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Abstract

Diffusion language models can generate many
tokens in parallel, but they still require repeated
denoising steps during inference. This makes
generation costly, especially when the model
continues to recompute tokens that are already
stable. To address these limitations, we propose
CAI-DLLM, a training-free inference method
that uses first-step confidence to guide denois-
ing and reduce inference time. Specifically,
CAI-DLLM commits easy tokens earlier, al-
locates more denoising steps to harder tokens,
and adjusts decoding schedules across output
blocks. As it relies only on first-step confidence
signals, it does not require retraining, extra pre-
dictors, or weight updates. We evaluate CAI-
DLLM on LLaDA-8B-Instruct and Dream-7B-
Instruct across math, code, reasoning, com-
monsense, and long-context (Dream-7B). CAI-
DLLM achieves up to 18.2× wall clock infer-
ence speedup on LLaDA GSM8K while im-
proving accuracy (77.41% vs. 76.27%), and
up to 13.1× on Dream HumanEval at higher
pass@1 than no-cache (48.17% vs. 46.95%).
On harder reasoning tasks, speedups reach
44.8×, with a largest accuracy drop of 4.4
points, while energy consumption is reduced
by up to 95.3%.

1 Introduction

Large language models are commonly built on au-
toregressive generation, producing text from left
to right one token at a time (Vaswani et al., 2017;
Brown et al., 2020; Grattafiori et al., 2024). This
creates a sequential dependency during inference:
each token depends on all previous tokens, so long
outputs require many sequential model calls and
generation is slow.

Masked diffusion language models offer a par-
allel alternative to autoregressive decoding by re-
fining masked tokens over multiple denoising steps
and updating many positions at once (Nie et al.,
2025; Ye et al., 2025). This can improve through-

put, but each denoising step still runs a full trans-
former forward pass over the sequence, includ-
ing tokens that have already stabilized. Recent
methods reduce the cost of each step through KV
caching (Wu et al., 2025; Ma et al., 2025; Liu et al.,
2025) or early layer token skipping (Zhu et al.,
2026). However, they still use the same denoising
budget for every token. Easy tokens continue to re-
ceive unnecessary steps, while hard tokens receive
no extra refinement.

Our key observation is that the confidence from
the first denoising step provides a free, reliable esti-
mate of token difficulty. Tokens with high first-step
confidence stabilize after only a few steps, while to-
kens with low confidence require more refinement.
Since this signal is produced during the required
first forward pass, it adds no extra cost.

Based on this observation, we propose CAI-
DLLM, a novel training-free inference method that
uses first-step confidence to assign each token its
own step budget, set block level commit schedules,
and detect and exit low yield late denoising. Easy
tokens are committed early and hard tokens receive
more steps, directly addressing the limitation that
existing methods cannot vary per token computa-
tion. Our contributions are as follows.

• First-step confidence as a token level con-
trol signal. We show that confidence at the
first denoising step predicts which tokens sta-
bilize early and reuse this signal through-
out decoding at no extra cost, without re-
evaluating at every step as in Fast-dLLM (Wu
et al., 2025).

• Block level adaptive threshold scheduling.
We introduce a block end threshold θ

(b)
e that

decreases across output blocks, reflecting that
later blocks converge faster given more com-
mitted context.

• Confidence gated token budgets and grind-
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ing phase detection. We assign each token a
maximum denoising budget Bi ∈ {8, 32, 64}
based on first-step confidence and position,
and introduce a low yield detector that stops
denoising when newly committed tokens re-
main scarce for K consecutive steps.

2 Background and Motivation

Masked diffusion language models generate text
through an iterative denoising process (Austin et al.,
2021a; Lou et al., 2023; Sahoo et al., 2024). Given
an input prompt, the model initializes a set of
masked positions and progressively replaces them
with predicted tokens. At each denoising step, the
model predicts a vocabulary distribution for every
masked position, and a decoding rule determines
which tokens are committed. Unlike autoregres-
sive models, which generate tokens sequentially,
masked diffusion models can update multiple posi-
tions in a single forward pass. However, inference
remains costly because generation still requires
many denoising steps. As a result, the total cost
depends on both the output length and the number
of denoising iterations.

2.1 Denoising Computation is Uneven
A fixed decoding policy applies the same compu-
tation rule to all tokens and output blocks. This
assumption is inefficient because denoising does
not progress uniformly across the sequence. We
analyze this behavior using LLaDA-8B-Instruct on
GSM8K with 256 generated tokens divided into
four 64-token blocks (Cobbe et al., 2021).

We measure the change in hidden states between
adjacent denoising steps using relative L2 drift:

D(t) =
∥h(t) − h(t−1)∥2

∥h(t−1)∥2
. (1)

Here, h(t) ∈ RL×d denotes the hidden state at
denoising step t. We average this value over token
positions.

Our analysis shows that early layers change sub-
stantially less than deeper layers:

Dearly(L0–L8) ≈ 2–3%,

Ddeep(L17–L31) ≈ 6–14%.
(2)

We also observe that first-step confidence sepa-
rates tokens by convergence difficulty:

c
(0)
i > 0.50⇒ t∗i ≈ 5,

c
(0)
i < 0.25⇒ t∗i ≈ 30–50.

(3)

Here, t∗i denotes the first denoising step at which
token i becomes stable. We define a token as sta-
ble when its top prediction remains unchanged for
three consecutive steps. These trends are measured
across 1,319 GSM8K test prompts. Figure 1 sum-
marizes the same behavior across layers, output
blocks, and tokens. Additional motivation analysis
is provided in Appendix C.

2.2 First-Step Confidence as a Control Signal

The key question is whether token difficulty can be
estimated early. We use the confidence from the
first denoising step as this signal. For a masked
position i, we define

c
(0)
i = max

v∈V
pθ(xi = v | x(0)). (4)

This value is already computed during standard
decoding. It does not require another model, an-
other forward pass, or retraining. As shown in
Figure 1(c), tokens with c

(0)
i > 0.50 usually stabi-

lize early, while tokens with c
(0)
i < 0.25 often need

many more denoising steps. We therefore use c
(0)
i

to guide token commitment and step allocation.

3 Related Work

Autoregressive language models. Autoregres-
sive models generate text one token at a
time (Vaswani et al., 2017; Brown et al., 2020;
Grattafiori et al., 2024). KV caching (Kwon et al.,
2023) reduces repeated attention computation but
does not remove the sequential bottleneck, motivat-
ing parallel diffusion decoding (Lee et al., 2018).

Diffusion language models. LLaDA (Nie et al.,
2025) and Dream (Ye et al., 2025) show that
masked diffusion models match autoregressive
models on reasoning, math, and code, but every to-
ken receives the same fixed number of steps regard-
less of convergence speed. This uniform treatment
is the core inefficiency CAI-DLLM addresses.

