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Abstract

Diffusion language models (dLLMs) have re-
cently shown strong potential in various tasks
with competitive decoding efficiency, but their
bidirectional attention incurs quadratic com-
pute and memory complexity. Many prior
works rely on KV cache optimizations to ac-
celerate inference. However, the full-sequence
BF16 KV cache remains the dominant memory
bottleneck. We propose SampKYV, a Saliency-
aware Mixed-Precision KV cache for dLLMs
that stores most history in 2 bits while promot-
ing a small budget of attention-salient tokens
to high precision. A customized Triton ker-
nel operates directly on the mixed-precision
cache and avoids materializing full-precision
KV tensors, alleviating the storage and traf-
fic bottleneck. Experiments on LLaDA and
Dream models show that the memory bottle-
neck is substantially alleviated: up to 54% peak
memory reduction at matched workload, or up
to 2.06 x throughput improvement at matched
peak memory compared to the BF16 baseline,
while maintaining the accuracy.

1 Introduction

Diffusion language models (dLLMs) such as
LLaDA and Dream (Nie et al., 2026; Ye et al.,
2025) have recently shown strong potential on a
range of reasoning and coding tasks while sup-
porting parallel decoding, making them a compet-
itive alternative to autoregressive (AR) decoding.
Unlike AR decoding, where the KV states grow
linearly and can be cached incrementally, bidirec-
tional attention forces the model to refresh the his-
torical KV state across the full sequence as de-
noising progresses, so both compute and memory
scale quadratically with sequence length. Empiri-
cally, these quadratic costs make dLLMs severely
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Figure 1: Matched-memory throughput on LLaDA-
8B-Instruct. At a fixed ~34 GiB peak GPU mem-
ory (prompt 1024, A100-80 GB), our 2-bit cache with
a high-precision overlay served by the fused mixed-
precision attention kernel delivers 2.06x the Fast-
dLLM (BF16 dual-cache) throughput, ahead of both
the Sparse-dLLM and the KIVI 2-bit fused-GEMM at
the same memory footprint.

memory-bound and drive them into out-of-memory
(OOM) at modest batch size and sequence length
on commodity GPUs, with throughput trailing well
behind their AR counterparts.

Existing work on dLLM KV cache optimiza-
tion largely follows two directions. (1) Selective
refresh and reuse methods (Wu et al., 2026; Hu
et al., 2026; Ma et al., 2026; Jiang et al., 2026;
Liu et al., 2025; Nguyen-Tri et al., 2026; Cheong
et al., 2026) decide when and where to recompute
or reuse cached states across denoising sub-steps.
They reduce repeated full-sequence refreshes, but
the resident cache is still stored in high precision,
so peak memory remains dominated by KV stor-
age. (2) Sparse attention or cache eviction meth-
ods (Kwon et al., 2026; Wang et al., 2026b; Xi et al.,
2026; Long et al., 2026; Song et al., 2026; Huang
et al., 2026) route queries to a selected subset, or
prune and evict low-importance entries. They re-
duce per-step attention computation, but they either
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keep the original cache intact or rely on expen-
sive refresh to recover the evicted caches, which
spikes memory back to the dense baseline. As a re-
sult, prior work leaves the peak-memory bottleneck
largely unresolved.

To target this memory bottleneck, we propose
SampKV (Saliency-aware Mixed-Precision KV
cache), which replaces the binary “evict or refresh”
choice with a saliency-aware mixed-precision KV
cache. Most historical KV stays at 2 bits and
still contributes to attention rather than being dis-
carded. The accuracy gap caused by low-precision
quantization is then closed by promoting a small,
block-conditioned, saliency-selected subset to a
high-precision overlay that is refreshed at subse-
quent steps. To prevent the full-sequence refresh
from spiking memory back to the unquantized base-
line, each layer’s KV is quantized immediately af-
ter refresh, so the largest memory footprint ever
resident in HBM during a refresh is a single layer’s
KV states rather than the entire stack. A fused Tri-
ton kernel then serves the mixed-precision cache
with tiled online softmax: it consumes packed 2-
bit KV tiles and the high-precision overlay in one
pass, avoids materializing the dense attention-score
matrix in HBM, and keeps only tile-local interme-
diates plus the online softmax state on chip.

Contributions.

» 2-bit KV cache quantization for diffusion
LLMs. We demonstrate that 2-bit KV cache
quantization effectively alleviates the dLLM
peak-memory bottleneck, with up to 54% peak-
memory reduction compared with BF16 baseline
on matched workload.

* A saliency-aware mixed-precision cache mech-
anism. A saliency-aware high-precision over-
lay is proposed to recover accuracy to match the
BF16 baseline. The saliency signal uses the cur-
rent block-query’s attention against prefix keys,
measured by a once-per-block probe forward that
materializes post-softmax scores (Section 3.3).

* A fused mixed-precision attention Triton ker-
nel. We implemented a Triton (Tillet et al., 2019)
kernel which streams 2-bit KV together with the
high-precision overlay under tiled online soft-
max, avoiding writing dequantized full-precision
KV tensors to HBM while keeping only small
intermediate states on chip (Section 3.4).

On LLaDA-8B-Instruct, SampKYV achieves up to

54% peak-memory reduction at matched work-

load and up to 2.06 x throughput at matched peak

memory (Figure 1), while restoring accuracy to
the BF16 baseline (Wu et al., 2026) across all four
reasoning and coding benchmarks (Table 1).

