, frame content, and head specialization to
identify useful visual history (Li et al., 2026; Chen et al., 2026; Ji et al., 2026; Cai et al., 2026; Luo
et al., 2026; Guo et al., 2026). TempCache in FAST-AR groups temporally corresponding KV and
retains recent representatives, WorldKV retrieves scene-relevant history, and Sparse Forcing learns
persistent sparse memory (Samuel et al., 2026; Yi et al., 2026; Xu et al., 2026). Unlike these methods
that select which tokens to retain, NanoKV preserves the history policy and compresses retained KV
features.

Compressing retained KV features. KV feature compression reduces the storage cost of each
retained token through lower precision or lower-dimensional representations. Quantization methods
control low-bit distortion using Key/Value statistics, activation outliers, or attention-related crite-
ria (Liu et al., 2024; Hooper et al., 2024; Yue et al., 2024; Zandieh et al., 2026), while low-rank
methods project KV features into compact spaces using fixed or learned mappings (Chang et al.,
2025; Saxena et al., 2024; Lin et al., 2025). For autoregressive video generation, QVG exploits shared
visual centers and residual quantization (Xi et al., 2026). Originally developed for LLM inference,
KVTC combines PCA-based feature compression with adaptive mixed-bit quantization; we adapt
it to video models as our primary feature-compression baseline (Staniszewski & Larficucki, 2026).
At high compression ratios, reconstruction fidelity alone does not fully characterize downstream
generation. NanoKV therefore combines joint head—channel compression with generation-aware,
role-specific K/V fitting.

Computing from compact KV. Compact KV storage does not automatically reduce attention com-
putation when compressed features are reconstructed to full dimension before use. In autoregressive
video generation, VideoMLA modifies the KV projections and adapts the model for latent-space
attention (Yesiltepe et al., 2026). Separately, sparse video attention reduces computation by limiting
Query—Key interactions (Yang et al., 2025). Unlike VideoMLA’s model adaptation, optional NanoK V-
Fast constructs mixed-dimensional KV from NanoKV’s compressed coefficients while keeping the
backbone frozen (Figure 2).
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Figure 3: Motivation for generation-aware KV compression. (a) Joint head—channel PCA retains
the most KV variance at matched 8 x dimensional compression. (b) Compression-induced output
errors accumulate with network depth, while block-output alignment reduces mean relative error
by 15.3%. Errors are measured relative to Original; lines and shading show the mean and standard
deviation across 16 chunks. Results are on HY-WorldPlay.

3 MOTIVATION

High-ratio video KV compression raises three questions: where redundancy should be removed, what
fidelity the compressed representation should preserve, and whether the same compact state can also
reduce attention computation.

Where to compress: exploiting cross-head redundancy. Video KV exhibits strong spatial and
temporal redundancy (Xi et al., 2026), while prior work on LLM KV compression suggests that
attention heads also contain correlated feature structure (Staniszewski & Lancucki, 2026). Whether
this cross-head redundancy effectively transfers to video KV remains unclear. We therefore compare
spatial, spatiotemporal, per-head channel, and joint head—channel PCA under the same 8 x dimen-
sional budget. Figure 3(a) shows that joint head—channel compression retains 93.7% of Key variance
and 93.1% of Value variance, substantially more than the alternatives. This supports joint cross-head
compression, but retained variance alone does not establish fidelity to downstream generation.

What to preserve: downstream generation behavior. Compression errors perturb attention outputs;
the resulting discrepancies propagate through subsequent Transformer blocks and interact with new
errors. For Keys, let §; denote the feature difference entering block ¢ between paths using original
and compressed history. A first-order approximation gives

Oog1 = Jody + €, (D

Here the local block Jacobian J, propagates existing discrepancies, while €, is the new output
error from compressed history at a fixed block input (Appendix B.2). Thus, the downstream effect
of compression depends not only on KV reconstruction fidelity, but also on how reconstruction
errors are transformed and accumulated through the network. We examine whether fitting the Key
decoder to match block outputs under original and compressed history can reduce these discrepancies
(Section 4.2). Figure 3(b) illustrates this effect: output discrepancies generally grow with network
depth, while block-output alignment reduces the mean error by 15.3%. These observations motivate
generation-aware codec fitting beyond KV reconstruction alone. Because Keys and Values play
different roles in attention, we further use role-specific objectives for their codecs.

How to compute: from compact storage to compact attention. Compact storage alone does not
reduce attention computation if historical KV is reconstructed at full dimension. The compressed
representation enables lower-dimensional attention, but different heads and historical tokens tolerate
dimensionality reduction differently. This motivates NanoKV-Fast to use mixed-dimensional attention,
preserving higher dimensions only for sensitive parts.
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Figure 4: Overview of NanoKV for generation-aware high-ratio KV compression. (a) Joint
head—channel encoding stores historical KV as coefficients and shared centers, read through full-
dimensional (NanoKV) or mixed-dimensional (NanoKV-Fast) decoding and attention. (b) The
encoder compresses residuals into INT4 coefficients; the decoder reconstructs them and adds back
centers. (c) Key decoders use block-output alignment; Value encoders and decoders use quantization-
aware fitting. (d) A fixed policy routes history to full- or low-dimensional attention. The latter reduces
Queries and restores output dimensions before LSE merging.

4 METHOD

NanoKV combines joint head—channel compression (Section 4.1) with generation-aware, role-specific
K/V optimization (Section 4.2), keeping the backbone frozen. Optional NanoKV-Fast reuses this
representation for mixed-dimensional attention (Section 4.3); Figure 4 outlines the framework.

4.1 JOINT HEAD—CHANNEL KV COMPRESSION

Motivated by the cross-head redundancy in Section 3, we concatenate each token’s H heads with D
channels into x; € R and compress them jointly, without removing tokens (Figure 4(b)). Keys
and Values share this representation structure but use separate, layer-specific encoder—decoder pairs
(codecs), fitted with role-specific objectives (Section 4.2). We omit layer indices and K/V superscripts
below.

Shared-center residual encoding. Adapting QVG’s center-based residual representation (Xi et al.,
2026) to the joint head—channel space, we cluster each incoming historical segment using online
K-means. Each token stores its center index a; and encodes x; — c,,; centers are shared within the
segment. Thus, coefficients represent token differences.

Encoding and decoding. The encoder E € R”P*" maps residuals to r coefficients, further
compressed with INT4 quantization. The decoder Wye. € R™* P reconstructs features:

Encode: z; = (x; — ¢q; — p)E, qi = Qa(z:;8;), )
Decode: Z; = s;q;, ZTi = Cq; + 1+ 2ZiWiec-
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Here p is the fixed residual mean, s; is a token-wise scale, and Q4 denotes symmetric INT4
quantization. The cache stores packed codes, scales, center indices, and centers. NanoKV reconstructs
full-dimensional KV for attention.

4.2 ROLE-SPECIFIC OPTIMIZATION FOR KEYS AND VALUES

A compact representation alone does not ensure faithful downstream generation. Keys determine
attention weights, so their reconstruction errors can change how historical information is selected and
combined. We therefore fit Key decoders through block-output alignment to constrain downstream
discrepancies beyond local KV reconstruction error (Section 3). Values provide the content aggregated
by attention; for given attention weights, their reconstruction errors directly affect the aggregated
output. We therefore fit Value encoders and decoders through the deployed quantization path to
preserve this content (Figure 4(c)).

Block-output alignment for Key decoders. After PCA initialization, we fix the encoder and
coefficients and train the Key decoder through layer-by-layer block-output alignment.