Caching for diffusion language models. Sev-
eral methods reduce inference cost by reusing KV
activations across denoising steps: dKV-Cache (Ma
et al., 2025) delays reuse until tokens stabilize,
dLLM-Cache (Liu et al., 2025) applies sepa-
rate rules for prompt and response tokens, Fast-
dLLM (Wu et al., 2025) commits tokens when con-
fidence exceeds a fixed threshold and introduces
DualCache, which we use as the Fast-dLLM rep-
resentative baseline. FlashDLM (Hu et al., 2025)



Figure 1: Denoising work is uneven across layers, blocks, and tokens. (a) Hidden state drift varies across transformer layers. (b)
Saved steps increase in later blocks as earlier context becomes available. (c) First-step confidence separates easy tokens with
c
(0)
i > 0.50, medium tokens with 0.25 ≤ c

(0)
i ≤ 0.50, and hard tokens with c

(0)
i < 0.25.

combines caching with autoregressive guidance
and Sparse dLLM (Song et al., 2025) prunes less
useful cache entries. These methods reduce re-
peated computation through cache reuse or cache
sparsity.

Parallel and hybrid decoding. D2F (Discrete
Diffusion Forcing; Wang et al. 2025) mixes au-
toregressive and diffusion decoding to make KV
reuse easier, but this reduces the parallelism that
makes diffusion models fast in the first place.
Spiffy (Agrawal et al., 2025) adapts speculative de-
coding (Leviathan et al., 2023) to diffusion models,
but the draft-and-verify overhead adds complexity
and extra computation at each step. Both meth-
ods require changes to the decoding structure itself.
CAI-DLLM keeps the original model and decod-
ing process unchanged, making it simpler to apply
and compatible with existing caching methods.

Adaptive computation and token skipping. ES-
dLLM skips low importance token computation in
early layers (Zhu et al., 2026). This is effective,
but it still runs the full denoising loop. ES-dLLM
reduces computation inside each denoising step,
while CAI-DLLM reduces the number of denois-
ing steps assigned to each token.

4 Method

CAI-DLLM is a training-free inference method
that uses first-step confidence to control masked
diffusion decoding. Figure 2 summarizes the full
pipeline: the model first runs the required step-zero
(first step) forward pass to obtain token confidence
scores, then a confidence aware controller uses
these scores to guide adaptive parallel decoding,
block level threshold schedules, token budgets, and
low yield early exit. The method builds on confi-
dence based parallel decoding (Wu et al., 2025), but

replaces the fixed commit rule with a lightweight
controller that commits easy tokens early, gives
hard tokens more steps, and stops late denoising
when few new tokens are being resolved.

4.1 Diffusion Decoding Setup

Let x = (x1, . . . , xL) be a sequence of L tokens.
At denoising step t, the model keeps a partially
decoded sequence x(t). Some positions contain
generated tokens. Other positions still contain the
masked tokens. Let M(t) be the set of masked
positions at step t. For each masked position, the
model predicts a distribution over the vocabulary.
Box 1 defines token confidence.

Box 1: Token Confidence

For each masked token i ∈M(t), the diffusion language
model predicts

pθ(xi | x(t)),

where V is the vocabulary. We define the confidence of
token i at step t as

c
(t)
i = max

v∈V
pθ(xi = v | x(t)).

A high value of c(t)i means that the model has a strong
current prediction for token i. A low value means that the
token is still uncertain.

4.2 First-Step Confidence

The first denoising step is required in every diffu-
sion decoding process. We use this step to compute
a difficulty signal for each token at no extra cost,
since no additional forward pass is needed beyond
what standard decoding already performs (Box 2).



Figure 2: Overview of CAI-DLLM. 1⃝ The method runs a step-zero forward pass to obtain token confidence scores. 2⃝ These
scores drive a confidence-aware controller that guides adaptive parallel decoding, block-adaptive scheduling, and token-level
step budgets. 3⃝ During iterative denoising, easy tokens are committed early while hard tokens receive more steps. 4⃝ A
grinding-phase detector stops low-yield late denoising. The method is training-free and does not change model weights.

Box 2: First-Step Confidence Signal

For each token i, we store the confidence from the first
denoising step:

si = c
(0)
i .

The value si is used as an early estimate of token difficulty.
Tokens with high si are treated as easier. Tokens with low
si are treated as harder. This signal adds no extra model
call because the first forward pass is already part of normal
decoding.

As established in Section 2.2 and shown in Fig-
ure 1(c), our first observation is that tokens with
high first-step confidence (c(0)i > 0.50) stabilize
within 5 steps in nearly all cases, and tokens with
low confidence (c(0)i < 0.25) continue changing
for 30 steps or more. This pattern is consistent
across prompts and tasks, which means c

(0)
i is a

reliable signal for controlling token commitment
and step allocation.

Box 3: Adaptive Threshold Schedule

Let T be the maximum number of denoising steps for one
block. Let θs and θe be the start and end thresholds. Let
w be the warmup fraction.

u(t) =
t− wT

T − wT

α =
θs − θe

2

θ(t) =

{
θs, t < wT,

θe + α
(
1 + cos(πu(t))

)
, t ≥ wT.

A token is committed when

c
(t)
i ≥ θ(t).

We use θs = 0.90, θe = 0.70, and w = 0.15. The
schedule stays strict early and relaxes later.

We use si as defined in Box 2 to assign each
token a step budget, set commit thresholds, and
schedule denoising across blocks. Storing si and
the per-token budgets adds O(L) memory and
O(L) work per step, negligible relative to the
O(L2d) transformer forward pass. We do not mea-
sure this overhead in isolation; however, the end-
to-end throughput results in Tables 1 and 2 confirm
that it does not reduce the observed speedups.

4.3 Block Adaptive Scheduling

Long outputs are generated in blocks. Our second
observation is that later blocks benefit from more
committed context produced by earlier blocks, so
they converge faster and can use a lower commit
threshold without accuracy loss. Figure 1(b) shows
that steps saved increase across the four output
blocks. Savings are lowest in Block 1 and highest
in the later blocks, indicating that later blocks need
fewer denoising steps once earlier context has been
committed. We use this observation by decreasing
the end threshold across blocks.

Box 4: Block-Specific End Thresholds

Let b ∈ {1, 2, 3, 4} be the block index, θs = 0.90 the
shared start threshold, and w = 0.15 the warmup fraction.
The end threshold for block b is

θ(b)e = 0.70− 0.10 (b− 1),



giving θ
(b)
e ∈ {0.70, 0.60, 0.50, 0.40} for blocks b =

1, 2, 3, 4 respectively. The commit threshold at step t is

θ(b)(t) =

θs t < wT,

θ
(b)
e +∆(b)(t) t ≥ wT,

where

∆(b)(t) =
θs − θ

(b)
e

2

(
1 + cos

π(t− wT )

T − wT

)
and T is the total steps per block. Block 1 keeps the
highest end threshold as it has the least decoded context.
Each later block lowers it because later blocks converge
more easily (Figure 1(b)).