2 Related Work

Diffusion-based large language models. Diffu-
sion models, established for continuous image and
video synthesis, were extended to text through dis-
crete diffusion (Austin et al., 2021a; Lou et al.,
2024), with masked (absorbing-state) formula-
tions (Sahoo et al., 2024; Shi et al., 2024) be-
coming dominant. Scaling this recipe up (Nie
et al., 2025) produced large-scale dLLMs such
as LLaDA (Nie et al., 2026), Dream (Ye et al.,
2025), and their successors (Bie et al., 2025, 2026),
which match auto-regressive (AR) models on rea-
soning and coding tasks while decoding multiple to-
kens in parallel within a denoising window. Block-
Diffusion (Arriola et al., 2025) and Discrete Diffu-
sion Forcing (Wang et al., 2026a) further add semi-
autoregressive structure across blocks. The bidirec-
tional attention mechanism recomputes the histori-
cal KV state across the full sequence as denoising
progresses, leaving inference both compute- and
memory-bound.

KV cache optimization for dLLM. To over-
come the KV-state bottleneck, many recent works
have focused on cache optimization for dLLMs. Se-
lective refresh and reuse methods reuse historical
KV or intermediate states across denoising sub-
steps and recompute only stale entries (Wu et al.,
2026; Hu et al., 2026; Ma et al., 2026; Liu et al.,
2025; Cheong et al., 2026; Jiang et al., 2026), cut-
ting per-step compute but leaving peak memory
largely untouched. Sparse attention or cache evic-
tion methods instead drop, prune, or route around
low-importance entries (Kwon et al., 2026; Wang
et al., 2026b; Xi et al., 2026; Long et al., 2026;
Song et al., 2026; Huang et al., 2026). They re-
duce per-step attention computation, but they either
keep the original cache intact or rely on expen-
sive refresh to recover the evicted caches, which
spikes memory back to the dense baseline. Orthog-
onal token-level compute-skipping systems such
as FOCUS and DyLLM (Liang et al., 2026; Lee
et al., 2026) reduce computation for selected to-
kens, but do not directly compress the historical
KV cache. dLLM sink studies further show that
high-attention positions shift across denoising steps
and are not always high-value (Rulli et al., 2026;
Zhang et al., 2026; Myrzakhan et al., 2026), mo-
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Figure 2: Attention maps across decoding blocks and layers on LLaDA-8B-Instruct. Rows: attention map at the
start of block 0 and block 2; columns: layers 5, 10, 15, 20. Diagonal stripes show strong attention to neighboring
tokens near the current-block boundary, motivating boundary protection. Bright vertical stripes mark a small number
of salient keys that sit inside the sequence and drift across blocks, motivating per-block saliency selection rather

than a static initial-token protection rule.

tivating a block-conditioned saliency signal rather
than a static first-NV rule. Our method instead keeps
non-salient tokens in cache at 2-bit precision, so a
missed saliency call costs quantization error rather
than an irreversible drop (‘“soft eviction”).

KV quantization and mixed precision. KV
quantization compresses the cache rather than
pruning it. KIVI (Liu et al., 2024) established
a widely used 2-bit baseline (per-channel keys,
per-token values, asymmetric scaling), with later
work adding outlier handling (Hooper et al., 2024;
Su et al., 2025), sink-aware precision (Xiao et al.,
2024; Su and Yuan, 2025), layer-wise mixed preci-
sion (Li et al., 2025, 2026), and fused kernels for
heterogeneous-precision layouts (Xia et al., 2026;
Sun et al., 2026). These methods target AR decod-
ing and exploit stable structures in autoregressive
KV caches, such as channel-wise outliers and at-
tention sinks; none exploits the block-conditioned
saliency exposed by dLLM decoding.

3 Method
3.1 Background

Inference of diffusion language models. A
dLLM generates text by iterative denoising rather
than left-to-right prediction. Let x! € V! be the
length- L sequence state at step ¢, where the vocab-

ulary V includes a special [MASK] token. Decoding
starts from a fully masked response appended to a
prompt (co, ..., cp—1) of length p,

x" = (co,...,cp-1, [MASK],...,[MASK] ).

L-p

Ateach stept = T,...,1, a mask predictor fjy
scores the whole sequence at once, and a token is
predicted for every masked position,

o ) .
Z; = arg max softmax(fg(x )1)1),
where i : 2! = [MASK]. A transition rule then

commits a confident subset of these predictions,
x!~1 = §(x!,x'), until x" contains no masks (Nie
et al., 2026; Song et al., 2026). Because fy uses
bidirectional attention, each step conditions on the
entire sequence (prompt, decoded, and masked po-
sitions alike) and recomputes the KV states of all
L positions; over the T steps this gives O(L?) in-
ference cost against the O(L) of autoregressive
decoding (Song et al., 2026; Jiang et al., 2026).
Block-wise semi-autoregressive decoding reduces
this cost by splitting the response into B contigu-
ous blocks decoded sequentially. Since KV states
outside the current block change little between ad-
jacent steps (Wu et al., 2026; Liu et al., 2025; Ma
et al., 2026), they are cached and reused while only
the current block is recomputed.
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Grouped KV cache quantization. Quantization
shrinks the cache by storing keys and values as
low-bit integers. The standard tuning-free scheme
is group-wise round-to-nearest (Liu et al., 2024):
a tensor X is split into groups of g elements, and
each group is mapped to b-bit integers and back by

Q) = | 2.

with asymmetric per-group zero-point zx =
min X and step sx = (max X —min X)/(2°—1).
KIVI (Liu et al., 2024) shows that the grouping axis
is critical: the key cache has a few large-magnitude
channels and must be grouped per channel to con-
tain outlier errors, whereas the value cache, which
acts as the mixing weights of the attention output,
must be grouped per foken. We adopt this recipe
(per-channel keys, per-token values) as the storage
format for all non-salient KV in our cache.