We train consecutive blocks in groups. Two paths share the group input but use original or recon-
structed historical Keys, respectively, with outputs aligned at each block. Their discrepancies reflect
both local compression errors and errors propagated within the group. For their layer-£ outputs Yy
and Yg, we minimize

ﬁK = Cout (YAvfa sz) + ﬁK,rec(Kb Kﬁ) (3)

The terms constrain block-output discrepancy and Key reconstruction. Groups are trained from
shallow to deep, using compressed-history outputs from completed groups as subsequent inputs. Only
Key decoders are updated; the backbone stays frozen.

Quantization-aware fitting for Value encoders and decoders. Quantizing only after fitting would
introduce distortion absent from training. We instead include INT4 rounding in the forward pass and
jointly train the Value encoder and decoder to reconstruct the center-subtracted residual R":

Ly =Ly (RV,RY), 4)

where RV is the reconstructed residual before adding the center in Equation 2. Both maps use random
orthogonal initialization and an identity approximation to the rounding gradient; the backbone and
Key branch stay fixed. Appendix B.2 details the losses and training.

4.3 NANOKV-FAST: ATTENTION FROM COMPRESSED FEATURES

To also reduce attention computation (Section 3), optional NanoKV-Fast reuses the compressed
coefficients for mixed-dimensional KV, retaining higher or full dimensions for sensitive parts.

Low-dimensional attention. The joint decoder has head-specific output blocks, from which we
construct low-dimensional decoders for selected heads. Let Zx, Zy contain dequantized coefficients
for selected history. For a head using dj, < D dimensions, decoders B, B € R"* construct KV
features and A;, € RP*% reduces Queries:

Qn = QnA, K, = ZxBE + CF, Vi=2ZvBY +CY.

The offsets map the stored centers and means to the same low-dimensional spaces. Attention
aggregates Values before L;, € R% <P restores the output dimension:

O = softmax(athf{;/\/B> Vi, O = Oy Ly, 5)

We retain 1/ v/D because low-dimensional scores approximate the original scores; oy, corrects scale
mismatch. Attention arithmetic for this history is approximately dj, /D of the original. The maps are
fitted against full-dimensional attention on the same compressed cache, with the codec and backbone
fixed; model-specific output-mean compensation is detailed in Appendix C.2.
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Table 1: Quality, compression, and efficiency comparison of NanoKV and its Fast variant with
baseline methods. Parentheses denote nominal coefficient compression ratios.

Total KV | E2E Time /
Method PSNRtT SSIMt LPIPS] VBencht (GiB) KV CR?T Speedup’
HY-WorldPlay - - - 0.8129 20.96 1.00x 437.63s
Quant VideoGen 17.58  0.5379 0.3887 0.7744 3.14 6.69x 0.86x
TurboQuant 17.95  0.5459 0.3523 0.7918 4.18 5.01x 0.90%
KVTC (32x%) 18.56  0.5796 0.2900 0.7936 1.55 13.50% 0.92x
NanoKYV (32x) 19.56  0.6152 0.2399 0.8057 0.80 26.09 x 0.96 x
NanoKV-Fast (32 %) 19.04  0.5931 0.2787 0.7981 1.02 20.53 x 1.06 x
Matrix-Game 3.5 - - - 0.8293 11.48 1.00x 306.70 s
Quant VideoGen 16.52  0.5150 0.4115 0.7782 2.89 3.97x 0.91x
TurboQuant 16.73  0.5314 0.3867 0.7951 2.29 5.01x 0.91x
KVTC (32x%) 18.83  0.6347 0.2380 0.8302 1.24 9.28 x 0.57x
NanoKYV (32x) 19.08  0.6377 0.2425 0.8273 0.80 14.26 0.92 %
NanoKV-Fast (32 %) 18.79  0.6280 0.2498 0.8280 0.96 11.94x 1.04x
LingBot-World 2.0 - - - 0.8254 20.71 1.00x 132.405s
Quant VideoGen 2046  0.6193 0.2310 0.8256 4.30 4.81x 0.87x
TurboQuant 19.06  0.5650 0.2890 0.8235 4.59 4.51x 0.87x
KVTC (32x) 20.10  0.6150 0.2431 0.8228 4.73 4.38x 0.79x
NanoKV (32x) 20.81 0.6352 0.2156 0.8252 1.46 14.18 x 0.93x
NanoKV-Fast (32x) 20.68 0.6314 0.2183 0.8249 1.78 11.62x 0.98 x

Protecting sensitive history. Sensitivity analysis and rollout-quality feedback determine a fixed
protection policy per model, routing sensitive layers, heads, and historical tokens to higher or
full dimensions and the remainder to lower dimensions (Appendix C.1, Table 7). Log-sum-exp
(LSE) statistics combine low- and full-dimensional branch outputs under one softmax normalization
(Figure 4(d)). Fitting and implementation details are in Appendices C.1-C.2.

5 EXPERIMENTS

5.1 SETUP

Models. To assess generation-aware high-ratio KV compression across backbones, we evaluate
NanoKYV and its optional Fast variant on three autoregressive video models: HY-WorldPlay (Sun
et al., 2026), Matrix-Game 3.5 (Qian et al., 2026), and LingBot-World 2.0 (Gao et al., 2026). Within
each model, all methods use the same inputs, camera actions, resolution, and cache history to isolate
the effect of KV compression and attention access.

Baselines. We compare with the quantization methods QVG (Xi et al., 2026) and Turbo-
Quant (Zandieh et al., 2026), and the low-rank compression method KVTC (Staniszewski & Laficucki,
2026). The uncompressed model (Original) provides the reference rollout and runtime baseline. The
same cache-lifecycle optimizations are applied across methods (Appendix A).

Datasets. The NanoKV and KVTC compression representations are fitted on 48 trajectories from
24 fixed images with two actions each; QVG and TurboQuant require no prior data fitting. Evaluation
uses 100 VBench-I12V images with four camera actions each, averaging quality over the resulting 400
videos per configuration. Appendix C.1 details NanoKV-Fast map fitting and configuration selection,
using development images disjoint from the evaluation set.

Metrics. PSNR, SSIM, and LPIPS measure compression-induced deviations from matched Original
rollouts, rather than from ground-truth videos. To assess video quality beyond reference fidelity, we
also report VBench (Huang et al., 2024), averaging subject consistency, background consistency,
motion smoothness, aesthetic quality, and imaging quality. KV cache size and compression ratio
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Table 2: Component analysis on HY-WorldPlay at nominal 16 x compression.

Configuration PSNRtT SSIMt LPIPS| VBench!
Joint PCA + INT4 16.38  0.4953 0.4077 0.7753
+ Shared centers 18.38  0.5754 0.3047 0.7949
+ Value quantization-aware fitting 18.54  0.5839 0.2922 0.8007

+ Key block-output alignment (full) 20.20  0.6692 0.1968 0.8171

include each method’s additional storage. We report Original’s end-to-end latency in seconds and
each method’s speedup as Original latency divided by method latency. Peak GPU memory is reported
in Appendix D.1.

Implementation. Experiments run on a single NVIDIA A100 GPU, with the video backbone frozen
throughout codec fitting and low-dimensional attention adaptation. Fitting settings and NanoKV-Fast
implementation details are provided in Appendices B.2 and C.1.

5.2 COMPARISON WITH BASELINES

Table 1 compares quality, storage, and latency. At nominal 32x on HY-WorldPlay, NanoKV nearly
doubles KVTC'’s effective compression with about 1.0 dB higher PSNR. On LingBot-World 2.0, it
also improves reference fidelity while using substantially less KV memory.