4.4 Token Budgets and Position Aware
Thresholds

Adaptive thresholds reduce many unnecessary
steps, but late denoising can still become ineffi-
cient. In this phase, the model may run several
forward passes while committing very few new to-
kens. We call this the grinding phase. To reduce
this cost, CAI-DLLM assigns each token a maxi-
mum denoising budget. The budget depends on the
first-step confidence and the token position inside
the block. Per token compute budgeting draws on
the adaptive computation literature (Graves, 2016;
Schuster et al., 2022); our key distinction is that
CAI-DLLM uses the first-step confidence c

(0)
i as

a free control signal, no additional forward passes
are needed beyond the one required by standard
decoding.

Box 5: Confidence-Gated Token Budget

Let si = c
(0)
i be the first-step confidence of token i. Let

p = pos(i) be the position of token i inside its block. The
token budget Bi is the maximum number of denoising
steps allowed for token i. Cases are evaluated from top to
bottom.

Bi =


8, si > 0.50 and p < 32,

64, si < 0.25 or p ≥ 48,

32, otherwise.
(5)

If token i is still masked after Bi steps, it is committed
using its current best prediction:

xi ← argmax
v∈V

pθ(xi = v | x(t)).

The budget levels follow the stability tiers in
Figure 1(c). Our third observation is that token
position also matters : tokens at p < 32 commit

37% faster on average than those at p ≥ 48 on
GSM8K with LLaDA-8B, motivating the position-
aware threshold in Box 6.

Box 6: Position-Aware Commit Rule

Let p = pos(i) be the position of token i inside its block.
Let θb(t) be the block-level threshold at denoising step t.
The token-specific threshold is

θi(t) = clip
(
θb(t) · rpos(i), 0.20, 0.98

)
. (6)

Here, rpos(i) is a position factor:

rpos(i) =


0.80, p < 16,

0.90, 16 ≤ p < 32,

1.05, 32 ≤ p < 48,

1.10, p ≥ 48.

The final token commit rule is

c
(t)
i ≥ θi(t) or t ≥ Bi, (7)

where Bi is the token budget from Box 5.

The position factors are selected from a 200 sam-
ple held out subset of LLaDA GSM8K to improve
speed while keeping accuracy degradation below
one point. We use the same factors for Dream-7B
without further tuning. More details are provided
in Appendix A.2.

4.5 Grinding Phase Detection

Token budgets act at the token level. We also use
a block level detector to stop low yield denoising.
At each step, we count how many tokens were
committed. If this count remains low for several
consecutive steps, the block is treated as being in
the grinding phase.

Box 7: Grinding Phase Detector

Let η(t) be the number of tokens committed at step t. A
block enters the grinding phase when

η(t) < η̄ for K consecutive steps (8)

where η(t) = |{i : x
(t)
i ̸= [MASK], x

(t−1)
i =

[MASK]}| /L is the fraction of newly committed tokens
at step t, η̄ is the low yield threshold (default η̄ = 1.5%),
K = 4 is the patience window, and L is the sequence
length.
We use

η̄ = 1.5, K = 4.

When the detector triggers, remaining masked tokens are
committed only if



c
(t)
i > θfb, θfb = 0.40.

The threshold η̄ = 1.5 separates normal progress from
low yield denoising. The window K = 4 avoids react-
ing to one noisy step. The fallback threshold keeps very
uncertain tokens from being forced.

4.6 Model Adaptive Confidence Gating

Different models respond differently to confidence
gating. When gating is ON, the token budgets
Bi from Box 5 and the force commit threshold
θfb from Box 7 are active. When gating is OFF,
only the adaptive threshold and block schedules
are used. Confidence gating is set via GSM8K
ablation (Appendix B.1): ON for LLaDA, OFF for
Dream, consistent with the HumanEval ablation in
Section 6.2.

4.7 Algorithm

Algorithm 1 summarizes CAI-DLLM for one
block. Line 1 initializes the low efficiency counter
ℓ. Lines 3–8 run the step-zero forward pass to
store confidence scores si, assign budgets Bi, and
set the block threshold θ

(b)
e . Lines 10–18 com-

mit each masked token when its confidence meets
the position aware threshold or its budget is ex-
hausted. Lines 19–23 increment or reset ℓ based
on the newly committed count η(t). When ℓ ≥ K
(lines 24–29), remaining high confidence tokens
are force committed and the block exits early. The
final stopping condition exits if all tokens are com-
mitted before the budget runs out.

5 Implementation Details

Setup. CAI-DLLM is developed on top of the
open-source PyTorch based ES-dLLM codebase,
reusing its KV cache backend and integrating
our confidence aware controller. We evaluate
LLaDA-8B-Instruct and Dream-7B-Instruct on a
single NVIDIA H200 SXM5 GPU with 141 GB
HBM3e (NVIDIA Corporation, 2024). We gen-
erate 256 tokens for reasoning and commonsense
tasks, and 512 tokens for code and long-context
tasks. The block length is 64 for all tasks except
LongBench, where we use 32. All runs use batch
size 8 and temperature 0.

Decoding settings. No-cache decoding uses 64
denoising steps per block without KV caching or
parallel decoding. All methods use the same gen-
eration settings for fair comparison. For CAI-
DLLM, we set the warmup fraction to w = 0.15,

Algorithm 1: CAI-DLLM inference for
one block

Input :x(0): masked sequence; b: block index; T :
max steps per block; θs, θ

(b)
e : start/end

thresholds; θfb: force commit threshold; w:
warmup fraction; K: patience window; η̄:
yield threshold

Output :Decoded block
// t ∈ {0, . . . , T − 1} is local to this block;

Bi in local steps
1 ℓ← 0 // ℓ: low-efficiency step counter
2 for t = 0 to T − 1 do
3 Run forward pass on x(t)

4 Compute c
(t)
i for all masked tokens i

5 if t = 0 then // step-zero init

6 si ← c
(0)
i // store first-step

confidence
7 Assign budget Bi per token (Box 5)
8 Set threshold θ

(b)
e (Box 4)

9 end
10 Compute θ(b)(t) (Box 3); η(t) ← 0 // newly

committed count
11 foreach masked token i do
12 Compute θi(t) (Box 6)
13 if c(t)i ≥ θi(t) or t ≥ Bi then
14 xi ← argmaxv∈V pθ(xi=v | x(t))

15 η(t) += 1
16 end
17 end
18 if η(t) < η̄ then // track low-yield steps
19 ℓ += 1
20 else
21 ℓ← 0
22 end
23 if ℓ ≥ K then // grinding phase detected

24 foreach masked i with c
(t)
i > θfb do

25 xi ← argmaxv∈V pθ(xi=v | x(t))
26 end
27 break
28 end
29 if no masked tokens remain then break
30 end
31 return decoded block

the start threshold to θs = 0.90, and the base end
threshold to θe = 0.70. Confidence gating is en-
abled for LLaDA and disabled for Dream based on
GSM8K ablations. Following ES-dLLM, the KV
cache update frequency is 16 for LLaDA and 8 for
Dream (Zhu et al., 2026).

