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Abstract

Diffusion Large Language Models (dLLMs)
generate text via bidirectional iterative denois-
ing, naturally supporting user-specified con-
straints anchored at arbitrary output positions,
a paradigm known as In-place Prompting (IPP).
We formalize this as the In-place Instruction
Following (IIF) task and construct IIF-Bench,
a hierarchical benchmark spanning literal, style,
and discourse-function constraints, paired with
a rubric-based local-global evaluation protocol.
An inference-time attention-bias probe suggests
that vanilla dLLMs often under-prioritize con-
straint spans during denoising. We then propose
Graft, an IPP-oriented post-training frame-
work combining constraint-aware SFT and
preference optimization. On four representa-
tive dLLMs, Graft raises the average IIF score
from 57.75 to 73.10 (↑15.35 points), with abso-
lute gains of 15.91 and 15.57 points on literal
and discourse-function constraints, while pre-
serving general generation ability. Our code and
data are available at: https://anonymous.
4open.science/r/Graft-36B5.

1 Introduction

The rapid development of Large Language Models
(LLMs) has significantly enhanced the instruction-
following capabilities of natural language gener-
ation systems (Radford et al., 2019; Zhao et al.,
2025b; Zhou et al., 2023a; Lou et al., 2024). Cur-
rently, mainstream LLMs still primarily rely on
prefix-based prompting as their mode of interaction:
users specify task requirements (Brown et al., 2020;
Son et al., 2024), format constraints (Liu et al.,
2024; Zhang et al., 2026), or preference descrip-
tions (Li et al., 2024; Zhao et al., 2025a) in the input
prompt, after which the model generates a complete
response from left to right. While this paradigm
is well-suited for general open-ended generation,
many real-world scenarios require models to satisfy
local constraints at specific positions in the output,
such as preserving a given phrase (Zhou et al.,

2023a; Pyatkin et al., 2026), performing localized
style transfer (Mai et al., 2023; Chen, 2024), or
inserting a transition or rebuttal at a designated loca-
tion (Lai et al., 2024; Tao et al., 2024). For standard
autoregressive (AR) LLMs, such arbitrary-position
control typically requires additional constrained de-
coding (Beurer-Kellner et al., 2024; Banerjee et al.,
2025), infilling-oriented training (Bavarian et al.,
2022; Roziere et al., 2023; Ren et al., 2024), or
multi-round editing processes (Ge et al., 2024; Tian
et al., 2025), rather than being a native capability
of their prefix-to-suffix generation interface.

The recent development of Diffusion Large Lan-
guage Models (dLLMs) offers a natural opportunity
to move beyond prefix-only interaction (Nie et al.,
2025; Ye et al., 2025; Bie et al., 2025). Unlike
autoregressive (AR) LLMs, dLLMs generate from
a masked canvas through iterative bidirectional
denoising, allowing fixed tokens or structured con-
straints to be anchored at arbitrary positions in the
output sequence (Arriola et al., 2025; Yang et al.,
2025). This paradigm, known as In-place Prompt-
ing (IPP) (Lee et al., 2025; Jin et al., 2025), is impor-
tant not merely as an alternative decoding format,
but as a new user-facing control interface: users
can specify what must happen where in the output,
enabling localized editing, structured generation,
precise phrase preservation, and position-specific
discourse control without relying on constrained
decoding or multi-round rewriting (Zhang et al.,
2026). Although recent studies have used similar
anchoring mechanisms for reasoning, safety, and
template infilling (Jin et al., 2025; Horvitz et al.,
2025; Zhang et al., 2025; Lee et al., 2025; Li et al.,
2026b), they mostly treat in-place spans as inter-
nal algorithmic devices rather than as an explicit
instruction-following capability. This leaves open
a central question: can dLLMs reliably execute
user-specified in-place constraints while preserving
natural boundary transitions and global semantic
consistency?

1

ar
X

iv
:2

60
9.

07
16

0v
1 

 [
cs

.C
L

] 
 7

 S
ep

 2
02

6

https://anonymous.4open.science/r/Graft-36B5
https://anonymous.4open.science/r/Graft-36B5
https://arxiv.org/abs/2609.07160v1


To answer this question, we define the In-place
Instruction Following (IIF) task. Given a user
instruction and an incomplete output canvas con-
taining a fixed in-place constraint, IIF requires the
model to generate the surrounding spans while
preserving the constraint, connecting it naturally
to the context, and maintaining global consistency
with the user intent. We further construct IIF-
Bench, a hierarchical IIF benchmark covering
explanatory, knowledge-intensive, and creative gen-
eration scenarios across three progressive levels:
❶ literal constraints, ❷ style constraints, and
❸ discourse-function constraints. To evaluate
this capability, we further design a rubric-based
fine-grained local-global evaluation protocol that
jointly assesses local constraint execution, bound-
ary coherence, global consistency, and fluency, and
cross-validates automatic judgments with LLM-as-
a-judge, a specialized reward model, and human
evaluation.

Building on IIF-Bench, we introduce an
inference-time attention-bias probe to diagnose
how dLLMs use in-place constraints during denois-
ing. The probe requires no parameter updates and
selectively increases attention to the IPP span. We
find that moderate attention bias improves in-place
constraint following, while overly strong bias harms
generation quality, suggesting that IIF failures are
partly caused by insufficient prioritization of the
constraint span rather than a complete lack of lin-
guistic capability. Motivated by this finding, we
propose an IPP-oriented post-training framework
called Guided Refinement via Anchor-aware Focus
Tuning (Graft). Graft first establishes basic IIF
capability through constraint-aware Supervised
Fine-Tuning, which treats in-place spans as fixed
conditioning variables rather than generation tar-
gets. It then applies constraint-aware preference
optimization to improve the balance among lo-
cal execution, boundary coherence, and global
consistency.

The experimental results validate the effective-
ness of Graft framework. On 4 representative
dLLMs, Graft improves the average overall IIF
score from 57.75 to 73.10 (↑15.35 points), with
absolute gains of 15.91 and 15.57 points on literal
and discourse-function constraints, respectively.
Further analysis shows that the model achieves
stable improvements in local constraint execution,
boundary coherence, and global consistency, while
incurring only a minor impact on general genera-
tion ability. These results demonstrate that Graft

can effectively enhance the in-place instruction-
following capability of dLLMs, providing a viable
path toward coordinating localized constraints with
global semantic consistency. Our contributions are
summarized as follows:

• Task and benchmark. We formalize the IIF
task and construct IIF-Bench, a hierarchical
benchmark covering literal, style, and discourse-
function constraints.

• Fine-grained evaluation. We design a fine-
grained evaluation protocol and use an attention
bias probe to analyze a key bottleneck of dLLMs
in following in-place constraints.

• Graft. We propose Graft, an IPP-oriented
post-training framework that improves in-place
constraint following while mitigating the conflict
between local constraints and global consistency.

2 Background

2.1 Inference Paradigm of dLLMs
To efficiently generate long texts, dLLMs adopt
a semi-autoregressive paradigm: sequentially de-
coding text blocks of length K, while internally
performing S-step parallel denoising based on the
initial state W (0) = C⊕ [[MASK]]K . At each step
s ∈ {1, . . . , S}, the model predicts the distribution
for the remaining masked set Ms−1 given the in-
termediate state W (s−1), dynamically filtering out
⌊K/S⌋ positions Is with the highest confidence:

Is = TopKi∈Ms−1

(
max
v∈V

pθ(wi = v | W (s−1)), ⌊K/S⌋
)
. (1)

The sequence state then undergoes an update
where greedy decoding is applied to the selected po-
sitions, unselected targets are forcefully re-masked
to defer their generation, and previously resolved
context tokens are preserved unchanged, as formal-
ized below:

w
(s)
i =


argmax

v∈V
pθ(wi = v | W (s−1)), if i ∈ Is,

[MASK], if i ∈ Ms−1 \ Is,
w

(s−1)
i , if i /∈ Ms−1.

