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Abstract

Diffusion language models (DLMs) have
shown strong potential for general natural lan-
guage tasks with in-context examples. Ex-
isting In-Context Learning (ICL) approaches
largely inherit the practice of autoregressive
language models (ARLMs), incorporating all
examples into a fixed prompt. However, apply-
ing this rigid, static-prompt paradigm to DLMs
incurs substantial computational overhead, as
the model must evaluate the maximum context
length at every step. We address this ineffi-
ciency with a key discovery: the block-wise
KV-cache mechanism inherent to DLM infer-
ence enables the low-cost dynamic adjustment
of the context. Following this intuition, our
core idea is to start generation with a minimal
prompt and progressively insert additional ex-
amples on the fly only when the generated to-
kens are of low confidence. Through rigorous
empirical evaluations, we observe that average
verified token confidence correlates strongly
with generation accuracy, making it a reliable
and computationally efficient signal of token
quality. Formally, we propose Dynamic In-
Context Planner (DIP), a context-optimization
algorithm based on average verified confidence
that dynamically ranks and inserts in-context
examples during generation, rather than pro-
viding all examples up front. Experimental
results on math and coding benchmarks with
LLaDA-1.5 and LLaDA-8B-Instruct show that
DIP achieves up to 1.59× and 1.36× speedups,
respectively, while largely preserving the gen-
eration quality of the fixed-prompt baseline.
Code: https://github.com/wmd3i/DIP

1 Introduction

Diffusion language models have emerged as a new
paradigm for language modeling, demonstrating
strong potential across general natural language
tasks (Nie et al., 2025; Ye et al., 2025; Austin et al.,
2021a; DeepMind, 2025; Arriola et al., 2025; Lou
et al., 2024; Sahoo et al., 2024). DLMs’ decod-

ing mechanism differs fundamentally from that of
ARLMs: By utilizing bidirectional attention and
iterative refinement, DLMs remove the strict left-
to-right constraint inherent to AR generation. This
paradigm shift offers fine-grained control over the
generation process, enabling flexible editing and
global planning (Zhang et al., 2025a; Jin et al.,
2025; Li et al., 2025; Chen et al., 2026).

Similar to ARLMs, DLMs also benefit from
In-Context Learning (ICL) (Nie et al., 2025), in
which providing in-context examples improves per-
formance on many retrieval-augmented generation
tasks (Gao et al., 2023). Existing ICL approaches
for DLMs largely inherit the AR convention (Rad-
ford et al., 2018; Bi et al., 2025), which keeps the
prompt fixed and uses all in-context examples as
the prefix throughout generation (Radford et al.,
2018; Dong et al., 2024). While this practice is rea-
sonable in ARLMs, the higher computational cost
of bidirectional attention in DLMs significantly
limits inference speed as the context size grows.

To reduce computational cost in DLMs, recent
works have explored KV caching (Liu et al., 2025;
Song et al., 2026), parallel decoding (Jiang et al.,
2026; Wu et al., 2026), and block-wise decoding
(Wu et al., 2026). While these approaches suc-
cessfully mitigate the overhead of processing static
prompts, they overlook a critical source of compu-
tational waste: the rigid assumption that the model
requires a maximum fixed context length through-
out the generative process.

This work addresses this issue with a key discov-
ery: unlike ARLMs, which require a fixed context,
the block-wise KV-cache mechanism inherent in
DLM inference enables the dynamic adjustment
of context across decoding blocks at low computa-
tional cost. Exploiting this mechanism, our core
idea is to start generation with a shorter prompt and
progressively increase the context length on the fly,
thereby significantly reducing the required atten-
tion computation without sacrificing quality. To
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Figure 1: Inference process of fixed context generation baseline and dynamic in-context planner inference using
Fast-dLLM (Wu et al., 2026) inference framework. (a) Illustration of the Fast-dLLM generation process under a
fixed context setting, which is commonly used in 3-shot in-context learning scenarios. (b) Illustration of a dynamic
context policy π based generation process. During decoding, each block may use a different number of in-context
examples, depending on the policy. A more detailed example can be found in Appendix A.

make this concrete, consider a few-shot GSM8K
task. In ARLMs, all examples must be rigidly
loaded into the prompt before generation begins.
By contrast, as illustrated in Fig. 1 part (b), the
block-wise KV cache enhanced diffusion genera-
tion paradigm allows for generation with varying
numbers of examples across different stages of the
process (e.g., 1-shot at block 1, 2-shot at block
2 and 3, and 3-shot at block 4). By dynamically
adapting the number of in-context examples to the
evolving needs of the generation, we can signifi-
cantly reduce computational cost in earlier decod-
ing stages while leveraging the full set of in-context
examples in later stages, without compromising
generation quality.

A critical question naturally emerges: on what
basis should we dynamically adjust the context? To
fully exploit this architectural freedom, we need a
reliable, real-time proxy to tell us when the model
is struggling. Motivated by recent work on pre-
dictive metrics and test-time methods (Fu et al.,
2026; Li et al., 2026; Geng et al., 2024), we inves-
tigated the interplay among predictive metrics, task

accuracy, and the number of in-context examples.
Our analysis revealed clear empirical patterns of
the average verified confidence for the generated
tokens, making it an ideal signal for our selection
policy: (1) correct and incorrect answers exhibit
a distinct distributional difference in the average
verified confidence of the generated tokens (Fig. 2);
(2) scaling up the number of in-context examples
reliably boosts confidence and accuracy (Fig. 3).

Building on these insights, we propose Dynamic
In-Context Planner (DIP), an average verified
confidence-based context-optimization algorithm
that dynamically selects in-context examples dur-
ing generation. DIP consists of a sentence
embedding-based example-ranking stage and an av-
erage verified confidence-aware example-insertion
policy that makes insertion decisions during genera-
tion. DIP is training-free and can serve as a plug-in
method that efficiently selects examples and up-
dates the prompt using prominent DLM inference
frameworks like Fast-dLLM (Wu et al., 2026).

Our main contributions include: (1) We demon-
strate that DLMs’ generation paradigm allows low-
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cost dynamic context adjustment, breaking the rigid
static-prompt assumption of traditional ARLMs,
opening a new avenue for efficient DLMs infer-
ence based on dynamic context optimization. (2)
We investigate DLMs’ predictive metrics, estab-
lishing that average verified confidence could serve
as an accurate, real-time signal for when to inject
new examples. (3) We introduce DIP, a practical
context optimization framework that dynamically
scales in-context examples during generation based
on verified confidence. (4) Experimental results
on math and coding benchmarks with LLaDA-1.5
and LLaDA-8B-Instruct show that DIP achieves up
to 1.59× and 1.36× speedups, respectively, while
largely preserving the generation quality of the
fixed-prompt baseline.