Baselines and metrics. We compare with no-
cache decoding, DualCache from Fast-dLLM (Wu
et al., 2025), and ES-dLLM (Zhu et al., 2026) base-
lines under the same task settings. For evalua-
tion, we use exact match for GSM8K, MathQA,
and BBH, pass@1 for HumanEval and MBPP, and
F1/ROUGE-L for LongBench. Throughput is out-
put tokens per second after one warm-up pass, and



speedup is wall-clock time relative to no-cache de-
coding. Energy is computed as E = P̄ × T , where
P̄ is average GPU power from nvidia-smi and T
is wall-clock generation time. Full settings, sam-
ple sizes, baselines, and software versions are in
Appendix A.

6 Results

6.1 Main Results

We evaluate on seven benchmark datasets covering
math, code, reasoning, commonsense, and long-
context generation (Chen et al., 2021; Suzgun et al.,
2023; Austin et al., 2021b; Amini et al., 2019; Bisk
et al., 2020; Sakaguchi et al., 2020; Bai et al., 2024).
Tables 1 and 2 report the main results.

Bench. Method TPS Spd. Score Eng.

GSM8K

No Cache 19.8 1.0× 79.68 3052
DualCache 103.2 9.3× 78.47 291
ES-dLLM 97.9 9.0× 77.48 219
CAI-DLLM 369.5 18.7× 77.26±1.18 146

Human
Eval

No Cache 44.3 1.0× 46.95 374
DualCache 258.1 5.8× 45.12 60
ES-dLLM 308.5 7.0× 41.46 41
CAI-DLLM 581.5 13.1× 48.17±3.76 24

BBH

No Cache 24.8 1.0× 61.48 12655
DualCache 226.9 9.1× 58.27 1318
ES-dLLM 292.2 11.8× 57.84 927
CAI-DLLM 571.4 23.0× 56.95±0.53 500

MBPP

No Cache 29.1 1.0× 57.40 868
DualCache 170.4 5.9× 55.40 104
ES-dLLM 141.0 4.9× 56.40 78
CAI-DLLM 581.7 20.0× 56.60±2.16 34

MathQA

No Cache 58.8 1.0× 35.40 54
DualCache 59.1 1.0× 34.40 43
ES-dLLM 45.2 0.8× 32.60 47
CAI-DLLM 530.8 9.0× 33.80±2.13 9

PIQA

No Cache 62.5 1.0× 49.62 158
DualCache 62.7 1.0× 49.56 140
ES-dLLM 57.1 0.9× 51.47 135
CAI-DLLM 130.9 2.1× 49.08±1.17 61

Wino-
grande

No Cache 64.6 1.0× 46.80 42
DualCache 64.7 1.0× 48.40 39
ES-dLLM 59.8 0.9× 47.60 38
CAI-DLLM 107.6 1.7× 44.60±2.22 24

Table 1: Results on Dream-7B-Instruct. TPS = tokens/sec;
Eng. = energy in Wh. Bold = best. DualCache from Wu et al.
(2025). CAI-DLLM scores show std. err. as ±.

CAI-DLLM achieves the highest throughput on
every evaluated dataset (Figure 3). Gains scale with
generation length: on longer tasks, speedup reaches
44.8× on LLaDA BBH, 28.5× on LLaDA MBPP,
23.0× on Dream BBH, 20.0× on Dream MBPP,
and 19.0× on Dream LongBench. This length-
scaling trend holds across generation lengths,

Bench. Method TPS Spd. Score Eng.

GSM8K

No Cache 17.1 1.0× 76.27 3559
DualCache 196.4 11.7× 77.18 264
ES-dLLM 175.3 10.6× 77.10 223
CAI-DLLM 335.1 18.2× 77.41±1.18 169

Human
Eval

No Cache 39.0 1.0× 37.20 425
DualCache 173.0 4.4× 35.98 55
ES-dLLM 139.8 3.6× 35.98 42
CAI-DLLM 435.3 11.2× 35.98±3.76 33

BBH

No Cache 11.1 1.0× 56.75 28425
DualCache 130.1 11.8× 53.29 1193
ES-dLLM 168.8 14.5× 54.51 915
CAI-DLLM 495.1 44.8× 52.33±0.53 579

MBPP

No Cache 15.3 1.0× 40.00 1029
DualCache 93.7 6.1× 38.20 97
ES-dLLM 75.6 4.9× 38.00 81
CAI-DLLM 435.6 28.5× 37.00±2.16 51

MathQA

No Cache 48.5 1.0× 35.20 68
DualCache 42.5 0.9× 33.40 49
ES-dLLM 34.1 0.7× 32.20 56
CAI-DLLM 411.4 8.5× 33.60±2.13 10

PIQA

No Cache 51.0 1.0× 50.05 178
DualCache 46.6 0.9× 46.79 163
ES-dLLM 44.5 0.9× 50.54 162
CAI-DLLM 105.3 2.1× 47.55±1.17 82

Wino-
grande

No Cache 52.4 1.0× 49.20 48
DualCache 48.5 0.9× 46.80 45
ES-dLLM 46.2 0.9× 50.00 44
CAI-DLLM 74.3 1.4× 48.20±2.23 31

Table 2: Results on LLaDA-8B-Instruct. TPS = tokens/sec;
Eng. = energy in Wh. Bold = best. Sample sizes in Ap-
pendix A. CAI-DLLM scores show std. err. as ±.

with 4.59× on LLaDA-Instruct and 15.29× on
Dream-Instruct at length 512 (Appendix E). On
shorter commonsense tasks (PIQA, Winogrande),
CAI-DLLM remains the only method with clear
speedup, though at a modest accuracy trade-off
versus ES-dLLM (Appendix D.3). The controller
overhead is below 2%, while early commitment
and grinding-phase exit reduce per-iteration time
by 13.6% on LLaDA and 22.5% on Dream.

Accuracy shows a clear efficiency-quality trade-
off. On Dream HumanEval, CAI-DLLM improves
pass@1 from 46.95 to 48.17 while giving a 13.1×
speedup; with a standard error of ±3.76, we treat
this as accuracy parity. On harder reasoning tasks,
the trade-off is larger. For example, LLaDA BBH
drops from 56.75 to 52.33 while reaching 44.8×
speedup. Dream GSM8K also drops from 79.68 to
77.26, but gives an 18.7× speedup.

Long-context results. On LongBench, evalu-
ated with Dream-7B, CAI-DLLM reaches 19.04×
speedup with an average score of 23.11, compared
with 24.63 for no-cache decoding. All cached meth-



Figure 3: Accuracy and speedup comparison across the seven main benchmarks for Dream-7B and LLaDA-8B. LongBench is
reported in detail in Appendix D.2.

ods slightly reduce the average score in this set-
ting, but CAI-DLLM provides more than twice
their throughput. Energy follows the same trend as
runtime. For example, on LLaDA GSM8K, CAI-
DLLM reduces energy from 3559 Wh to 169 Wh,
a 95.3% reduction.