(2)

This predict-and-remask cycle continuously
iterates (Ms = Ms−1 \ Is) until the masked
set is empty (MS = ∅), at which point the fully
resolved text block is merged into the context C
to initiate the AR generation for the next block.
This standard inference flow is illustrated in the
middle panel of Figure 1. Although dLLMs utilize
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Figure 1: Comparison of inference paradigms between standard dLLM decoding and IPP.

parallel denoising internally, they typically follow
a unidirectional trajectory where the [[MASK]]K
block is appended strictly to the end of the existing
context C. In this conventional mode, dLLM acts
as a semi-autoregressive (AR) generator, extending
the sequence linearly as a series of resolved blocks.

2.2 Inference Paradigm of IPP
The In-place Prompting (IPP) paradigm refor-
mulates sequential generation into a constraint-
aware, bidirectional infilling task within the
dLLM framework. It partitions the target se-
quence y into a prompt prefix yprompt, a front
generation section yfront of length Lf , an im-
mutable intermediate anchor yanchor, and a back
generation section yback of length Lb, denoted as
y = (yprompt, yfront, yanchor, yback).

The inference process maps directly onto the
dLLM formulation by setting the context C =
yprompt, the target block size K = Lf + Lb, and
embedding the frozen anchor. The initial canvas
state at denoising step s = 0 is formulated as:

y(0) =

yprompt, [MASK], . . . , [MASK]︸ ︷︷ ︸
Lf tokens

, yanchor, [MASK], . . . , [MASK]︸ ︷︷ ︸
Lb tokens

 . (3)

During the iterative refinement from step s = 1
to S, the parallel predictor pθ evaluates token dis-
tributions strictly within the remaining masked po-
sitions Ms−1 ⊆ (yfront ∪ yback). Crucially, yprompt
and yanchor are treated as fixed context outside the
dynamic masked set (i.e., ∀i ∈ yanchor, i /∈ Ms−1),
remaining structurally frozen as persistent con-
ditioning variables. This forces the model to
bidirectionally converge around the predefined
anchor.

3 IIF-Bench

To systematically evaluate the local control capabil-
ities of dLLMs, we propose the In-place Instruction

Following (IIF) task and construct a corresponding
benchmark IIF-Bench.

3.1 Motivation and Task Formulation
Motivation. Unlike left-to-right AR LLMs,
dLLMs support in-place prompting (IPP), allow-
ing constraints to be inserted at arbitrary output
positions. Existing benchmarks usually specify
constraints upfront and focus on easily verifiable
surface forms (Zhou et al., 2023a; Jiang et al., 2024),
leaving mid-generation intervention and its tension
with global coherence largely unevaluated (Zhou
et al., 2023b; Iso, 2024).

Therefore, IIF-Bench achieves constraint-
following evaluations across three dimensions:
❶ It evaluates IPP capabilities within outputs, not
just prefix constraints; ❷ it spans a three-level diffi-
culty spectrum from literal to discourse constraints;
and ❸ it inherently embodies and quantifies the core
tension between localized constraints and global
consistency (Local-Global Tension), making it an
ideal probe for diagnosing the attention allocation
mechanisms of dLLMs.

Task Formulation. Under the generalized IPP
framework, we formally define the In-place Instruc-
tion Following (IIF) task. Given a user instruction
represented by the prompt context yprompt and a
fixed in-place control span yanchor, wrapped by
<LITERAL>, <STYLE>, or <DISCOURSE> tags,
the model is required to generate the surround-
ing spans yfront and yback. The generated content
should realize the requirement specified by yanchor
while remaining locally coherent around the anchor
and globally consistent with the user instruction.
Formally, letting ygen = (yfront, yback), we define:

ŷgen = argmax
ygen

pθ(ygen | yprompt, yanchor) s.t. Rℓ(ŷgen; yanchor) = 1.

(4)
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Figure 2: Overview of the IIF-Bench benchmark and its evaluation protocol.

Here, Rℓ denotes a level-specific realization
criterion. Based on the depth of control imposed by
yanchor on the model’s output, we divide the bench-
mark into 3 difficulty levels detailed in Section 3.2.

3.2 Dataset Introduction
IIF-Bench comprises approximately 5K high-
quality instances, with data sources broadly cover-
ing complex scenarios such as Alpaca (Taori et al.,
2023), LFQA, and Poetry. To comprehensively
measure the model’s following capabilities under
varying depths of intervention, we organize the
dataset into three difficulty levels:

• L1 Literal Constraints. Focuses on exact repli-
cation and seamless embedding, requiring the
model to use a specified exact phrase as an anchor
and output it verbatim at the designated position
without disrupting the syntactic structure.

• L2 Style Constraints. Focuses on the balance
between forced local style transfer and global
semantic tension. It requires the model to mani-
fest one of 12 predefined literary styles within a
specific paragraph.

• L3 Discourse Constraints. Focuses on ad-
vanced rhetoric and logical deduction, requiring
the model to execute 8 high-frequency logical
actions within local paragraphs. It mandates that
this local action form a coherent logical loop
with the global core argument.

3.3 Multi-dimensional Evaluation Protocol
IIF requires both local constraint execution and
global response quality. We therefore evaluate each
output with a fine-grained local-global rubric rather
than a single holistic score. All four dimensions D1–
D4 are defined per level to reflect the distinct focal
points of each constraint type, while preserving a
consistent evaluation structure across levels: D1
Local Execution, D2 Contextual Integration, D3
Boundary Quality, and D4 Global Requirement.

The definition of each dimension is specialized
for each benchmark level. For L1, D1 checks ex-
act preservation and positional appropriateness
of the literal anchor, and absence of paraphrastic
substitution; D2 checks whether the pre-constraint
text leads syntactically and semantically into the
anchor; D3 checks whether the post-constraint text
continues naturally from it; D4 checks instruc-
tion relevance, output completeness, and absence
of verbatim input copying. For L2, D1 checks
whether the target style is realized across three
independent failure modes: style onset sharpness,
style depth beyond surface markers, and global
style contamination; D2 checks semantic relevance
of the constrained span to the preceding context,
with conflict-aware adjustment described in Ap-
pendix E; D3 checks transition quality at the style
tag boundary; D4 checks overall narrative integrity
and instruction fulfillment.

For L3, D1 checks whether the required discourse
function is correctly performed using function-
specific sub-criteria (e.g., concreteness and chal-
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Figure 3: Comprehensive analysis of Quality and Anchor
mass across different attention biases (α).

lenge strength for Counterexample; conditional
framing and testability for Hypothesis); D2 checks
consistency between the discourse function seg-
ment and the global argument; D3 checks whether
the function boundary is clearly demarcated; D4
checks grammatical correctness and clarity of
expression within the constrained span.

To improve evaluation reliability, we use a rubric-
based LLM-as-judge framework with GPT-5 as
the primary evaluator and JudgeLM as an addi-
tional evaluator to enhance assessment credibility.
Automatic results are reported in the main experi-
ments, with human evaluation details provided in
the appendix.