X'=Q(X)sx + zx,

3.2 Empirical observations

To ground our design choices, we run two diag-
nostic probes on the base LLaDA-8B-Instruct (Nie
et al., 2026) (i) the dynamics of attention maps
across decoding blocks, (ii) the contribution of low-
importance KV to the attention output, and the drift
of salient KV states across decoding steps.

Attention dynamics during decoding. A com-
mon recipe in KV quantization for AR models is to
protect the initial attention sinks (Xiao et al., 2024;
Xia et al., 2026) (a handful of leading prompt to-
kens that absorb most of the attention mass) at
high precision while quantizing the rest. A natu-
ral question is what analogous structures appear in
dLLM attention. We visualize attention maps at the
start of different decoding blocks across multiple
layers (Figure 2) and observe two consistent pat-
terns. (1) Local attention appears as a diagonal
stripe. Queries place high attention on neighboring
tokens, motivating an adaptation of AR sink protec-
tion into boundary protection: the cached tokens
immediately before and after the current block re-
main in high precision. (2) Salient keys emerge as
moving vertical stripes. Each map also shows a
small number of bright vertical stripes that absorb
most of the attention mass. Unlike AR initial sinks,
these columns sit inside the prompt rather than at
its head and shift across blocks, so a static first-
token or once-for-all high-precision set would miss
them. Together, these patterns motivate a static
high-precision boundary protection band for neigh-
boring tokens and a per-block, query-conditioned

saliency set for the moving vertical stripes (Sec-
tion 3.3).

Evicted-token contribution and KV-state drift.
To validate our quantization-based approach
against eviction-based methods, we further exam-
ined the attention output contribution and KV-state
drift corresponding to the evicted/salient tokens.
We found that the evicted bottom half still con-
tributes ~12% of the aligned attention output on
average, rising to 25-35% in the first six layers.
Moreover, the top-1% salient prefix tokens drift
1.6-2x more than the average token in the early
and middle layers. This observation motivates the
second part of our mixed-precision design: keep
most positions in cache at low precision, but refresh
the high-attention salient subset at every sub-step
instead of treating it as a stationary cache. Ap-
pendix Section A provides the detailed figures and
analysis.

3.3 Saliency-aware mixed-precision KV
quantization

The observations in Section 3.2 motivate replacing
the binary keep-or-evict decision with a soft alter-
native: instead of dropping low-saliency KV, we
retain the entire cache but at mixed precision. Most
historical KV is stored at 2 bits and still attends
to the current block. A small, block-conditioned,
saliency-selected subset is promoted to a high-
precision overlay and recomputed at every denois-
ing sub-step. Figure 3 gives an overview.

Logical precision layout. The cache stores only
the states outside the current block, namely the
prefix before the block and the suffix after it. We
describe the logical precision assignment of the
keys as:

pre pre cur suf suf
K2bit || Kfp H Kfp H Kfp H K2bit .
cached prefix fresh current cached suffix
not cached

Note that this equation is not a physical memory
layout. The packed tensors and their scale/min
metadata are stored as separate prefix/suffix seg-
ments. The current-block KV is freshly projected
in BF16 during the block forward and is not part
of the resident cache. Within the cached prefix and
suffix, the far segments are stored at 2 bits, while
the boundary protection bands adjacent to the cur-
rent block stay in BF16 (i.e. 32 tokens per side).
Cached keys are post-RoPE (Su et al., 2024), so per-
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Figure 3: Overview of our saliency-aware mixed-
precision KV cache. When a block is finished, its
KV is refreshed and quantized to 2 bits (low-precision
cache), so the resident footprint outside the current block
stays low-precision. While decoding a block, a small
saliency-selected subset of historical positions is pro-
moted to a high-precision overlay (high-precision cache)
and recomputed at every denoising sub-step, while all
remaining KV continues to attend at 2 bits.

step attention only rotates the current block. Values
follow the same prefix/suffix precision assignment.

Refresh-time quantization. At the start of each
decoding block, the refresh forward computes high-
precision ), K, V, then immediately converts the
prefix/suffix KV into the 2-bit quantized cache.
Keys are quantized per channel and values per to-
ken into 2-bit packed tensors with their scale/min
metadata; the high-precision KV temporaries are
released before leaving the layer rather than being
materialized as a full-layer cache. Algorithm 1 in
the Appendix gives the pseudocode.