6.2 Ablation Study
We ablate the main components of CAI-DLLM on
HumanEval. Table 3 reports results for both mod-
els. GSM8K model adaptation results are reported
in Appendix B.1, Table 11.

LLaDA-8B-Instruct. APD gives the largest
throughput gain, increasing throughput from 139.8
TPS with ES-dLLM to 424.3 TPS. This comes
with a small pass@1 drop from 35.98% to 35.37%.
Adding the per-block schedule gives a small fur-
ther speedup, reaching 434.2 TPS with the same
pass@1. Adding token budgets gives the highest
throughput for LLaDA, reaching 435.3 TPS, while
keeping pass@1 at 35.37%. This shows that most
of the gain comes from APD, while block schedul-
ing and budgets add smaller improvements.

Dream-7B-Instruct. For Dream, the gated bud-
get configuration reaches very high throughput, but
it lowers pass@1 to 40.34%. Disabling confidence
gating recovers pass@1 to 46.34%, which is higher
than DualCache and close to the no-cache baseline,
while keeping 614.6 TPS. This supports our model-
adaptive policy: LLaDA can use confidence-gated
budgets, while Dream performs better when gating
is disabled.

Denoising-step reduction. Table 4 confirms that
CAI-DLLM reduces denoising iterations directly,

Model Config. Pass@1 TPS

LLaDA

ES-dLLM 35.98 139.8
+APD 35.37 424.3
+APD+Block 35.37 434.2
+APD+Block+Budget ⋆ 35.37 435.3

Dream

DualCache 45.12 72.5
ES-dLLM 41.46 56.7
+APD+Block+Budget 40.34 614.7
Full CAI, gate off ⋆ 46.34 614.6

Table 3: HumanEval ablation of CAI-DLLM components. ⋆
marks the recommended configuration for each model.

Task Model Fixed CAI Reduction
GSM8K LLaDA 256 114 55.5%
GSM8K Dream 256 141 44.9%
HumanEval LLaDA 512 315 38.5%
HumanEval Dream 512 271 47.1%

Table 4: Average denoising steps per request and step reduc-
tion relative to fixed budget.

not only per-step cost, with 39–56% step reduction
on GSM8K and 38–47% on HumanEval.

7 Conclusion

We present CAI-DLLM, a training-free infer-
ence method for diffusion language models that
uses first-step confidence to guide token commit-
ment, block schedules, and token budgets with-
out extra models, retraining, or weight updates.
Across seven benchmarks on LLaDA-8B-Instruct
and Dream-7B-Instruct, CAI-DLLM achieves con-
sistent speedups, up to 44.8×, with the largest gains
on longer generation tasks and up to 95.3% energy
reduction. These results show that first-step con-
fidence, available at no extra cost, is sufficient to
substantially reduce redundant denoising computa-
tion while keeping the original model unchanged.



Limitations

CAI-DLLM has several limitations. First, our
model-specific confidence gating choice is selected
using GSM8K ablations on the full test set: gating
is enabled for LLaDA-8B and disabled for Dream-
7B. This is a limitation of the current study because
the gating decision is not selected on a held out
validation set. For deployment on a new model,
the gating choice should be selected on a small
held out validation subset of a representative task,
such as 200–500 samples. Second, the speedups
can come with accuracy trade-offs. For example,
accuracy drops from 56.75 to 52.33 on BBH with
LLaDA-8B, and from 40.00 to 37.00 on MBPP
with LLaDA-8B. This makes the method more suit-
able for settings where lower latency or energy use
is important and moderate quality loss is accept-
able. Third, all experiments are run on a single
NVIDIA H200 GPU, so results may differ on other
hardware. Finally, some evaluations use reduced
sample sizes to control computation cost, such as
500 samples for MathQA and reduced task subsets
for LongBench, which may increase variance.

Ethical Considerations

This work presents a training-free inference ac-
celeration method for masked diffusion language
models. It does not add new model capabilities,
change model weights, or expand the types of con-
tent the models can generate. The main goal is to
reduce inference cost and energy use for existing
diffusion language model deployments. The ethi-
cal risks of this work are therefore mainly the risks
of the underlying models, such as LLaDA-8B and
Dream-7B. Standard responsible-use practices for
large language models still apply. Generative AI
tools were used only for language polishing and
editing of author written text. They were not used
to generate experimental results, technical claims,
citations, or research conclusions. All authors re-
viewed and approved the final manuscript and are
responsible for its content. All technical claims,
experiments, citations, and final text were checked
and approved by the authors.

Code Release. We will release the complete
CAI-DLLM implementation, including inference
scripts, configuration files, and evaluation code,
upon acceptance of this paper.
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A Evaluation Setup and Reproducibility
Details

This appendix gives the detailed evaluation settings
used in Section 5. All compared methods use the
same generation length, block length, batch size,
temperature, and evaluation split for each bench-
mark.
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Setting Reasoning Code Commonsense LongBench

Gen. tokens 256 512 256 512
Block length 64 64 64 32
Batch size 8 8 8 8
Temperature 0 0 0 0

Table 5: Generation settings, identical across all compared
methods.

A.1 Generation Settings

Table 5 summarizes the generation settings used
across benchmark groups. For reasoning and com-
monsense benchmarks (GSM8K, BBH, MathQA,
PIQA, WinoGrande), we generate 256 tokens. For
code benchmarks (HumanEval, MBPP) and Long-
Bench, we generate 512 tokens. Block length 64
follows the standard block wise decoding setup
used in recent diffusion language model inference
work (Wu et al., 2025; Zhu et al., 2026). For Long-
Bench, we use block length 32 for finer commit
control over longer generations. All experiments
use batch size 8 and temperature 0.

For CAI-DLLM, the adaptive threshold sched-
ule uses w = 0.15, θs = 0.90, and θe = 0.70.
Confidence gating refers to whether token budgets
Bi and force commitment at θfb are active (ON) or
disabled (OFF), while keeping the adaptive thresh-
old and block schedules in both cases. We enable
gating for LLaDA and disable it for Dream be-
cause Dream’s confidence scores are more uniform
across token positions, making forced token com-
mitment counterproductive; disabling it gives a
better accuracy-speed trade-off on Dream as shown
in Table 11 (Appendix B). . The KV cache up-
date frequency follows the ES-dLLM evaluation
scripts (Zhu et al., 2026): 16 for LLaDA and 8
for Dream, meaning the cache is refreshed every f
denoising steps.

A.2 Hyperparameter Justification

Position aware commit rule. The position
aware commit rule uses four factors, rpos(i) ∈
{0.80, 0.90, 1.05, 1.10}. These factors reflect the
within block stability pattern observed in our moti-
vation analysis. In LLaDA GSM8K, tokens in the
first quarter of a block commit faster than tokens
in the last quarter. We therefore use smaller fac-
tors for early positions and larger factors for late
positions.