4 Method

Building on IIF-Bench, we first analyze how
dLLMs use in-place constraints during iterative
denoising, then improve this capability through
post-training. We introduce an inference-time
attention-bias probe to test whether failures in IIF
stem from insufficient prioritization of the con-
straint span (Section 4.1). Based on the probe
results, we propose an IPP-oriented post-training
framework with two stages: Graft-SFT (Sec-
tion 4.2.1) and Graft-DPO (Section 4.2.2).

4.1 Attention Bias Probe
To isolate the root cause of IPP failures in vanilla
dLLMs, we hypothesize that these models already
possess the requisite knowledge, but suffer from
insufficient attention priority. To verify this, given
a set of token indices SIPP corresponding to the
IPP constraint span within the input sequence, we
apply an explicit additive bias to the self-attention
logits at each denoising step. For a query vector Qi

and a key vector Kj , the modified attention weight

Figure 4: Overview of the proposed in-place oriented
post-training framework Graft.

calculation is formulated as follows:

Aij = Softmax(QiK
T
j /

√
d+Mij + α · 1j∈SIPP), (5)

where Mij denotes the standard attention mask,
and α serves as a scalar hyperparameter obtained
via grid search on a small-scale validation set.
This intervention is implemented by registering
forward pre-hooks within the dLLMs, ensuring a
zero-parameter update during the inference phase.
To precisely quantify the model’s focus on the
provided constraints during this process, we define
Anchor Mass as the average attention probability
mass empirically allocated to the constraint tokens
while generating new text.

As shown in Figure 3, increasing α consis-
tently raises the Anchor Mass for both LLaDA and
Dream, confirming that the probe effectively shifts
attention toward the IPP span. However, IIF perfor-
mance follows a non-monotonic trend: moderate
bias improves constraint adherence and overall
quality, whereas excessive bias overemphasizes
the anchor and degrades fluency and contextual fit.
These results suggest that vanilla dLLMs are not
inherently unable to follow in-place constraints;
rather, they often fail to assign the constraint span
an appropriate level of priority during denoising.
This motivates our post-training framework, which
aims to internalize such constraint-aware behavior
into the model parameters.

4.2 In-place Oriented Post-Training
To internalize the inference-time attention bias
discovered in our preliminary analysis into the
model parameters, we propose Graft, an In-place
Oriented Post-Training framework. This framework
consists of two progressive stages: Graft-SFT
and Graft-DPO. The key design of this post-
training framework is that its training objective
is optimized exclusively for the IPP paradigm:
namely, regarding the user-inserted anchor as a
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fixed contextual constraint, instead of a target to be
generated.

4.2.1 Graft-SFT
To equip the base dLLM with the fundamental
ability to execute in-place instructions and maintain
boundary smoothness, we first perform Graft-SFT.
Unlike standard SFT that calculates the cross-
entropy loss over the entire sequence, our objective
avoids predicting the constraint itself.

Given the target token sequence

y = [yprompt, yfront, yanchor, yback],

the anchor yanchor acts as a fixed conditioning
variable. Calculating the loss over the anchor
tokens would misguide the model into memorizing
the specific constraint rather than learning the
bidirectional contextual transition. To address this,
we apply a localized masking strategy to the loss
function. Let Sgen denote the set of token indices
corresponding exclusively to the generated spans
yfront and yback. The Graft-SFT loss is formulated
as:

LGraft-SFT = Es,W (s)

− ∑
i∈Sgen

ℓ
(i)
θ

 ,

ℓ
(i)
θ = log pθ

(
yi | W (s), yprompt, yanchor

)
,

(6)
where W (s) represents the intermediate masked
state at diffusion step s. By zeroing out the loss
gradients on the anchor positions where i /∈ Sgen,
the model is forced to dedicate its parameter updates
exclusively to harmonizing the surrounding context
with the given local constraints.

4.2.2 Graft-DPO
While Graft-SFT establishes basic instruction-
following behavior, navigating the delicate trade-off
between local constraint execution and global se-
mantic consistency remains challenging, especially
under extreme stylistic or discourse conflicts such
as L2 and L3 constraints in IIF-Bench. To further
align the model’s behavior, we introduce Graft-
DPO to further align the model toward responses
that better balance local anchor adherence and
global consistency. We construct preference pairs
consisting of a chosen response yw and a rejected
response yl, where yw better balances the local
anchor adherence and global consistency. Similarly
to the Graft-SFT phase, the preference optimiza-
tion is strictly evaluated on the generated spans

Sgen, treating yanchor as a grounded condition. The
modified objective is defined as:

LGraft-DPO = −Ex,yw,yl

[
log σ

(
∆w −∆l

)]
, (7)

where

∆w = β log
πθ(yw | x, yanchor)

πref(yw | x, yanchor)
,

∆l = β log
πθ(yl | x, yanchor)

πref(yl | x, yanchor)
.

(8)

Here x denotes the combined input context
including yprompt.

5 Experiments

5.1 Setup
We conduct Graft training and evaluation on
IIF-Bench with four diffusion LLM backbones:
LLaDA-1.5, LLaDA-8B, Dream-7B, and
MMaDA.

Baselines include their vanilla diffusion coun-
terparts and three prompt-based AR instruction-
tuned models: GPT-4o, Llama-3.1-8B-
Instruct, and Qwen3-8B-Instruct. Since
AR models cannot natively denoise masked spans
around a fixed in-place anchor, we convert each IIF
instance into a natural-language prompt specifying
the anchor content, constraint type, and intended
position, and ask the model to generate a complete
response satisfying this positional constraint. Thus,
these AR baselines test whether left-to-right in-
struction following can approximate IIF without
native IPP-style denoising.

We further compare with our aligned variants
after Graft-SFT and the full SFT-to-DPO pipeline.
Following prior LLM-as-a-judge protocols, we
use GPT-5 and JudgeLM (Zhu et al., 2025b) as
evaluators and report scores averaged over three
runs; detailed settings are provided in Appendix B.

5.2 Overall Performance
As shown in Table 1, Graft-aligned dLLMs consis-
tently outperform their vanilla counterparts across
all constraint levels, yielding an average absolute
improvement of over 15 points in overall score.
Although GPT-4o slightly leads at the highest
constraint complexity (L3), our models heavily
dominate at the L1 and L2 levels. Ablation results
confirm that Graft-SFT establishes the founda-
tional capability, while full Graft alignment yields
a universal boost. Furthermore, Fig. 5 shows that
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Figure 5: Performance comparison of LLaDA (left) and
Dream (right) across multiple general benchmarks.

Graft-aligned models maintain robust general ca-
pabilities, indicating that Graft enhances in-place
constraint following at negligible cost.

5.3 Attention Diagnosis
To understand how Graft affects dLLM denoising,
we visualize layer-step difference maps of the
anchor-probe score in Fig. 6, where ∆ = Graft −
Vanilla. The x-axis denotes six uniformly sampled
probe checkpoints along the denoising trajectory.
Positive values indicate stronger alignment with
the in-place anchor after Graft, while negative
values indicate weaker anchor-related similarity or
attention. For LLaDA, the largest positive change
appears in upper layers, while middle layers show
slight decreases. For Dream, the positive change is
smoother and extends from upper layers to middle
layers. These results suggest that Graft does not
overwrite the whole pretrained denoising process.
Instead, it selectively adjusts task-relevant upper-
layer representations to better use the in-place
constraint.

