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Abstract

Masked diffusion language models (dLMs) of-
fer a promising parallel alternative to autore-
gressive models for complex reasoning. How-
ever, they face a unique credit-assignment chal-
lenge, since reasoning failures typically stem
from a few critical, early commitments that
cascade downstream. Existing post-training
overlooks this dynamic: supervised fine-tuning
(SFT) weights all tokens uniformly, while on-
line reinforcement learning (RL) attributes a
single trajectory-level reward to every position.
We introduce Pivot-SD, an efficient offline
self-distillation framework that supervises only
these high-impact bottlenecks (pivots). Pivot-
SD isolates pivots using an information-gain
metric measuring uncertainty reduction over
the remaining masked block. It applies bidi-
rectional supervision: successful pivots are re-
inforced with cross-entropy, while critical er-
rors in failed trajectories are suppressed via tar-
geted unlikelihood, preserving valid surround-
ing sub-steps. Using only 200 questions and
four rollouts each, Pivot-SD improves LLaDA-
8B-Instruct over full-sequence SFT and budget-
matched diffusion RL baselines across math
and code benchmarks.

1 Introduction

Large language models (LLMs) have achieved re-
markable progress on complex reasoning tasks,
largely driven by post-training methodologies such
as supervised fine-tuning (SFT) and reinforce-
ment learning (RL) (Ouyang et al., 2022; Shao
et al., 2024; Guo et al., 2025). This progress
has been anchored to sequential autoregressive
models (ARMs), where generations unfold left-to-
right. Recently, masked diffusion language mod-
els (dLMs) have emerged as a compelling parallel,
coarse-to-fine alternative, relaxing the sequential
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bottleneck where early mistakes inevitably propa-
gate and collapse the reasoning trace (Sahoo et al.,
2024; Ye et al., 2025; Nie et al., 2025).

While dLMs introduce a fundamentally different
generation paradigm, they also present a unique
credit-assignment challenge. This challenge, how-
ever, reveals a highly efficient path for training: if
a trajectory’s success is dictated by a handful of
decisive token commitments, it suffices to super-
vise these critical bottlenecks rather than the entire
sequence.

To date, post-training for dLMs has largely
adapted practices from autoregressive modeling
(Zhao et al., 2025; Wang et al., 2025; Rojas et al.,
2026; Tang et al., 2026). While ARMs support
selective supervision (e.g., process reward models),
they inherently equate a token’s spatial position
with its temporal generation step. Masked diffu-
sion breaks this equivalence: a commitment made
early, while much of the block is still masked, con-
strains far more of the trajectory than the same
token written late, once the surrounding context is
fixed. Effective supervision in this regime must sat-
isfy three requirements simultaneously, yet existing
recipes each miss at least one. It must be selective,
but standard SFT weights all tokens uniformly (Nie
et al., 2025); refinements such as entropy-based
reweighting select on the final sequence, where the
step at which a token was committed is no longer
visible (Xu et al., 2025). It must learn from fail-
ure, but rejection-based self-distillation keeps only
successful traces and discards the rest (Zelikman
et al., 2022; Singh et al., 2024; Dou et al., 2024).
Finally, it must be local, but online RL attributes a
single trajectory-level reward to every position, pe-
nalizing the valid syntactic structures and algebraic
fragments in a failed trace alongside the decisive
error (Zhao et al., 2025; Wang et al., 2025; Tang
et al., 2026).

In this work, we propose a fundamental shift in
perspective for dLM post-training: not all tokens
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require uniform supervision. Within a single de-
noising trajectory, a small number of commitments
sharply reduce the model’s uncertainty over the
positions that remain masked, while most others
leave it largely unchanged. These are the deci-
sions that fix the shape of the rest of the block, and
they are where the trajectory’s outcome is effec-
tively determined. If the outcome depends on these
few decisions, supervision should be placed there
rather than spread across every position. This holds
in both directions: a successful trajectory tells us
which commitments to reinforce, and a failed one
tells us where the reasoning broke, without con-
demning the valid fragments that surround it.

To realize this, we introduce Pivot-SD, an of-
fline self-distillation framework that shifts the unit
of credit assignment from final sequence tokens to
structural reasoning bottlenecks. Pivot-SD employs
a normalized information-gain metric to dynami-
cally isolate candidate pivots, which are commit-
ments that maximally reduce uncertainty over the
remaining masked block. Once identified, we apply
a localized update: successful pivots are reinforced
with cross-entropy, while high-impact errors from
failed trajectories are suppressed via targeted un-
likelihood training (Welleck et al., 2019; Ni et al.,
2025). Pivot-SD is highly data-efficient, requir-
ing only 200 training questions and four rollouts
per question. Under this budget it consistently im-
proves over full-sequence SFT and budget-matched
diffusion RL baselines across mathematical reason-
ing and code-generation benchmarks.

In summary, our main contributions are as fol-
lows:

• Step-Conditioned Credit Assignment: We
formulate reasoning supervision for discrete
masked diffusion language models around de-
noising commitments, fundamentally shifting
the unit of credit assignment from final se-
quence tokens to structural reasoning bottle-
necks.