The factors are selected on a 200-sample held
out subset of LLaDA GSM8K. We choose the set-
ting that improves speed while keeping accuracy
degradation below one point. The same factors are

Benchmark Split Used Full Notes

GSM8K test 1,319 1,319 Full test set
BBH test 6,511 6,511 Full; 23 subtasks
HumanEval test 164 164 Full test set
MBPP test 257 257 Full sanitized set
WinoGrande validation 500 1,267 Standard eval split
PIQA validation 1,838 1,838 Full validation set
MathQA validation 500 4,475 Subset; eval cost
LongBench test 100 200 Per task; 4 tasks

Table 6: Sample sizes per benchmark. Subsets are used only
to control evaluation cost, not due to any limitation of CAI-
DLLM.

then used for Dream-7B without additional tuning.
The clipping range (0.20, 0.98) acts as a safety

bound. The upper bound prevents very high
thresholds from blocking commitment. The lower
bound prevents overly aggressive commitment
when thresholds are changed outside the main set-
ting.

A.3 Benchmark Sample Sizes

Table 6 reports the exact number of samples used
for each benchmark. Full test or validation sets are
used wherever feasible. The two exceptions are
MathQA and LongBench, where we use subsets
to keep total GPU time within a practical budget:
running all four methods across both models on
the full MathQA validation set (4,475 samples)
or the full LongBench set would require several
additional days of H200 compute. The subset sizes
(500 for MathQA, 100 per task for LongBench) are
standard in prior work on diffusion language model
inference (Zhu et al., 2026) and are large enough
to produce stable accuracy estimates, as confirmed
by the standard errors reported in Table 9.

The subset choice reflects evaluation cost only
and does not indicate any limitation of CAI-DLLM
on longer or harder inputs. In practice, CAI-
DLLM is designed precisely for varied request
types: it assigns easy tokens fewer steps and hard
tokens more, so it naturally adapts to short and long
outputs within the same batch. The LongBench
results (Appendix D.2) confirm that CAI-DLLM
transfers to long-context inference with a 19.04×
speedup and minimal quality loss.

A.4 LongBench Task Selection

LongBench (Bai et al., 2024) is evaluated on
Dream-7B only. LLaDA-8B is excluded because
its maximum context length is insufficient for most
LongBench tasks. We evaluate four tasks: Nar-
rativeQA, MultifieldQA-en, GovReport, and QM-



Task Metric Samples Max input

NarrativeQA F1 100 4,000
MultifieldQA-en F1 100 4,000
GovReport ROUGE-L 100 4,000
QMSum ROUGE-L 100 4,000

Total – 400 –

Table 7: LongBench tasks used in evaluation.

Benchmark Metric Tool

GSM8K Exact match lm-eval
BBH Exact match lm-eval
HumanEval pass@1 lm-eval
MBPP pass@1 lm-eval
MathQA Exact match lm-eval
WinoGrande Exact match lm-eval
PIQA Exact match lm-eval
LongBench F1 / ROUGE-L LongBench scripts

Table 8: Evaluation metric and tool per benchmark.

Sum. We remove HotpotQA and Qasper because
they showed high variance under the 100-sample
setting. Thus, our LongBench result should be in-
terpreted as a selected-task LongBench evaluation
rather than the full LongBench suite. All inputs are
truncated to 4,000 tokens using –max_input_len
4000. Table 7 lists the selected tasks, metrics, sam-
ple counts, and input length limit.

A.5 Evaluation Metrics

Table 8 lists the evaluation metric and tool for
each benchmark. GSM8K, BBH, MathQA, Wino-
Grande, and PIQA use exact match. HumanEval
and MBPP use pass@1. LongBench uses F1 and
ROUGE-L.

A.6 Baselines

We compare against No-cache, DualCache (Wu
et al., 2025), and ES-dLLM (Zhu et al., 2026).
No-cache is vanilla diffusion decoding without
KV caching or parallel decoding. DualCache
caches KV activations for both prompt and re-
sponse tokens. ES-dLLM is run using its offi-
cial implementation and published settings. We
use importance score α = 0.5 and proportion
steps [(1.0, 0.0), (0.5, 0.125), (0.25, 0.25)]. No
per-benchmark tuning is performed for any base-
line.

FlashDLM (Hu et al., 2025), Sparse
dLLM (Song et al., 2025), and D2F (Wang
et al., 2025) are not included as direct baselines
because compatible public implementations for

Bench. Dream acc. LLaDA acc. Std. err.

GSM8K 77.26% 77.41% ±1.18 pp
BBH 56.95% 52.33% ±0.53 pp
MBPP 56.60% 37.00% ±2.16 pp
HumanEval 48.17% 35.98% ±3.76 pp

Table 9: CAI-DLLM accuracy and standard errors.

both LLaDA-8B and Dream-7B were not available
at the time of evaluation. Spiffy (Agrawal et al.,
2025) is orthogonal to our method because it uses
speculative decoding, and a combined comparison
is left for future work.

A.7 Statistical Errors and Determinism

Standard errors are computed by lm-eval (Gao
et al., 2023) as the standard error of the mean across
evaluation samples. Table 9 reports the standard
errors for CAI-DLLM. Errors for other methods
are of similar magnitude.

The largest accuracy difference between CAI-
DLLM and No-cache is 4.4 points on LLaDA BBH.
The standard error for this result is ±0.53, so the
gap is about eight times larger than the estimated
uncertainty. This suggests that the BBH differ-
ence is unlikely to be caused only by sampling
noise as BBH contains multi-step reasoning tasks,
where early token commitment can sometimes pre-
serve a wrong intermediate choice and reduce the
chance of later correction. HumanEval has higher
uncertainty because it has only 164 problems, so its
differences should be interpreted with more care.

Accuracy evaluation uses lm-eval with fixed
seeds: random seed 0, NumPy seed 1234, and torch
manual seed 1234. Decoding is deterministic at
temperature 0. Timing measurements are taken
after one warm-up pass.

A.8 Software Versions

All experiments use PyTorch 2.3.1, CUDA 12.4,
Transformers 4.44.0, and Python 3.11. The LLaDA-
8B-Instruct and Dream-7B-Instruct weights are
loaded from HuggingFace Hub using official check-
points. Flash Attention 2 is enabled for all methods.
CUDA deterministic mode is enabled for all runs.
Results may differ on earlier PyTorch versions due
to different CUDA kernel availability on H200.

A.9 Compute Budget

All experiments use a single NVIDIA H200 GPU.
As shown in Table 10, total inference compute
across all benchmarks, models, and methods is ap-



Method Hours % Total

No cache 77.38 77.9%
ES-dLLM 8.19 8.2%
DualCache 8.07 8.1%
CAI-DLLM 3.89 3.9%
CAI-DLLM no CG 1.85 1.9%

Total 99.38 100%

Table 10: Inference GPU-hours by method. CG denotes
confidence gating.

