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Abstract

Diffusion language models (DLMs) have
shown strong potential for general natural lan-
guage tasks with in-context examples. How-
ever, due to the bidirectional attention mecha-
nism, DLMs incur substantial computational
cost as context length increases. This work
addresses this issue with a key discovery: un-
like the sequential generation in autoregressive
language models (ARLMs), the diffusion gen-
eration paradigm in DLMs allows efficient dy-
namic adjustment of the context during gen-
eration. Building on this insight, we propose
Dynamic In-Context Planner (DIP), a context-
optimization method that dynamically selects
and inserts in-context examples during genera-
tion, rather than providing all examples in the
prompt upfront. Results show DIP maintains
generation quality while achieving up to 12.9x
inference speedup over standard inference and
1.17x over KV cache-enhanced inference.

1 Introduction & Related Work

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.,
2021; DeepMind, 2025; Arriola et al., 2025; Lou
et al., 2024; Sahoo et al., 2024; Lou et al., 2024).
However, the DLM’s decoding mechanism is fun-
damentally different. By utilizing bidirectional at-
tention and iterative refinement, DLMs remove the
strict left-to-right constraint inherent to AR gen-
eration. This paradigm shift offers fine-grained
control over the generation process, enabling flexi-
ble editing and global planning (Zhang et al., 2025;
Jin et al., 2025; Li et al., 2025; Chen et al., 2025).
Similar to ARLMs, DLMs also benefit from In-
Context Learning (ICL), in which providing in-
context examples improves performance on many
retrieval-augmented generation tasks (Gao et al.,
2023). Existing ICL approaches for DLMs largely
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Figure 1: DLMs using Fast-dLLM (Wu et al., 2025)
shows a negative correlation between throughput and
the number of examples in the prompt.

inherit the AR convention (Radford et al., 2018;
Bi et al., 2025), which keeps the prompt fixed and
uses all in-context examples throughout generation
(Radford et al., 2018; Dong et al., 2024). As shown
in Figure 1, the static all-in-context example ap-
proach could lead to slower inference speed. Popu-
lar DLMs (Ye et al., 2025; Nie et al., 2025) utilize
bidirectional attention, which scales poorly with
context length. While recent optimizations, such as
KV cache (Liu et al., 2025; Song et al., 2025), par-
allel decoding (Jiang et al., 2025; Wu et al., 2025),
and block-wise decoding (Wu et al., 2025), can
reduce the computation of static prompts, they do
not resolve the fundamental inefficiency: the gener-
ative process still requires computing full attention
over context during the generation process, which
limits inference throughput (Wu et al., 2025).

This work addresses this issue with a key dis-
covery: unlike the sequential generation, which
requires a fixed context in ARLMs, the diffusion
generation paradigm in DLMs is free from these
constraints and allows efficient dynamic adjustment
of the context during generation. Take the 3-shot
GSMB8k task as an example. In ARLMs, all exam-
ples must be provided at once in the prompt before
generation begins. On the contrary, as illustrated
in the middle column of Figure 2, the diffusion
generation paradigm allows generation with 1 to 3



Dynamic Examples
N

Dynamic In-Context Planner '; ' ™ Query Block 0 Block1 Block2
Initialization: One example (e.g., Question1: How many pages L \ T L \ T A \ T A "
?
1. Example Ranking -.... :5::'2;?1:0‘?”8” ....T.T.........
Rank by - . . . .
MMR P Action: Insert one example (e.g., Q1: ... A1:... ,Q2:...,A2:...) l l
= - EEEE EERENEEEEEEN
2. Insertion Policy
HEEN
cgﬁf\:;;\ce P Action: Maintain current example (e.g., Q1: ... Al:... ,Q2:...,A2:...) l l
& - ENEEEEER
% New example l l l l
insert or not ? ....
@ P P Action: Insert one example (e.g., Q1: ... A1:...,Q2:...,A2:..., Q3:..., A3:...)
- HEEEE
t=0

. Query token in prompt

. Example token in prompt . MASK token . Decoded token

Cached token l Decoding Computing cache

Figure 2: Dynamic In-Context Planner (DIP): (1) Example ranking stage uses MMR to rank the candidate examples
by their marginal utility. (2) Insertion policy progressively inserts new examples into the context between blocks.

examples across different stages of the generation
process (initialized with 1-shot at block 1, insert 1
example at block 2, ...). By dynamically selecting
in-context examples based on the evolving genera-
tion state, we could increase inference throughput,
ideally without compromising the generation qual-
ity.