5.4 Ablation Study
As shown in Tables 2 and 3, we conduct ablation
studies on frequency penalty and structural tag
suppression. The frequency penalty lowers the
logits of already-generated tokens to reduce rep-
etition, while structural tag suppression blocks
tag-related tokens from being generated. A moder-
ate frequency penalty consistently yields optimal
performance across both vanilla and Graft-aligned
models. Notably, Graft-aligned models exhibit a
markedly flatter trajectory in the low-penalty range
(fp ∈ [0.0, 0.3]), indicating that anti-repetition be-
havior has been internalized through post-training
and no longer relies heavily on test-time logit in-
tervention. The comparable degradation observed
in both model variants under excessive penalty
(fp ≥ 0.7) reflects task-structural damage, where

Figure 6: Layer-step difference maps of the anchor-probe
score for LLaDA (left) and Dream (right).

necessary literal phrases and discourse connec-
tors are over-suppressed regardless of alignment
stage. For structural tag suppression, test-time
blocking improves vanilla baselines by preventing
metadata leaks. After Graft alignment, this gain
narrows and converges across architectures, indicat-
ing that post-training establishes native formatting
boundaries and reduces reliance on test-time logit
interventions.

6 Related Work

Diffusion Language Models. Diffusion language
models adapt denoising diffusion to text generation.
Early approaches mainly explore continuous denois-
ing in embedding space or task-specific sequence
generation (Li et al., 2022; Gong et al., 2023; He
et al., 2023), while discrete diffusion models in-
troduce token-level corruption processes such as
absorbing masks (Austin et al., 2021; Lou et al.,
2023). Recent masked diffusion language models
have substantially improved the scalability and
generation quality of this paradigm. LLaDA (Nie
et al., 2025) trains a large-scale masked diffusion
language model from scratch and demonstrates
competitive instruction-following and in-context
learning ability; Dream (Ye et al., 2025) adapts
autoregressive LLMs into diffusion models and
improves the quality–efficiency trade-off; LLaDA-
1.5 (Zhu et al., 2025a) investigates post-training
and preference optimization for diffusion LMs;
and LLaDA-2.X series (Bie et al., 2025, 2026)
further scale up masked diffusion models to 100B
parameters. The paradigm has also been extended
to multimodal generation through MMaDA (Yang
et al., 2025) and LLaDA-V (You et al., 2025), and
recent work studies inference acceleration and
block-wise generation for more efficient dLLM
deployment (Liu et al., 2025; Arriola et al., 2025;
Cheng et al., 2025; Wu et al., 2025). Compared
with autoregressive LMs, these models perform
iterative masked-token refinement with bidirec-
tional context, which makes them naturally suitable

7



Model & Stage GPT-5 Judge JudgeLM

L1 L2 L3 Overall L1 L2 L3 Overall

A
R

GPT-4o 63.74 67.18 70.42 67.11 63.39 64.98 65.57 64.65
Llama-3.1-8B-Instruct 58.74 62.36 65.18 62.09 57.79 59.74 61.58 59.70
Qwen3-8B-Instruct 61.42 65.83 67.56 64.94 60.82 62.98 63.49 62.43

A
lig

ne
d

dL
L

M
s(

O
ur

s)

LLaDA-1.5

↪→ Vanilla 67.42 64.51 56.59 62.84 66.32 61.81 53.49 60.54
↪→ + only Graft-SFT 75.86↑8.44 71.42↑6.91 64.70↑8.11 70.66↑7.82 75.41↑9.09 69.50↑7.69 59.60↑6.11 68.17↑7.63
↪→ + Graft 78.93↑11.51 75.64↑11.13 68.09↑11.50 74.22↑11.38 78.28↑11.96 73.32↑11.51 63.89↑10.40 71.83↑11.29

LLaDA-8B

↪→ Vanilla 62.18 58.91 51.38 57.49 61.38 56.40 47.52 55.10
↪→ + only Graft-SFT 76.14↑13.96 70.42↑11.51 65.12↑13.74 70.56↑13.07 75.84↑14.46 68.37↑11.97 59.92↑12.40 68.04↑12.94
↪→ + Graft 80.17↑17.99 75.24↑16.33 69.53↑18.15 74.98↑17.49 79.97↑18.59 73.39↑16.99 64.08↑16.56 72.48↑17.38

Dream-7B

↪→ Vanilla 59.83 56.94 48.65 55.14 58.98 54.54 44.65 52.72
↪→ + only Graft-SFT 73.84↑14.01 68.51↑11.57 62.76↑14.11 68.37↑13.23 73.29↑14.31 66.06↑11.52 58.51↑13.86 65.95↑13.23
↪→ + Graft 77.84↑18.01 72.41↑15.47 66.59↑17.94 72.28↑17.14 77.44↑18.46 70.31↑15.77 61.94↑17.29 69.90↑17.18

MMaDA

↪→ Vanilla 60.27 56.12 50.21 55.53 59.22 53.62 46.71 53.18
↪→ + only Graft-SFT 72.18↑11.91 66.92↑10.80 61.12↑10.91 66.74↑11.21 71.48↑12.26 64.62↑11.00 56.82↑10.11 64.31↑11.13
↪→ + Graft 76.42↑16.15 71.43↑15.31 64.91↑14.70 70.92↑15.39 75.87↑16.65 69.11↑15.49 60.61↑13.90 68.53↑15.35

Table 1: Comprehensive evaluation on IIF-Bench. We compare our aligned diffusion LLMs against vanilla diffusion
baselines and advanced AR models. Bold indicates the best performance for each metric, and underline indicates
the second-best performance. Green subscripts denote absolute gains over the corresponding vanilla model. Metrics
are averaged over 3 independent runs.

Model & Stage fp=0.0 fp=0.1 fp=0.3 fp=0.7 fp=1.0

LLaDA-8B (Vanilla) 57.49 57.88 58.32 57.65 55.42
LLaDA-8B (+Graft) 74.98 75.12 75.23 74.15 72.31

Dream-7B (Vanilla) 55.14 55.42 55.68 53.81 51.24
Dream-7B (+Graft) 72.28 72.39 72.46 70.82 68.54

Table 2: Ablation of frequency penalty fp for vanilla
and aligned Graft models.

Model & Stage Tag L1 L2 L3 Overall

LLaDA-8B (Vanilla) Off 62.18 58.91 51.38 57.49
On 62.35 60.41 52.14 58.30

LLaDA-8B (+Graft) Off 80.17 75.24 69.53 74.98
On 80.24 75.68 69.71 75.21

Dream-7B (Vanilla) Off 59.83 56.94 48.65 55.14
On 59.94 58.15 49.10 55.73

Dream-7B (+Graft) Off 77.84 72.41 66.59 72.28
On 77.92 72.84 66.82 72.53

Table 3: Ablation of the anchor tag word suppression
across different levels with GPT-5 Score.

for infilling and arbitrary-position control. This
property provides the modeling basis for our study
of in-place instruction following.

In-place Prompting and Mid-sequence Control.
Recent work explores dLLMs beyond prefix-only
prompting. ICE inserts chain-of-thought prompts
into masked positions with confidence-aware early
exit (Jin et al., 2025), while Template Infilling

uses structural anchors as global blueprints for
masked segment generation (Lee et al., 2025).
Reasoning-as-infilling fills structured reasoning and
answer templates for posterior reasoning and early
exits (Horvitz et al., 2025), and DIP dynamically
inserts in-context examples during denoising (Li
et al., 2026a). Related safety studies show that the
same bidirectional and parallel mechanisms create
diffusion-specific attack surfaces (Wen et al., 2025;
Zhang et al., 2025; Li et al., 2026b). Unlike these
works, we study in-place instruction following as
a user-facing mechanism for localized constraint
satisfaction under global coherence.