2 Related Work

In-Context Learning. ICL enables language mod-
els to perform tasks by conditioning on a few input-
output demonstrations in the prompt without pa-
rameter updates (Brown et al., 2020; Dong et al.,
2024). Prior work has shown that the choice of
demonstrations significantly affects performance:
Min et al. (2022) find that format and input distri-
bution matter more than label correctness, while
Liu et al. (2022) and Rubin et al. (2022) demon-
strate that retrieving semantically similar examples
substantially outperforms random selection. How-
ever, in ARLMs, all examples must be fixed before
generation begins. Recent DLMs (Nie et al., 2025;
Ye et al., 2025; Arriola et al., 2025) are free from
this causal constraint, opening new possibilities for
ICL. For instance, Jin et al. (2025) explore in-place
condition injection. Yet, all existing approaches
still fix the prompt before generation.
Efficient Inference in DLMs. Masked DLMs
use bidirectional attention, which typically scales
quadratically with the input and generation lengths.
Following the success of KV cache reuse in
ARLMs (Kwon et al., 2023; Zheng et al., 2024),
recent works, like Fast-dLLM (Wu et al., 2026) and
dKV-Cache (Ma et al., 2025), have achieved signifi-
cant inference speedup with KV cache reuse (Jiang
et al., 2026; Song et al., 2026; Liu et al., 2025; Ma
et al., 2025). Other lines of work also explore par-
allel decoding (Wu et al., 2026; Israel et al., 2025;
Zhang et al., 2025a) to sample multiple tokens per
iteration, thereby improving inference speed. De-
spite these initial successes, these methods focus
solely on the computational cost of a static prompt

and ignore the opportunity to dynamically adjust
the context used for generation.
Token Confidence In Language Models. Token
confidence or logits have gained increasing atten-
tion in language model research. They are not only
useful for token generation but also reveal many in-
sights into the generated tokens. In ARLMs, recent
work has used reasoning-trace-level confidence to
enable effective test-time scaling and trace selec-
tion (Fu et al., 2026; Kang et al., 2025). Token
confidence in DLMs could also reveal insights,
such as whether the generation length is sufficient
based on the EOS token’s confidence (Li et al.,
2026). Despite these initial successes, the corre-
lation between DLM’s trace-level confidence and
the number of in-context examples remains poorly
understood.

We aim to fill these research gaps by exploring
DLMs’ token confidence and dynamically adjust-
ing in-context examples during diffusion genera-
tion, exploiting the unique flexibility of DLMs’
bidirectional attention.

3 Preliminary: Masked DLMs

Masked DLMs (absorbing state discrete diffusion
models) (Sahoo et al., 2024; Zhu et al., 2026; Ye
et al., 2025; Austin et al., 2021a) consist of a for-
ward and reverse process, where an absorbing state
is a mask token, denoted as [MASK], which repre-
sents missing or corrupted information (Lou et al.,
2024; Nie et al., 2025).

In the forward process, q with an initial sequence
y0 of length N is organized into discrete time steps,
where each time step corresponds to a single mask-
ing stage. At each time step, independent tokens
are gradually replaced by [MASK] tokens with
probability t ∈ [0, 1], which is defined as:

q(yt|y0) =
∏N−1

i=0
q(yit|yi0), (1)

where i ∈ [0, N ] and yi stands for the i-th token.
Once a token transitions to [MASK], it remains
in this state throughout the forward process. As t
increases to 1, the original sequence will eventually
become a fully masked sequence.

Conversely, in the reverse process pθ, at each
time step, masked DLMs aim to predict the proba-
bility distribution over all masked tokens simulta-
neously given yt, which can be formulated as:

pθ(ys|yt) =
∏N−1

i=0
pθ(y

i
s|yit). (2)
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Based on these predictions, the additional decoding
method D decides which tokens to "unmask" at
each step. As t decreases to 0, the masked sequence
will eventually recover the original sequence.

4 Accelerating DLMs via Dynamic
Context Adaptation

ARLMs via Causal Attention. ARLMs (Hu et al.,
2024) employ causal attention (Vaswani et al.,
2017) for sequential generation, restricting the con-
textualized representation hi to left-to-right depen-
dencies (Radford et al., 2018; Brown et al., 2020).
This causal masking can be formally expressed by
bounding key and value indices to ≤ i:

hi = Attention(xiWQ, x≤iWK , x≤iWV ) . (3)

Because the structural context is rigidly bound to
the prefix, the key and value are cached sequentially
to avoid redundant computation.

As a result, ARLMs are fundamentally ineffi-
cient in dynamic context scenarios during inference.
Any mid-generation modification to the context in-
stantly forces a recomputation of the invalidated
sequence. Rebuilding this cache from scratch im-
poses a computational cost of approximately:

O((Lnew + Lgen)
2) , (4)

where Lnew is the length of the new context and
Lgen is the length of generated tokens so far.
DLMs via Full Attention. In contrast, masked
DLMs (Zhu et al., 2026; Ye et al., 2025) employ
full attention (Devlin et al., 2019), where the i-th
token attends to the entire sequence of length L to
compute its representation hi:

hi = Attention(xiWQ, x1:LWK , x1:LWV ) . (5)

During generation, DLMs iteratively refine a fully
masked sequence by predicting and unmasking to-
kens across multiple denoising steps. Because this
full attention mechanism inherently recomputes the
entire sequence at each step, updating the context
mid-generation does not trigger the cache-rebuild
penalty observed in ARLMs. Yet, this full atten-
tion mechanism in DLMs renders long contexts
computationally expensive.
Key Discovery: Low-cost dynamic context adap-
tation in DLMs allows us to actively adjust the
context mid-generation, achieving substantial com-
putational savings. In practice, recent KV cache in-
ference frameworks such as Fast-dLLM (Wu et al.,

2026) adopt block-wise generation1, which divides
the output into N equal-length blocks and performs
semi-AR decoding at the block level. Crucially, at
each block boundary, a full forward pass is already
required to recompute the attention states for the
next block. This provides a natural, low-overhead
opportunity to update the prompt (e.g., inserting an
in-context example) without incurring penalties be-
yond basic tokenization and matrix concatenation.