On Matrix-Game 3.5, NanoKV and KVTC have comparable reference fidelity, but NanoKV achieves
greater effective compression and lower runtime overhead. KVTC’s larger reconstruction matrices
add storage and computation costs (Appendix D.1).

NanoKV-Fast reduces compression overhead, exceeding Original’s end-to-end speed on HY-
WorldPlay and Matrix-Game 3.5 but remaining slightly slower on LingBot-World 2.0. Gains depend
on low-dimensional budgets, historical attention’s runtime share, and decoding and mapping over-
head. Appendix Figure 8 separates cached data and resident operators; Appendix D.3 provides visual
comparisons.

5.3 UNDERSTANDING THE QUALITY-COMPRESSION—EFFICIENCY TRADE-OFF

What preserves fidelity under high-ratio compression? Table 2 adds shared-center residual
coding, Value fitting, and Key alignment to joint PCA with INT4, using 20 HY-WorldPlay videos
from Table 1.

Shared centers improve fidelity by separating shared content from token-specific residuals. Fitting
Values through deployed quantization further improves fidelity by targeting content reconstruction.
Key alignment adds gains from downstream output constraints beyond reconstruction, consistent
with Section 3. Together, shared-center residual coding and role-specific K/V fitting help preserve
generation fidelity under high-ratio compression.

How do compression and computation trade off with fidelity? We next examine fidelity across
compression and computation settings. Figure 5(a) shows NanoKV’s better quality—compression
frontier: 2.78 dB higher PSNR at approximately 26.08 x effective compression, and an estimated
2.84x compression-ratio advantage at 19 dB (linear interpolation in log-compression space). Panel (b)
presents the quality—efficiency trade-off within each backbone by varying the history routed to low-
dimensional attention while keeping the fitted maps fixed. More aggressive routing saves more
historical-attention computation but lowers generation fidelity; the main table reports moderate
operating points.

5.4 QUALITY OVER GENERATION

Figure 6 examines whether quality gains persist throughout HY-WorldPlay rollouts. NanoKV main-
tains the highest reference PSNR and VBench among the evaluated compressed methods, extending
its advantage beyond early frames. NanoKV-Fast follows a similar trajectory, although its gap from
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WorldPlay quality—compression frontier over KVTC (videos from Table 2); arrows compare matched
quality and near-matched compression. (b) NanoKV-Fast trades fidelity for historical-attention
computation savings, not end-to-end time. Stars denote NanoKYV; filled markers indicate main-table
Fast configurations. Each model uses 20 fixed videos.
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Figure 6: Preserving quality over continuous generation. On HY-WorldPlay at nominal 32x,
NanoKV maintains the highest (a) reference PSNR and (b) VBench among evaluated compression
methods throughout generation; NanoKV-Fast’s gap grows later in the rollout.

NanoKYV grows later in generation, suggesting accumulation of low-dimensional approximation
errors.

6 CONCLUSION

We presented NanoKV, a generation-aware framework for high-ratio KV compression with a frozen
video backbone. Joint head—channel residual coding provides a compact representation, while role-
specific fitting preserves block outputs for Keys and reconstructed content through quantization for
Values. NanoKV-Fast reuses the same coefficients for mixed-dimensional attention, extending storage
compression to computation reduction. Across three autoregressive video backbones, NanoKV
improves the quality—storage trade-off. On HY-WorldPlay, it achieves 26.09x effective KV com-
pression; NanoKV-Fast retains 20.53 x compression and 19.04 dB PSNR with approximately 1.15x
end-to-end speedup over KVTC.

Limitations. Codec fitting and low-dimensional attention adaptation remain backbone-specific.
Resident operators reduce effective compression, especially for short histories, while NanoKV-
Fast’s low-dimensional approximation may accumulate errors and further degrade quality over long
horizons.



Preprint

ETHICS STATEMENT

NanoKYV reduces the storage and computation costs of autoregressive video generation. While this
can improve accessibility, lower deployment costs may also facilitate misuse, including deceptive
media and non-consensual content. Our compression framework does not address the biases or
safety limitations of the underlying video models, and fidelity to an uncompressed rollout is not a
measure of content safety. Responsible use should respect source model and dataset licenses, protect
personal data, and clearly identify synthetic content where appropriate. Deployment requires content
safeguards beyond the compression techniques studied here.

AT USE STATEMENT

Generative Al tools assisted implementation and debugging, experiment automation, analysis and
method discussions, literature organization, drafting portions of the manuscript, and language polish-
ing. The authors led the research, designed the methods, established the experimental protocols, drew
the conclusions, and independently validated the code, results, references, and all claims in this paper.

REPRODUCIBILITY STATEMENT

Section 4 describes the codec and mixed-dimensional attention. Section 5 defines the evaluation
metrics; Appendices A-D provide the cache boundary, training objectives, positional transforms, and
storage accounting. We will release NanoKV’s implementation, fitted codec parameters for each
evaluated video model, NanoKV-Fast configurations, and evaluation scripts.

REFERENCES

Peiliang Cai, Evelyn Zhang, Jiacheng Liu, Hao Lin, Ruiqi Zhang, Weile Mo, Yue Ma, Shikang Zheng,
Jiehang Huang, Dongrui Liu, and Linfeng Zhang. Focused forcing: Content-aware per-frame KV
selection for efficient autoregressive video diffusion. arXiv preprint arXiv:2605.18346, 2026.

Chi-Chih Chang, Wei-Cheng Lin, Chien-Yu Lin, Chong-Yan Chen, Yu-Fang Hu, Pei-Shuo Wang,
Ning-Chi Huang, Luis Ceze, Mohamed S. Abdelfattah, and Kai-Chiang Wu. Palu: KV-cache
compression with low-rank projection. In International Conference on Learning Representations,
2025.

Hanmo Chen, Chenghao Xu, Xu Yang, Xuan Chen, and Cheng Deng. Past- and future-informed
KV cache policy with salience estimation in autoregressive video diffusion. arXiv preprint
arXiv:2601.21896, 2026.

Zelin Gao, Qiuyu Wang, Jiapeng Zhu, Jingye Chen, Zichen Liu, Qingyan Bai, Jiahao Wang, Yufeng
Yuan, Hanlin Wang, Yichong Lu, Ka Leong Cheng, Haojie Zhang, Jian Gao, Tianrui Feng, Yuzheng
Liu, Yao Yao, Yinghao Xu, Xing Zhu, Yujun Shen, and Hao Ouyang. Infinite worlds with versatile
interactions. arXiv preprint arXiv:2607.07534, 2026.

Hang Guo, Zhaoyang Jia, Jiahao Li, Bin Li, Yuanhao Cai, Jiangshan Wang, Yawei Li, and Yan Lu.
Efficient autoregressive video diffusion with dummy head. arXiv preprint arXiv:2601.20499, 2026.

Coleman Hooper, Sehoon Kim, Hiva Mohammadzadeh, Michael W. Mahoney, Yakun Sophia Shao,
Kurt Keutzer, and Amir Gholami. KVQuant: Towards 10 million context length LLLM inference
with KV cache quantization. In Advances in Neural Information Processing Systems, 2024.

Ziqi Huang, Yinan He, Jiashuo Yu, Fan Zhang, Chenyang Si, Yuming Jiang, Yuanhan Zhang, Tianxing
Wu, Qingyang Jin, Nattapol Chanpaisit, Yaohui Wang, Xinyuan Chen, Limin Wang, Dahua Lin,
Yu Qiao, and Ziwei Liu. VBench: Comprehensive benchmark suite for video generative models.
In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, pp.
21807-21818, 2024.