7 Conclusion

This paper introduces and formalizes the In-Place
Instruction Following task and constructs a bench-
mark spanning three difficulty levels. Through an
attention-bias probe, we find evidence that insuf-
ficient prioritization of the constraint span is one
source of failure in vanilla dLLMs during parallel
denoising. To address this, we propose Graft, a
post-training framework combining Graft-SFT
and Graft-DPO. Additionally, a fine-grained eval-
uation reveals a persistent trade-off between local
and global consistency in style constraint scenarios.
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Limitations

While Graft improves in-place instruction follow-
ing in dLLMs, this work has several limitations.
First, IIF-Bench mainly focuses on text-only in-
place instruction following, and its coverage of
multilingual, multimodal, and interactive editing
scenarios remains limited. Second, although the
proposed evaluation protocol combines automatic,
reward-model-based, and human judgments, rubric-
based evaluation may still be affected by evaluator
bias, especially for style and discourse-function
constraints. Third, Graft is evaluated on four
representative dLLMs, but its scalability to larger
diffusion models and its robustness under more
complex or conflicting anchors require further in-
vestigation. Future work may extend IIF to broader
domains and develop more interpretable mecha-
nisms for local–global constraint coordination.
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A LLM Usage Statement

We utilized Large Language Models to refine and
polish our original manuscript. Specifically, its
use was focused on improving grammar, clarity,
conciseness, and word choice. It is important
to note that the model was employed solely as a
writing aid and did not contribute to the generation
of any new content or ideas.

B Experimental Details

Implementation details. All training experi-
ments are conducted on NVIDIA A800 GPUs.
We apply the same Graft pipeline to each diffu-
sion backbone, including LLaDA-1.5, LLaDA-8B,
Dream-7B, and MMaDA. During training, the in-
serted constraint is fixed in the output canvas, and
the model is optimized to generate the surrounding
masked spans. At inference time, all diffusion
baselines and Graft-aligned variants follow the
same IPP decoding format for fair comparison.

Benchmark construction. We construct the
IIF benchmark by converting existing instruction–
response pairs into partially constrained contin-
uation tasks. Each example consists of a user
instruction and an assistant-side sequence in which
a constraint tag is inserted between a prefix (front
text) and a target continuation (back text). The
benchmark contains three levels of increasing
constraint abstraction. Level 1 evaluates literal
adherence: the continuation must preserve either
an exact sentence or a set of verbatim keyword
phrases sampled from the original answer. Level
2 evaluates semantic style control: poetry-style
responses are split into a prefix and a continua-
tion, and the continuation is rewritten under one
of twelve target style constraints while preserving
the core content. Level 3 evaluates discourse-level
control: long-form QA responses are split into a
prefix and continuation, and the continuation is
rewritten to perform one of eight specified dis-
course functions, such as giving a counterexample,
forming an analogy, or posing rhetorical questions.
We use Alpaca and LFQA for literal constraints,
Poetry Instructions for style constraints, and LFQA
for discourse-function constraints. Tables 6 and 7
summarize the constraint inventories used for Level
2 and Level 3, respectively. Table 4 reports the
number of examples and constraint-length statistics
for each level of the IIF benchmark.
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Level #Examples Avg. constraint length Min. Max.

Level 1 Literal 1573 129.5 54 395
Level 2 Semantic 1628 114.5 107 134
Level 3 Discourse 1836 96.2 82 106

Total 5037 112.5 54 395

Table 4: Statistics of constraint lengths across the three
levels of the IIF benchmark.

Training and preference data construction. We
use the constructed IIF instances as the data source
for both Graft-SFT and Graft-DPO. For each in-
stance, the constraint-satisfying rewritten response
produced by our construction pipeline is used as
the target response for Graft-SFT. For Graft-
DPO, we form preference pairs by treating the
constraint-satisfying rewritten response as the cho-
sen response and its corresponding unconstrained
or pre-rewrite response as the rejected response.
This construction is applied consistently across
L1 literal, L2 style, and L3 discourse-function
constraints. Training and evaluation are conducted
on disjoint splits of the constructed IIF instances.

Baselines. We compare Graft with both
diffusion-based and autoregressive language model
baselines. For diffusion LLMs, all vanilla models
are evaluated under the same IPP format as Graft,
where the inserted constraint is fixed in the output
canvas and the model generates the surrounding
masked spans. For autoregressive models, which
generate text from left to right, we prompt them to
produce a complete response satisfying the same
in-place constraint specification.

• LLaDA-1.5 and LLaDA-8B. LLaDA rep-
resents the masked-diffusion generation
paradigm, where masked response tokens
are iteratively recovered through parallel de-
noising. We include LLaDA-8B and LLaDA-
1.5 as representative models from this diffu-
sion LLM family, evaluated without Graft-
specific adaptation.

• Dream-7B. Dream-7B is another discrete
diffusion LLM that supports iterative parallel
refinement and infilling-style generation. It
allows us to evaluate Graft on a diffusion
backbone developed independently of LLaDA.

• MMaDA. MMaDA is a unified multimodal
diffusion model that formulates text genera-
tion through masked-token prediction under
a shared diffusion architecture. Its inclusion

Model Steps Gen. Length Block Length Temp. CFG Scale Top-p Alg. Max Length

LLaDA-1.5 128 Lf + Lb 32 0.5 0.0 – – 1024
LLaDA-8B 128 Lf + Lb 32 0.5 0.0 – – 1024
MMaDA 128 Lf + Lb 32 0.5 0.0 – – 1024
Dream-7B 128 Lf + Lb – 0.7 – 0.95 maskgit-plus 1024

Table 5: Inference hyperparameters for diffusion LLMs.
The generation length is instance-specific and equals
the number of masked tokens surrounding the fixed con-
straint span.

broadens the evaluation to a diffusion back-
bone with a different architectural origin from
both LLaDA and Dream.

• GPT-4o. GPT-4o is included as a strong
closed-source autoregressive baseline. Since
it does not natively perform masked-span
denoising around a fixed output constraint,
its performance mainly reflects whether a
high-capability autoregressive model can
satisfy the in-place constraint through prompt
understanding.

• Llama-3.1-8B-Instruct. Llama-3.1-8B-
Instruct is used as an open-weight instruction-
tuned autoregressive baseline at a scale com-
parable to the 7B–8B diffusion backbones.
This comparison helps distinguish the benefit
of diffusion-style in-place generation from
standard autoregressive instruction following.

• Qwen3-8B-Instruct. Qwen3-8B-Instruct is
included as another open-weight 8B-scale
autoregressive instruction-tuned baseline. To-
gether with Llama-3.1-8B-Instruct, it provides
a diverse open-model comparison for evalu-
ating constraint-following performance under
the same benchmark.

Inference hyperparameters. For diffusion
LLMs, the generation length is instance-specific.
Given each benchmark example, we construct the
output canvas as [prompt | MASK ×Lf |
anchor | MASK ×Lb], where the anchor span
contains the fixed inserted constraint. The effec-
tive generation length is therefore Lf + Lb, while
the full sequence length is capped at 1024 tokens.
If the constructed sequence exceeds this cap, Lf

and Lb are proportionally reduced. The inference
hyperparameters are summarized in Table 5.