Block-conditioned saliency probe. For the cur-
rent block b we promote a small budget K of histor-
ical prefix positions to high precision. The saliency
score is the attention mass flowing from current-
block queries to historical prefix keys, summed
across heads, queries, and layers:

L H
sl =3 Y softmax( L KO
=1 h=1q€Qy p

(D

where Q; are the current-block query positions,
K are the keys at layer ¢ (prefix segment only),
and p ranges over historical prefix positions. We
evaluate Equation (1) once per block using a
saliency-probe forward served by the KIVI fused-
GEMM attention path. This probe materializes the
post-softmax attention scores, reduces them over
heads and current-block queries, and accumulates
the result into a layer-keyed buffer; the orchestra-
tor then sums across layers and picks the top-K
positions:

S, = Top-k (s3; K), (2

s0 |Sp| = K. Two properties make this signal suit-
able for dLLMs. (1) It is block-conditioned: each
block sees a different masked-token distribution
and denoising context, so the most useful prefix
tokens for block b differ from those for b + 1. (2)
Its cost is amortized at block granularity: the probe
is one forward per block. After Sy is fixed, the re-
peated mixed-precision forwards for the block use
the fused kernel in Section 3.4, which uses online
softmax and never writes the full attention-score
tensor to HBM. We quantify the probe overhead in
Appendix Section F.

High-precision overlay. Sub-stepsi > 2 treat Sp,
as the salient positions promoted on every layer’s
cache. The input fed into each transformer block
becomes the concatenation

Ty = [be; x[s,e)]a

where x5, are token IDs at the salient positions
and [, ) 1s the current block (positions s to e — 1).
Inside the attention layer, the freshly-projected K
and V tensors are split into a salient-token half and
a current half. The salient-token half is rotated
by RoPE at the absolute positions in Sy (per-batch
gather of sin/cos), giving fresh full-precision K,
and V4, for every sub-step.

3.4 Fused mixed-precision Triton kernel

The mixed-precision cache of Section 3.3 leaves
a systems problem: at attention time the current-
block query must attend to two key/value sets
stored at different precisions, namely the bulk 2-bit
quantized prefix/suffix and the small high-precision
salient overlay. The naive route dequantizes the en-
tire 2-bit cache into a contiguous high-precision
tensor in HBM and applies the high-precision over-
lay on top of the dequantized tensor, followed by
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a standard attention kernel. This materializes the
full high-precision cache in HBM and forfeits ex-
actly the memory saving that 2-bit quantization
was meant to buy. KIVI’s fused-GEMM path
avoids this cache-dequantization, but it still ma-
terializes the dense attention-score matrix in HBM.
For dLLM decoding, this score matrix grows with
context length and becomes a major source of mem-
ory traffic. We therefore fuse the mixed-precision
attention into a single tiled online-softmax pass.
The quantized prefix/suffix is walked tile by tile
and dequantized only in on-chip SRAM, while
the high-precision salient overlay enters as a small
dense GEMM whose scores feed the same softmax
state (m, ¢, 0). Because both streams share one run-
ning denominator, the overlay and the quantized
cache normalize against a single softmax with no
post-hoc blending of two attention outputs. Note
that every salient position also has a 2-bit cached
copy in the quantized prefix. To avoid double-
counting, the kernel adds a —oo mask at the salient
position while processing the quantized stream, so
each salient position contributes only through its
fresh high-precision overlay. The full algorithm
and packed layout are in Appendix Section C.

4 Experiments

4.1 Setup

Our evaluation has two parts. Section 4.2 estab-
lishes that the mixed-precision cache preserves task
accuracy on reasoning and coding benchmarks.
Section 4.3 gives a more comprehensive charac-
terization of throughput and peak memory under a
range of workloads, including batch size, prompt
length, and matched-memory operating points.

Models, datasets, metrics, and hardware. The
main experiments use LLaDA-8B-Instruct (Nie
et al., 2026) and Dream-v0-Base-7B (Ye et al.,
2025) with the same generation parameters. Un-
less noted otherwise, block length is Ly = 32,
total steps are Ty = 256, generation length is
Lgen = 256, so that each step decodes exactly one
token. The quantized cache uses 2-bit with group
size g = 32. Accuracy is evaluated on four rea-
soning and coding benchmarks, GSM8K (Cobbe
et al., 2021), MATH (Hendrycks et al., 2021), Hu-
manEval (Chen et al., 2021), and MBPP (Austin
et al., 2021b). We use all datasets in accordance
with their original licenses and terms of use. Effi-
ciency is reported as decode throughput (tokens/s)
and peak GPU memory (GiB). All runs are on

a single NVIDIA A100 80GB PCle. For each
setting, we run three trials and report the mean
throughput/peak-memory.

Baselines. We compare four methods at matched
configuration. Fast-dLLM (dual cache) (Wu et al.,
2026) is the BF16 baseline with standard SDPA at-
tention (Paszke et al., 2019). KIVI (Liu et al., 2024)
stores the cache at 2-bit and serves it with a fused-
GEMM kernel. Sparse-dLLM (Song et al., 2026)
is based on KV eviction (max-pool kernel size 3,
keep ratio 0.5). SampKV (ours) is the saliency-
aware mixed-precision cache served by the fused
mixed-precision attention kernel of Section 3.4;
the full recipe is 2-bit + boundary protection +
adaptive-saliency: one high-precision boundary
protection group on each side of the current block
(32 tokens). For accuracy we report salient token
budgets K € {16,32}; for throughput/memory
sweeps we use ' = 16 unless noted otherwise.