Given a full static prompt containing all in-
context examples with context length of LF , and a
reduced dynamic prompt with length Lnew (where
Lnew ≤ LF ), one can achieve a significant reduc-
tion in the per-denoising iteration cost, which can
be roughly estimated as:

O((LF + Lgen)
2 − (Lnew + Lgen)

2) , (6)

where Lgen is the length of the generated tokens.
Because DLM decoding requires evaluating bidi-
rectional attention across multiple iterative denois-
ing calls per block, maintaining a minimal Lnew

when the model is confident yields substantial, com-
pounding reductions in overall computation.

5 Problem Statement

Following the above key finding, we define a new
dynamic in-context planning task in DLMs: instead
of using all examples as context throughout the
DLM’s generation process, we aim to determine
when and which examples to insert during gen-
eration to accelerate inference while maintaining
inference quality in an efficient inference setting.

Definition 1 (ICL Setting) Given a prompt p
with a pool of in-context examples Epool =
{(qi, ai)}Ki=1, where qi and ai denote the query
and answer of the i-th example, respectively.

Definition 2 (Efficient Inference Setting) Given
a KV cache and block diffusion-based inference
process divided into N non-KV cache steps (or
blocks), indexed by b ∈ {1, · · · , N}.

Goal: The objective is to find a training-free policy
π that selects a subset of examples Eb ⊆ {Epool, ∅}
for each block b, which minimizes the cumulative
computational cost while preserving the baseline
generation quality.

1While we focus on block-wise DLM inference as it is the
predominant inference framework, this discovery also holds
for non-block-based DLM inference.
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Figure 2: Average verified confidence distribution for
correct vs. incorrect traces using LLaDA-8B-Instruct
on GSM8K. There are 400 data points for each of the
correct and incorrect categories.

6 Dynamic In-Context Planner

In this section, we formally introduce Dynamic In-
Context Planner (DIP). As shown in Figure 1, DIP
is a light weight framework that decouples selec-
tion complexity into: (1) an example ranking stage,
which ranks candidate examples in Epool based on
their sentence embedding, and (2) an example inser-
tion policy, which is a monotonic-increasing policy
that progressively inserts these examples into the
context at different generation blocks b based on
generation confidence. Appendix B outlines the
formal algorithm.

6.1 Example Ranking

The effectiveness of in-context learning relies heav-
ily on the quality of the examples provided (Car-
bonell and Goldstein, 1998; Pickett et al., 2024;
Nafee et al., 2025). As Fig. 3 highlights, injecting
additional demonstrations can sometimes degrade
rather than improve performance. To balance our
dual goals of high-speed inference and sustained ac-
curacy, DIP employs a training-free ranking stage
to dynamically filter and select only the most bene-
ficial examples during generation.

We tested two common sentence embedding-
based (Reimers and Gurevych, 2019) approaches
to rank examples: (1) cosine similarity (Zebaze
et al., 2025; Reimers and Gurevych, 2019; Zhang
et al., 2025b), and (2) maximal marginal relevance
(MMR) (Carbonell and Goldstein, 1998; Pickett
et al., 2024), which could adjust the relevance and
diversity of examples based on the choice of λ.

MMR(qi, λ) = λ · Sim(qp, qi)

− (1− λ)max
j∈S

Sim(qi, qj) ,
(7)
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Figure 3: Impact of number of in-context examples vs.
confidence and accuracy. Data are collected from the
same 1000 sampled questions in the GSM8K training
set with 0 to 8 in-context examples.

where Sim(·, ·) denotes the cosine similarity, qp
is the representation of the actual query the DLM
aims to solve, S is the index set of already selected
examples, and λ ∈ [0, 1] controls the trade-off
between relevance and redundancy. As λ→ 1, the
ranking favors similarity; as λ → 0, the ranking
favors diversity. It is important to note that when
λ = 1, MMR is effectively the same as cosine
similarity.

6.2 Average Verified Confidence as a Proxy
for Generation Quality

On what basis should we dynamically adjust the
context? To fully exploit this architectural freedom,
we need a reliable, real-time proxy to tell us when
the model is struggling. Motivated by recent work
on predictive metrics and test-time methods (Fu
et al., 2026; Kang et al., 2025), we investigated 5
unique predictive metrics derived from DLMs’ in-
ternal token distributions: (1) Average speculative
entropy (ASPE), which is the average entropy at
the unmasked indices over the block. (2) Average
speculative confidence (ASPC), which is the confi-
dence of speculative tokens at masked indices. (3)
Average selected confidence (ASEC): the average
confidence of the selected tokens, obtained when
the token gets unmasked. (4) Average verified en-
tropy (AVE): the average entropy of the last call
over the block, obtained at the last call on the block
level. (5) Average verified confidence: the average
confidence of the last DLM’s call over the selected
tokens, obtained at the last call on the block level.

Through a rigorous empirical comparison of cor-
relations between accuracy and the scaling of the
number of examples, we identified average veri-
fied confidence (AVC) as the most suitable signal,

14977



Dataset GSM8K (8 shot) Math 500 (8 shot)
Model Method Throughput Acc Throughput Acc

Fast-dLLM Fixed Prompt 66.58(1.0×) 77.3 63.69(1.0×) 38.2
LLaDA-8B DIP(n0=1, RT=0.00) 87.80(1.32×) 76.2 76.34(1.20×) 32.4

Instruct DIP(n0=2, RT=0.00) 84.08(1.26×) 78.6 72.63(1.14×) 36.2
DIP(n0=1, RT=0.05) 90.24(1.36×) 76.4 78.13(1.23×) 33.2
DIP(n0=2, RT=0.05) 86.49(1.30×) 77.4 74.19(1.16×) 35.6
Fast-dLLM Fixed Prompt 58.60(1.0×) 80.1 49.04(1.0×) 37.2

LLaDA 1.5
DIP(n0=1, RT=0.00) 87.07(1.49×) 78.9 76.28(1.56×) 37.2
DIP(n0=2, RT=0.00) 82.92(1.42×) 80.3 73.64(1.50×) 36.8
DIP(n0=1, RT=0.05) 87.73(1.50×) 79.2 78.00(1.59×) 36.4
DIP(n0=2, RT=0.05) 83.66(1.43×) 80.2 74.71(1.52×) 36.6

Table 1: DIP’s results on 8-shot GSM8K and 8-shot MATH500 compared against fixed prompt baseline using
LLaDA-8B-Instruct (Nie et al., 2025) and LLaDA-1.5 (Zhu et al., 2026). Blue: relative speedup. We also bold the
DIP configuration that achieves the highest speedup while largely preserving or yielding better generation quality.

exhibiting the strongest correlation (r = 0.92) with
accuracy across varying numbers of in-context ex-
amples (Fig. 3). The AVC is defined as:

C̄ =
1

Lgen

Lgen∑

i=1

Ci , (8)

where Lgen denotes the length of the generated to-
kens, and Ci denotes the confidence of the DLM’s
last call on the i-th generated token. Additional
comparison results can be found in Appendix C.

