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Challenges

Static Per-Group KV Quantization

Explicit group-wise metadata must be stored

® The KV cache, which stores intermediate attention activations, Group1 Group2  Group N
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Motivations
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® Temporal Trackability (WTZP & WTS): The KV cache grows in a sequential, time-ordered manner,
exhibiting an inherent temporal structure that static per-group quantization fails to exploit.

® To effectively track and compress the trackable components, we propose ADKV, an adaptive delta
quantization method for KV cache.




ADKYV: Low-Overhead Adaptive Delta Quantization
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ADKYV: Learnable Quantizer Parameter

® We model ADKV as an recurrent computation graph, using learnable quantizer parameter (LQP)
Ph,d Sh’d.

and SGD to optimize the ADKV per-channel constant parameters: a™¢, g™, 7%, zp"4, s/

® For each sample, we first calculate the reference attention scores and attention outputs using the
original query, key, and value activations. Then, the quantized keys and values produced by ADKV
are fed back into the same attention operator to obtain the reconstructed outputs. The primary loss

consists of an MSE term:
-« () O (i) (T
. 1 1 QY K o 0V K _
ﬁ‘;(l%)n = I7 _ISoftmax | b | VO _ Softmax| <hh VAQ)
" H hZ:O |Q('&)| ( NG h NG A

2

F

ZPQ 50 o T
(Initial Zero Point) (Initial Scaling Factor) (Zero Point Tracking Rate) (Scaling Factor Tracking Rate) (Quantization Target)

KDE
Density

-1 ] 1 ] 2 4 0.00 0.25 0.50 0.75 0000 0025 0050 0075 2 4
Value Value Value Value Value




Experiments

® Generation and Long-Context Accuracy: Maintain near-parity with the FP16 baseline (< 1
point drop for generation, 1.02 for long-context tasks on average).

Table 1: Generation Accuracy Results Table 2: Long-Context Accuracy Results
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® Memory Savings & Throughput: Reduce total KV cache memory by 5.87-19.99% and
quantization metadata memory by 99.76-99.94% compared to the static per-group quantization
baselines. Achieve a 2 X larger maximum feasible batch size, and 1.3 X end-to-end
throughput gain.
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Takeaways

Analysis of the Temporal Structure in the KV Cache. We observe and formalize the inherent
temporal structure of the KV cache.

Adaptive Delta Quantization via EMA. We employ EMA to recurrently track and update zero
points and scaling factors online, thereby improving robustness to distributional shifts.

Ultra-Low Metadata Overhead via Adaptive Delta Coding. We decouple the metadata overhead
from context length by embedding metadata implicitly into the quantized sequence via adaptive
delta coding.

SGD-Based Calibration Algorithm. We develop an SGD-based calibration algorithm that
optimizes the quantizer parameters by minimizing the mean squared error (MSE) of attention
outputs, which enables attention-aware calibration.

High-Performance Fused ADKV-GEMV CUDA Kernel. We design an efficient CUDA kernel for
the ADKV quantization and dequantization pipeline.
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