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Abstract

Autoregressive Models (ARMs) have long domi-
nated the landscape of Large Language Models.
Recently, a new paradigm has emerged in the
form of diffusion-based Large Language Mod-
els (dLLMs), which generate text by iteratively
denoising masked segments. This approach has
shown significant advantages and potential. How-
ever, dLLMs suffer from high inference latency.
Traditional ARM acceleration techniques, such as
Key-Value caching, are incompatible with dLLMs
due to their bidirectional attention mechanism.
To address this specific challenge, our work be-
gins with a key observation that dLLM infer-
ence involves a static prompt and a partially dy-
namic response, where most tokens remain sta-
ble across adjacent denoising steps. Based on
this, we propose dLLM-Cache, a training-free
adaptive caching framework that combines long-
interval prompt caching with partial response up-
dates guided by feature similarity. This design
enables efficient reuse of intermediate computa-
tions without compromising model performance.
Extensive experiments on representative dLLMs,
including LLaDA 8B and Dream 7B, show that
dLLM-Cache achieves up to 9.71x FLOPs re-
duction on LongBench-HotpotQA while main-
taining competitive output quality. Notably, our
method brings dLLM inference latency close to
that of ARMs under many settings. The code for
this work is publicly available at: https://
github.com/maomaocun/dLLM-cache.
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1. Introduction

Large language models (LLMs) (Zhao et al., 2023) are foun-
dational to modern Al, powering applications from conver-
sational Al to scientific discovery. While autoregressive
models (ARMs) have been the dominant paradigm (Radford
et al., 2018; Brown et al., 2020; OpenAl, 2022), diffusion-
based large language models (dLLMs), such as LLaDA (Nie
et al., 2026) and Dream (Ye et al., 2025), have emerged as
promising alternatives. These models offer impressive scal-
ability and outperform ARMs in handling challenges like
the “reversal curse” (Berglund et al., 2024) due to their bidi-
rectional attention mechanism, demonstrating the potential
of diffusion models for complex language tasks.

The practical adoption of dLLMs is hindered by a paradox:
despite their potential for parallel decoding, they exhibit a
daunting computational complexity of O(N?). This ineffi-
ciency arises because generating a sequence of length V re-
quires N denoising iterations in practice, each recalculating
bidirectional attention across all tokens without any caching
mechanism. This is fundamentally less efficient than stan-
dard ARMs, which exploit Key-Value caching (Pope et al.,
2023) to reduce the overall computational effort to O(N?).

Our work bridges this gap by successfully applying a
caching mechanism to dLLMs. We first study two com-
putational redundancies in the inference process of dLLMs
as illustrated in Figure 1, which uniform strategies fail to
address. First, prompt redundancy arises because the input
prompt tokens remain constant, yet their internal represen-
tations, e.g., attention output, are recomputed in each de-
noising step. Second, response dynamics and redundancy
occur as the generated response features evolve. While
significant similarity often exists between adjacent steps,
suggesting caching potential, not all tokens evolve in the
same way. This non-uniform evolution explains why tradi-
tional uniform caching strategies are ineffective.

Motivated by these insights, we introduce dLLM-Cache,
a training-free, adaptive caching mechanism designed to
accelerate dLLM inference by exploiting these distinct re-
dundancies. dLLM-Cache employs a differentiated caching
strategy comprising two core components:
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Figure 1. Cosine similarity of Key, Value, Attention Output and FFN Output between two adjacent denoising steps in a dLLM,
highlighting computational redundancies. The heatmaps show similarity across adjacent steps for prompt and response tokens, respectively,
where a lighter color indicates a higher similarity of a token compared with its value in the last step. These results demonstrate: (I) The
prompt region exhibits high similarity, while the response region shows different similarity in different tokens. (II) Notably, only a small
fraction of response tokens exhibit significantly lower similarity, suggesting that selective recomputation is sufficient. (III) Response
tokens’ value similarity closely aligns with attention and FFN output similarity, supporting that value changes can serve as an effective
indicator to identify those most changed response tokens.

3. We introduce V-verify, a lightweight yet effective
mechanism that uses cosine similarity of Value vectors
across denoising steps to identify the most changed
tokens for partial update, grounded in strong empirical
correlation with overall token evolution.

Long-Interval Prompt Caching: We compute and cache
features related to the prompt tokens only at sparse, long
intervals, e.g., every 100 steps. These cached features
are then reused in all subsequent intermediate steps until
the next long interval, drastically reducing the overhead
associated with processing the static prompt.

« Adaptive Short-Interval Response Caching: Features 4. We validate dLLM-Cache across various benchmarks,
associated with the response tokens are cached and fully showing significant inference acceleration, e.g., up to
refreshed at more frequent, shorter intervals, e.g., every 9.1x on LLaDA with competitive output quality,
10 steps. Between these full refreshes, we adopt an adap- achieving a superior speed-quality trade-off compared
tive partial update strategy to balance speed and accuracy. to the baseline and simpler caching methods.
Specifically, we identify and selectively update only the
most dynamic tokens. As shown in Figure 1, the co- 2, Related Work

sine similarity of a token’s Value vector across adjacent
steps strongly correlates with changes in its subsequent
Attention and FFN Output. This motivates our V-verify
mechanism, which uses Value similarity as an efficient
proxy to select tokens for update.

2.1. Diffusion Models for Language.

Diffusion Models (DMs) (Sohl-Dickstein et al., 2015; Ho
et al., 2020; Song et al., 2021) learn to reverse a data corrup-
tion process, excelling in continuous domains like images

This differentiated adaptive handling of prompt and re-  (Rombach et al., 2022; Peebles & Xie, 2023). However,

sponse features allows significant inference acceleration
while preserving quality, all without retraining. Our main
contributions are:

1. We identify and characterize the dual computational
redundancies in dLLM inference: quasi-static prompt
and dynamic response redundancy.

2. We propose dLLM-Cache, a training-free adaptive
caching framework that combines long-interval prompt
caching with short-interval, similarity-guided partial
updates for response tokens.

adapting DMs to discrete data like text remains challenging,
partly due to text’s discrete nature. A promising direction
involves Masked Diffusion Models (MDMs) (Austin et al.,
2021; Lou et al., 2024; Shi et al., 2024; Ou et al., 2025;
Zheng et al., 2024; Gong et al., 2025; Nie et al., 2025; He
et al., 2023; Reid et al., 2023; Sahoo et al., 2024; Ye et al.,
2023), a specific instance of discrete diffusion which oper-
ates on discrete sequences by iteratively predicting masked
tokens based on their context.

Recent work has scaled MDMs (Nie et al., 2026; Ye et al.,
2025), showing performance comparable to ARMs of simi-
lar size such as Llama 3 8B (Grattafiori et al., 2024). Their
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bidirectional design helps mitigate limitations specific to
ARMs like the reversal curse (Berglund et al., 2024), while
extensions to multi-modal (Yang et al., 2026; You et al.,
2025) and reasoning tasks (Zhao et al., 2026; Huang et al.,
2026; Zhu et al., 2025) further highlight their versatility as
a foundation model paradigm.