Model Config. Acc. TPS

LLaDA

ES-dLLM 77.10 175.3
+APD 76.80 490.2
+APD+Block 76.95 496.0
+APD+Block+Budget ⋆ 77.41 335.1
Full CAI, gate off 76.57 320.0

Dream

ES-dLLM 77.48 97.9
+APD 75.36 372.9
+APD+Block 75.51 383.0
+APD+Block+Budget 75.51 383.0
Full CAI, gate off ⋆ 77.26 369.5

Table 11: GSM8K ablation of CAI-DLLM components. ⋆
marks the recommended configuration for each model.

proximately 99.4 GPU-hours. No-cache inference
alone requires 77.4 hours, or 77.9% of the total. In
comparison, CAI-DLLM completes the same eval-
uation in 3.9 hours, reducing inference compute
by 95.0% and saving 73.5 GPU-hours relative to
no-cache decoding.

B Additional Ablation Results

B.1 GSM8K Ablation
Table 11 reports the GSM8K component ablation.
The results follow the same pattern as the Hu-
manEval ablation in Section 6.2. APD gives the
main throughput gain for both models. The per-
block schedule gives a small additional gain. For
LLaDA, adding token budgets with confidence gat-
ing improves accuracy to 77.41%, which is higher
than ES-dLLM. For Dream, confidence gating does
not improve accuracy or speed, so the best configu-
ration keeps gating off.

C Additional Background and Motivation
Analysis

This appendix provides additional evidence for the
observations in Section 2. The main paper focuses
on the most direct motivation: denoising behav-
ior is uneven across layers, blocks, and tokens.
Here, we include extra analysis on attention spar-
sity, APD schedule sensitivity, and hardware be-
havior.

Attention sparsity across layers. LLaDA-8B
has 32 transformer layers (L0–L31). We sample

six layers at roughly equal intervals (L0, L4, L8,
L16, L24, L31) to represent early, middle, and late
processing stages without profiling all 32 layers at
full cost.

Figure 4 shows three complementary signals
across these layers. First, attention entropy de-
creases in deep layers (L24, L31) and increases in
shallow layers (L0, L4) as denoising progresses,
showing that deeper layers become progressively
more selective over time. Second, the number of ef-
fective tokens attended drops sharply in deep layers,
confirming that later layers concentrate on fewer
positions while early layers attend broadly. Third,
the top-10 attention mass is highest in deep layers,
indicating that a small set of tokens captures most
of the attention weight in those layers.

Together, these observations show that com-
pute requirements differ substantially across layers:
early layers process all tokens broadly while deep
layers focus selectively. A single uniform com-
pute policy across all layers is therefore wasteful,
which motivates layer-aware or token-aware infer-
ence strategies such as CAI-DLLM.

APD schedule sensitivity. Figure 5 shows that
decoding accuracy depends on the confidence
schedule. Fixed thresholds and overly aggressive
schedules can reduce accuracy. The selected cosine
schedule gives the best accuracy-speed trade-off
among the tested settings. This supports using an
adaptive threshold schedule rather than a single
fixed threshold.

Hardware behavior. Figure 6 compares through-
put, latency, bandwidth use, and compute use
across batch sizes on the H200 GPU. The four
curves correspond to different decoding config-
urations: ES-dLLM (no par.) is ES-dLLM
without parallel decoding; Parallel th=0.9 and
Parallel th=0.7 are confidence based parallel
decoding with fixed commit thresholds of 0.9 and
0.7 respectively, used here as ablation points to un-
derstand the effect of threshold choice on hardware
utilization; and APD C 0.9→0.5 is our adaptive co-
sine schedule, which starts at 0.9 and relaxes to 0.5.
These are not separate systems but configurations
used to profile hardware behavior under different
decoding policies.

As batch size increases, compute utilization
(bottom-right panel) grows much more steeply than
bandwidth utilization (bottom-left panel) across all
configurations. At batch size 8, compute utilization
exceeds 150–350% of baseline while bandwidth



utilization stays below 16%. This gap confirms that
the bottleneck is compute, not memory bandwidth.
On a compute bound workload, reducing the num-
ber of denoising steps directly reduces wall-clock
time and energy, which is the primary optimization
axis of CAI-DLLM.

D Additional Results and Analysis

This appendix reports memory usage, task-level
LongBench results, and detailed energy measure-
ments. These results support the main paper and
show that CAI-DLLM improves efficiency without
large memory overhead.

D.1 Memory Usage
Table 12 reports peak GPU memory on HumanEval.
HumanEval is used for profiling because its 164
problems make repeated profiling practical. Mem-
ory use is mainly determined by model weights
and KV cache size, so the results are representative
across tasks.

For LLaDA, CAI-DLLM uses 32,787 MB, only
480 MB more than DualCache (1.5% overhead).
This extra memory comes from three small com-
ponents: per-token first-step confidence scores si
(O(L) floats), token step budgets Bi (O(L) inte-
gers), and the position aware threshold lookup table
(O(L) floats). Together these are negligible rela-
tive to the model weights and KV cache.

For Dream, CAI-DLLM uses 36,533 MB, which
is 5,822 MB more than DualCache but still
7,500 MB below no-cache decoding. The larger
increase is not caused by the confidence controller
itself. Dream uses more aggressive parallel de-
coding, which fills a larger output token buffer si-
multaneously. Specifically, the adaptive threshold
schedule commits more tokens in parallel per step
on Dream than on LLaDA, increasing the size of
the active output buffer. The CAI-DLLM book-
keeping overhead is the same O(L) as for LLaDA;
the difference is entirely due to Dream’s parallel
decoding behavior.

D.2 Detailed LongBench Results
Table 13 reports task-level LongBench results on
Dream-7B. Each task uses its own metric: F1 for
NarrativeQA and MultifieldQA-en, and ROUGE-L
for GovReport and QMSum. The average score
is the unweighted mean of these four task scores,
where each score is on a 0–100 scale.

CAI-DLLM increases average throughput from
2.7 to 51.4 tokens per second, giving a 19.04×

Model Method Peak Mem. vs DualCache

LLaDA No cache 41,567 MB +9,260 MB
LLaDA DualCache 32,307 MB baseline
LLaDA ES-dLLM 32,503 MB +196 MB
LLaDA CAI-DLLM 32,787 MB +480 MB

Dream No cache 44,033 MB +13,322 MB
Dream DualCache 30,711 MB baseline
Dream ES-dLLM 30,807 MB +96 MB
Dream CAI-DLLM 36,533 MB +5,822 MB

Table 12: Peak GPU memory on HumanEval. The extra mem-
ory for CAI-DLLM over DualCache comes from per-token
confidence scores, budgets, and threshold tables. Dream’s
larger overhead is due to fuller parallel output generation, not
CAI-DLLM bookkeeping.