Building on these insights, we propose Dynamic
In-Context Planner (DIP), a context-optimization
method that dynamically selects in-context exam-
ples during generation. DIP consists of a Maxi-
mal Marginal Relevance (MMR) based example
ranking stage and a confidence- and generation-
process-aware example insertion policy that per-
forms insertion decisions during generation. DIP is
training-free and can serve as a plug-in method that
efficiently selects examples and updates the prompt
on top of prominent DLM frameworks such as Fast-
dLLM (Wu et al., 2025).

Our main contributions include: (1) We make
a key discovery that the diffusion generation
paradigm of DLMs allows efficient dynamic con-
text adjustment, opening a new avenue for efficient
DLMs inference based on dynamic context opti-
mization. (2) We propose DIP, a practical context-
optimization method that dynamically updates in-
context examples during generation, which con-
sistently yields inference speedup. (3) Empirical
results on the 5-shot GSM8k task show that DIP
can maintain generation quality while achieving
up to 12.9x inference speedup over LLaDA’s stan-
dard inference (Nie et al., 2025) and 1.17x over
KV cache-enhanced inference like Fast-dLLM (Wu
et al., 2025).

2 Masked DLMs with Dynamic Context

In this section, we briefly discuss the modeling
details of DLMs that enable dynamic ICL with
minimal overhead. Masked DLMs (the absorbing
state discrete diffusion models) (Sahoo et al., 2024,
Zhu et al., 2025; Ye et al., 2025) 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, ¢ with an initial sequence
1o of length NV 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 ¢ € [0, 1], which is defined as:
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where i € [0, N] and 4 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 pg, at each
time step, masked DLMs aim to predict the proba-
bility distribution over all masked tokens simulta-
neously given y;, which can be formulated as:

N-1 .
po(Yslyt) = Hi:o po(slvi)- 2

Based on these predictions, the additional sampling
method S decides which tokens to "unmask" at
each step. As ¢ decreases to 0, the masked sequence
will eventually recover the original sequence.



Masked DLMs usually employ a bidirectional
attention mechanism (e.g., BERT (Devlin et al.,
2019)) and scale poorly with context length, as
shown in Figure 1. To address this, recent KV
cache inference frameworks often use block diffu-
sion, dividing the overall generation length into b
equal-length discrete blocks and performing semi-
AR decoding on the block level. For instance, Fast-
dLLM (Wu et al., 2025) employs a KV cache for
prefix and masked-suffix tokens in non-decoding-
blocks, achieving significant speedups.

3 Problem Statement

We formally define the new dynamic example opti-
mization task: instead of using all examples as con-
text throughout DLM’s generation process, we aim
to decide when and which examples to insert during
generation to accelerate inference while maintain-
ing inference quality.

Definition 1 (ICL Setting) Given a prompt p
with a pool of in-context examples Ep,, =
{(¢i,a:) Y|, where q; and a; denote the query
and answer of the i-th example, respectively.

Definition 2 (Efficient Inference Setting) Given a
KV cache-based inference process (e.g., Fast-dLLM
(Wu et al., 2025)) divided into N non-KV cache
steps (or blocks), indexed by b € {0,--- ,N — 1}.

Goal: The goal is to find an optimal policy 7 that
selects a subset of examples Ej, C {E,o01, 0} for
each block b, which maintains the generation qual-
ity while improving the overall throughput.

4 Dynamic In-Context Planner

As shown in Figure 2, the Dynamic In-Context
Planner (DIP) is a two-stage framework that decou-
ples selection complexity into: (1) example ranking
stage and (2) example insertion policy. The rank-
ing stage orders the candidate examples in . by
their marginal utility. Then, an example insertion
policy is a monotonic-increasing policy that pro-
gressively inserts these examples into the context
at different generation blocks b based on genera-
tion confidence and generation stage. A formal
algorithm is outlined in Appendix A.

4.1 Block-wise Decoding with KV Cache

As DIP aims to optimize inference throughput, it is
essential to ensure compatibility with the KV cache-
enhanced inference framework. We build DIP on
top of Fast-dLLM (Wu et al., 2025), 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,
providing an opportunity to efficiently adjust the
prompt during generation (details in Algorithm 1
of Appendix A). This update usually introduces
minimal overhead to the generation process.

In principle, DIP is a plug-in method that works
with any masked DLM KV cache enhanced infer-
ence framework, whereas a non-KV-cache call is
required to update the KV cache.

4.2 Example Ranking

In the ranking stage, DIP aims to assign ranks to
examples in £, based on their importance (Car-
bonell and Goldstein, 1998; Pickett et al., 2024;
Nafee et al., 2025). Then we can use the top-related
examples to guide our generation. To achieve this
and balance the examples’ relevance and diversity
with the test input, DIP deploys Maximal Marginal
Relevance (MMR) on the query sentence embed-
dings to derive a ranked list.