C Extended Experimental Analysis

Ablation on Anchor Positions As shown in
Table 8, we analyze the spatial generalization of
Graft by partitioning single anchor placement

12



ID Target Style Description

1 haunting Gothic, heavy with dread, ruin, and shadowed decay
2 solemn and elegiac, like a funeral lament for something lost
3 wistful and nostalgic, like a faded letter reread years later
4 stoic and pastoral, the quiet voice of a farmer watching seasons turn
5 mystical and reverent, in the cadence of sacred liturgy or prayer
6 austere and minimalist, in the spirit of a Zen haiku—few words, vast silence
7 tender and amorous, in the warm voice of a Neruda love sonnet
8 serene and epiphanic, a quiet moment of sudden inner light
9 jubilant and celebratory, in the expansive voice of a Whitman ode
10 joyful pastoral, bright with sunlight, birdsong, and dancing streams
11 whimsical and playful, in the nonsense-verse tradition of Lear or Carroll
12 surreal and dreamlike, where images dissolve into one another without logical bridges

Table 6: Level-2 semantic style constraint inventory. Each L2 instance samples one target style from this inventory
and requires the continuation span to instantiate the assigned style while preserving the core content.

ID Function Core Requirement

1 Counterexample Provide a concrete case that contradicts, challenges, or complicates the
implication of the preceding context.

2 Hypothesis Introduce a speculative “Suppose / Imagine / What if” scenario that
extends or stress-tests the preceding claim.

3 Summary Compress the preceding context into a broader takeaway or general
principle without introducing new arguments.

4 Transition Briefly acknowledge the preceding point and then pivot to a contrasting or
complementary perspective.

5 Analogy Explain the preceding point through a concrete cross-domain comparison.
6 Rebuttal Identify and contest an implicit assumption in the preceding context, then

offer a counterclaim with support.
7 Parallelism Continue the discourse using three or more structurally parallel clauses or

sentences.
8 Rhetorical Question End with one or more unanswered questions that deepen or reinforce the

preceding point.

Table 7: Level-3 discourse function inventory. Each L3 instance samples one discourse function and requires the
continuation span to perform the specified rhetorical or logical role with respect to the preceding context.

into Early (10%–30%), Middle (40%–60%), and
Late (70%–90%) segments. Both LLaDA-8B and
Dream-7B exhibit a clear middle anchor advantage,
where the overall scores peak at the centrally located
configuration. This stems from the bidirectional
mechanism of In-place Prompting, as a centralized
anchor provides a balanced semantic bridge to
restrict both flanking spans. Conversely, extreme
positioning leaves one side disproportionately
long, causing the task to partially degenerate into
unconstrained sequential generation.

Interestingly, the two architectures diverge at the
Late position for stylized constraints (L2). LLaDA
shows a performance upturn because its block-
wise semi-autoregressive decoding allows longer
preceding context blocks to undergo sufficient
refinement iterations for style manifestation. In
contrast, Dream experiences degradation because
its continuous diffusion hook mechanism suffers
from attenuated control signals over an expanded

attention radius, hindering global stylistic consis-
tency.

Model & Stage Position L1 L2 L3 Overall

LLaDA-8B (+Graft)
Early 79.62 74.21 68.95 74.26
Middle 80.54 75.12 70.43 75.36
Late 79.88 75.81 68.74 74.81

Dream-7B (+Graft)
Early 77.12 71.15 66.18 71.48
Middle 78.11 73.24 66.92 72.76
Late 77.93 72.08 65.74 71.92

Table 8: Ablation of single anchor positions.

Scaling of Multiple Anchors Table 9 illustrates
the impact of scaling the number of uniformly
distributed anchors from one to three. Both models
follow a sub-linear saturation degradation trajec-
tory, where the transition from one to two anchors
induces a severe performance fracture, especially
in discourse-function constraints (L3). This sharp
decline highlights a critical generalization bound-
ary for Graft post-training. Since the training
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objective focuses on single-anchor instances, the
internalized attention priorities are calibrated for a
single focal point.

When multiple anchors are introduced, the lim-
ited attention resources become fragmented across
competing constraints. The model consequently
struggles to maintain local execution for each indi-
vidual anchor while simultaneously ensuring global
coherence across fragmented generation segments.
Literal constraints (L1) remain the most resilient
due to the lack of combinatorial logic or style
collisions, suggesting that while Graft effectively
internalizes single-point attention bias, multi-focal
coordination remains a structural hurdle.

Model & Stage # Anchors L1 L2 L3 Overall

LLaDA-8B (+Graft)
1 80.23 75.11 69.64 75.03
2 77.86 70.58 63.91 70.78
3 76.04 66.73 58.42 67.06

Dream-7B (+Graft)
1 77.69 72.36 66.71 72.25
2 74.92 67.18 60.46 67.52
3 72.81 63.27 55.04 63.71

Table 9: Ablation of anchor quantity scaling with uni-
form distribution.

Table 11 breaks down the scores by dimension
for the double-blind human evaluation subset
introduced in Section 3. Scores are decomposed
into the four rubric dimensions D1–D4 defined in
Appendix E and complement the holistic scores
reported in Table 1.

D Human Evaluation Details

To empirically validate the reliability of our auto-
mated evaluation pipeline, we conduct a double-
blind human study on a randomly sampled subset
of IIF-Bench. Table 11 provides the fine-grained,
per-dimension breakdown across all three difficulty
levels, extending the holistic analysis provided in
the main text.

E Evaluation Rubrics

The IIF evaluation rubric is organized around four
structural dimensions: local constraint execution
(D1), contextual integration (D2), boundary qual-
ity (D3), and global requirement (D4). These
dimensions are applied consistently across all three
benchmark levels. Rather than collapsing output
quality into a single holistic score, this design
separates the model’s ability to fulfill in-place
constraints from its ability to maintain coherence
at the local transition and global response levels.
Each dimension is instantiated with level-specific

Dim Description Max pts

C1 Register distance (formality gap between global and local style) 35
C2 Emotional valence conflict (opposing affective directions) 35
C3 Structural incompatibility (local style conflicts with global genre form) 30

Total ConflictScore 100

Table 10: Dimensions used to compute the L2 Con-
flictScore.

sub-criteria that reflect the distinct focal points of
L1 (literal fidelity), L2 (semantic realization), and
L3 (discourse function execution). The dimension
labels serve as a shared structural scaffold rather
than shared definitions.

Table 12 summarizes the per-sub-item point allo-
cation across all levels. Total scores are computed
by direct summation (S = D1 +D2 +D3 +D4,
max 100); the decreasing weight of D4 across
levels reflects the increasing complexity of local
execution at L2 and L3. For L3-D1, the general
point structure is further instantiated by discourse
function in Table 13. The score descriptions in
Table 13 provide approximate reference points to
help annotators map real cases to the corresponding
level of criterion fulfillment.

For L2 specifically, the forced insertion of a
local style may introduce an inherent tension with
the surrounding global context. A model output
can therefore appear less contextually smooth
not because it fails to follow the instruction, but
because the assigned local style itself conflicts
with the preceding context. To account for this
local–global tension, we apply a conflict-aware
adjustment to the L2-D2 score.