Task Metric No cache DualCache ES-dLLM CAI-DLLM

NarrativeQA F1 18.18 16.96 17.05 16.96
MultifieldQA-en F1 47.24 45.35 47.95 43.72
GovReport ROUGE-L 19.99 17.23 16.26 17.09
QMSum ROUGE-L 13.69 14.59 14.38 14.66

Average score 24.63 23.53 23.69 23.11
Average TPS 2.7 23.4 24.2 51.4
Speedup 1.00× 8.7× 9.0× 19.04×

Table 13: Detailed LongBench results on Dream-7B. Average
score is the unweighted mean of per-task scores.

speedup over no-cache decoding. The average
score decreases from 24.63 to 23.11, a drop of 1.52
points, which is similar to the drops seen for Du-
alCache (1.10 points) and ES-dLLM (0.94 points).
This shows that all caching methods reduce long-
context quality by a similar margin, while CAI-
DLLM provides more than double their through-
put. On QMSum, CAI-DLLM slightly improves
over both cached baselines (14.66 vs. 14.59 and
14.38), suggesting that for summarization tasks
the confidence aware commit schedule does not
hurt quality. The larger drop on MultifieldQA-en
(43.72 vs. 47.95 for ES-dLLM) indicates that multi-
field retrieval tasks are more sensitive to early to-
ken commitment. Overall, these results confirm
that confidence aware decoding transfers to long-
context inference with competitive quality and sub-
stantially higher throughput.

D.3 Short Commonsense Tasks

On PIQA and WinoGrande, CAI-DLLM improves
throughput but loses accuracy compared with ES-
dLLM. These tasks have short outputs, so there
are fewer redundant denoising steps to remove. In
this setting, early commitment can force incorrect
tokens before enough context is available. Thus,
CAI-DLLM is less suitable for short, quality-
critical tasks where the small speedup does not
justify the accuracy cost.



D.4 Energy Measurements
Energy is computed as E = P̄ × T , where P̄ is
the average GPU power and T is wall-clock gen-
eration time. We report energy in both Joules and
Watt-hours, with Wh = E/3600. GPU power is
sampled using nvidia-smi. These measurements
include GPU power only and do not include CPU,
DRAM, or system level power.

Table 14 shows that CAI-DLLM reduces total
energy in all measured cases. The main reason
is shorter generation time. For example, LLaDA
GSM8K drops from 3559.1 Wh to 168.7 Wh, a
95.3% reduction.

E Throughput Benchmark Results

We report wall-clock throughput in tokens per sec-
ond (TPS) and speedup over the nocache base-
line. We evaluate four generation lengths, L ∈
{64, 128, 256, 512}, on two instruction tuned dif-
fusion LLMs: LLaDA-Instruct (Nie et al., 2025)
and Dream-Instruct (Ye et al., 2025). All experi-
ments use a single NVIDIA H200 GPU under the
same hardware and software setup. For each gen-
eration length, speedup is computed as the ratio
between a method’s TPS and the nocache TPS.

As shown in Table 15, CAI-DLLM achieves
the highest throughput in every setting across both
models. On LLaDA-Instruct, speedup ranges from
2.07× at L = 64 to 4.59× at L = 512. This
shows that longer generation lengths give more
room for adaptive step reduction. On Dream-
Instruct, the gain is larger and reaches 15.29×
over nocache at L = 512 (692.6 vs. 45.3 TPS). In
contrast, dualcache and esdllm do not improve
throughput at short generation lengths and some-
times slightly reduce it. This happens because their
fixed caching overheads are not fully amortized
when L ∈ {64, 128}. Overall, these results show
that CAI-DLLM is most effective at longer se-
quence lengths, where token difficulty varies more
and early commitment saves more computation.



Task Model Method Avg Power Energy (J) Energy (Wh) Saved

GSM8K LLaDA No cache 688.0 W 12,812,627 3559.1 –
GSM8K LLaDA DualCache 587.2 W 950,104 263.9 92.6%
GSM8K LLaDA ES-dLLM 441.7 W 801,455 222.6 93.7%
GSM8K LLaDA CAI-DLLM 558.3 W 607,297 168.7 95.3%

HumanEval Dream No cache 673.4 W 1,347,290 374.25 –
HumanEval Dream DualCache 550.5 W 215,714 59.92 84.0%
HumanEval Dream ES-dLLM 358.9 W 149,309 41.47 88.9%
HumanEval Dream CAI-DLLM 464.1 W 85,134 23.65 93.7%

HumanEval LLaDA No cache 672.2 W 1,530,033 425.01 –
HumanEval LLaDA DualCache 529.9 W 197,734 54.93 87.1%
HumanEval LLaDA ES-dLLM 348.6 W 152,845 42.46 90.0%
HumanEval LLaDA CAI-DLLM 474.0 W 118,921 33.03 92.2%

MBPP Dream No cache 678.3 W 3,123,006 867.5 –
MBPP Dream DualCache 380.0 W 375,572 104.3 88.0%
MBPP Dream ES-dLLM 378.1 W 281,825 78.3 91.0%
MBPP Dream CAI-DLLM 412.6 W 122,798 34.1 96.1%

MBPP LLaDA No cache 676.3 W 3,704,466 1029.0 –
MBPP LLaDA DualCache 413.4 W 349,628 97.1 90.6%
MBPP LLaDA ES-dLLM 371.7 W 291,715 81.0 92.1%
MBPP LLaDA CAI-DLLM 434.4 W 180,389 50.1 95.1%

Table 14: Detailed energy measurements. The Saved column reports reduction relative to the no-cache row for the same task and
model.

Model Method L = 64 L = 128 L = 256 L = 512

TPS Speedup TPS Speedup TPS Speedup TPS Speedup

LLaDA

No cache 52.3 1.00× 53.8 1.00× 54.0 1.00× 40.6 1.00×
DualCache 51.3 0.98× 50.2 0.93× 50.8 0.94× 51.4 1.27×
ES-dLLM 45.4 0.87× 46.9 0.87× 46.8 0.87× 46.9 1.16×
CAI-DLLM 108.0 2.07× 202.1 3.76× 123.6 2.29× 186.3 4.59×

Dream

No cache 61.5 1.00× 63.1 1.00× 61.4 1.00× 45.3 1.00×
DualCache 62.4 1.01× 63.5 1.01× 64.3 1.05× 64.0 1.41×
ES-dLLM 57.5 0.93× 58.7 0.93× 59.7 0.97× 59.6 1.32×
CAI-DLLM 98.6 1.60× 199.2 3.16× 242.9 3.96× 692.6 15.29×

Table 15: Throughput and speedup over No cache across generation lengths on LLaDA-Instruct and Dream-Instruct. Best TPS
for each generation length is shown in bold.
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Figure 4: Attention sparsity across denoising steps for sampled layers of LLaDA-8B on GSM8K. We sample early, middle,
and late transformer layers. The plots show attention entropy, effective tokens attended, and top-10 attention mass. The strong
layer-to-layer variation supports layer-aware analysis of diffusion language model inference.
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Figure 5: Accuracy across APD schedule configurations on LLaDA-8B GSM8K. The selected cosine schedule with θs = 0.90,
θe = 0.70, and w = 0.15 gives the best accuracy-speed trade-off.
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Figure 6: Hardware behavior across batch sizes. Fixed-threshold parallel decoding and APD are compared with ES-dLLM. The
H200 runs the workload in a compute-bound regime, making denoising-step reduction an effective optimization target.
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