Yicheng Ji, Zhizhou Zhong, Jun Zhang, Qin Yang, Xitai Jin, Ying Qin, Wenhan Luo, Shuiyang Mao,

Wei Liu, and Huan Li. Forcing-KV: Hybrid KV cache compression for efficient autoregressive
video diffusion models. arXiv preprint arXiv:2605.09681, 2026.

10



Preprint

Kunyang Li, Mubarak Shah, and Yuzhang Shang. PackCache: A training-free acceleration method for
unified autoregressive video generation via compact KV-cache. arXiv preprint arXiv:2601.04359,
2026.

Bokai Lin, Zihao Zeng, Zipeng Xiao, Siqi Kou, Tiangi Hou, Xiaofeng Gao, Hao Zhang, and
Zhijie Deng. MatryoshkaKV: Adaptive KV compression via trainable orthogonal projection. In
International Conference on Learning Representations, 2025.

Zirui Liu, Jiayi Yuan, Hongye Jin, Shaochen Zhong, Zhaozhuo Xu, Vladimir Braverman, Beidi Chen,
and Xia Hu. KIVI: A tuning-free asymmetric 2bit quantization for KV cache. In International
Conference on Machine Learning, 2024.

Jiayi Luo, Qiyan Liu, Tengyang Wang, Junhao Liu, Jiayu Chen, Cong Wang, Hanxin Zhu, Chen Gao,
Xiaobin Hu, Qingyun Sun, and Zhibo Chen. Future forcing: Future-aware training-free KV cache
policy for autoregressive video generation. arXiv preprint arXiv:2605.30083, 2026.

Runjia Qian, Zile Wang, Jihai Zhang, Kai Zou, Wei Yu, Jiaxing Li, Zexiang Liu, Yaokun Li, Fei Kang,
Kaichen Huang, Mengyin An, Haobo Zhang, Biao Jiang, Jiahua Wang, Haofeng Sun, Yang Liu,
and Yangguang Li. Matrix-Game 3.5: Enhancing real-time streaming interactive world models
with patch memory. arXiv preprint arXiv:2608.29910, 2026.

Dvir Samuel, Issar Tzachor, Matan Levy, Michael Green, Gal Chechik, and Rami Ben-Ari. FAST-AR:
Fast autoregressive video diffusion and world models with temporal cache compression and sparse
attention. In International Conference on Machine Learning, 2026.

Utkarsh Saxena, Gobinda Saha, Sakshi Choudhary, and Kaushik Roy. Eigen Attention: Attention
in low-rank space for KV cache compression. In Findings of the Association for Computational
Linguistics: EMNLP 2024, pp. 15332-15344, 2024. doi: 10.18653/v1/2024.findings-emnlp.899.

Konrad Staniszewski and Adrian Laficucki. KV cache transform coding for compact storage in LLM
inference. In International Conference on Learning Representations, 2026.

Wengiang Sun, Haiyu Zhang, Haoyuan Wang, Junta Wu, Zehan Wang, Zhenwei Wang, Yunhong
Wang, Jun Zhang, Tengfei Wang, and Chunchao Guo. WorldPlay: Towards long-term geometric
consistency for real-time interactive world modeling. In International Conference on Machine
Learning, 2026.

Haocheng Xi, Shuo Yang, Yilong Zhao, Muyang Li, Han Cai, Xingyang Li, Yujun Lin, Zhuoyang
Zhang, Jintao Zhang, Xiuyu Li, Zhiying Xu, Jun Wu, Chenfeng Xu, Ion Stoica, Song Han, and Kurt
Keutzer. Quant VideoGen: Auto-regressive long video generation via 2-bit KV-cache quantization.
In International Conference on Machine Learning, 2026.

Boxun Xu, Yuming Du, Zichang Liu, Siyu Yang, Ziyang Jiang, Siqi Yan, Rajasi Saha, Albert
Pumarola, Wenchen Wang, and Peng Li. Sparse forcing: Native trainable sparse attention for
real-time autoregressive diffusion video generation. arXiv preprint arXiv:2604.21221, 2026.

Shuo Yang, Haocheng Xi, Yilong Zhao, Muyang Li, Jintao Zhang, Han Cai, Yujun Lin, Xiuyu
Li, Chenfeng Xu, Kelly Peng, Jianfei Chen, Song Han, Kurt Keutzer, and Ion Stoica. Sparse
VideoGen2: Accelerate video generation with sparse attention via semantic-aware permutation. In
Advances in Neural Information Processing Systems, 2025.

Hidir Yesiltepe, Jiazhen Hu, Tuna Han Salih Meral, Adil Kaan Akan, Kaan Oktay, Hoda Eldardiry,
and Pinar Yanardag. VideoMLA: Low-rank latent KV cache for minute-scale autoregressive video
diffusion. arXiv preprint arXiv:2605.30351, 2026.

Jung Yi, Minjae Kim, Paul Hyunbin Cho, Wooseok Jang, Sangdoo Yun, and Seungryong Kim.
WorldKV: Efficient world memory with world retrieval and compression. arXiv preprint
arXiv:2605.22718, 2026.

Yuxuan Yue, Zhihang Yuan, Haojie Duanmu, Sifan Zhou, Jianlong Wu, and Ligiang Nie. WKV Quant:
Quantizing weight and key/value cache for large language models gains more. arXiv preprint
arXiv:2402.12065, 2024.

Amir Zandieh, Majid Daliri, Majid Hadian, and Vahab Mirrokni. TurboQuant: Online vector quanti-
zation with near-optimal distortion rate. In International Conference on Learning Representations,
2026.

11



Preprint

A COMMON CACHE AND BASELINE PROTOCOL

We compress and persist keys before positional encoding, then apply the original positional transforms
layer by layer when reading the cache. Original, QVG, TurboQuant, KVTC, and our method use this
common cache implementation, including the same KV-cache lifecycle optimizations within each
model. Main-table KV compression therefore measures the additional storage reduction from each
codec.

Pre-position cache. Keeping keys before positional encoding lets positional branches share his-
torical features, as in pre-RoPE key quantization (Hooper et al., 2024). On HY-WorldPlay with 32
historical latent frames, this reduces persistent BF16 visual KV from 41.92 to 20.96 GiB. Reads still
apply the original positions, frequencies, and camera transforms.

KV-cache lifecycle management. HY-WorldPlay releases expired storage before cache rebuilds;
Matrix-Game 3.5 manages history by segment to avoid full-cache concatenation; LingBot-World 2.0
uses an exact fused RoPE read to avoid a full-history complex intermediate. All preserve the original
history selection, current-chunk KV, and text KV.

Memory and output consistency. Table 3 reports these changes. Completed comparisons have
zero decoded-pixel error.

HY-WorldPlay’s native 32-frame-history configuration is OOM on the A100 80GB. The table’s
estimated 114 GiB peak assumes two additional 20.96 GiB cache copies overlap with the measured
71.75 GiB pre-position peak; lifecycle optimization lowers the measured peak to 55.92 GiB.

Figure 7 compares end-to-end peaks for all methods under the common cache protocol.

Runtime reference at 20-frame history. At 20 historical latent frames, HY-WorldPlay’s native
and optimized implementations produce identical decoded pixels. Runtime changes from 278.88
to 298.54 seconds (+7.05%), while peak allocated memory falls from 77.89 to 47.87 GiB. This
comparison uses the shorter history because native caching is OOM at the formal 32-frame setting.