MMR(gi, A) = A - Sim(gp, ¢:)
— (1 — X) max Sim(g;, ;) , )
jeSs
where ¢, denotes the representation of the actual
query LLM aims to solve, S is the index set of

already selected examples, and A € [0, 1] controls
the trade-off between relevance and redundancy.

4.3 Example Insertion Policy

Given ranked examples, DIP needs to decide when
to insert the next-best example into the prompt
and perform a prompt update. Intuitively, a good
example-insertion policy should balance inference
efficiency alone with generation confidence.

Inference efficiency. As illustrated in Figure 1,
there is an inverse correlation between model in-
ference throughput and the number of in-context
examples. Since the cost of bidirectional atten-
tion scales poorly with sequence length, the pol-
icy should aim to minimize the context length to
achieve greater inference gain. However, this is
not always beneficial, as fewer examples can de-
grade performance in some cases. As the number
of examples of our policy is non-decreasing, we
will also gain greater inference speedup if we in-
troduce new examples at later stages. Guided by
those principles, we introduce a generation process
penalty term G to scale the probability of inserting



an example as follows:
G(n,N,e)=(1—¢)+e-(n/N), @

where n stands for the current number of non-KV
cache call, IV stands for total number of non-KV
cache call, and € € [0, 1] is a hyperparameter con-
trolling the ratio of penalty.

Generation confidence guided. While our goal is
to improve inference speed, we should also main-
tain the same generation quality. It is essential to
detect changes in generation quality during the de-
coding process. How can we effectively measure
the shift in generation quality? The answer is the
confidence of the generated tokens. Confidence
is a critical signal for sampling methods to decide
which tokens to unmask at each step, thus a suitable
measure without additional cost.

DIP’s example insertion policy uses the average
confidence across all generated tokens as a refer-
ence and compares it with the tokens generated in
the current block or step. Then we define the prob-
ability for inserting a new example as the scaled
ratio between two averages as follows:

I—p
21—7)
where i stands for the average confidence of tokens
from the current block and fz stands for the running
average of all generated tokens.

To incorporate the time penalty, DIP’s final ex-
ample insertion policy can be defined as a Bernoulli
distribution as follows:

P(a = insert) = P(insert) - G(n, N, €)
P(a =keep) =1 — P(insert) - G(n, N, ¢)

P(insert) = 5)

(6)

S Experiment

5.1 Experiment Setup

We evaluate DIP on the representative LLaDA-
Instruct model, with a generation length of 256 and
block size of 32, on the 5-shot GSMS8k task (Cobbe
et al., 2021). For embedding used in the ranking
stage, we use Qwen3-Embedding-0.6B throughout
the experiment. To ensure reproducibility, our ex-
periment uses the /m-eval library (Gao et al., 2024).
For metrics, we compare the flexible match accu-
racy provided by the Im-eval library along with
throughput, measured as the average number of
output tokens generated per second. For baseline,
we selected Fast-dLLm (Wu et al., 2025) and de-
coding from LLaDA (Zhu et al., 2025). We run
all experiments on a single NVIDIA 5090 GPU to
ensure a fair, consistent comparison.

Method Throughput Acc
LLaDA 6.94 (1.0x) | 782
Fast-dLLM 75.87 (10.9%x) | 77.7
DIP(A=0.1,6=0.2) | 86.54 (12.5x) | 77.8
DIP(A=0.1,e=1) | 89.47 (12.9x) | 76.7

Table 1: Results on 5-shot GSM8k with LLaDA-8B-
Instruct (Zhu et al., 2025). Blue: relative speedup.

Parameters Throughput | Accuracy
e=02,A=0.0, | 87.45 76.6
e=02,A=0.25]| 86.49 77.6
e=02,A=05 | 8644 76.3
e=02,A=0.75| 86.68 76.5
e=02,A=1.0 | 86.46 77.3
A=0.1,e=0.0 | 8.54 76.9
A=0.1,e =0.25 | 86.27 77.8
A=0.1,e=0.5 | 87.51 77.0
A=0.1,e=0.75 | 88.81 76.0
A=0.1,e=1.0 | 89.47 76.7

Table 2: Abalation study on DIP’s insertion policy over
choice of MMR parameter A and generation process
penalty parameter e.