4.2 Accuracy on reasoning and coding
benchmarks

Table 1 reports accuracy across the BF16 baseline,
the Sparse-dLLM eviction baseline, KIVI uniform
2-bit, and our full recipe at saliency budgets 16
and 32. On LLaDA-8B-Instruct, uniform 2-bit is
roughly lossless on GSMS8K but degrades on harder
benchmarks, with a worst drop of —3.40 pp on
MBPP. The saliency-aware overlay closes this gap.
At budget 32, SampKV matches or exceeds BF16
on every benchmark, with the largest recovery on
MBPP. On Dream-v0-Base-7B, naive 2-bit is more
fragile, losing —4.24 pp on GSMS8K and —5.26 pp
on MATH. Boundary protection alone recovers part
of this loss, but remains below the adaptive over-
lay. SampKV gives the best quantized-cache re-
sult on all tasks, while exceeding Dream’s BF16
dual cache baseline on GSM8K, HumanEval, and
MBPP. Dream MATH remains the hardest case,
where Sparse-dLLM and SampKV at budget 32
are nearly tied but both remain below BF16 dual
cache.

4.3 Throughput and memory

Figures 4 and 5 report the batch and prompt
sweeps with their throughput and peak-memory
results. Throughput: on the batch-16 prompt
sweep, KIVI fused-GEMM reaches 1.68-1.71x
BF16 throughput, while the proposed SampKV
reaches 1.76-2.00x. SampKYV also consistently
outperforms KIVI across the batch sweep. The
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Table 1: Accuracy on four reasoning / coding benchmarks for LLaDA-8B-Instruct and Dream-v0-Base-7B. Uniform
2-bit quantization loses accuracy on the harder benchmarks; SampKYV narrows the gap by keeping a small saliency-

selected high-precision overlay.

Base model Method GSMSK MATH HumanEval MBPP
Fast-dLLM (BF16, dual cache) (Wu et al., 2026) 77.63 32.92 37.23 36.60
Sparse-dLLM (BF16) (Song et al., 2026) 77.79(+0.16) 32.80(—0.12) 33.54(—3.69) 36.80(+0.20)

LLaDA KIVI (2-bit, no protection) (Liu et al., 2024) 77.63(£0.00) 31.58(—1.34) 36.59(—0.64) 33.20(—3.40)
KIVI (2-bit, boundary protection) 77.33(—0.30) 32.48(—0.44) 37.80(+0.57) 34.40(—2.20)
SampKYV (2-bit, budget=16) 77.71(+0.08) 33.04(+0.12) 38.41(+1.18) 35.40(—1.20)
SampKV (2-bit, budget=32) 78.39(+0.76) 34.38(+1.46) 37.80(+0.57) 36.60(+0.00)
Fast-dLLM (BF16, dual cache) (Wu et al., 2026) 74.07 34.72 39.02 36.40
Sparse-dLLM (BF16) (Song et al., 2026) 74.22(+0.15) 32.48(—2.24) 36.58(—2.44) 34.40(—2.00)

Dream KIVI (2-bit, no protection) (Liu et al., 2024) 69.83(—4.24) 29.46(—5.26) 37.80(—1.22) 34.00(—2.40)
KIVI (2-bit, boundary protection) 71.34(—2.73) 31.32(—3.40) 37.80(—1.22) 35.40(—1.00)
SampKV (2-bit, budget=16) 72.93(—1.14) 31.64(—3.08) 41.46(+2.44) 35.60(—0.80)
SampKV (2-bit, budget=32) 74.15(+0.08) 32.46(—2.26) 39.63(+0.61) 36.60(+0.20)

Model names abbreviate LLaDA-8B-Instruct and Dream-v0-Base-7B. Parenthesized numbers are accuracy deltas against the
BF16 dual cache baseline within the same base-model block. Bold marks the best quantized-cache result in each benchmark.
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Figure 4: Batch-size sweep at prompt 1024. Top: de-
code throughput; botfom: peak GPU memory. SampKV
scales to b = 96 while the unquantized methods run out
of memory at b > 32. KIVI and ours store the same
2-bit cache, so their memory curves coincide.

advantage widens at longer contexts and larger
batches. This is consistent with the structural dif-
ference between the kernels: KIVI’s fused-GEMM
path consumes the packed cache without writing a
dequantized KV tensor to HBM, but it still mate-
rializes the dense attention-score matrix, whereas
our fused attention kernel computes attention in
tiles and uses online softmax to keep only small in-
termediate states on chip. Memory: on the prompt
sweep, both quantized paths reduce peak memory
by 34-55% relative to BF16; on the batch sweep,

—— Fast-dLLM KIVI —%— Sparse-dLLM —&— Ours
160 -
140 -
120 -
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Figure 5: Prompt-length sweep at batch 16. Top: de-
code throughput; bottom: peak GPU memory. SampKV
delivers 1.76-2.00x BF16 throughput and reduces peak
memory by 34-55%; our method beats KIVI fused-
GEMM at every prompt length, with the gap widening
at longer contexts.

they cut peak memory roughly in half relative to
BF16 and Sparse-dLLM, which OOM at b > 32,
while SampKYV scales to b = 96 at 52.6 GiB peak.

Figure 6 sweeps batch size at prompt 1024 and
plots the resulting (peak memory, tok/s) operat-
ing points. At every matched-memory anchor,
SampKYV delivers > 1.9x the BF16 throughput,
peaking at 2.06 x around ~34 GiB. Sparse-dLLM
lifts throughput modestly above BF16 but, because
its cache stays in BF16, lags behind our 2-bit path
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Figure 6: Iso-memory throughput at prompt 1024.
At every matched-memory anchor SampKV delivers
> 1.9x the BF16 throughput, reaching 2.06x near
34 GiB.

Table 2: Accuracies for different boundary protection
strategies at saliency budget K=32; 040, 140, and
14-1 protect no boundary, the prefix side, and both sides.