Baseline configurations. Table 4 lists the evaluated implementations and resident numerical
formats. Our quantitative comparisons keep the pretrained backbone fixed, so reference fidelity
measures deviations from the same generator. This setting permits codec fitting, but not backbone
retraining. VideoMLA (Yesiltepe et al., 2026) changes the attention architecture and trains the
adapted generator through teacher forcing and distillation. We therefore discuss it as an architectural
alternative in Figure 2, rather than include it in the frozen-backbone comparison; assessing adapted
generators would require a separate training-budget and generation-quality protocol. KVTC uses
separate K/V bases. Its group size and maximum rank are 8/4096 and 8/2048 for HY-WorldPlay at
16x and 32x, 8/5120 for LingBot-World 2.0, and 6/2304 for Matrix-Game 3.5. The online video
implementations use bit packing without entropy coding. All methods retain the common history
policy in Section A. Resident operators are included in KV CR.

Table 3: Cache implementation: output consistency, runtime, and peak allocated memory.
Model Change Pixel error  ATime Peak (GiB)

OOM (= 114, est.)

B — 71.75
—1.60% 71.75 — 55.92
—2.07% 59.33 — 59.33
+1.69% 62.56 — 41.38

HY-WorldPlay post- — pre-RoPE

KV lifecycle optimization
LingBot-World 2.0 post- — pre-RoPE
Matrix-Game 3.5 KV lifecycle optimization

[N el
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HY-WorldPlay Matrix-Game 3.5 LingBot-World 2.0
Original 55.92 41.38 59.33
QVG Imi38.10 I 32.79 I 43.86
TurboQuant I 39.14 I 32.19 I 45.34
KVTC I 36.51 Il 14 4562
NanoK 'V [N 35.83 I 30.71 4214
NanoK V-Fast [N 35.99 [ 30.86 4247
0 15 30 45 0 10 20 30 40 0 15 30 45
GiB GiB GiB

Figure 7: PyTorch peak allocated GPU memory (GiB) for all methods on the fixed timing input.

Table 4: Evaluated baseline implementations. Protection here denotes additional uncompressed
historical tokens, not the model’s common history window.

Method Implementation / coding Grouping and protection Resident precision
QVG Official Quant-VideoGen Block size 64; 256 centers BF16 centers and scales
backend; INT?2 residuals each for K/V; two K-means  (A100 adaptation)
iterations; one residual
stage; no extra raw history
TurboQuant Our implementation of the Per-head 128D transforms;  FP32
paper’s algorithms; K: 2-bit  no extra raw history transforms/codebooks;
+ 1-bit residual; V: 3-bit BF16 norms
KVTC Our video port; PCA and Consecutive layer groups; BF16 PCA bases, scales

DP mixed-bit allocation;

four sink and 128 recent

and shifts; FP32 means

packed INT2/INT4/FPS, tokens

with zero-bit omissions

B COMPRESSION REPRESENTATION AND CODEC TRAINING

B.1 CONTROLLED COMPARISON OF COMPRESSION DIMENSIONS

Joint head—channel PCA retains the most KV variance in Figure 3(a). To isolate the compression
axis, all four variants use 8 x dimensional compression with PCA, without quantizing the compressed
coefficients. We fit on 48 trajectories from 24 training images and validate on four trajectories from
two held-out images, covering left-right and forward—backward actions.

All variants use pre-RoPE K/V from layers 0, 10, 20, 30, 40, and 53 and chunks 5, 8, 11, and 15.
Capture uses seed 1, four denoising steps, 253 output frames, 20 retrieved history positions, 12 recent
context positions, with identical INT8 staging and dequantization for all variants. This shared capture
step is separate from the compression operations being compared. Each projection subtracts the
training mean and reconstructs with its PCA basis transpose.

For equal coefficient counts, all methods use a 30 x 52 crop of the 30 x 53 spatial grid. Spatial PCA
reduces height and width by 2 x 4; spatiotemporal PCA reduces time, height, and width by 2 x 2 x 2.
Per-head PCA maps 128 channels to 16; joint PCA maps 2048 head—channel features to 256. The
axis-wise methods use separate bases, and no variant quantizes PCA coefficients or uses subsequent
adaptation.

Held-out KV variance retained is measured relative to the training mean:

112

X = X%
HX - Ntrain”%

Each layer uses 192 training and 16 validation snapshots. We accumulate validation errors before
scoring each layer, then average six layers separately for K and V. Actual storage, including fitted
operators, is evaluated separately.

KV variance retained = 100 (1 — 6)
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Table 5: Codec and Key-alignment settings. Rank is per layer and per K/V branch; centers are fitted
separately for K and V.

Model Budget Rank Centers Klearning rate Inner updates
HY-WorldPlay 16 % 512 64 5-107° 5
HY-WorldPlay 32x 256 64 5.107° 5
LingBot-World 2.0 32x 640 64 2.5-107° 1
Matrix-Game 3.5 32X 384 64 Not used Not used

B.2 TRAINING DATA AND CODEC FITTING

The codec is fitted separately for each layer while the video backbone remains frozen. Fitting uses 48
trajectories from 24 training images; within each model, our codec and KVTC use the same source
trajectories and sampled data. HY-WorldPlay fitting uses a 20-position history, while its formal video
evaluation uses 32 historical latent frames.

All codecs use two K-means iterations and INT4 coefficients. Value fitting uses AdamW with
learning rate 10~4, zero weight decay, batch size 512, and 12,000 updates per layer. Key alignment
also uses AdamW, with the learning rates and inner updates in Table 5; it supervises chunks 14
for HY-WorldPlay and chunks 2, 4, 6, 8 for LingBot-World 2.0. Each group visits all 48 training
trajectories.

Quantized coefficients. Token-wise symmetric INT4 quantization stores the compressed coeffi-
cients with a BF16 scale. For coefficients z;, the scale, integer code, and reconstructed coefficients
are
_ max(]|zif| oo, €)
T 7 )
Here ¢ > 0 is the numerical floor used by the implementation. Codes are packed into four bits;
all-zero coefficient vectors produce zero codes.

q; = clip(round(z;/s;), =7,7), 2 = 8;q;. @)

Layer-wise error propagation. Let F;(H; M) denote layer £ with input H and historical KV M,
with other conditioning held fixed. The reference and compressed paths satisfy Hy11 = Fp(Hy; My)
and Hy,1 = Fy(Hy; My). For 6 = Hy — Hy, define the local KV-induced error at the compressed
path’s input as

€0 = Fy(He; My) — Fy(He; My).

Adding and subtracting Fg(f{ o; My) gives

So1 = Fo(He; My) — Fo(Hy; My) + €
OF,(H; My)
~ Jyby + €y, Jp= ——= .
OH H=H,
The approximation expands the reference layer around Hy. It separates propagation of the existing
input error from the new error induced by compressed history within one denoising forward pass.

Block-output error diagnostic. Figure 3(b) compares HY-WorldPlay at nominal 32 x compression
with and without Key block-output alignment on eight videos from two images and four actions.
For each block and chunk, we average ||Y — Y'||2/ max(||Y||2, 10~'2) over matched output samples
from the eight videos and four denoising steps. Lines and shading summarize the resulting 16 chunk
values by their mean and population standard deviation. Averaging all 54 blocks and 16 chunks gives
errors of 0.2667 without alignment and 0.2260 with alignment; their relative reduction is 15.3%.