• Information-Guided Localized Self-
Distillation: We introduce Pivot-SD, a
novel offline objective that selects candidate
bottlenecks by measuring counterfactual
uncertainty reduction. It extracts dense super-
vision by reinforcing successful pivots with
cross-entropy and suppressing high-impact
failed pivots with localized unlikelihood,
preserving locally valid sub-steps.

• Data-Efficient Offline Post-Training: We
empirically demonstrate that Pivot-SD sub-
stantially improves structured reasoning using
only a minimal cached trajectory pool, consis-
tently outperforming same-data and same-step
online RL-style baselines.

2 Related Work

Diffusion language models. Diffusion models
have been studied as alternatives to autoregres-
sive language modeling. Early work explored
continuous diffusion over word embeddings (Li
et al., 2022), and D3PMs extended denoising diffu-
sion to discrete state spaces (Austin et al., 2021a).
Later work improved discrete and masked diffusion
with score-entropy objectives and masked training
recipes (Lou et al., 2024; Sahoo et al., 2024), and
LLaDA scaled the paradigm to an 8B instruction-
following model trained with forward masking and
reverse masked-token prediction (Nie et al., 2025).
These models introduce credit-assignment ques-
tions because generation unfolds over iterative de-
noising states rather than a fixed token order (e.g.,
left-to-right.)

Our work focuses on this denoising-time struc-
ture. Instead of treating a sampled response as only
a final sequence of tokens, we treat the unmask tra-
jectory itself as a source of supervision. Our central
idea is that a token is important not merely because
it appears in the final solution, but because it may
be committed at a particular denoising step and
thereby constrain subsequent masked positions.

Reasoning with masked diffusion language mod-
els. Several recent methods adapt these models
for reasoning. d1 combines masked SFT with
diffu-GRPO, an RL algorithm for masked diffu-
sion (Zhao et al., 2025). DCoLT treats intermedi-
ate reverse-diffusion steps as latent thinking actions
and optimizes trajectories with outcome-based RL
(Huang et al., 2025). d2 proposes policy-gradient
techniques that improve reasoning without super-
vised fine-tuning (Wang et al., 2025), and GDPO
revisits likelihood estimation and uses variance-
reduced ELBO-based policy optimization (Rojas
et al., 2026). These methods rely on online RL.
Pivot-SD instead samples trajectories once from a
frozen model and converts trajectory outcomes into
localized supervision over selected denoising com-
mitments. This gives a stable offline alternative
that can use both successful and failed trajectories.
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Process supervision and reasoning credit as-
signment. A common approach to improving
mathematical reasoning is to supervise interme-
diate steps. Lightman et al. (2024) show that step-
level feedback can outperform outcome supervi-
sion on MATH, and Math-Shepherd automatically
constructs process labels and trains process reward
models (Wang et al., 2024). These methods score
textual reasoning steps in autoregressive solutions.

Pivot-SD shares the goal of fine-grained credit
assignment but changes the unit of supervision. In-
stead of scoring a sentence or derivation step, it
supervises a denoising commitment (t, p, yp) in-
side a masked diffusion trajectory. This matters
because masked diffusion models commit tokens
out of order, and a single commitment can reshape
the distribution over many remaining positions.

Token importance and weighted fine-tuning. A
related direction reweights tokens during SFT. For
diffusion language models, GIFT assigns entropy-
based importance weights to tokens (Xu et al.,
2025), showing that emphasizing some tokens
helps fine-tuning. Pivot-SD differs in what is be-
ing weighted: our scores rank tokens by their im-
pact as commitments at specific denoising steps,
not by their importance in the final sequence. To
separate these effects, our ablations compare pivot-
only supervision, selected-step uniform supervi-
sion, entropy-selected pivots, and random pivots.

Positioning of our work. In masked diffusion,
spatial position and decision time decouple: the ex-
act same token at the same position can be a trivial
fill if committed late, yet reshape the entire trajec-
tory if committed early. Pivot-SD leverages this
decoupling by shifting the unit of credit assignment
from final-sequence tokens to the realized commit-
ment event. This captures not just what token is
written and where, but when it is committed under
a partially denoised state.

Pivot-SD applies standard objectives to a funda-
mentally different object. Unlike process supervi-
sion that scores textual steps (Lightman et al., 2024;
Wang et al., 2024) or entropy-based SFT weight-
ing over final sequences (Xu et al., 2025), Pivot-
SD supervises the denoising commitment itself.
Furthermore, rather than assigning broad rewards
over denoising intervals (Chen et al., 2025; Xie
et al., 2026; Oba et al., 2026) or evaluating termi-
nal blocks (Horvitz et al., 2025), it localizes credit
specifically to early, trajectory-internal bottlenecks.
This allows Pivot-SD to exploit both successful
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Figure 1: Predictive Entropy and Pivot Selection.
An entropy heatmap of a masked denoising trajectory
for a MATH problem (showing the first 128 tokens).
The x-axis represents the token position, and the y-axis
denotes the denoising step progressing downward. The
color scale indicates the predictive entropy of the active
masked positions. Red dashed lines and stars denote
the critical denoising steps and the specific pivot tokens
selected by our Information Gain metric, respectively.

and failed trajectories without broad sequence-level
suppression (Table 6).