6.3 Example Insertion Policy
Given a pool of ranked examples and our estab-
lished quality signal (AVC), DIP must choose how
many examples to use and update the prompt ac-
cordingly. An optimal insertion policy maximizes
inference throughput by minimizing the context
length, while strictly intervening to preserve gen-
eration quality when the model’s certainty drops.
To address this, we propose an example-insertion
policy governed by the dynamic fluctuations of the
AVC throughout the generation process.
Confidence Change Ratio. We formally define
the confidence-change ratio used by our proposed
policy within the Fast-dLLM inference framework.
Given an average newly generated token confi-
dence for the current j-th block C̄cur, where the
confidence is obtained by the last DLM call on that
j-th block, we denote the average cached verified
confidence for all previously generated tokens from
block 1 to block j − 1 as C̄prev:

C̄prev =
1

j − 1

j−1∑

k=1

C̄k. (9)

We further define the confidence change ratio
against previously generated tokens R as:

R(C̄j) = 1− C̄cur/C̄prev, (10)

where R < 0 indicates that the newly generated
block has higher verified confidence than the previ-
ous generation, and R > 0 indicates a degradation
in verified confidence.
Final Policy. The final policy can be formally
defined as follows:

π(b)=





n0 if b = 1

n0 if b = 2 & C̄1 ≥ CST
n0 + 1 if b = 2 & C̄1 < CST
nb−1 if b ≥ 3 & R(C̄b−1) < RT
nb−1 + 1 if b ≥ 3 & R(C̄b−1) ≥ RT

(11)
where b denotes the current block index, n0 denotes
the initial number of examples for block 1, CST
stands for cold start confidence threshold for block
2 decision, RT stands for the ratio threshold, and
nb−1 stands for the number of examples used in the
block (b− 1).

7 Experiment

7.1 Experiment Setup

Dataset and Tasks. Following previous studies
(Wu et al., 2026) and considering the availability of
few-shot examples, we evaluate DIP under 5-shot
and 8-shot settings on three generative tasks: (1)
GSM8K (Cobbe et al., 2021) consists of math word
problems, (2) MATH500 (Hendrycks et al., 2021;
Lewkowycz et al., 2022), a high-quality subset of
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Dataset GSM8K (5 shot) Math 500 (5 shot)
Model Method Throughput Acc Throughput Acc

Fast-dLLM Fixed Prompt 75.87(1.0×) 77.7 71.69(1.0×) 37.8
LLaDA-8B DIP(n0=1, RT=0.00) 87.08(1.15×) 77.5 75.50(1.05×) 35.4

Instruct DIP(n0=2, RT=0.00) 83.85(1.11×) 77.1 74.29(1.04×) 35.4
DIP(n0=1, RT=0.05) 89.42(1.18×) 76.8 f5(1.08×) 35.2
DIP(n0=2, RT=0.05) 86.38(1.14×) 76.3 75.76(1.06×) 37.2
Fast-dLLM Fixed Prompt 69.94(1.0×) 79.8 55.23(1.0×) 35.8

LLaDA 1.5
DIP(n0=1, RT=0.00) 86.55(1.24×) 78.9 76.26(1.38×) 34.4
DIP(n0=2, RT=0.00) 82.57(1.18×) 78.7 74.02(1.34×) 37.2
DIP(n0=1, RT=0.05) 89.18(1.28×) 78.8 77.91(1.41×) 34.8
DIP(n0=2, RT=0.05) 85.63(1.22×) 79.5 75.69(1.37×) 38.4

Table 2: DIP’s results on 5-shot GSM8K and 5-shot MATH500 compared against fixed prompt baseline using
LLaDA-8B-Instruct (Nie et al., 2025) and LLaDA-1.5 (Zhu et al., 2026).

Ranking Method Throughput Acc
Random Order 84.06 77.9
MMR(λ = 0.2) 83.88 78.4
MMR(λ = 0.4) 84.12 78.2
MMR(λ = 0.6) 83.93 77.2
MMR(λ = 0.8) 83.90 77.9
Cosine Similarity 84.26 78.6

Table 3: Ablation study of DIP’s different ranking meth-
ods on 8-shot GSM8K with LLaDA-8B-Instruct (Nie
et al., 2025).

math problems spanning 7 topics from high school
math competitions, and (3) MBPP (Austin et al.,
2021b), a coding benchmark consists of Python
programming problems. To ensure reproducibility
and the use of identical few-shot (in-context) exam-
ples under the n-shot setting, our experiment uses
the lm-eval library (Gao et al., 2024).

Evaluation Metrics. We use two metrics: (1) infer-
ence throughput measured by the average number
of output tokens generated over total runtime (in-
cluding embedding, ranking, and prompt update
latency), and (2) accuracy.

Baseline. We compare DIP against Fast-dLLM
Fixed Prompt, a strong, state-of-the-art baseline
representing standard KV cache-enhanced infer-
ence with a static context. We evaluate both ap-
proaches under 5- and 8-shot settings (Wu et al.,
2026). We sample the in-context examples with
the lm-eval package and present them in random
order. All results were obtained using the official
Fast-dLLM codebase with the default configura-
tions: a generation length of 256 tokens, a block
size of 32, and 8 blocks (unless otherwise noted).

Models and Implementation Details. Following
prior work (Li et al., 2026; Jin et al., 2025), we
experiment with the baseline and DIP on two repre-
sentative masked DLMs: LLaDA-8B-Instruct (Nie
et al., 2025) and LLaDA-1.5 (Zhu et al., 2026).
To balance computational efficiency and sentence-
embedding quality, we use Qwen3-Embedding-
0.6B (Zhang et al., 2025b; Reimers and Gurevych,
2019) for obtaining the embeddings of questions.
We run all experiments on NVIDIA RTX 5090
GPUs to ensure a fair comparison (unless other-
wise noted).