2.2. Acceleration via Caching Mechanisms

Key-Value Caching in Autoregressive Models. The most
established use of caching in language models is the Key-
Value (KV) caching (Pope et al., 2023), which is fundamen-
tal to the efficiency of ARMs. In ARMs, causal attention
allows for the direct caching of past tokens’ key and value
states, trading memory for computational speed. However,
cache size grows with input length, creating bottlenecks
for long-context deployment. To address this, prior work
sparsifies caches retrospectively (Xiao et al., 2024; Zhang
et al.,, 2023; Ge et al., 2024; Liu et al., 2023; Li et al., 2024).

Caching in Diffusion Language Models. While feature
caching has also been explored in ARMs, the bidirectional
attention in dLLMs makes traditional KV caching incom-
patible (Nie et al., 2026), creating a distinct challenge. Prior
works are beginning to address this gap, but often require
cache-aware training (Arriola et al., 2025) or operate under
restrictive conditions (Sahoo et al., 2024).

Concurrent works such as dKV-Cache (Ma et al., 2026)
and Fast-dLLM (Wu et al., 2026) also study cache-enabled
acceleration for dLLMs. The former focuses on delayed
KV reuse after decoding, while the latter uses block-wise
approximate KV Cache plus confidence-aware parallel de-
coding. However, dLLM-Cache exploits the asymmetric
dynamics of prompt and response tokens during denoising,
combining long-interval prompt caching with adaptive short-
interval response caching guided by a lightweight V-verify
mechanism. It also caches intermediate features beyond
KV states, including Attention Output and FFN Output, to
reduce repeated computations across Transformer blocks.

3. Methodology

3.1. Preliminary

Training Paradigm of dLLMs. Unlike the sequential
and unidirectional nature of ARMs, dLLMs are trained
in a denoising framework that learns to reverse a forward
corruption process, where clean sequences are stochastically
degraded over a continuous time variable.

Formally, let xg = (x1,..., ) be a clean text sequence
sampled from the data distribution D. The forward process
defines a continuous time variable ¢t € [0,1], with ¢ = 0
denoting the clean sequence and ¢ = 1 the fully corrupted
state. At each time ¢, a corrupted sequence x; is produced,

where every token z; o is independently transformed into
2, according to the rule:

{[MASK] with probability ¢
Tt =

1
Ti0 with probability 1 — ¢ M
This per-token independent masking process ensures that as
t — 1, the sequence x; converges to a fully masked state.

The model, a bidirectional Transformer parameterized by
# and denoted py, is trained to reconstruct the original se-
quence xg from its corrupted counterpart ;. Training mini-
mizes the negative log-likelihood of the original tokens at
masked positions. Let M, denote the indices of masked
tokens in ;. The loss is defined as:

L(0) = —Eyyup tnvio,) l Z logpg(xi,0|xt)] ()
1EM;y
This training regimen compels the model to learn a robust
representation of language structure by leveraging the full
bidirectional context, rather than being constrained by a
causal dependency chain.

Inference Process of dLLMs. dLLMs generate text via a
non-autoregressive process that iteratively denoises a fully
masked sequence into the target output. Our work focuses
on accelerating this inference procedure. We use LLaDA as
a representative example to illustrate it.

Let 7 be the token vocabulary and [MASK] € 7 the special
mask token. Given a prompt ¢ = (¢q, ..., ¢y ), the model
generates a response y = (y1, . ..,yr,) through K discrete
denoising steps, indexed by k = K down to 0. Let y*) ¢
TL denote the intermediate state at step k, starting from a
fully masked sequence:

y®) = ([MASK],..., [MASK]) ©)

L times

At each step k, a mask predictor py estimates the distribution
over the clean sequence:

P(yle,y™) = po(c,y";0) )
The most likely clean sequence estimate (/%) is obtained
via greedy decoding:

y(o\k) = arg max PQ(Y|C;y(k)) ®)
yeTL

A transition function S then yields y*~1) by selectively
updating tokens in y(*) based on y(©l%):

y Y = S(yOR y®) e k) (6)

The specific strategy for S may involve confidence-based
remasking or semi-autoregressive block updates (Nie et al.,
2026). While this process enables flexible generation, it
incurs high latency due to repeated recomputation across
steps, particularly as K grows, as detailed in Appendix A.7.
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Figure 2. Correlation of K/V and AttnOut/FFNOut similarities across adjacent denoising steps for response tokens. We
calculate the cosine similarity of the K or V vector for each response token between the current step and the previous cached step. This
value is compared against the cosine similarity of the corresponding AttnOut or FFNOut across the same step pair. Taking the
25% most dissimilar tokens based on K/V similarity, we plot the correlation between these two metrics. The subfigures illustrate the
relationships for K versus AttnOut (a), K versus FFNOut (b), V versus AttnOut (c), and V versus FFNOut (d).

3.2. dLLM-Cache

To alleviate the inference inefficiency of dLLMs, we in-
troduce dLLM-Cache, a training-free caching framework.
The input prompt remains static across denoising steps, and
its internal features are consistently stable, making it suit-
able for long-interval caching. In contrast, the response
sequence evolves dynamically. However, this evolution is
highly sparse, as only a small fraction of response tokens
change significantly at each step. Such sparsity, evident in
Figure 1, suggests that recomputing all response features in
every step is often unnecessary.

To take advantage of this sparsity, dLLM-Cache selectively
updates only a small fraction of response tokens that change
most between adjacent steps. The challenge is to identify
such tokens efficiently and accurately. Figure 2 reveals that
the change in a response token’s Value (V) or Key (K) vec-
tor, which is quantified by cosine similarity between current
and cached versions, strongly correlates with changes in
its subsequent Attention Output (AttnOut) and Feedfor-
ward Network Output (FFINOut). This strong correlation
indicates that by monitoring the dynamics of earlier-stage
features like V, we can effectively identify tokens whose
more complex downstream features are also likely to have
significantly changed.

Based on this finding, we introduce our V-verify mechanism.
It uses the cosine similarity between each response token’s
current V vector and its cached counterpart to identify to-
kens with the largest V changes. Only these selected tokens
undergo a full feature recomputation and cache update.

Building on this core idea, the overall workflow of dLLM-
Cache illustrated in Figure 3 is as follows: For each Trans-
former layer [, we store its KO, v, AttnOut(l), and
FFNOut" ina Prompt Cache C, and a Response Cache
C,, respectively. Caching is controlled by three hyperparam-

eters: prompt refresh interval K, response refresh interval
K,, and adaptive update ratio p € [0,1]. The inference
process generally involves:

Initialization. At the very first step (k = K), we com-
pute all features from (c, y(K )), partitioning prompt-related
features into C,, and response-related features into C,.