Key block-output alignment. The losses in Section 4.2 are averaged over each layer group, with
a separate Key decoder updated for every layer. HY-WorldPlay uses six groups of nine layers;
LingBot-World 2.0 uses five groups of eight, trained from shallow to deep. Encoders, codes, and
backbone remain fixed.
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The implemented losses use relative reconstruction error (X, X) = || X — X || p/ max(|| X ||, 10~%).
Let ¢; denote mean token-wise cosine distance and ¢y cosine distance after flattening. The per-layer
terms are

HY-WorldPlay: Loy, = r(Y,Y) +0.1¢,(Y, Y),
Lk ree = 0.2r(K, K) +0.02¢4(K, K);
Iy - Y% : ®)
0.02¢4(Y,Y
(Y — 13,105 0% (Y,
L ree = 0.2r(K, K).

Here H is the compressed path’s input to the current block; the denominator measures the reference
block’s update relative to that input. Output losses use 256 sampled tokens and 256 channels;

reconstruction uses up to 65,536 entries per cache tensor. Losses are averaged over supervised layers
and cache segments.

LingBot-World 2.0: Loy =

Quantization-aware Value fitting. The Value encoder and decoder learn to reconstruct residuals
after quantization, starting from random orthogonal maps rather than PCA. For the original residual

RY and its reconstruction RV, we use

A

vV _ pVy2
Ly = Lol Tl

2
1=V ]y 1=V13
Here cos(RY, RY) is cosine similarity along the feature dimension, averaged over tokens. The
forward pass includes quantization; the backward pass approximates the rounding gradient by the

identity so that both linear maps can be updated. The backbone and key branch remain fixed, and
loss denominators are numerically stabilized.

+1—cos(RY,RY). ©

Fitting cost. KV fitting takes approximately 1-2 hours; serial Key alignment finishes within one
day per model on one A100. Data collection and low-dimensional adaptation are separate stages.

Role of shared centers. Shared centers store the common component of tokens in each cluster,
leaving the low-dimensional coefficients to represent differences between tokens rather than repeatedly
encoding shared content. The first two rows of Table 2 show the effect of adding this representation
to joint PCA with INT4 quantization.

Component effects across backbones. NanoKV improves reference fidelity while using less
KV storage on both HY-WorldPlay and LingBot-World 2.0 (Table 1), supporting generation-aware
compression beyond a single backbone. The HY-WorldPlay ablation further isolates the gains from
role-specific K/V fitting (Table 2). Differences in cache organization and attention structure motivate
backbone-specific fitting settings (Table 5); the magnitude of each component’s benefit can vary
while retaining the same principle of preserving how historical KV affects generation.

C NANOKV-FAST

NanoKV-Fast demonstrates that NanoKV’s stored coefficients can also support lower-dimensional
attention without retraining the backbone. The common mechanism is compressed-coefficient
decoding, mixed-dimensional computation, and LSE merging; dimensions and protection policies are
backbone-specific operating choices. We do not propose a universal configuration or a fully automatic
end-to-end configuration-search algorithm. Below we describe offline map fitting and configuration
selection, followed by the shared computation.

C.1 FITTING LOW-DIMENSIONAL MAPS AND SELECTING CONFIGURATIONS

NanoKV-Fast constructs mixed-dimensional attention from the same compressed coefficients. Its
deployment configuration specifies the dimension of each head in each layer and which historical
tokens retain full-dimensional computation. We first fit candidate low-dimensional maps, form an
initial dimension allocation from local output errors, and then refine protection using generated-video
quality. Map fitting and configuration selection are separate stages; the backbone and codec remain
frozen.
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Table 6: Head-layer counts at each deployed attention dimension.

Nominal
Model coefficient CR  dj;, = 32 64 96 128
HY-WorldPlay 16x 448 208 32 176
HY-WorldPlay 32x 440 192 24 208
LingBot-World 2.0  32x 926 159 304 211
Matrix-Game 3.5 32x 0 432 0 288

Table 7: Full-dimensional routing in the deployed NanoKV-Fast configurations. Layer indices are
zero-based; frame counts refer to latent frames.

Model History routed to full dimension

HY-WorldPlay Four recent frames; one anchor per 16 older frames, or per eight on layers
15,17, 19, 20, 22, 23, 26, 30, 31, 36, 46, 48. Full-layer fallback: 27-35, 40,
45 at 16 x; additionally 39 and 47 at 32x.

LingBot-World 2.0 First three chunks; one sink frame and two recent frames thereafter. Layer
11 uses a full-dimensional prefix for all eight chunks.
Matrix-Game 3.5 Five recent cached latent frames; sensitive head—layer pairs retain 128 di-

mensions. No additional sink or periodic anchors use full-dimensional reads.

From local error to video quality. All three backbones follow the same configuration-selection
protocol. Low-dimensional maps target full-dimensional attention on the compressed cache, and
local output errors provide candidate head-dimension allocations. We then use generated-video
quality on development images disjoint from the evaluation set to select the dimension allocation and
history-protection policy. The selected configuration is fixed across all evaluation samples. Changing
protection reuses the fitted maps without retraining; the backbone and codec remain frozen.

Model-specific dimensions and protection. HY-WorldPlay uses per-head dimensions of 32, 64,
96, and 128, with full-dimensional fallback for sensitive layers and protection of recent history and
periodic anchors.

LingBot-World 2.0 also uses 32, 64, 96, and 128 dimensions, with protection of initial chunks, sink
tokens, and recent frames. Its initial allocation scores candidate dimensions by output-projection-
weighted squared error, including the mean compensation in Section C.2, and uses error reduction
per added channel.

Matrix-Game 3.5 uses 64 and 128 dimensions. Its initial allocation ranks head—layer pairs by attention-
output error on held-out training calls. The selected configuration has 432 low-dimensional and
288 full-dimensional pairs and protects the five most recent cached latent frames, without additional
whole-layer fallback, sink protection, or periodic anchors.

These model-specific candidates are selected under the same independent development protocol
above. Tables 6 and 7 give the complete dimension allocations and protection rules. Protected history
remains compressed in storage and is reconstructed to full dimension only when read.

Map-fitting settings. Map fitting follows each backbone’s attention and positional structure, with
settings given below. Matrix-Game 3.5 fits its codec on the 48 trajectories in Section B.2, but fits its
low-dimensional maps separately on four training trajectories.

HY-WorldPlay. Low-dimensional maps are trained against full-dimensional attention outputs
while replaying the corresponding frozen blocks. The analytically initialized configuration in Table 8
keeps the deployed head dimensions, selected RoPE pairs, and full-dimensional routing. The low-
dimensional Key decoder takes the corresponding codec-decoder columns with an identity Query
selection; Value uses a per-head truncated SVD, and the PRoPE maps use group-preserving SVD.
Attention adaptation then optimizes these maps with normalized attention-output, centered-logit, KL,
and frozen-block-output losses, weighted 1, 0.20, 0.05, and 0.25. It uses AdamW with an initial
learning rate of 2 x 10~* and selects the adapted maps by validation block-output error.
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Table 8: NanoKV-Fast low-dimensional attention adaptation on the HY-WorldPlay 32 x panel. Higher
PSNR/SSIM and lower LPIPS are better.