7.2 Main Results
In Tables 1 and 2, we compare DIP’s performance
against the fixed-prompt baseline, using cosine sim-
ilarity and CST=0.93 (unless otherwise noted) in
the 5-shot and 8-shot settings on two math reason-
ing tasks (MATH500 and GSM8K). In summary,
the results show that DIP consistently improves in-
ference throughput while largely preserving, and in
some cases even improving, the generation quality
of the fixed-prompt baseline.

As shown in Table 1 in the 8-shot setting, DIP
notably achieves up to 1.50× inference speedup
on the GSM8K task and 1.59× on MATH500 with
LLaDA-1.5 while largely preserving the genera-
tion quality. Results also show improved infer-
ence throughput on LLaDA-8B-Instruct, with up
to 1.36× on GSM8K and 1.23× on the MATH500
dataset. In the 5-shot setting (Table 2), we observed
that DIP’s inference still improves inference speed,
with throughput similar to that of 8 shots. This
suggests that DIP can benefit from additional ex-
amples without incurring too much computational
cost as the number of examples increases.
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Figure 4: Example usage distribution along the block
index on 8-shot GSM8K with LLaDA-8B-Instruct.

For the coding task, namely MBPP, experiments
show a similar pattern in DIP’s effectiveness, yield-
ing up to a 1.45× speedup with the LLaDA-8B-
Instruct Model. Due to limited space, MBPP results
are included in the Appendix D. We also include
additional stability analysis in the Appendix E.

7.3 Ablation Study and Additional Analysis

Ranking Methods. To further understand the ex-
ample order’s influence on DIP, we conducted an
ablation over the ranking methods: (1) cosine sim-
ilarity and (2) MMR with different λ. As shown
in Table 3, the order of example insertion does not
influence the throughput, while improving accu-
racy with the right ordering. More results with the
MMR example ranking are in Appendix F.
Example Usage By Block and Speedup Analy-
sis. Fig. 4 presents the example usage distribu-
tion by block index on 8-shot GSM8K with the
LLaDA-8B-Instruct model. We obtained this data
using DIP with n0 = 2, RT = 0, CST = 0.93,
and cosine-similarity ranking, yielding a 1.26×
speedup over the fixed-prompt baseline. In Fig. 5,
results show similar trends in 8-shot MATH500
with the LLaDA-1.5 model. This data was ob-
tained using DIP with n0 = 1, RT = 0, CST =
0.93, and cosine-similarity ranking, yielding a
1.56× speedup over the fixed-prompt baseline.
As shown, DIP’s example-insertion policy yields
greater speedup in the early stages than in the later
stages, contributing to higher throughput.
Hyperparameter Sensitivity. To further investi-
gate DIP’s hyperparameter sensitivity, we conduct
an ablation study to evaluate the impact of hyper-
parameter choices, using LLaDA-1.5 on the 8-shot
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Figure 5: Example usage distribution along the block
index on 8-shot MATH500 with LLaDA-1.5.

GSM8K. The results in Appendix G provide clear
guidance for selecting hyperparameters: larger n0,
larger RT , and larger CST are preferred for accu-
racy. Smaller n0, larger RT , and smaller CST are
preferred to maximize inference throughput.

Performance Across 256 and 512 Generation
Lengths. As noted in Eq. 6, the overall computa-
tion expense is based on two factors: (1) the length
of the prompt and (2) generation lengths. Increas-
ing generation length could reduce speedup. To fur-
ther investigate performance differences across gen-
eration lengths, we compared LLaDA-8B-Instruct
and LLaDA-1.5 in the 8-shot GSM8K setting with
generation lengths of 256 and 512. As shown in
Table 4, consistent with Eq. 6, the speedup de-
creases as the generation length increases from 256
to 512. Overall, DIP can still yield up to a 1.21×
speedup at 512-token generation length and 1.42×
speedup at 256-token generation length. Due to
memory constraint, this experiment is performed
using NVIDIA RTX PRO 6000 GPUs.

Prompt Change In KV-Cache Enhanced DLMs
Inference Framework. Because DIP aims to op-
timize inference throughput in DLMs, it must be
compatible with the KV cache-enhanced inference
framework. DIP is based on Fast-dLLM (Wu et al.,
2026), a KV cache-enhanced block-wise inference
framework, which requires a necessary non-KV
cache call at the start of discrete block decoding to
update the KV cache (Appendix B).

In principle, DIP is a plug-in method that works
with any masked DLM KV-cache-enhanced infer-
ence framework, and a prompt update can occur
alongside any non-KV-cache call.
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Model Method Gen Len Throughput Acc

LLaDA-8B-Instruct

Fast-dLLM Fixed Prompt 256 66.58(1.0×) 77.3
DIP(n0 = 2, RT = 0) 256 84.08(1.26×) 78.6
Fast-dLLM Fixed Prompt 512 43.18(1.0×) 74.7
DIP(n0 = 2, RT = 0) 512 52.46(1.21×) 75.6

LLaDA 1.5

Fast-dLLM Fixed Prompt 256 58.60(1.0×) 80.1
DIP(n0 = 2, RT = 0) 256 82.92(1.42×) 80.3
Fast-dLLM Fixed Prompt 512 44.70(1.0×) 78.2
DIP(n0 = 2, RT = 0) 512 53.10(1.19×) 79.2

Table 4: Performance comparison between 256 and 512 under the 8-shot GSM8K Setting.