Protection GSM8K HumanEval MBPP
040 (none) 77.41 37.20 35.40
14-0 (prefix only) 77.71 37.20 35.80
041 (suffix only) 77.48 35.37 36.60
1+1 (both, default)  78.39 37.80 36.60

at every memory budget and shares the BF16 OOM
ceiling.

5 Analysis and Ablations

5.1 Ablation on the boundary protection band

Boundary protection keeps the p - g tokens immedi-
ately adjacent to the current block at high precision,
with each protection group containing g=32 tokens
(Section 3.3). At saliency budget K=32, we com-
pare 0+0 (no protection), /+0 (prefix side only),
0+1 (suffix side only) and /+/ (both sides, our
default).

Table 2 reports the result. The updated K=32
sweep shows a consistent trend: adding prefix
boundary protection gives a small gain on GSM8K
(+0.30 pp) and MBPP (+0.40 pp), while adding
the suffix band on top of it (1+0 — 1+1) im-
proves all three benchmarks. Suffix-only protection
(0+1) improves GSM8K and MBPP over no protec-
tion but reduces HumanEval, which indicates that
prefix- and suffix-side protection provide comple-
mentary benefits. Overall, 141 is consistently best,
improving over no boundary protection by 4-0.60
to +1.20 pp. This supports the attention-map pat-
tern in Section 3.2: the diagonal stripe shows strong
attention near the current-block boundary, making
boundary protection a useful dLLM analogue of

Table 3: Accuracies under different saliency signals (%);
Att is aggregated attention mass, SpD is Sparse-dLLM-
style logits, and AOC is aligned output contribution.

Signal GSMS8K MATH HumanEval MBPP
Att (ours)  77.71 33.04 38.41 35.40
SpD 77.48 32.74 39.02 34.20
AOC 77.33 32.52 37.80 34.80

sink protection in AR cache quantization. We there-
fore use 141 by default.

5.2 Ablation on the saliency signal

We compare the block-conditioned attention-mass
score of Equation (1) against two alternatives at
matched budget K=16: Att, the aggregated post-
softmax attention mass (Section 3.3); SpD, the im-
portance score used by Sparse-dLLM (raw (g, k)
logits, head-mean, max-pooled with kernel 3); and
the aligned attention-output contribution (AOC)
defined as Y Ay (vp, Og)/[|O,l1? (Appendix Sec-
tion A). Table 3 reports the result. Attention mass
wins on three of the four benchmarks (GSM8K,
MATH, MBPP), with margins of +0.23, +0.30,
and +0.60 pp over the strongest alternative on
those tasks. Its only loss is on HumanEval, where
SpD leads by 0.61 pp. Attention mass is also the
cheapest of the three: it needs only a sum-reduction
over the post-softmax attention scores, while SpD
adds a max-pool and AOC adds a per-layer aligned
product against the attention output. We therefore
adopt attention mass as the default saliency signal.

6 Conclusion

We presented SampKYV, a saliency-aware mixed-
precision KV cache for diffusion language models.
It keeps most history in 2 bits, promote a small
budget of attention-salient prefix tokens to high
precision, and serve both through a fused Triton
kernel that streams the quantized cache and the
high-precision overlay in one pass. Our approach
achieves two key results: (i) it demonstrates that
2-bit KV cache quantization in dLLMs can main-
tain the accuracy of the BF16 baseline through a
small high-precision salient-token overlay; and (ii)
it significantly alleviates the memory bottleneck
in dLLM inference, with up to 54% peak memory
reduction and 2.06 x throughput improvement at
matched memory consumption compared to BF16
baseline.
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Limitations

SampKYV primarily targets the memory bottleneck
introduced by KV cache in dLLM inference. It is
most effective for context-heavy workloads, espe-
cially large batches and long prompts, and for mod-
els whose KV caches place substantial pressure
on GPU memory. Its benefit can be diminishing
when the workload has little context or the model
is lightweight, because inference in that regime
is more likely to be compute-bound and reducing
cache storage or cache bandwidth alone leaves less
room for speedup. A natural follow-up is to com-
pose SampKV with token-level compute-skipping
methods, so that the compute and memory bound
can be optimized simultaneously.

Another direction to improve the throughput of
dLLM inference is parallel multi-token decoding,
which is orthogonal to our work. In this work,
we intentionally use single-token decoding in the
experiments, so that every compared method per-
forms exactly the same number of model forwards,
isolating the cache and kernel effects from reduc-
tions in the number of denoising steps. However,
parallel decoding reduces the number of repeated
forwards per block, so the once-per-block probe is
amortized over fewer steps, which could result in
smaller end-to-end throughput gain.

Ethical Considerations

This work is an inference-efficiency method and
does not introduce new training data, model objec-
tives, or user-facing generation capabilities beyond
those of the underlying dLLM. Its main risk is
therefore enabling cheaper or higher-throughput
deployment of models that may already produce
harmful, biased, copyrighted, or misleading con-
tent. In addition, mixed-precision cache approxi-
mation can change model outputs in ways that are
not fully predictable from aggregate benchmark ac-
curacy, so it should be validated carefully before
use in safety-critical or high-stakes settings. We
view SampKYV as an optimization layer that should
be combined with the same content-safety, moni-
toring, and evaluation procedures required for the
base model.
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A Empirical observations: details

This appendix section expands the second probe
of Section 3.2: the contribution of low-importance
KV entries to the attention output, and the drift of
high-importance KV states across decoding steps.