Iterative Steps. Next, as k decreases from K —1 to 1, each
layer [ performs the following operations:

(1) For the prompt, if ¥ = 0 (mod K,), recompute and
update C,; otherwise, reuse.

(2) For the response, if £ =0 (mod K,.), fully recompute
and update C,.; otherwise, perform adaptive update detailed
in Sec. 3.2.2.

(3) Each layer [ then continues the forward computation
using the available feature version.

Termination. The process terminates at k£ = 0, yielding
the final output y (%),

3.2.1. PROMPT CACHE MANAGEMENT

Since the input prompt c does not change, its features are
largely stable over time. To take advantage of this, dLLM-
Cache maintains a Prompt Cache C,,. At k = K, all prompt-

related features KS), V](,l), AttnOutI(f), FFNOutZ(f) are
computed and stored. In subsequent steps, these features
are recomputed only every K, steps; in other steps, they
are reused directly from the cache. This reduces the cost of
processing the static prompt, particularly when K, is large.

3.2.2. RESPONSE CACHE WITH ADAPTIVE UPDATES

Response features y(*) evolve over time, though most to-
kens change only gradually across adjacent steps, allow-
ing selective updates. The response cache C, supports two
modes: periodic full refresh and adaptive partial update.
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Figure 3. The dLLM-Cache pipeline. Prompt features are updated at long intervals, while response features are fully recomputed every
K, steps and otherwise only the tokens least similar to cached V are recomputed.

Full Refresh. All response features are recomputed when
k=0 (mod K,)ork =K.

Adaptive Partial Update. Otherwise, we first compute the
cosine similarity s; between the current Value vector vf,l;

()

and its cached counterpart v, for each token j (Eq. 7).
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l ~
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v
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Then we select the | p|y*)|| tokens with the lowest similar-
ity for updating, recompute their features, and reuse cached
values for the rest. In adaptive partial updates, V-verify
computes current Value vectors for all response tokens to
score adjacent-step changes. Since this full response-side
V¢V is already available after the lightweight projection,
we overwrite the entire cached V, with VI*¥. In con-
trast, K, AttnOut, and FFNOut are recomputed and
scattered back only for the selected low-similarity tokens.

This adaptive strategy leverages temporal stability to cut
computation while preserving accuracy.

4. Experiments
4.1. Experiment Settings

Implementation Details. We evaluated dLLM-Cache on
two representative dLLMs: LLaDA 8B (Nie et al., 2026)
and Dream 7B (Ye et al., 2025), each with Base and Instruct
variants. Following the original inference configurations
detailed in Appendix A.11, we conducted our experiments
across eight benchmarks. Additional performance analysis
on long and semantically diverse scenarios is provided in
Appendix A.1. For all models, we set p = 0.25. The K, and
K, are specified in Appendix A.11. All experiments were
conducted on the NVIDIA RTX 4090 GPUs.

Evaluation Metrics. We evaluate the acceleration and
model quality preservation of dLLM-Cache using several
metrics. Throughput is measured as Tokens Per Second
(TPS), reflecting inference speed. Computational cost is cal-
culated as the average Floating Point Operations (FLOPs)
per token. Task performance is assessed using benchmark
scores, like accuracy on GSM8K (Cobbe et al., 2021), ensur-
ing dLLM-Cache achieves efficiency gains without compro-
mising model performance. The testing of TPS and FLOPs
was performed on a single RTX 4090 GPU.
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Table 1. Comparison of LLaDA 8B with and without dLLM-Cache on 8 benchmarks.

Task | Method | Inference Efficiency | Performance
| | TPStT Speed(TPS)t FLOPs(T)] Speed(FLOPs)t | Scoret
Mathematics & Science

LLaDA Base 7.32 1.00x 16.12 1.00x 69.06
GSMS8K + dLLM-Cache 23.19+15‘37 3.17X+2417 3.21712,91 5.02X+4,()2 70.66+1,(;()

LLaDA Instruct | 6.95 1.00x 16.97 1.00x 77.48

+ dLLM-Cache 29-75+22.8() 4.28X+3,28 2.92714,()5 5.81 X 4+4.81 78.54+1,(](5

LLaDA Base 5.12 1.00x 22.97 1.00 % 31.91
GPQA + dLLM-Cache 25.23+20;1 1 4.93><+;5A93 3.207'15)‘77 7.18X+6_]8 32.81+0,90

LLaDA Instruct | 5.33 1.00x 22.07 1.00x 29.01

+ dLLM-Cache 28-01+22A68 5.26><+4426 2.73719_34 8.08X+7,08 29.01+0,00

LLaDA Base 8.31 1.00x 14.11 1.00x 30.84
Math + dLLM-Cache 33-92+25461 4.08X+34()g 2.61 1150 5.41X+/1,11 29.84 1 oo

LLaDA Instruct | 23.65 1.00x 5.16 1.00x 22.32

+ dLLM-Cache 31.02.5_7,37 1.31 X 140.31 3.96_1,2() 1.30X+(),3() 22.52+(),2()

General Tasks

LLaDA Base 14.08 1.00x 8.40 1.00x 24.26
MMLU-pI‘O + dLLM-Cache 45-75+31.67 3.25><+2425 2-1576.25 3.91X+Q”()1 24.69+0,43

LLaDA Instruct 14.01 1.00x 8.46 1.00x 36.41

+ dLLM-Cache 39.63+25‘62 2.83X+1433 2.6275,84 3.23X+2,23 36.087(),33

LLaDA Base 8.09 1.00x 14.56 1.00 % 63.99
MMLU + dLLM-Cache 33.52+25,43 4.14X+3,14 2.64711,92 5.52X+4,52 64.26+(),27

LLaDA Instruct 10.12 1.00x 11.85 1.00 % 61.24

+ dLLM-Cache 21.23+'| 1.11 2.10><+'|_10 4.50_735 2.63X+1_63 62.82+1_53

LLaDA Base 6.41 1.00x 18.29 1.00x 44.77
BBH + dLLM-Cache 27.90+21,49 4.35><+3‘35 3.09715.20 5.92X+4,92 45.04+0,27

LLaDA Instruct | 6.18 1.00x 18.98 1.00x 51.49

+ dLLM-Cache 27.55+21‘37 4.46X+3,16 3.08715,90 6.16X+5,16 51.984»(),19

Code

LLaDA Base 7.87 1.00x 14.91 1.00x 40.80
MBPP + dLLM-Cache 24.614516‘74 3.13><+2A13 3.0771 1.84 4.86X+3,86 40.607()_20

LLaDA Instruct | 7.55 1.00x 15.53 1.00x 39.20

+ dLLM-Cache 31-73+24.18 4.2O><+3420 2.80712,73 5.55X+4,55 39.60+0,40

LLaDA Base 19.98 1.00x 6.03 1.00x 32.92
HumanEval | +dLEM-Cache | 51.96, 3108  2.60% 1 .60 2.04_3.99 296X +1.96 32.31 061