8 Conclusion

In this paper, we make a key discovery: DLMs
enable low-cost dynamic context adjustment. We
also empirically evaluate correlations between gen-
eration accuracy and token confidence for DLMs
and identify average verified confidence as the
key signal for guiding context adjustment. Build-
ing on these insights, we propose DIP, a practi-
cal context optimization framework that dynami-
cally scales in-context examples during generation
based on verified confidence. Experimental results
on math and coding benchmarks with LLaDA-1.5
and LLaDA-8B-Instruct show that DIP achieves up
to 1.59× and 1.36× speedups, respectively, while
largely preserving the generation quality of the
fixed-prompt baseline. Our key findings open a
new avenue for efficient DLM inference through
dynamic context optimization.
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commodate varying task difficulties. Second, we

constrain our exploration of DLMs’ architectural
freedom strictly to example usage in in-context
learning. While dynamic context in DLMs holds
significant potential for applications beyond ICL,
we leave these broader structural investigations to
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A Appendix: An Example Context
Change Through Different Blocks
Using MATH500

Context for block 1 with n0 = 1, i.e., one example:

Problem:
Find the domain of the expression $\

frac{\sqrt{x -2}}{\ sqrt{5-x}}$.}

Solution: The expressions inside each
square root must be non -negative.
Therefore , $x -2 \ge 0$, so $x\ge2$ ,
and $5 - x \ge 0$, so $x \le 5$.
Also , the denominator cannot be
equal to zero , so $5-x>0$, which
gives $x <5$. Therefore , the domain
of the expression is $\boxed {[2 ,5)}$
.

Final Answer: The final answer is $[2,5)
$. I hope it is correct.

Problem:
Define
\[p = \sum_{k = 1}^\ infty \frac {1}{k^2}

\quad \text{and} \quad q = \sum_{k =
1}^\ infty \frac {1}{k^3}.\] Find a

way to write
\[\ sum_{j = 1}^\ infty \sum_{k = 1}^\

infty \frac {1}{(j + k)^3}\]in terms
of $p$ and $q.$

Solution:

Context for block 2 and block 3 with two examples:

Problem:
Find the domain of the expression $\

frac{\sqrt{x -2}}{\ sqrt{5-x}}$.}

Solution: The expressions inside each
square root must be non -negative.
Therefore , $x -2 \ge 0$, so $x\ge2$ ,
and $5 - x \ge 0$, so $x \le 5$.
Also , the denominator cannot be
equal to zero , so $5-x>0$, which
gives $x <5$. Therefore , the domain
of the expression is $\boxed {[2 ,5)}$
.

Final Answer: The final answer is $[2,5)
$. I hope it is correct.

Problem:
If $\det \mathbf{A} = 2$ and $\det \

mathbf{B} = 12,$ then find $\det (\
mathbf{A} \mathbf{B}).$

Solution: We have that $\det (\ mathbf{A}
\mathbf{B}) = (\det \mathbf{A})(\

det \mathbf{B}) = (2) (12) = \boxed
{24}.$

Final Answer: The final answer is $24$.
I hope it is correct.

Problem:
Define
\[p = \sum_{k = 1}^\ infty \frac {1}{k^2}

\quad \text{and} \quad q = \sum_{k =
1}^\ infty \frac {1}{k^3}.\] Find a

way to write

\[\ sum_{j = 1}^\ infty \sum_{k = 1}^\
infty \frac {1}{(j + k)^3}\]in terms
of $p$ and $q.$

Solution:

+ GENERATED CONTENT.

Context for block 4 with three examples:

Problem:
Find the domain of the expression $\

frac{\sqrt{x -2}}{\ sqrt{5-x}}$.}

Solution: The expressions inside each
square root must be non -negative.
Therefore , $x -2 \ge 0$, so $x\ge2$ ,
and $5 - x \ge 0$, so $x \le 5$.
Also , the denominator cannot be
equal to zero , so $5 -x>0$, which
gives $x <5$. Therefore , the domain
of the expression is $\boxed {[2,5)}$
.

Final Answer: The final answer is $[2,5)
$. I hope it is correct.

Problem:
If $\det \mathbf{A} = 2$ and $\det \

mathbf{B} = 12,$ then find $\det (\
mathbf{A} \mathbf{B}).$

Solution: We have that $\det (\ mathbf{A}
\mathbf{B}) = (\det \mathbf{A})(\

det \mathbf{B}) = (2) (12) = \boxed
{24}.$

Final Answer: The final answer is $24$.
I hope it is correct.

Problem:
Terrell usually lifts two 20-pound

weights 12 times. If he uses two 15-
pound weights instead , how many
times must Terrell lift them in
order to lift the same total weight?

Solution: If Terrell lifts two 20-pound
weights 12 times , he lifts a total
of $2\cdot 12\ cdot20 =480$ pounds of
weight. If he lifts two 15-pound
weights instead for $n$ times , he
will lift a total of $2\cdot15\cdot
n=30n$ pounds of weight. Equating
this to 480 pounds , we can solve for
$n$:

\begin{align*}
30n&=480\
\Rightarrow\qquad n&=480/30=\ boxed {16}
\end{align*}
Final Answer: The final answer is $16$.

I hope it is correct.

Problem:
Define
\[p = \sum_{k = 1}^\ infty \frac {1}{k^2}

\quad \text{and} \quad q = \sum_{k =
1}^\ infty \frac {1}{k^3}.\] Find a

way to write
\[\ sum_{j = 1}^\ infty \sum_{k = 1}^\

infty \frac {1}{(j + k)^3}\]in terms
of $p$ and $q.$
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Solution:

+ GENERATED CONTENT.

B Appendix: Algorithm for Fast-dLLM
and DIP

Algorithm 1 presents the decoding process of Fast-
dLLM (Wu et al., 2026). Building on Fast-dLLM,
we present the algorithm of DIP in Algorithm 2.

C Appendix: Additional Metrics
Comparison

In this section, we define metrics specific to DLMs’
generation process and present the impact of the
number of in-context examples on metrics and ac-
curacy. We collect all data from the same 1000
sampled questions in the GSM8K training set, with
0 to 8 in-context examples.

(1) Speculative Entropy: the entropy at the un-
masked index, which is obtained at the Non-KV
cache call. In Fig. 6, this metric shows a positive
correlation (r = +0.76) with accuracy.
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Figure 6: Impact of number of in-context examples vs.
average speculative entropy and accuracy.

(2) Speculative Confidence: the highest confi-
dence at a masked index, which is obtained at the
Non-KV cache call. In Fig. 7, this metric shows a
negative correlation (r = −0.79) with accuracy.

(3) Selected Confidence: the confidence of the
selected token, which is obtained when the token
gets unmasked. This metric is similar to token
confidence in ARLMs (Fu et al., 2026). In Fig.
8, this metric shows a negative correlation (r =
−0.71) with accuracy.