Evicted tokens still carry the output. A natural
way to shrink the cache is to rank historical posi-
tions by an attention-importance score and drop the
low-ranked portion (Song et al., 2026). To see what
such an eviction removes, we rank every historical
position by attention importance, split it at the me-
dian, and decompose the attention output exactly as
O = Oop + Opotom- We then measure the aligned
share of the bottom half: (Opgom, O)/||O||?, aver-
aged over heads, queries, and layers. The evicted
50% of the cache accounts for ~ 12% of the atten-
tion output, rising to 25-35% in the first six layers
(Figure 7). The discarded entries are thus low-
scoring but far from negligible: because the output
is value-weighted, a low-score key with a large
value vector still contributes substantially. The
layer-wise discrepancy also indicates that uniform
treatment across layers leaves accuracy on the ta-
ble.

Aligned contribution of evicted KV (%)
Aligned contribution of evicted KV (%)
(darker blue = higher)

Figure 7: Evicted-token contribution to the attention
output, per layer. The evicted bottom-50% of the cache
still contributes = 12% of the aligned attention output
on average, and 25-35% in the early layers.

The most-important KV are also the least sta-
tionary. A cache built once per block implicitly
assumes its high-importance entries are stable for
the block’s duration. We probe this by running
unmodified LLaDA decoding (a full bidirectional
forward at every step with no caching) and measur-
ing each position’s KV drift ||state, — state;_1 |2
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Figure 8: KV-state drift across decoding steps. The
top-1% “important” prefix tokens drift 1.6-2x more
than the average token in the early and middle layers,
for both keys (a) and values (b).

between adjacent steps. Sharpening the importance
criterion to the top 1% of prefix positions exposes
a clear pattern: in the early and middle layers these
top-1% important tokens drift 1.6-2x more than
the average prefix token (at layer 15, their value
states move 6.4% of their norm per step versus
2.2% for the rest; Figures 8a and 8b). Thus, high-
attention salient tokens are a poor fit for a frozen
high-precision cache and are better handled by the
refreshed overlay.

B Cache refresh and quantization

At the start of every decoding block, the model per-
forms one refresh forward over the full sequence.
This forward still uses the standard high-precision
attention computation, but each layer builds its own
quantized prefix and suffix cache before returning,
so that the full BF16 keys and values are local
temporaries. Only the packed 2-bit tensors and
scale/min tensors return from the layer. Thus the
refresh path never materializes a full-layer BF16
KV cache outside the layer scope. Algorithm 1
shows the attention-level operation for one layer.

C Fused mixed-precision Triton kernel
This appendix expands the kernel of Section 3.4.

Fused single-pass kernel. The kernel meets the
two requirements, (i) keep the cache 2-bit-packed
in HBM and dequantize only in on-chip SRAM,
and (ii) fold the quantized stream and the high-
precision overlay into a single softmax normaliza-
tion without materializing the full attention-score
matrix or writing a dequantized KV tensor to HBM
(Algorithm 2). It carries a single online softmax
state (m, ¢, 0) in FP32 and consumes two streams
in sequence. Stream 1 is the 2-bit cache. The ker-
nel walks the quantized prefix and suffix in tiles of
BLOCKy, unpacking the int32-packed keys and
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Algorithm 1 Cache refresh and quantization for
one layer.

Algorithm 2 Fused mixed-precision attention (one
query tile).

Input: layer ¢; layer input hidden states H; cur-
rent block [s, e); quantization width 2 bits
Output: attention output A and layer cache C*
11 Q, K,V « WHH, Wi H, W, H
# normal attention in high precision
2. A + Attention(Q, K, V)
3: Kcache — K:s H Ke:; V;:ache — Vs H Vve:
# per-channel key quantization
4 (K, Sk, ZK) — QUANT(KcaChe)
# per-token value quantization
5: (Va SV>ZV) A QU/}NT(V;:aChe)
6: Cl (K, Sk, Zk,V,Sy,Zy,s, 6)
# full BF16 KV does not escape layer
7: release local Q, K, V, Kcache, Veache
8: return A, C*

values with their per-channel / per-token scale and
zero-point directly in registers, so no dequantized
tensor is ever written back to HBM. Stream 2 is
the high-precision overlay. QK ;1 is a small dense
high-precision GEMM whose scores feed the same
online softmax state. Because both streams update
one (m, ¢, 0), the overlay and the quantized cache
share a single exact softmax denominator, with no
separate normalization and no post-hoc blend of
two attention outputs.

D Implementation details for
reproducibility

The implementation is organized as a quantized-
stream attention pass followed by high-precision
online-softmax merge passes. The quantized pass
processes the concatenated 2-bit prefix and suf-
fix. The BF16 middle segments (prefix boundary
protection, current block, and suffix boundary pro-
tection) and the fresh salient-token overlay are then
merged using the same FP32 state (m, ¢, o). This
implementation split is equivalent to Algorithm 2:
all segments share one online-softmax denomina-
tor, and no full attention-score matrix is written to
HBM.