LLaDA Instruct 10.57 1.00x 11.10 1.00x 38.71

+ dLLM-Cache 44.77+34,20 4.24X+3,24 2.0579,[)5 5.41 X 4+4.41 39.02+(),31

4.2. Main Results acceleration on multiple tasks.

Performance and Efficiency Gains across Models. Ta-
bles 1 and 2 summarize the results for LLaDA 8B and
Dream 7B. Across tasks, dLLM-Cache consistently im-
proves inference efficiency while largely preserving task
performance. For LLaDA 8B, applying dLLM-Cache to
LLaDA Instruct on GPQA yields an 8.08 x FLOPs speedup,
reducing the cost from 22.07T to 2.73T without accuracy
degradation. The same trend holds for Dream 7B. These
results demonstrate that dLLM-Cache generalizes across
model families and benchmark categories, providing broad

Comparison with Other Representative LLM. Ta-
ble 3 compares our accelerated LLaDA with Llama 3
8B (Grattafiori et al., 2024). Note this is merely an effi-
ciency reference given differing training data. Simply reduc-
ing denoising steps to 32 boosts throughput but catastrophi-
cally drops accuracy to 22.25%. In contrast, dLLM-Cache
achieves a 2.8 x speedup while maintaining 70.66% accu-
racy. When further combined with SlowFast Sampling (Wei
et al., 2026), an advanced sampling method, throughput
improves to 49.86 TPS, comparable to Llama 3 8B while re-
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Table 2. Comparison of Dream 7B with and without dLLM-Cache on 8 benchmarks.

Task | Configuration | Inference Efficiency | Performance
| | TPST Speed(TPS)t FLOPs(T)| Speed(FLOPs)T | Scoref
Mathematics & Science

Dream Base 6.36 1.00x 19.59 1.00x 76.95
GSMSK + dLLM-Cache 32-44+26.08 5.10X+4,1() 2.84,1(;75 6.90X+5,90 76.95+0,00

Dream Instruct 6.39 1.00x 19.57 1.00x 77.55

+ dLLM-Cache | 24.52 1513 3.84X 2354 424 1533 4.62X 1361 76.80 (.75

Dream Base 5.80 1.00x 21.66 1.00x 33.92
GPQA + dLLM-Cache 30-95+25_']5 5.33X+4'33 3.03,]&(53 7.15X+6,15 34.15+0,23

Dream Instruct 5.53 1.00x 22.63 1.00x 34.38

+ dLLM-Cache 21.98+1(;,15 3.97><+2.97 4.69717'94 4.83><+3,82 33.9371),15

Dream Base 9.40 1.00x 13.31 1.00x 38.68
Math + dLLM-Cache 36.89+27.49 3.92% 1599 2.61_10.70 5.10X+4,'|() 37.94_ 74

Dream Instruct 8.85 1.00x 14.11 1.00x 38.28

+ dLLM-Cache 23.52+1,1<(;7 2.66><+1.6G 4.66,9',,15 3.03><+2_03 37.62,01;(5

General Tasks

Dream Base 15.61 1.00x 7.92 1.00x 24.13
MMLU-pro + dLLM-Cache | 35.86,9095 2.30X% +1.30 2.89 503 2.74 x +1.74 23.86_(.o7

Dream Instruct 15.40 1.00x 7.98 1.00x 43.79

+ dLLM-Cache | 23.98 g 53 1.56X 1056 477 3591 1.67X 0.67 4396017

Dream Base 9.10 1.00x 13.73 1.00x 73.49
MMLU + dLLM-Cache 31.07+21<97 341 X 1241 3-27710.46 4.20><+3.20 73.20,17)25)

Dream Instruct 8.45 1.00x 14.75 1.00x 73.40

+ dLLM-Cache | 38.01 2955 4.50%X 350 242 1533 6.10x 15,10 73.42 . 0.02

Dream Base 7.24 1.00x 17.25 1.00x 52.25
BBH + dLLM-Cache 29.61+22‘37 4.09><+3,09 3.35713'90 5.15><+/1.15 51.6671)‘59

Dream Instruct 6.98 1.00x 17.90 1.00x 57.07

+ dLLM-Cache 22.31+15‘33 3.20X+2,2() 4.82,13'08 3.71 X192.71 57.07+0,00

Code

Dream Base 8.91 1.00 % 14.06 1.00x 54.20
MBPP + dLLM-Cache | 35.69 9575 4.01x_ 501 2.66 11 40 5.29% 1 4.99 54.20.0.00

Dream Instruct 8.46 1.00x 14.65 1.00x 57.00

+ dLLM-Cache 29.774,21‘31 3.52x +2.52 3.33_ 11.32 4.40x +3.40 56.80 0.20

Dream Base 21.43 1.00 % 5.68 1.00x 58.53
HumanEval |+ dLLM-Cache | 27404597 128X 0.8 417 1.5 1.36X 10 36 57311 99

Dream Instruct 17.88 1.00x 6.84 1.00x 57.92

+ dLLM-Cache 28.034,10‘15 1.57X+0A57 3.94,2_90 1.74><+0A7/1 56.09 1.83

taining 67.17% accuracy, surpassing it by 18.12%, showing
the orthogonality of our method.

Table 3. Comparison of LLaDA 8B Base with other representa-
tive LLM on GSMB8K.

Method | Steps TPST Acc(%)? Memory (GB)|
Llama 3 8B ‘ 47.73 49.05 16.06
LLaDA Base 32 53.55 22.25 16.94
LLaDA Base 256 7.37 69.06 16.94
+ Cache 256 20.64 70.66 17.93
+ Cache + SlowFast 49.86 67.17 17.93

Compatibility with Advanced Sampling Methods. Our
dLLM-Cache is orthogonal to recent sampling-based accel-

eration methods, such as SlowFast Sampling (Wei et al.,
2026). When combined, as shown in Table 4, the two meth-
ods achieve greater inference speedups while preserving
model performance.

Comparison with Concurrent Caching Methods. We
compared dLLM-Cache with two concurrent works, dK'V-
Cache (Ma et al., 2026) and Fast-dLLM (Wu et al., 2026),
as detailed in Table 5. While these approaches also aim to
accelerate inference, they primarily rely on coarse-grained
token heuristics and limit their scope to caching KV pairs,
often leaving the computationally intensive FFNs unopti-
mized. In contrast, dLLM-Cache leverages the fine-grained
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Table 4. Performance of LLaDA Base with dLLM-Cache and
SlowFast Sampling.