(4) Verified Entropy: the entropy of the last
call over the index, which is usually the last call
on the block level in Fast-dLLM. In Fig. 9, this
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Figure 7: Impact of number of in-context examples vs.
average speculative confidence and accuracy.
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Figure 8: Impact of number of in-context examples vs.
average selected confidence and accuracy.

metric shows a negative correlation (r = −0.80)
with accuracy.

(5) Verified Confidence: the verified confidence
of the selected token at the last call over the token,
which is usually the last call on the block level in
Fast-dLLM. In Fig. 3, this metric shows a positive
correlation (r = 0.92) with accuracy.
Summary: By comparing those relationships from
different metrics, average verified confidence (Fig.
2 ) shows the strongest correlation with accuracy
among all those predictive metrics derived from
DLMs’ internal token distributions. Hence, we
used the average verified confidence metric as the
quality signal throughout our experiments.

D Appendix: MBPP Results

We evaluate DIP on the MBPP benchmark using
both the LLaDA-8B-Instruct and LLaDA-1.5 mod-
els. As detailed in Tables 7 and 8, DIP consistently
accelerates inference, achieving speedups of up to
1.45× while maintaining comparable generation
quality. Notably, because code generation tasks in-
herently demand rigorous logical and syntactic rea-
soning, empirical results indicate that DIP requires
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Algorithm 1: Fast-dLLM Decoding with Threshold
Input: model pθ, prompt p, answer length L, blocks N , block size B, step per block T , threshold τ

1 x← [p;[MASK],...,[MASK]]
2 Initialize KV Cache for x. ���KV Cache Init
3 for n =1 to N do
4 s← [|p| + (n− 1)B], e = |p|+ nB
5 Update KV Cache with non-KV cache call ���KV Cache Update
6 for t = 1 to T do
7 Use cache, call pθ on x[s,e)] ���KV Cache Reuse
8 For each masked xi, confidence ci = maxxpθ(xi)
9 Unmask all i in [s, e) with ci ≥ τ , with index max ci

10 if all x[s,e)! = [MASK] then
11 break, move to next block

12 return x;
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Figure 9: Impact of number of in-context examples vs.
average verified entropy and accuracy.

a larger initial number of in-context examples to
effectively bootstrap the generation process.

E Appendix: Stability Results

To further investigate DIP stability and account
for the inherent noise in DLM generation, we con-
ducted multi-run evaluations in two representative
settings.

First, we evaluated the configuration that showed
the most significant drop in accuracy in our main
results: LLaDA-8B-Instruct in the MATH500 8-
shot setting. Across 5 independent runs, the Fast-
dLLM fixed-prompt baseline achieved an accuracy
of 37.5 ± 1.34, while DIP (n0 = 1, RT = 0.00)
achieved 36.0 ± 2.21. Although DIP shows higher
variance in this boundary-case configuration, its
overall performance remains competitive.

Second, we evaluated our optimal configuration
on GSM8K with LLaDA-1.5 using DIP (n0 = 2,
RT = 0.00) across 3 independent runs for both

the 5-shot and 8-shot settings. As detailed in Table
5, the average accuracy and throughput are highly
stable and consistent with the single-run values
reported in our main results, demonstrating that
DIP reliably maintains generation quality while
preserving its speedup advantages.

F Appendix: Additional MMR Results

In this section, we present additional results with
the MMR example ranking method. Following
the results in Table 3, we experiment with MMR
example ranking with λ = 0.2. In Table 6, we
present results on 8-shot GSM8K using the LLaDA-
8B-Instruct model alone, with the fixed prompt
baseline. In Table 10, we present results on the
8-shot GSM8K task using the LLaDA-1.5 model
alone, with the fixed prompt baseline.

G Appendix: Hyperparameter Sensitivity
Results

We present the sensitivity results over DIP’s hy-
perparameter choices on 8-shot GSM8K using
LLaDA-1.5 (Zhu et al., 2026) in Table 9, Table
11, and Table 12. Results show that a wide range
of parameters can yield reasonable performance
compared to the Fast-dLLM Fixed Prompt with
speedups on the GSM8K task.

2Random ordered examples
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Algorithm 2: DIP with Fast-dLLM
Input: model pθ, answer length L, blocks N , block size B, step per block T , threshold τ , example

insertion policy π, examples set E, number of examples K, query q
1 Rank E using defined ranking method, Erank = [E1, E2, ..., EK ] ���Example Ranking Stage
2 p← [E1; q], k = 1 ���Initialize Prompt With π
3 x← [p; [MASK],...,[MASK]]
4 Initialize KV Cache for x. ���KV Cache Init
5 µ̄ = 0 ���Average Verified Confidence Over All Generated Tokens
6 µ = 0 ���Verified Confidence Mean Of Current Block
7 for n =1 to N do
8 s← [|p| + (n− 1)B], e = |p|+ nB
9 if n! = 1 then

10 Insertion = π(µ, µ̄) ���Get Action Following π
11 if Insertion == True then
12 p← [E1, E2, .., Ek; q], k+ = 1 ���Update Prompt
13 lp = length of p
14 x← [p; [MASK],...,[MASK]]

15 Update KV Cache with non-KV cache call ���KV Cache Update

16 for t = 1 to T do
17 Use cache, call pθ on x[s,e)] ���KV Cache Reuse
18 For each masked xi, confidence ci = maxxpθ(xi)
19 Unmask all i in [s, e) with ci ≥ τ , with index max ci

20 if all x[s,e)! = [MASK] then
21 µ = mean(ci of x[s,e)) ���Save Confidence Mean Of Current Block
22 µ̄ = mean(ci of x[lp,e)) ���Save Confidence Mean Of Generated Tokens
23 break, move to next block

24 µ = mean(ci of x[s,e)) ���Save Confidence Mean Of Current Block
25 µ̄ = mean(ci of x[lp,e)) ���Save Confidence Mean Of Generated Tokens

26 return x;

Shot Method Throughput Accuracy
5 Baseline 72.52 ± 0.9 80.1 ± 0.9
5 DIP 88.78 ± 0.7 79.9 ± 1.5
8 Baseline 61.96 ± 0.3 80.6 ± 0.5
8 DIP 85.87 ± 0.9 80.2 ± 0.4

Table 5: Results with LLaDA-1.5 on 5 and 8-shot
GSM8K across 3 independent runs. Values denote Mean
± Standard Deviation.