For each L2 instance, annotators first assign a raw
contextual-integration score Sraw,i for D2. They
also independently estimate a ConflictScore, which
measures the intrinsic difficulty of harmonizing
the assigned local style with the surrounding con-
text. The ConflictScore aggregates three sources
of tension: register distance, emotional-valence
conflict, and structural incompatibility. Table 10
summarizes the three components. Formally,

ConflictScorei = C1,i + C2,i + C3,i,

with a maximum value of 100.
We then compute a conflict-adjusted D2 score

for each L2 instance:

Sadj,i = Sraw,i + (25−Sraw,i) ·
ConflictScorei

100
· β,

where SD2-raw,i is the raw D2 score of instance i and
25 is the maximum possible score for the L2-D2 di-
mension and β ∈ [0, 1] controls the strength of the
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Model Archetype Model & Stage L1 (40/20/20/20) L2 (40/25∗/20/15) L3 (40/30/20/10) Overall
D1 D2 D3 D4 D1 D2∗ D3 D4 D1 D2 D3 D4

Diffusion LLMs
Vanilla Baselines

LLaDA-1.5 23.33 15.00 14.67 14.00 22.67 18.55 13.00 10.33 19.00 18.67 11.00 7.00 62.41
LLaDA-8B 20.67 14.00 13.33 13.00 20.67 17.43 11.33 9.33 16.67 17.00 10.00 6.67 56.70
Dream-7B 19.33 13.67 13.00 13.00 19.33 17.35 10.67 9.33 15.33 16.00 9.33 7.00 54.45
MMaDA 19.67 13.67 13.33 13.33 19.00 16.98 11.00 9.00 16.00 16.67 9.67 7.00 55.11

Autoregressive
Baselines

GPT-4o 22.67 14.33 13.67 13.33 27.33 18.87 11.67 10.67 27.67 19.67 13.67 8.33 67.29
Llama-3.1-8B-Instruct 21.33 13.00 12.67 11.00 25.00 18.31 10.67 9.67 25.33 18.33 12.67 8.00 61.99
Qwen3-8B-Instruct 22.33 13.67 12.67 12.33 26.33 19.00 11.33 10.33 26.33 19.00 13.00 8.33 64.88

Aligned Diffusion
LLMs (Ours)

LLaDA-1.5
↪→ + only Graft-SFT 29.33 16.00 15.33 14.67 28.67 20.10 13.67 11.00 23.33 20.00 13.33 7.00 70.81
↪→ + Graft 31.00 16.33 15.67 15.00 30.33 21.14 14.33 11.33 24.33 21.00 13.67 8.00 74.04

LLaDA-8B
↪→ + only Graft-SFT 29.67 15.67 15.33 14.33 27.67 19.89 13.33 10.67 23.67 19.67 13.33 7.33 70.19
↪→ + Graft 31.67 16.33 16.00 16.00 30.33 21.07 14.00 11.00 25.67 21.33 13.67 8.00 75.02

Dream-7B
↪→ + only Graft-SFT 28.00 15.67 15.00 14.33 26.67 19.79 13.00 10.67 22.33 19.33 12.67 7.33 68.26
↪→ + Graft 30.33 16.00 15.67 15.00 29.00 20.56 13.67 11.33 24.00 20.33 13.33 7.67 72.30

MMaDA
↪→ + only Graft-SFT 27.00 15.33 14.67 14.00 25.67 19.24 12.67 10.33 21.33 18.67 12.67 7.33 66.30
↪→ + Graft 29.67 15.67 15.33 14.67 28.33 20.32 13.33 11.00 23.00 19.67 13.00 7.67 70.55

Table 11: Fine-grained per-dimension breakdown of the Human Evaluation subset.

adjustment. The adjustment is compensatory rather
than punitive: a larger ConflictScore indicates a
stronger intrinsic mismatch between the assigned lo-
cal style and the surrounding context, and therefore
reduces the penalty imposed by a low raw D2 score.
In other words, high-conflict L2 instances are not
treated as equally easy contextual-integration cases
as low-conflict ones.

The L2-D2 value reported in our main results is
the mean adjusted score Sadj over all L2 instances.
Consequently, unlike the raw rubric scores, the
reported L2-D2 value is not restricted to the discrete
annotation grid. The overall L2 score is computed
as

SL2 = D1raw + Sadj +D3raw +D4raw.

F Case Study

Case: Style Constraint This case illustrates a
style-control failure. The requested continuation
should maintain a joyful pastoral style, bright with
sunlight, birdsong, and dancing streams. The
Graft answer follows this style more consistently
from beginning to end, using images such as green
fields, warm sunlight, birdsong, and streams. The
Vanilla answer partially recovers in the second
half, but its opening relies on twilight, shadows,
and moonlight, which conflicts with the requested
brightness and pastoral joy.

Case: Discourse Constraint This case illus-
trates a discourse-control failure. The requested

continuation should name and contest an implicit
assumption. The Graft answer identifies a plau-
sible assumption: that image formation depends
only on the interaction between the electron beam
and the sample. It then contests this assumption by
introducing electron optics and detector systems
as necessary parts of the imaging pipeline. The
Vanilla answer also attempts to contest an assump-
tion, but its reference to gravity and pressure is
distracting and technically weak in this context,
making it less coherent as a continuation.
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Example Case

Tag: style

Instruction: Can you write me a poem about love and reed in the style of JOHN DONNE?

Constraint: Write the following continuation in this style: joyful pastoral, bright with sunlight, birdsong, and dancing
streams.

Reference Continuation

Gold Front: Sure, here’s a poem about love and reed in the style of JOHN DONNE:
Come live with me, and be my love,
And we will some new pleasures prove
Of golden sands, and crystal brooks,
With silken lines, and silver hooks.

⟨style⟩ joyful pastoral, bright with sunlight, birdsong, and dancing streams ⟨/style⟩

Gold Back: Along the sparkling brook, the waters cheer, warmed by your radiant smile like morning light; fish dart
playfully beneath the gleaming surface, eager to greet you with joyful swims. Whenever you wade into that lively stream,
every ripple dances with life, as little fins flicker happily around you, drawn by your gentle presence.

Model Comparison

Vanilla

Pred Front: In twilight’s hush, where shadows
play,
Where love’s soft whispers weave their gentle
sway,
A reed stands tall, its heart serene,
Beneath the moon’s pale silver beam.
Its stem, a testament to love’s embrace,
Stretches towards the sky with tender grace.

Pred Back: As dawn breaks, and sunlight spills,
The reed’s leaves dance in the hills.
Birdsong echoes, a joyous call,
And dancing streams, they sing and ball.

In this pastoral scene, bright and free,
Love and reed, in perfect harmony.
Together, they weave a joyful delight,
A celebration of life, day and night.

Graft

Pred Front: In fields of green, where love takes
root,
A reed stands tall, pure and bold.

Its slender form, a symbol of grace,
Sways gently in the wind’s embrace.

Like love, it rises, strong and true,
Through storms and rains, it grows anew.

Pred Back: Beneath the sun’s warm embrace,
The reed blooms with joy and grace.

Birdsong echoes through the trees,
As dancing streams play with the breeze.

In this pastoral scene, love takes flight,
Like the reed, shining bright.

Together, they weave a tale so sweet,
Of love and nature, in harmony’s beat.

Figure 7: Style constraint case. The Vanilla answer conflicts with the requested bright pastoral tone, while the Graft
answer maintains the target style more consistently.
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Example Case

Tag: discourse

Instruction: How does an electron microscope produce an image?

Constraint: The following continuation should name and contest an implicit assumption of the above.

Reference Continuation

Gold Front: Short version: the microscope is a beam of electrons that are focused very ‘tightly’ together with a very
specific and exact energy.