Task Method ‘ TPST Speed! Scoref
Mathematics & Science
LLaDA Base 4.55 1.00x 69.83
GSMS8K
Sampling + Cache | 26.99  5.93x 69.60
LLaDA Base 3.31 1.00x 31.47
GPQA
Q Sampling + Cache | 29.06  8.78x 33.48
General Tasks
LLaDA Base 9.16 1.00x 23.30
MMLU-
PO | Sampling + Cache | 33.38 3.64x  25.53
BBH LLaDA Base 4.04 1.00x 4497
Sampling + Cache | 36.04  8.92x 44.81
Code
HumanEval LLaDA Base 11.24 1.00x 31.71
Sampling + Cache | 41.14  3.66 % 31.10

Table 5. Comparison of dLLM-Cache with other concurrent
methods on LLaDA and Dream.

Task | Method | TPST Speed® Scoref

Dream Base 5.80 1.00x 33.92

+ dKV-Cache 10.11 1.74 % 32.83

GPQA + Fast-dLLM 2223  3.83x 31.31
+ dLLM-Cache | 30.95 5.33x 34.15

LLaDA Instruct 10.12 1.00x 61.24

+ dKV-Cache 1434 1.42x 60.87

MMLU + Fast-dLLM 20.51  2.03x 61.43
+ dLLM-Cache | 21.23 2.10x 62.82

LLaDA Instruct 10.57 1.00x 38.71

HumanEval + dKV-Cache 1440 1.36x% 37.20
+ Fast-dLLM 21.50 2.03x 36.59

+ dLLM-Cache | 44.77 4.24x 39.02

V-verify mechanism to identify feature stability, enabling
the safe bypassing of entire transformer layers, including
both Attention and FFN projections. This advantage trans-
lates directly into superior efficiency: on GPQA with Dream
Base, dLLM-Cache achieves a 5.33x speedup, significantly
outperforming the 1.74 x and 3.83 x gains of the baselines
while maintaining the highest accuracy of 34.15%. A more
detailed comparison is provided in Appendix A.2.

4.3. Ablation Study

Effect of Update Ratio p and Selection Strategy. We in-
vestigated how different token selection strategies impact
performance under varying adaptive update ratios p. Fig-
ure 4 reports accuracy and computational cost on GSM8K
when using three strategies: V-verify, K-verify, and ran-

dom selection. Both similarity-based strategies consistently
outperform random selection across a wide range of p val-
ues, confirming the importance of dynamic, feature-driven
updates. In particular, value-based selection achieves the
highest accuracy around p = 0.25, while requiring signifi-
cantly fewer FLOPs than full recomputation. This suggests
that moderate, targeted updates, e.g., p ~ 0.25 strike a
favorable trade-off between efficiency and output quality.

—e— TFLOPs Random K Verity [l v verity . LOSsless
80 | & 5
original acc: 77.48
q
(=]

< 60 40
2 T
< (7]
E w/o update acc: 31.46 —
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o 40 3
< l )
- - ]

20 2

0.01 0.10 0.2 0.25 0.9
Adaptive update ratio p

Figure 4. Effect of token selection strategy on GSM8K using
LLaDA 8B Instruct model under varying update ratios p.

Effect of Cache Refresh Interval K, and K,. We ana-
lyzed how refresh intervals affect efficiency and accuracy.
As shown in Figure 5(a), increasing the prompt interval K,
substantially reduces FLOPs without hurting accuracy, con-
firming that infrequent prompt updates suffice. Figure 5(b)
highlights the importance of response updates. Without
prompt caching or adaptive updates (K, = 1, p = 0,
gray line), accuracy drops sharply. In contrast, our set-
ting (K, = 50, p = 0.25, orange and blue line) maintains
high accuracy with much lower cost. This validates our
strategy of combining long prompt intervals with short re-
sponse intervals and adaptive updates. Additional analyses
of the Dream model can be found in Appendix A.3.

5. Discussion

Effect of Denoising Steps. In dLLMs, the number of denois-
ing steps determines a trade-off between quality and latency.
Increasing the steps improves output accuracy but also raises
inference cost, as shown in Figure 5(c). Simply reducing the
steps accelerates inference but causes severe performance
degradation. On GSMS8K, dLLM-Cache achieves a 5 loss-
less speedup at 256 steps, matching the computational cost
of a baseline with approximately 48 steps while more than
doubling its accuracy. This shows that our method achieves
both efficiency and quality, unlike simple step reduction.

Storage Overhead of Caching. dLLM-Cache stores four
types of intermediate features per layer: K, V, AttnOut,
and FFINOut. The total cache size scales with the number
of tokens 7', embedding dimension d, and number of layers
L, giving a cost of T'x d x4 x L as detailed in Appendix A.9.
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Figure 5. (a) Varying K, with K;, = 1, p = 0. (b) Varying K, under two settings: baseline (K, = 1, p = 0, gray) and our setup
(Kp = 50, p = 0.25 in Table 1). (c) Varying the denoising steps K for the uncached baseline. The gray marker denotes dLLM-Cache
with K, = 25, K, = 5, p = 0.25. dLLM-Cache achieves a better Pareto optimum: about 5 faster than the standard 256-step baseline

at similar accuracy, and over 2 X more accurate than a baseline with equal FLOPs. (a—b) LLaDA Instruct; (c) LLaDA Base.

Since only one version per layer is cached, the overall foot-
print remains stable. As shown in Table 3, on GSM8SK
with LLaDA 8B Base, peak GPU usage is 16.94 GB with-
out caching, 17.93 GB with dLLM-Cache, and 16.06 GB
for Llama 3 8B. Hence, the additional memory cost intro-
duced by caching is less than 1 GB, representing only a
5% increase over the baseline. This modest storage over-
head yields up to 9 x acceleration in generation, making it
a highly favorable tradeoff, particularly under tight latency
constraints and limited GPU memory budgets.

60
—— K, =100, K, =1

1 K, =100, K, =2

50 K, =100, K, = 3
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Figure 6. TPS versus p. A notable decrease in TPS at minimal p
reflects the fixed cost of initiating selective updates.

Cost of V-verify and the Fixed Update Overheads. Our
V-verify mechanism uses lightweight V vector similarity for
identifying dynamic tokens. While V-verify itself is com-
putationally inexpensive, practical speedup from adaptive
partial updates is constrained by fixed operational overheads.
Figure 6 shows that there is a latency penalty when transi-
tioning from a fully cached state to adaptive updates (p > 0).
This base cost arises because initiating any selective recom-
putation triggers non-negligible system-level latencies, e.g.,
for GPU kernel management and data movement that are
not strictly proportional to the number of updated tokens.
Consequently, at very low p values, these fixed overheads
dominate, limiting further run time savings. An optimal p
must balance these fixed costs against saved dynamic com-
putation, while preserving model quality. Figure 4 suggests

p ~ 0.25 offers an effective trade-off between the costs
of activating selective updates and the benefits of reduced
computation, optimizing overall efficiency and fidelity.