H Appendix: Comparing Against Naive
Insertion Policy and Fixed Few-Shot
Policy

We also evaluate DIP against a naive insertion pol-
icy that starts with minimal context and simply adds
one example at each block boundary. As shown in
Table 13, this naive policy yields suboptimal infer-
ence throughput. By indiscriminately increasing

DIP Setting Throughput Acc
Baseline 66.58 77.3
n0=1, RT=0.00 87.13 75.4
n0=2, RT=0.00 83.98 78.4
n0=1, RT=0.05 89.89 76.0
n0=2, RT=0.05 86.91 77.3

Table 6: Additional results on 8-shot GSM8K with
MMR example ranking where λ = 0.2 on LLaDA-
8B-Instruct.

the prompt length at every step, the naive policy
incurs unnecessary computational costs. DIP, by
contrast, dynamically injects examples only when
needed, demonstrating that strategically timed in-
sertions are essential for maximizing throughput
without sacrificing generation quality.

We also compared with a fixed few-shot pol-
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Dataset MBPP
Model Method # of Shot Throughput Acc
LLaDA-8B Baseline 5 41.70(1.0×) 26.6
Instruct DIP(n0=3, RT=0.00) 5 49.98(1.20×) 27.6

DIP(n0=3, RT=0.05) 5 52.37(1.25×) 27.4
LLaDA-8B Baseline 8 34.27(1.0×) 28.0
Instruct DIP(n0=3, RT=0.00) 8 47.80(1.39×) 26.4

DIP(n0=3, RT=0.05) 8 49.61(1.45×) 27.8

Table 7: DIP’s results on MBPP comparing against fixed prompt baseline using LLaDA-8B-Instruct (Nie et al.,
2025). Blue: relative speedup. We also bold the DIP configuration that achieves the highest speedup while
maintaining on-par or higher accuracy.

Dataset MBPP
Model Method # of Shot Throughput Acc

LLaDA 1.5
Baseline 5 40.70(1.0×) 26.0
DIP(n0=3, RT=0.00) 5 48.78(1.20×) 25.0
DIP(n0=3, RT=0.05) 5 50.02(1.23×) 23.8

LLaDA 1.5 2
Baseline 8 35.29(1.0×) 29.4
DIP(n0=4, RT=0.00) 8 42.98(1.22×) 27.8
DIP(n0=4, RT=0.05) 8 44.10(1.25×) 26.2

Table 8: DIP’s results on MBPP comparing against fixed prompt baseline using LLaDA-1.5 (Zhu et al., 2026). Blue:
relative speedup. We also bold the DIP configuration that achieves the highest speedup while maintaining on-par or
higher accuracy.

n0 Throughput Acc
Baseline 58.60 80.1
1 90.65 78.9
2 85.86 80.3
3 80.82 81.5
4 77.46 80.2
5 74.00 79.4

Table 9: Ablation study of initial examples n0 on 8-shot
GSM8K with LLaDA-1.5 (Zhu et al., 2026).

icy on GSM8K in both the 5-shot and 8-shot set-
tings. This apples-to-apples comparison compares
fixed few-shot k vs. DIP with the same initial
context (n0 = k), isolating exactly what dynamic
insertion adds. As shown in Table 14, for every
matched starting context, DIP either matches the
fixed prompt or improves accuracy by using ad-
ditional examples exactly when needed, at the ex-
pense of some inference throughput. However, DIP
can balance accuracy and example usage (through-
put) in DLM inference. This is exactly the flexibil-
ity we aim to demonstrate. Moreover, the best k is
only knowable post hoc and does not transfer.

DIP Setting Throughput Acc
Baseline 58.60 80.1
n0=1, RT=0.00 85.56 79.2
n0=2, RT=0.00 81.20 79.2
n0=1, RT=0.05 89.68 79.6
n0=2, RT=0.05 85.80 79.6

Table 10: Additional results on 8-shot GSM8K with
MMR example ranking where λ = 0.2 on LLaDA-1.5.

RT Throughput Acc
Baseline 58.60 80.1
−0.1 79.11 79.7
−0.05 81.35 79.4
0 86.56 80.3
0.05 89.28 80.2
0.01 88.90 80.5

Table 11: Ablation study of ratio threshold RT on 8-
shot GSM8K with LLaDA-1.5 (Zhu et al., 2026).

I Appendix: Use of AI Assistants

In this paper, we use AI to help with grammar
and fluency. We also use AI for coding syntax
assistance.
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CST Throughput Acc
Baseline 58.60 80.1
0.75 87.36 78.9
0.8 88.62 78.9
0.85 88.38 78.9
0.9 86.68 79.5
0.95 84.10 80.7

Table 12: Ablation study of cold start confidence thresh-
old CST on 8-shot GSM8K with LLaDA-1.5(Zhu et al.,
2026).

Shot Method Throughput Acc

5
Baseline 75.87(1.00×) 77.7
Naive (n0=1) 81.32(1.07×) 77.5
DIP (n0=1, RT=0) 87.08(1.15×) 77.5

8

Baseline 66.58 (1.00×) 77.3
Naive (n0=1) 73.40 (1.10×) 77.6
DIP (n0=1, RT=0) 87.80 (1.32×) 76.2
DIP (n0=2, RT=0) 84.08 (1.26×) 78.6

Table 13: Comparison of DIP against a naive monotonic-
increasing policy on GSM8K with LLaDA-8B-Instruct.
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Dataset GSM8K
Model Method Max # of Example Throughput Acc

LLaDA 8B-Instruct

Baseline (fixed k = 1) 5 95.67 73.0
DIP(n0=1) 5 87.08 77.5
Baseline (fixed k = 2) 5 90.05 77.1
DIP(n0=2) 5 83.85 77.1
Baseline (fixed k = 1) 8 95.76 74.4
DIP(n0=1) 8 90.24 76.4
Baseline (fixed k = 2) 8 89.35 74.5
DIP(n0=2) 8 84.08 78.6

LLaDA 1.5

Baseline (fixed k = 1) 5 100.40 76.6
DIP(n0=1) 5 86.55 78.9
Baseline (fixed k = 2) 5 94.18 78.6
DIP(n0=2) 5 85.63 79.5
Baseline (fixed k = 1) 8 98.01 77.1
DIP(n0=1) 8 87.73 79.2
Baseline (fixed k = 2) 8 93.12 79.8
DIP(n0=2) 8 82.92 80.3

Table 14: DIP’s results comparing against the fixed-shot policy using LLaDA-1.5 and LLaDA-8B-Instruct.
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