5.2 Results

In Table 1, we present the accuracy and through-
put using DIP. Results show that DIP outper-
forms LLaDA’s decoding and previous KV cache-
only methods in terms of throughput. DIP can
achieve up to 12.9x inference speedup compared
to LLaDA’s decoding and 1.17 x over Fast-dLLM,
while maintaining on-par accuracy. In Table 2, we
present the results over the choice of hyperparam-
eter. Results show that: (1) increasing the MMR
parameter A, which emphasizes embedding similar-
ity over redundancy, has little effect on throughput
but slightly affects accuracy; (2) increasing the gen-
eration process penalty parameter ¢, which puts a
larger penalty on early insertion, will increase the
throughput but shows performance degradation.

6 Conclusion

In this paper, we made a key discovery: the dif-
fusion generation paradigm of DLMs enables ef-
ficient context adjustment. Inspired by this, we
propose DIP, a context optimization method that
dynamically updates context examples during gen-
eration. Results show that DIP can maintain gener-
ation quality while achieving up to 12.9x inference
speedup compared to standard inference and 1.17 x
compared to KV-cache enhanced inference.



Limitations

There are a few limitations to our work. First,
due to computational constraints and time limita-
tions, our experiment was conducted on the GSM8k
benchmarks using LLaDA-8B-Instruct models. We
encourage future work to explore DIP’s perfor-
mance across more tasks and models. Second,
DIP is built and tested on the Fast-dLLM inference
framework. While theoretically DIP is compatible
with standard KV cache methods, we encourage
future work to explore different inference frame-
works with DIP. Lastly, we adopted the inference
setup from Fast-dLLMs. We encourage future work
to explore different inference settings with dynamic
context.
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A Appendix: Algorithm for Fast-dLLM
and DIP

Algorithm 1 presents the decoding process of Fast-
dLLM (Wu et al., 2025). Building on top of Fast-
dLLM, we present the algorithm of DIP in Algo-
rithm 2.

B Appendix: Use Of Ai Assistants

In this paper, we used Gemini solely to help with
grammar and fluency. We also use Copilot for
syntax assistance.

C Appendix: Code Implementation

Please refer to the supplementary materials for the
code implementation.



Algorithm 1: Fast-dLLM Decoding with Threshold

Input: model pg, prompt p, answer length L, blocks N, block size B, step per block 7', threshold 7
1 x < [p;[MASK]....,IMASK]]
2 Initialize KV Cache for . >>1>KYV Cache Init
3 forn=1to N do
4 | s« |[lpl+(n—1)Bl,e=|p| +nB

5 Update KV Cache with non-KV cache call >>> KV Cache Update
6 fort =1t0T do

7 Use cache, call pg on lse)] >>1>KV Cache Reuse
8 For each masked 2%, confidence ¢! = max,py(z?)
9 Unmask all 7 in [s, €) with ¢! > 7, with index max ¢’

10 if all 2°)! = [MASK] then

11 L break, move to next block

12 return x;

Algorithm 2: DIP with Fast-dLLM

Input: model pg, answer length L, blocks N, block size B, step per block 7', threshold 7, example
insertion policy 7, examples set £/, number of examples K, query ¢

1 Rank F by MMR, E,...x, = [E1, Ea, ..., Ex] > > > Example Ranking Stage
2 p+[FE;q), k=1 > > D> Initialize Prompt With 7
3 = < [p;[MASK],...,IMASK]]

4 Initialize KV Cache for . > > KV Cache Init
s u=20 > > > Running Confidence Mean
6 t=20 > > > Confidence Mean Of Current Block

7 for n =1 to N do

8 s+ [|p|+(n—1)Bl,e = |p|+nB

9 if n! = 1 then

10 Insertion = 7 (u, f1) > > > Get Action Following 7
1 if Insertion == T'rue then

12 p+ [E1,Eo, .., Eriql,k+ =1 > > > Update Prompt
13 Ip = length of p

14 x < [p; [MASK],...,[MASK]]

15 Update KV Cache with non-KV cache call > KV Cache Update
16 fort =1toT do

17 Use cache, call py on z[5:)] >>p> KV Cache Reuse
18 For each masked x, confidence ¢! = max,py(z?)

19 Unmask all 7 in [s, ) with ¢t > 7, with index max ¢!

2 if all 2!)! = [MASK] then

21 1 = mean(c’ of zle)) > > > Save Confidence Mean Of Current Block
22 fi = mean(c’ of zlPe)y >> > Save Confidence Mean Of Generated Tokens
23 break, move to next block
24 1 = mean(c’ of x[sve)) > > > Save Confidence Mean Of Current Block
25 i = mean(c’ of x[lp7e)) > > > Save Confidence Mean Of Generated Tokens
26 return z;
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