6. Conclusion

We present dLLM-Cache, a training-free and model-
agnostic caching method for accelerating inference in
diffusion-based large language models. Extensive evalu-
ations on LLaDA and Dream confirm that dLLM-Cache
delivers up to 9.1 x FLOPs reduction while maintaining
competitive generation quality.
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A. Appendix
A.1. Performance on Long and Semantically Diverse Scenarios

Efficiency on Extensive Inputs. Our Long-Interval Prompt Caching mechanism is particularly advantageous for scenarios
involving long static prompts. For example, on the LongBench-HotpotQA (Bai et al., 2024) task using the LLaDA 8B Base
model, dLLM-Cache achieves a 9.1 x FLOPs reduction over the baseline. Remarkably, this acceleration is accompanied
by a performance gain, with the F1 score increasing from 34.56 to 36.10, demonstrating that our method can maximally
leverage prompt stability without sacrificing precision.

Table 6. Comparison of LongBench performance on LLaDA Instruct and Dream Instruct with and without dLLM-Cache.

Method Single-Doc. QA Multi-Doc. QA Summarization Few-shot Learning Synthetic Code SAc \(/)er;:
4, %, o K %, 5
U, T, T m % Tm G e Th 4 Gt
5. % Q7 QY Y ,o% A @% (& 07 %,

LLaDA Instruct 16.96 31.31 14.68 17.60 11.48 29.24 2193 2758 6520 4798  40.51 98.17  65.69 59.57 39.14
+dLLM-Cache 15.26 29.62 13.87 17.17 1044 2975  22.06 26.68 66.00 4494  41.86 97.44 66.07 59.34 38.61

Dream Instruct  28.17  36.23 27.65 32.43 11.83 5.04 14.29 595 73.00 8925 37.84 16.92 3891 45.08 33.04
+ dLLM-Cache 26.55 39.86  27.66 32.09 11.12 4.40 13.89 551 7350 89.59  36.07 12.05 39.88 45.57 32.70

Robustness Across Diverse Tasks. To verify that this efficiency does not compromise general capabilities in complex
real-world scenarios, we evaluated dLLM-Cache on the comprehensive LongBench benchmark using Instruct models.
Table 6 details the performance across six major task categories. dLLM-Cache demonstrates strong performance retention
where the LLaDA Instruct model maintains an average score of 38.61 compared to the 39.14 baseline. Similarly, Dream
Instruct achieves a score of 32.70 against the baseline of 33.04. These results confirm that dLLM-Cache effectively preserves
deep semantic understanding and long-range dependency reasoning capabilities across a wide range of tasks.

A.2. Detailed Comparison with Concurrent Caching Methods

While Table 5 presents a compact overview, we provide here a more comprehensive comparison between dLLM-Cache and
the concurrent caching methods dKV-Cache (Ma et al., 2026) and Fast-dLLM (Wu et al., 2026) in Table 7.

Table 7. Comparison of dLLM-Cache with other concurrent methods on LLaDA (left) and Dream (right).

Task | Method | TPSt Speed? Memory| | Scoret Task | Method | TPST Speed? Memory] | Score!

LLaDA Instruct 6.95 1.00x 15.86 77.48 Dream Base 6.36 1.00x 15.73 76.95

+ dKV-Cache 8.89 1.28x 21.08 79.30 + dKV-Cache 1026 1.61x 16.14 76.57

GSMSK + Fast-dLLM 19.11  2.75x 19.48 75.89 GSMBK + Fast-dLLM 2136 2.08x 19.95 74.30
+dLLM-Cache | 29.75 4.28x 17.85 78.54 +dLLM-Cache | 32.44 5.10x 16.76 76.95

LLaDA Instruct 10.12 1.00x 15.54 61.24 Dream Base 5.80 1.00x 15.77 33.92

MMLU + dKV-Cache 1434  1.42x 17.88 60.87 GPQA + dKV-Cache 10.11 1.74x 16.23 32.83
+ Fast-dLLM 20.51  2.03x 17.13 61.43 + Fast-dLLM 2223 3.83x 20.69 31.31
+dLLM-Cache | 21.23 2.10x 16.61 62.82 + dLLM-Cache | 30.95 5.33x 16.93 34.15

LLaDA Instruct | 10.57 1.00x 15.39 38.71 Dream Base 9.10 1.00x 15.64 73.49

HumanEval + dKV-Cache 1440 1.36x 17.17 37.20 MMLU + dKV-Cache 12.80 1.41x 15.92 72.77
+ Fast-dLLM 21.50  2.03x 16.60 36.59 + Fast-dLLM 23.69  2.60x 18.32 72.69
+dLLM-Cache | 44.77 4.24x 16.65 39.02 +dLLM-Cache | 31.07 3.41x 16.37 73.20

A.3. Detailed Sensitivity Analysis on Dream 7B

As demonstrated in the main paper, dLLM-Cache is effective across different dLLM architectures, including both LLaDA
and Dream. This highlights the generalizability of our approach, which targets computational redundancies fundamental to
the diffusion process rather than model-specific artifacts.

To further substantiate the robustness of our method and provide deeper insight into its behavior, this section presents a
detailed sensitivity analysis of dLLM-Cache’s key hyperparameters when applied to the Dream 7B model. The results,
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shown in Table 8, Table 9, and Table 10, reveal performance trends that are highly consistent with those observed for LLaDA.
This confirms the stable and predictable behavior of our method across different models.

Table 8. Sensitivity analysis of the adaptive update ratio p on Dream 7B for the GPQA benchmark. Hyperparameters are set to K, = 25
and K, = 4.

p 0 0.1 0.2 0.25 0.3 0.5 0.75 1
Accuracy (%) 35.04 36.16 3593 35.04 35.04 3459 3549 3526

Table 9. Sensitivity analysis of the prompt refresh interval K, on Dream 7B for the GPQA benchmark. Hyperparameters are set to
K, =4and p = 0.25.

K, 10 25 50 100
Accuracy (%) 35.04 35.04 35.04 35.04

Table 10. Sensitivity analysis of the response refresh interval K, on Dream 7B for the GPQA benchmark. Hyperparameters are set to
K, =25and p = 0.25.

K, 2 4 6
Accuracy (%) 36.16 35.04 33.92

A 4. Cross-Layer Behavior of Token Selection

The layer-wise token selection in dLLM-Cache is a natural consequence of its cache design. Cached features are stored
separately for each Transformer layer [. At each layer, we cache K(*), V() AttnOut’, and FFNOut" in the Prompt
Cache C,, and the Response Cache C,.. The V-verify score is therefore defined locally at layer [ by comparing the current
Value vector with its cached version, which makes per-layer token selection the most consistent choice for the cache design.

The selected token set is expected to remain largely stable across adjacent layers. Let sgl) denote the V-verify score of

response token j at layer /. Under standard smoothness assumptions, if the layer map and the Value projection are Lipschitz,
then |s§l) 7S§l+1) | < & for some small €. Let A denote the margin at the selection boundary, where A = 5| 5(y| )= 5([ply|]+1)-
If e < A, the bottom-| p|y|| membership is preserved from layer [ to [ + 1. Hence, unless many tokens are concentrated

near the cutoff, the selected set should remain largely stable across depth.