Tensor layout. The query input has shape
[B,np, M,dy] in BF16. Packed keys have
shape [B, nky, dn, T/(32/k)], with scale/min ten-
sors [B, nky, dp, T'/g]. Packed values have shape
[B, nky, T, dp/(32/v)], with scale/min tensors
[B, nky, T, dp,/g]. The running max and log-sum-
exp tensors are [B, ny, M| in FP32, and the unnor-

Input: query (Q; 2-bit cache (K , V) with scales
(Sk,Sv) and zero-points (Zx, Zy); salient
overlay (K1, Vsal); saliency masks @

Output: attention output O
# FP32 online-softmax state

I: m<+ —o00; £ 0; 0+ 0
# Stream 1, 2-bit quantized prefix/suffix
2: for each key tile j of the quantized cache do
# unpack in SRAM, no HBM write
3 Kj + DEQUANT(K;, Sk j, Zk )

# mask —oo at salient positions

S QK[ /Vd+ @

m’ < max(m, rowmax X.)

o — em_m,, P = m

{ + ol + rowsum P

V; + DEQUANT(V}, Sv.j, Zv;)

0 <+ ao + PV}

10: m < m’

# Stream 2, high-precision salient overlay

1: ¥« QK/,/Vd

12: m’ « max(m,rowmax )

13: o+ em_m,, P = m

14: £ < af + rowsum P

15: 0 <+ ao + PV

16: return O < o//

L X DR

malized output accumulator is [B,ny, M, dy] in
FP32. Our experiments use k = v = 2 and g = 32,
so each int32 word stores 16 quantized elements.
The implementation requires 7" to be divisible by g
for keys, dj, to be divisible by g for values, and dj
to be a power of two.

Launch and tiling. The wrapper flattens the lead-
ing batch-head dimensions and launches a grid
of ([M/BLOCK,,]|, Bny). Since the decoding
block is short, BLOCK)y is set to the next power
of two at least 16 and the query tile is padded
when necessary. The head dimension tile is fixed
to BLOCK_HEADDIM = d},. We use Triton au-
totuning to choose the sequence-tile configuration.
The autotuner selects the best configuration sep-
arately for each combination of head dimension
dp,, key bit width k, value bit width v, and quan-
tization group size g. The table below lists the
candidate configurations in the search space. Here,
BLOCK y denotes the number of cached KV po-
sitions processed by each tile, while num_warps
and num_stages control the amount of GPU paral-
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lelism and the depth of software pipelining, respec-
tively.

BLOCK_N (num_warps, num_stages)
32 (2,2), (4,3)
64 (2,3), (4,3), (4,4), (8,3)
128 (4,2), (8,2), (8,3)

Each program keeps one query tile and the FP32
online-softmax state resident while looping over
key/value tiles. Tail positions beyond the effective
quantized length are masked to —oo before the
online-softmax update.

Masks and high-precision merge. The addi-
tive column mask over the quantized stream is a
FP32 tensor of shape [B, T'] containing 0 for nor-
mal columns and —oo for padding or salient posi-
tions that will be supplied through the fresh BF16
overlay. After the Triton quantized-stream launch,
the boundary-protection bands, current block, and
salient overlay are merged through the same online-
softmax state. Thus each protected or salient posi-
tion contributes exactly once, while the quantized
cache remains packed throughout the Triton pass.

E Benchmark and evaluation details

Table 1 reports the main accuracy results on the full
evaluation sets. All accuracy runs use determin-
istic decoding with generation length 256, block
length 32, and 256 total denoising steps. The cache-
compression settings follow the main text: 2-bit
key/value quantization with group size g = 32,
one boundary-protection group on each side when
boundary protection is enabled, and saliency bud-
gets K € {16, 32} for the adaptive overlay.

Table 4 reports the detailed information and
metrics for each benchmark. GSMS8K contains
grade-school arithmetic word problems and is eval-
uated with five-shot prompting using the standard
answer-extraction exact match. MATH contains
competition-style math problems spanning algebra,
counting and probability, geometry, intermediate
algebra, number theory, prealgebra, and precalcu-
lus; we use the four-shot Minerva-style evaluation
and report the verified-answer score. HumanEval
contains Python function-completion problems and
is evaluated zero-shot by executing generated code
against the provided unit tests after code extrac-
tion. MBPP contains short Python programming
tasks with natural-language descriptions and tests;
we use the three-shot instruction-format task and
report pass@1 after code extraction and execution.

Benchmark Items Shots Metric
GSMSK 1,319 5 exact match
MATH 5,000 4 math verification
HumanEval 164 0 pass@1
MBPP 500 3 pass@1

Table 4: Accuracy benchmark settings. The same set-
tings are used for both LLaDA-8B-Instruct and Dream-
v0-Base-7B in Table 1.

F Inference runtime breakdown

B Cache refresh&quantization ™ Saliency Probe ™ Mixed-precision decoding
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Figure 9: Runtime breakdown. Bars are latency
percentages for refresh, saliency probe, and mixed-
precision decoding; the probe stays at 2.0-2.4%.

We profiled the inference runtime of SampKYV on
LLaDA-Instruct-8B with batch size 1, generation
length 256, block length 32, 256 decoding steps,
saliency budget K=16, and one boundary pro-
tection group on each side of the current block.
The profiler separates model forwards into three
phases: the layer-wise cache refresh and quanti-
zation, the once-per-block saliency probe, and the
decoding forwards within each block served by
our proposed fused mixed-precision kernel. Fig-
ure 9 shows that the saliency probe adds a small,
stable cost across the sweep. As context grows,
the refresh-and-quantization phase increases from
3.2% to 16.4% of the profiled phases, whereas
the probe share decreases slightly from 2.4% to
2.0%. Thus the probe’s overhead is negligible com-
pared with the repeated mixed-precision decoding
forwards, which remain the dominant component
throughout the tests.
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