Low-dimensional maps  PSNR {1 SSIM{  LPIPS |

Analytical initialization 17.21 0.5463 0.3451
+ Attention adaptation 18.59 0.5920 0.2837

Matrix-Game 3.5. Low-dimensional attention maps are fitted against the frozen NanoKV codec
with 64 shared centers, rank-384 coefficients, and Value adaptation. Four training trajectories provide
16 captured attention calls per layer. The last call of each trajectory is held out, leaving 12 fitting and
four validation calls. Each of the 30 layers uses 800 Adam updates at a learning rate of 10~4, with
gradient norms clipped to one. The loss combines normalized attention-output squared error, KL
divergence from full-dimensional to low-dimensional attention, and squared log-sum-exp error with
weights 1, 0.1, and 0.02. We select weights by held-out loss and fold the learned KV projections into
the codec decoders to decode low-dimensional KV directly from compressed coefficients.

At deployment, current tokens and mosaic context use full-dimensional attention. Both branches
retain the original 1/4/128 score scale and merge through LSE after output-dimension restoration.

LingBot-World 2.0. We fit the maps from attention statistics. Key and Query use complete RoPE
pairs. Each pair contributes an attention-logit feature. Its covariance is weighted by attention
probability and the mass m assigned to history; a mean-logit term has weight m(1 — m) + 0.05.
Greedy least squares selects dj, /2 pairs using a ridge coefficient of 10~ times the mean covariance
diagonal. Selected pairs define the Key map; fitted Query weights are clipped to [0, 2].

For Value and output, we take the leading dj, eigenvectors of the historical-mass-weighted covariance
of mean-centered reference attention outputs, then use their transpose for restoration.

Effect of attention adaptation. On the 20-video HY-WorldPlay panel used for the 32x quality—
compute trade-off, attention adaptation raises PSNR by 1.38 dB over the analytical initialization of
the low-dimensional maps (Table 8). The codec, head dimensions, full-dimensional routing, and
attention arithmetic are identical in both rows. The same compressed cache decoded to full dimension
reaches 18.96 dB on this panel; adaptation brings the low-dimensional path to 18.59 dB.

C.2 IMPLEMENTING MIXED-DIMENSIONAL ATTENTION

Low-dimensional attention approximates the full-dimensional computation from the same compressed
coefficients. This section details the factorization, positional structure, and branch merging of
NanoKV-Fast introduced in Section 4.3.

Attention-aware factorization. The useful low-dimensional directions depend on queries and

historical features together. Omitting positional and affine terms, the full decoder reconstructs head
as Ky, = ZrgWgs, , and Vi, = Zy Wy, ., where Wi, Wi, € R™P are head-specific column
blocks of Wye.. The unscaled full-dimensional key product is

QuEy = QuWieen) " Zk.

For this factorization, we absorb the score calibration «, into the Query map Aj,. The low-dimensional
path instead uses Aj, € RP* (o reduce the query and BX € R™* %" to decode the coefficients,
giving the unscaled product Qp, A, (BE) T Z k. Matching these products for arbitrary Qj, and Z
would require

An(By) " = (Wicen) - (10)
On the value side, let W}, denote the attention weights. The full output is W, Zy W(}/e'c’ 1> Whereas
the low-dimensional path computes WhZVB}‘L/L;,,: B}‘L/ decodes values to dj, dimensions and L;, €
R *D restores the aggregated output. Exact preservation would therefore require B) Ly, = W, .

Both matrix products have rank at most dy,, so the low-dimensional path generally cannot reproduce
the full decoders exactly. To reduce this approximation error, we fit the maps using queries and
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Table 9: Model dimensions and evaluation video lengths.

Model Layers Heads Head dimension Video frames
HY-WorldPlay 54 16 128 253
LingBot-World 2.0 40 40 128 125
Matrix-Game 3.5 30 24 128 169

compressed histories observed during generation rather than selecting directions solely from the
decoder spectrum. Section C.1 gives the fitting procedure for each model.

Center offsets and value-mean compensation. The offsets in the main method are the low-
dimensional forms of the center and fixed mean. For token ¢,
C’ilfi = (Cﬁi,h + i )P CKi = (C(‘;,h + ) )Py (11
K pV Dxd : o KV K|V . .
Here P;*, P, € R™*% are head-specific offset maps, while ¢, ', and y;, "~ are the D-dimensional
head slices of the stored center and fixed mean. Thus, the stored full-dimensional centers are mapped
directly rather than relearned; K and V retain separate center assignments. LingBot-World 2.0
additionally restores the part of the historical value mean lost during low-dimensional mapping:

O™ = O, Ly, + my, — my Ly, (12)

where my, is the mean of the full-dimensional reconstructed history assigned to the low-dimensional
branch and my, its low-dimensional mean. This correction is applied to that branch before LSE
merging. Coefficient sums and center counts provide these means without reconstructing the full
history.

Positional structure. Complete positional groups preserve the original transforms within the
retained coordinates. RoPE uses complete channel pairs with their original frequencies. HY-
WorldPlay’s PRoPE uses four-coordinate camera groups; Matrix-Game 3.5’s paired camera layout
requires aligned eight-dimensional blocks and applies the original output camera transform before
restoring the head dimension. LingBot-World 2.0 preserves RoPE pairs. All three models retain their
token positions and original transform order.

Joint softmax across branches. Log-sum-exp statistics combine full- and low-dimensional
branches into one attention distribution. For each query row and branch s € {n,l}, let S5 be
its logits, Ay = log > ; €Xp Ss.; its normalizer, and Os = ) j eSsi s Vsegf its branch-normalized

output. Here Vﬁg-f includes any low-dimensional output lift and mean correction, so both branches
have D-dimensional values. Splitting the joint softmax denominator gives

A = logaddexp(A,,4;), O =20, 4+ M0 (13)

The merge is exact for the logits produced by the two branches; attention adaptation controls the
approximation in the low-dimensional branch.

D ADDITIONAL EVALUATION AND VISUAL EVIDENCE

D.1 EVALUATION AND DEPLOYMENT ACCOUNTING

Table 9 supplements the evaluation setup with model dimensions and video lengths.

Image splits and inference settings. The source images come from the VBench-I2V image suite.
A category-stratified, image-level split of a fixed 200-image pool uses selection seed 20260809,
without model-quality feedback. The 24 codec-fitting images and 100 evaluation images are disjoint;
Fast configuration development is described separately in Appendix C.1. The four evaluation actions
are left—right rotation, right-left rotation, forward—backward motion, and left-right translation.

HY-WorldPlay generates 848 x 480 videos with four denoising steps and seed 1; LingBot-World
2.0 generates 832 x 464 videos with four steps and seed 42; Matrix-Game 3.5 generates 1280 x
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Figure 8: Persistent KV storage (GiB) for full-dimensional attention configurations, split into cached
data and resident operators.

704 videos with three steps and seed 3407. Within each backbone, methods use matched image,
prompt, action, and seed. HY-WorldPlay retains 32 historical latent frames. LingBot uses the native
settings local_attn_size=18 and sink_size=6; Matrix-Game uses seven three-latent-frame
context chunks with its boundary-anchor and mosaic-context policy. Image identifiers and action
specifications are recorded in the fitting and evaluation manifests.

Quality and operating points. The HY-WorldPlay component analysis and Figure 5 use the same
20 videos from five images and four actions. The quality—compute analysis varies the protection
policy to select, for each historical portion, either its fitted low-dimensional representation or full-
dimensional reconstruction. This changes the history range and its assigned attention dimensions in
Section 5, without refitting the low-dimensional maps or changing their output dimensions. Quality
metrics follow the main evaluation and exclude the common first frame.