To investigate whether different layers benefit from different update ratios, we conducted an experiment on GSM8K using
LLaDA Instruct with K;, = 50, K, = 7, comparing three settings with the same average update budget of 0.25. The results
are shown in Table 11. A fixed global p = 0.25 achieves the highest accuracy, outperforming both a front-heavy allocation
(more updates in lower layers) and a back-heavy allocation (more updates in higher layers). While lower-layer updates can
propagate to higher-layer features through subsequent Transformer computations, this effect is not strong enough to require
a depth-dependent update ratio under the same overall update budget.

Table 11. Cross-layer update ratio allocation on GSM8K with LLaDA Instruct. All strategies use the same average budget of 0.25.

Strategy (Avg Budget = 0.25) GSMSK Acc. (%)
More updates in lower layers (0.375 — 0.125) 78.70
More updates in higher layers (0.125 — 0.375) 79.23
Fixed Global (p = 0.25) 79.83

A.5. Design Choice Between Full V-Cache Overwrite and Selective Update

As discussed in Section 3.2.2, during adaptive partial updates, V-verify computes current Value vectors for all response
tokens to score adjacent-step changes. Since this full response-side V°V is already available after the lightweight projection,

13



dLLM-Cache: Accelerating Diffusion Large Language Models with Adaptive Caching

we overwrite the entire cached V. with V'V rather than only updating the Value vectors of the selected low-similarity
tokens. This is an intentional design choice specific to the Value vectors in our V-verify mechanism.

To validate this design, we compared our current approach against a variant that only updates the Value vectors of the
selected tokens on GSM8K with LLaDA 8B Instruct. The full overwrite achieves 79.83% accuracy, outperforming the
selected-token-only variant at 78.85%. This result favors our current design and confirms that overwriting the full V-cache
with the most recent Value vectors provides a better basis for the similarity check in the next step.

A.6. Impact of Similarity Metric.

We compared cosine similarity and L2 distance as similarity metrics for V-verify. On GSM8K with LLaDA 8B Instruct,
cosine similarity achieved 78.54% accuracy, significantly outperforming L2 distance at 55.95%. This shows that cosine
similarity better captures semantic change, and we adopt it as the default throughout our method.

A.7. Complexity and Latency Analysis

In this section, we provide a detailed computational complexity analysis for the original dLLM inference process and our
proposed dLLM-Cache framework.

Complexity of the Original dALLM Model. Standard dLLMs, such as LLaDA and Dream, utilize a multi-layer Transformer
architecture with bidirectional attention. Text generation is performed over K iterative denoising steps, starting from a
fully masked sequence. At each step, the model executes a full forward pass over the entire input sequence of length n. The
per-step computational cost, measured in FLOPs, is dominated by the attention and feed-forward network (FFN) layers:

FLOPse, = T' - (8nd* + 4n*d + 6ndm) 8)

where T is the number of Transformer layers, n is the sequence length, d is the hidden dimension size, and m is the
intermediate size of the FFN. Note that for SwiGLU-based architectures, e.g., LLaDA, the FFN consists of three matrix
multiplications (gate, up, and down projections), contributing 6ndm FLOPs.

Consequently, the total inference complexity for a standard dLLM is the per-step cost multiplied by the number of steps K:

FLOPsg iy = K - T - (8nd* + 4n*d + 6ndm) )

Complexity with dLLLM-Cache. dLLM-Cache optimizes this process by caching intermediate states and selectively
updating only a fraction of tokens. This partitions the computation into three main types: full refreshes, response-only
refreshes, and adaptive partial updates. The total complexity can be approximated as:

K
FLOPS 1 1 M-Cache = ? -T- (8nd2 + 4n?d + 6ndm)
p

K K

—_—— — . . 2
+ (K'r' Kp> T - (8rd” + 4rnd + 6rdm) (10)

1
+ K- (1 - K) -T - (2rd* + 87d? + 4ind + 67dm)
where K, and K, are the refresh intervals for the prompt and response, respectively; p and 7 are the prompt and response
lengths (n = p+ r); and 7 = p - r is the number of updated response tokens during adaptive steps, with p being the adaptive
update ratio.

, Kﬁp -T-(...), represents
the cost of periodic full refreshes. While its per-instance cost is identical to the original dLLM, its frequency is low,
controlled by a large K,(often > 100).

Computation Savings. It is a weighted sum of three distinct operational modes. The first term

The second term, (KL - KL) -T - (8rd? + 4rnd + 6rdm), quantifies the cost of the more frequent response-only refreshes.

Here, the significant gain becomes apparent: the quadratic attention term is reduced from O(n?) to O(rn), as we only
compute new query vectors for the response tokens (length ) to attend to the full sequence (length n). This term represents
a middle ground, ensuring the evolving response is updated regularly while leveraging a static cache for the prompt.
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The third and final term, K - (1 — %T) T - (2rd? + 87d* + 47nd + 67dm), acts as the cornerstone of our efficiency. This
term captures the adaptive partial updates which constitute the vast majority of the denoising steps. It includes a lightweight
overhead of 2rd? for the V-verify mechanism that requires computing Value vectors for all response tokens. Crucially, this
small fixed cost is negligible compared to the substantial savings achieved by replacing the full computation over r tokens
with a sparse subset defined as 7 = p - r. With p typically set to 25%, this approach significantly reduces the burden on the
quadratic attention and heavy FFN layers. Thus, our method trades a minimal verification cost for a massive reduction in the
dominant computational loads.

The primary source of acceleration in dLLM-Cache stems from applying the sparse update strategy to both the attention and
FFN layers. Specifically, we replace the expensive full-sequence operations with lightweight partial updates: the quadratic
attention term is reduced from 4n2d to 47nd, and the heavy FFN computation is cut from 6ndm to 67dm. The relative
computational savings can be expressed as:
FLOPs g
Savings = 1 — ——— o1 MCache (11)
FLOPSdLLM

As demonstrated in our experiments, this significant reduction in computational demand leads to substantial improvements
in inference speed, achieving up to a 9.1 x FLOPs reduction in practical scenarios.

A.8. Theoretical Error Bound Analysis

Deriving strict, closed-form error bounds for complex iterative systems such as Transformer-based models remains an
open and challenging problem. In this section, we provide a theoretical analysis of the approximation error introduced by
dLLM-Cache, and show that it can be bounded under reasonable assumptions, offering insight into the mechanisms that
contribute to its empirical stability.