⟨discourse⟩ name and contest an implicit assumption ⟨/discourse⟩

Gold Back: This assumes that the main interaction of the electron beam with the sample is simply about electrons
bouncing back in predictable ways, like backscattered or secondary electrons. In fact, this overlooks the complexity
of electron-sample interactions, which involve a variety of signals including X-rays and transmitted electrons, not just
backscattered or secondary electrons. What is often missed is that these additional signals provide critical compositional
and structural information that goes beyond just the electrons reflected or knocked out. Contrary to this narrow view,
the image formed is not solely dependent on the collected electrons’ energy but also on how these multiple signals are
integrated and interpreted to create detailed microscopic images.

Model Comparison

Vanilla

Pred Front: An electron microscope produces
an image by directing a beam of electrons at a
sample, which then interact with the sample to
create a detailed image.

Pred Back: One implicit assumption in the
explanation is that the interaction between the
electrons and the sample is purely
electromagnetic, meaning that the electrons are
simply bouncing off the sample and creating an
image. However, this assumption is not entirely
accurate. While the primary interaction is
electromagnetic, there are also other forces at
play, such as gravity and pressure, which can
affect the behavior of the electrons. Therefore,
the assumption that the interaction is purely
electromagnetic is misleading and an
oversimplification.

Graft

Pred Front: An electron microscope produces
an image by directing a beam of electrons at a
sample, which then interact with the sample and
create a detailed image.

Pred Back: One implicit assumption in the
initial statement is that the electron microscope
relies solely on the interaction of electrons with
the sample to produce an image. However, this
assumption can be contested by considering the
role of the electron optics and the detector
system in the image formation process. The
electron optics help direct and focus the beam,
while the detector system collects the scattered
electrons and converts them into an electrical
signal that can be processed to form an image.
Therefore, image formation depends not only on
electron-sample interaction, but also on the
surrounding imaging pipeline.

Figure 8: Discourse constraint case. The Vanilla answer contests a weak and distracting assumption, while the
Graft answer identifies a more relevant implicit assumption and contests it coherently.
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Dim / Sub L1 Criterion Pts L2 Criterion Pts L3 Criterion Pts

D1

a Verbatim anchor retention 25 Style onset sharpness 15 Function-specific sub-item
a†

15

b Positional appropriateness 10 Style depth: beyond
surface markers

15 Function-specific sub-item
b†

15

c No paraphrastic
substitution

5 Residual style interference 10 Function-specific sub-item
c†

10

Total 40 40 40

D2

a Syntactic continuity (Pre) 8 Entity consistency (within
span)

10 Argumentative consistency 12

b Semantic flow (Pre) 8 Thematic continuity 10 Logical placement 10
c No pre-constraint

redundancy
4 No internal hallucination 5 Logical extensibility 8

Total 20 25 30

D3

a Syntactic continuation
(Post)

8 Stylistic boundary shift 10 Clear function onset signal 10

b Semantic continuation
(Post)

8 No meta-commentary (cap
rule)

10 No function anticipation 10

c No immediate repetition 4 — — — —

Total 20 20 20

D4

a Instruction relevance 8 Inter-section narrative
unity

8 Grammatical correctness 5

b No truncation (output
completeness)

6 Global task fulfillment 7 Clarity of expression 5

c No verbatim input copying 6 — — — —

Total 20 15 10

Grand Total 100 100 100

Table 12: IIF evaluation rubric: per-sub-item point allocation. D1–D4 serve as structural labels for level-specific
criteria.

† L3-D1 criteria vary by function (e.g., challenge strength for Counterexample; testability for Hypothesis), see Table 13.
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Function D1a (15 pts) D1b (15 pts) D1c (10 pts)

Counterexample A specific, tangible scenario or
case is presented, rather than an
abstract statement.

The example genuinely
complicates or contradicts the
main argument in the
pre-constraint text.

The example satisfies any
source-domain condition
specified in the constraint. For
instance, if “from everyday life”
is specified, the example is
drawn from common experience
rather than a technical or
academic domain. If no such
condition is specified, the
example should remain
contextually appropriate and
concrete.

Hypothesis Conditional or speculative
framing is present, such as “if”,
“suppose”, “imagine”, or “were it
the case”.

The hypothesis makes a claim
that could in principle be
examined or argued for/against.

The hypothesis is introduced as
an open question to be examined,
not as a settled conclusion.

Summary The summary covers the key
points made in the pre-constraint
text without omitting critical
arguments.

The summary is noticeably more
concise than the content it
summarizes.

The summary does not introduce
new claims. The related L3-D2c
criterion, logical extensibility, is
evaluated using the same
evidence, but its 8 points remain
counted under D2 to preserve
the 100-point total.

Transition The content of the two ideas
being bridged is genuinely
connected, not merely
juxtaposed. The transition
explains why or how the second
idea follows from the first, not
just that it does. Score 15 if the
logical link is explicit and
substantive; 8 if implicit but
traceable; 0 if the two ideas
remain essentially unrelated
despite surface connectives.

Surface connective language is
present, such as “however”,
“building on this”, “turning now
to”, or “this leads us to”. Score
15 if explicit connectives are
present; 8 if implicit but
detectable; 0 if absent.

The transition is appropriately
brief, not a paragraph-long
digression. Score 10 if concise
and functional; 5 if slightly
extended; 0 if excessively long.

Analogy The analogy draws from a
domain clearly different from the
main topic.

The structural mapping between
the analogy domain and the
main argument is logically valid,
such that the shared structure
genuinely holds.

The analogy is self-explanatory
to a general reader without
additional context. Score 10 if
immediately clear; 5 if it
requires minor inferential effort;
0 if opaque.

Rebuttal An opposing viewpoint or
objection is clearly identified.

The refutation provides a reason
or evidence against the opposing
view, not merely an assertion.

The opposing view is presented
fairly and is not a strawman.

Parallelism Two or more clauses or
sentences share the same
syntactic pattern. Score 15 for
≥3 parallel structures; 10 for
exactly 2; 0 for none.

Each parallel element introduces
distinct semantic content rather
than synonymous repetition.

The parallel structure creates a
sense of emphasis, rhythm, or
cumulative rhetorical force.

Rhetorical
Question

At least one grammatically
correct question is present in the
constrained section. Score 15 if
present; 0 if absent.

Conditional on D1a > 0: the
question is not immediately
answered and is posed for
rhetorical effect. If D1a = 0,
D1b is automatically scored 0.
Otherwise, score 15 if fully
rhetorical; 8 if partially
answered; 0 if directly and
completely answered.

The question advances or
emphasizes the main argument;
it is not tangential or unrelated to
the discourse.

Table 13: Function-specific instantiations of L3-D1. All L3 discourse functions share the same 15/15/10 point
structure, but the concrete execution criteria are defined separately for each function.

19


	Introduction
	Background
	Inference Paradigm of dLLMs
	Inference Paradigm of IPP

	IIF-Bench
	Motivation and Task Formulation
	Dataset Introduction
	Multi-dimensional Evaluation Protocol

	Method
	Attention Bias Probe
	In-place Oriented Post-Training
	Graft-SFT
	Graft-DPO


	Experiments
	Setup
	Overall Performance
	Attention Diagnosis
	Ablation Study

	Related Work
	Conclusion
	LLM Usage Statement
	Experimental Details
	Extended Experimental Analysis
	Human Evaluation Details
	Evaluation Rubrics
	Case Study