Persistent KV storage. For NanoKV, the nominal coefficient compression ratio is 16 HD/(4r) =
4H D /r, comparing BF16 features with INT4 coefficients and excluding auxiliary storage. Effective
KV CR additionally counts compressed history metadata and resident operators. History includes
packed INT4 coefficients, BF16 scales, center indices, and centers. Exported codec weights use
row-wise INT8 with BF16 scales; resident BF16 low-dimensional maps and enabled encoder or
decoder copies are also counted. Matrix-Game 3.5 routing buffers are also included. Shared tensors,
such as means shared with the codec, are counted once.

Runtime and peak memory. Runtime covers online generation, including VAE decoding
but excluding model loading; Matrix-Game 3.5 timings also include video writing. For the
fixed timing input, latencies are the medians of three valid runs; the main table reports
Original’s latency and each method’s speedup relative to Original. Figures 1 and 7 use
torch.cuda.maxmemory_allocated () over this inference interval, counting live tensors
and PyTorch-managed workspaces.

Table 10 reports NVML peaks over the monitored run, including model loading, allocator reservations,
and CUDA allocations outside PyTorch. Allocated memory measures active tensor demand; NVML
reflects the broader capacity needed for deployment. The largest gap is 7.29 GiB for HY-WorldPlay
KVTC. Because the intervals differ and peaks may occur at different times, their difference is not a
direct measure of allocator overhead.

Reconstruction cost. In Matrix-Game 3.5, KVTC reuses decoded coefficients across consecutive
layers in a group, but reconstructs each layer with its own 2304 x 3072 basis slice. NanoKV uses a
384 x 3072 decoder. Repeated layer-wise reconstruction therefore involves larger matrix products for
KVTC during the segmented rollout.

Low-dimensional efficiency. Table 11 distinguishes savings within historical attention from savings
over all visual attention. Historical savings use full-dimensional attention over all retained history as
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Table 10: NVML-measured peak GPU memory (GiB), complementing the PyTorch allocated peaks
in Figure 7.

Method HY-WorldPlay  Matrix-Game 3.5  LingBot-World 2.0
Original 58.70 42.41 60.40
Quant VideoGen 40.90 34.00 46.39
TurboQuant 42.27 33.34 47.16
KVTC (32x) 43.80 3221 47.94
NanoKV (32x) 38.56 31.96 44.56
NanoKV-Fast (32 %) 39.46 32.13 44.89

Table 11: Denoising visual-attention arithmetic of NanoKV-Fast relative to NanoKV. The overall
saving is the product of the historical share and the saving within history.

Historical History MACs Al visual-attention

Model Budget share saved? MAC:s saved?

HY-WorldPlay 16x 85.19% 39.36% 33.53%
HY-WorldPlay 32x 85.19% 37.93% 32.31%
LingBot-World 2.0  32x 71.43% 34.32% 24.51%
Matrix-Game 3.5 32X 72.00% 20.83% 15.00%

the denominator, including history routed to full dimension but excluding current tokens and cache
recomputation. Multiplying this saving by the historical share gives the overall visual-attention MAC
reduction, not the end-to-end latency reduction. Tables 6 and 7 specify each model’s dimensions and
protection policy.

Figure 5(b) measures savings in historical-attention arithmetic, not wall-clock time. End-to-end
gains are limited by the fraction of runtime spent in this attention: other computation, including
feed-forward layers and VAE decoding, remains unchanged. Decoding, projection, routing, and
kernel overhead further reduce the realized gain. Thus, arithmetic savings need not yield proportional
latency reductions, and can coexist with a small net slowdown, as on LingBot-World 2.0.

The Matrix-Game 3.5 implementation fuses positional transforms and selected-row dequantization,
and caches routing metadata to reduce layout copies and repeated synchronization. Complete-video
checks confirm that these implementation optimizations preserve the frozen low-dimensional output
pixel for pixel.

D.2 QUALITY OVER GENERATION

Figures 9 and 10 supplement the main results with HY-WorldPlay at 16 x and LingBot-World 2.0
at 32x. We track quality over consecutive intervals of up to 32 generated frames, excluding the
common first frame, and place each point at its interval’s final frame. The shorter LingBot sequence
uses half-overlapping intervals. VBench and reference-based PSNR use the same intervals to describe
perceptual quality and divergence from the matched Original rollout.

VBench over generation. VBench uses the same five dimensions and averaging rule as the main
evaluation, displayed on a 0-100 scale.

Reference fidelity over time. We compare the first, middle, and final generated frames of each
local interval with matched Original frames. PSNR is computed separately for each sampled frame,
averaged within intervals, and then averaged across videos; all methods use the same frame positions.
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Figure 9: VBench over generation for (a) HY-WorldPlay at 16 and (b) LingBot-World 2.0 at 32x.
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Figure 10: Reference fidelity over generation for (a) HY-WorldPlay at 16 x and (b) LingBot-World
2.0 at 32x.
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D.3 ADDITIONAL QUALITATIVE EXAMPLES
The additional examples show scene structure and appearance across four camera-action sequences
for each model. We use twelve distinct input images and match the first, middle, and final frames

across methods. The 32x results use the main-table configurations; supplementary 16 x results are
included where labeled.

D.3.1 HY-WORLDPLAY

Frame 1 Frame 127 Frame 253 Frame 1 Frame 127 Frame 253

Original

QvG M

KVTC 32x

NanoKV |
16x B

NanoKV
2%

NanoKV-Fast
16% E

NanoKV-Fast §
32x 8
x ;z‘ X X s o e
(a) Camera rotation: (b) Camera rotation:
left — right right — left

Figure 11: HY-WorldPlay examples under four camera actions, showing matched first, middle, and
final frames. Rows compare Original, quantization baselines, KVTC, NanoKYV, and NanoKV-Fast;
both nominal compression budgets are included where labeled. Panels (c)—(d) continue on the next

page.
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Frame 1 Frame 127 Frame 253 Frame 1 Frame 127 Frame 253
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NanoKV-Fast
16x

NanoKV-Fast

32x%

(c) Camera translation: (d) Camera translation:
left — right forward — backward

Figure 11 (continued).
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D.3.2 LINGBOT-WORLD 2.0

Frame 1 Frame 63 Frame 125 Frame 1 Frame 63 Frame 125

_—— A PPN DY
Original Iﬂ" ﬂ 5 = ﬂ -~ i .
. B el G "
32% .
NanoKV—ggst* 4.7’/ A—’—'-gs— = '

(a) Camera rotation: (b) Camera rotation:
left — right right — left
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NanoKV-Fast S . 2
32% e o b

(c) Camera translation: (d) Camera translation:
left — right forward — backward

Figure 12: LingBot-World 2.0 examples under four camera actions. Matched first, middle, and final
frames compare Original, QVG, TurboQuant, KVTC, NanoKV, and NanoKV-Fast. Full frames show
scene consistency through camera motion and return.
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D.3.3 MATRIX-GAME 3.5

Frame 1 Frame 85 Frame 169

Original

TurboQuant

KVTC 32x

NanoKV

30x

NanoKV-Fast
32x%
(a) Camera rotation: (b) Camera rotation:
left — right right — left
Frame 1 Frame 85 Frame 169 Frame 1 Frame 85 Frame 169

IR I 1000 TSI,

Original
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TurbOQuantm
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(c) Camera translation: (d) Camera translation:
left — right forward — backward

Figure 13: Matrix-Game 3.5 examples under four camera actions. Matched first, middle, and final
frames compare Original, QVG, TurboQuant, KVTC, NanoKYV, and NanoKV-Fast. All rows use the
same input image and action sequence within each panel.
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