Error Propagation Formulation. Our analysis begins by formalizing the error source. Let y; be the true hidden state
trajectory and ¢ be the approximated trajectory. The error at step & is defined as §;, = yr — @x. This error propagates
through the Transformer network, F', which we assume to be Lipschitz continuous with a constant L. The denoising
update can be abstracted as:

Yr—1 ~ ogyr + (1 — o) Fyr) (12)

The error at the next step, d;_1, can then be bounded as follows:

[0k—1ll = [ (aryr + (1 — ar) F(yx)) — (i + (1 — a) F'(gx)) |
< aldwll + (1 — ar) |1 F(yx) — F (x|
< o l|Ok | + (1 — k) L[|kl
= (ax + (1 — ag)Lr)||0k]

Letting Cy, = oy, + (1 — ag) L, we have ||0;—1]] < Cg||x||. Since Ly > 1 for expressive models, it follows that Cj, > 1,
indicating a natural tendency for the error to amplify exponentially without intervention.

Dual-Mechanism Error Control. This is where the dual-mechanism design of dLLM-Cache becomes critical. The first
mechanism is the periodic error reset enforced by the response refresh interval, K,.. At every refresh step ko (where kg
(mod K,) = 0), the error is effectively reset, i.e., ||k, || =~ 0. This guarantees that the error accumulation is confined within
finite windows of length K. If error were to accumulate unchecked for j steps from kj, its magnitude would be roughly:

j
1681l < (H CkoiJrl) 15 (13)

i=1
The reset mechanism prevents j from growing indefinitely, thus ensuring the overall error is bounded.

However, to further control the error within these intervals, dLLM-Cache employs the V-verify adaptive update. At each
non-refresh step, V-verify updates a fraction p of the tokens. This means only the error corresponding to the cached (1 — p)
fraction of tokens, let’s denote its projection by P.,.re, is amplified. The error recursion is more accurately described as:

H(Sk:le S CkHPcache<6k:)|| + Estep (]4)
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where €p is the small error from the newly computed tokens. Since || Peqche(dx )| is strictly smaller than ||d ||, this leads to
a smaller effective error amplification factor, C}, < Cj. Consequently, the maximum error accumulated within a refresh
window is significantly reduced. Instead of peaking at an order of O(C*), the error peak is now on the order of O((C")%r),
which is a much tighter bound.

Conclusion and Experimental Alignment. In conclusion, our mathematical analysis demonstrates that the approximation
error in dLLM-Cache is robustly bounded. The upper bound supy, |dx| depends on the model’s properties through C, on
the refresh interval K., and on the adaptive update ratio p, which determines C},. The periodic reset K, provides a hard
guarantee of boundedness by preventing infinite error accumulation, while the V-verify mechanism significantly tightens
this bound by actively suppressing error growth at almost every step.

This theoretical finding aligns perfectly with our experimental observations, as shown in Figure 5(b). The configuration
without V-verify (p = 0) exhibits a significant decline in accuracy as K, increases. In contrast, the configuration with
V-verify enabled (even when updating only 25% of tokens, p = 0.25) maintains nearly the same accuracy as the baseline,
even at larger K, values that yield substantial computational savings. This demonstrates that the considerable acceleration
achieved by our method, without sacrificing high fidelity, is attributable to well-controlled errors.

A.9. Proof of Storage Overhead of Caching
Theorem: The storage overhead of caching in our method is O(T x d x 4 x L), where T is the number of tokens, d is the

embedding dimension, and L is the number of layers.

Proof. For each Transformer layer, dLLM-Cache caches four intermediate feature tensors: K, V, AttnOut, and
FFNOwut. Each tensor has size T' X d, so the cache size per layer is

Miyer =4 x T x d
Across L layers, the total cache contains
MtotalzLxMayer:LX4XTXd

elements. With bfloat16 storage, this corresponds to 2 x 4 x L x T' x d bytes. Therefore, the storage overhead is:

O(T xdx4x1L)
This completes the proof. O

A.10. Limitations

While dLLM-Cache demonstrates significant acceleration with competitive generation quality, it has several limitations that
present opportunities for future work. (1) Memory overhead for long sequences. Without memory management systems such
as PagedAttention, caching intermediate features increases memory overhead for long-context scenarios relative to standard
dLLM inference. Recent works have begun addressing memory and eviction issues in dLLM long-context settings, and
integrating these techniques with dLLM-Cache is a promising direction. (2) Approximate nature. Unlike exact KV caching
in autoregressive models, dLLM-Cache is an approximation technique that trades a small amount of accuracy for substantial
speed gains. While the quality loss is generally minor, as shown in our experiments, it is not fundamentally lossless. We
hope that openly acknowledging these limitations will guide future efforts to build on and improve dLLM-Cache.

A.11. Experimental Details

This section summarizes the experimental configurations for both Base and Instruct variants of the evaluated dLLMs. For
each task, we report the number of denoising steps, block length, generation length, remasking strategy, few-shot setting,
prompt refresh interval K, and response refresh interval K,.. Unless otherwise specified, all models use low-confidence
remasking. The baseline and dLLM-Cache are evaluated under the same PyTorch and Hugging Face Transformers framework.
The batch size is 8 for Tables 1 and 2, and 1 for Table 3.
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The values of K, and K, can be flexibly adjusted according to task requirements rather than through hyperparameter tuning.
Smaller intervals can be used for accuracy-sensitive tasks such as code generation or mathematical reasoning, while larger
intervals reduce computation when latency is the primary concern. Thus, these settings control the practical balance between
precision and efficiency, instead of serving as the source of the observed speedups.

The magnitude of gains sometimes varies across Base and Instruct models due to benchmark configurations from prior
work (Nie et al., 2026). For example, MMLU uses a 256-token generation length and decoding steps for Base but only 3 for
Instruct, leading to different speedup ratios since our acceleration scales with the number of tokens and denoising steps, as
detailed in Appendix A.7.

Table 12. Experimental settings for the Instruct model across selected benchmarks.

Task Steps Block Len Gen Len Few-shot
GSMSK 256 8 256 4
GPQA 128 64 128 5
Math 256 256 256 0
MMLU-pro 256 256 256 0
MMLU 3 3 3 5
MBPP 512 32 512 3
BBH 256 256 256 3
HumanEval 512 32 512 0

Table 13. Interval steps for LLaDA Base across selected benchmarks.

GSM8K GPQA Math MMLU-pro MMLU BBH MBPP HumanEval Avg.

K, 25 100 50 100 100 50 25 100 69
K, 5 8 8 6 6 6 4 5 6
Table 14. Interval steps for LLaDA Instruct across selected benchmarks.
GSM8K GPQA Math MMLU-pro MMLU BBH MBPP HumanEval Avg.
K, 50 50 50 51 100 100 100 25 66
K, 7 6 1 3 7 5 5 5 5
Table 15. Interval steps for Dream Base across selected benchmarks.
GSM8K GPQA Math MMLU-pro MMLU BBH MBPP HumanEval Avg.
K, 100 100 100 25 100 25 25 5 60
K, 8 8 4 2 2 4 8 1 5
Table 16. Interval steps for Dream Instruct across selected benchmarks.
GSM8K GPQA Math MMLU-pro MMLU BBH MBPP HumanEval Avg.
K, 25 10 50 5 100 10 10 50 33
K, 2 8 1 1 8 2 8 1 4
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