3 Methodology

In this section, we present Pivot-SD, an offline
self-distillation framework for masked diffusion
language models. We first establish the formal me-
chanics of masked diffusion language models and
standard supervised fine-tuning (§3.1). We then in-
troduce our information-gain selection metric and
training objectives (§3.2). We detail the complete
offline algorithm and contrast its structural proper-
ties with standard SFT and online reinforcement
learning paradigms (§3.3, §3.4).

3.1 Preliminaries and Problem Setup
We begin by formalizing the notation for masked
diffusion language models and establishing the
baseline training objective.

Setup Let x represent a conditioning prompt, and
let y = (y1, . . . , yL) denote a target response se-
quence of length L. A masked diffusion language
model generates y conditioned on x by iteratively
denoising an initially fully masked response se-
quence over T steps. Let Mt represent the com-
plete sequence state at denoising step t (consisting
of the unmasked prompt x concatenated with the
partially masked response), indexed in the sam-
pler’s reverse chronological order. To formalize the
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active response positions, let Iresp denote the set
of coordinate indices corresponding exclusively to
the response tokens. The active response positions
that remain masked at step t are defined as

Bt = {i ∈ Iresp : Mt,i = [MASK]}. (1)

At each denoising step, the model parameterizes
a distribution over the clean token for each active
masked position:

Pθ(x
(i)
0 | Mt), i ∈ Bt, (2)

where x
(i)
0 is the clean-token random variable at

response position i, and its final sampled value in
the finalized trajectory is yi.

Standard SFT Standard masked SFT trains the
parameters θ by minimizing the uniform per-
position cross-entropy loss:

LSFT(θ) = −E((x,y),t,Mt)

[∑

i∈Bt
logPθ(yi | Mt)

]
.

(3)
The baseline loss in Eq. (3) weights every active
masked position uniformly. It fails to distinguish
between trivial token fills and critical structural
commitments that dictate the downstream coher-
ence of the response. Pivot-SD addresses this lim-
itation by restricting supervision to a sparse set
of highly informative step-position commitments,
where the directional sign of the parameter update
is gated by the overall quality of the trajectory out-
come.

3.2 The Pivot-SD Framework
In this section, we introduce the core components
of Pivot-SD. We outline how we extract localized,
step-conditioned units of supervision from raw dif-
fusion trajectories (§3.2.1), isolate high-impact
commitments using an information-gain formu-
lation (§3.2.2), and finally the training objective
(§3.2.3).

3.2.1 Trajectory Generation and Candidate
Pivots

Sampling a complete response from the frozen base
model θ0 yields a discrete denoising trajectory:

τ = (Mt,Bt,Ut)
T
t=1, (4)

where Ut ⊆ Bt is the specific subset of positions
selected for unmasking and commitment by the
sampler at step t. A position p is committed at step

t when the sampler selects p ∈ Ut and writes the
sampled token value yp into the sequence state. For
every committed position p ∈ Ut, the trajectory
generates a candidate pivot c, which we group into
a trajectory-wide candidate set:

C(τ) = {(t, p, yp) : p ∈ Ut}. (5)

The triple in Eq. (5) records what token was com-
mitted, where it was committed, and when in the
denoising process it was committed. Thus the su-
pervised object is not merely the token yp, but the
event of committing yp at position p under state Mt.
The same token at the same response position can
be low-impact late in denoising but high-impact
earlier, when many neighboring positions remain
masked. This is what separates Pivot-SD from
token-level SFT, which supervises only (p, yp), and
from trajectory-level RL, which supervises only the
trajectory outcome.

3.2.2 Information-Gain Pivot Selection
Pivot selection ranks candidate commitments by
a one-step estimate of how much fixing that com-
mitment reduces uncertainty over the remaining
masked block. Intuitively, a useful pivot is not
merely a token the model is uncertain about, it is a
commitment that changes what the frozen model
can infer about the rest of the denoising block. We
measure local token uncertainty using the Shannon
entropy of the frozen base model’s predictions. For
any masked state M and index i, the per-position
entropy is

hθ0(i | M) = H
(
Pθ0(x

(i)
0 | M)

)
. (6)

For a candidate commitment (t, p, yp), the baseline
pre-commitment uncertainty across the remaining
uncommitted active block is defined as

Hpre(t, p) =
∑

i∈Bt\{p}
hθ0(i | Mt). (7)

We then evaluate a counterfactual state where po-
sition p is explicitly clamped to its sampled token
value yp, yielding a modified context sequence
M

[p←yp]
t . The post-clamp uncertainty over the

identical remaining block is calculated as

Hpost(t, p) =
∑

i∈Bt\{p}
hθ0

(
i | M [p←yp]

t

)
. (8)

By excluding the pivot position p from both terms,
this formulation directly isolates how much a lo-
calized commitment reduces uncertainty across the
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rest of the generation block. To prevent early de-
noising states, which inherently possess larger abso-
lute entropy scales, from dominating the selection
process, we compute a normalized information-
gain score:

g(t, p) =
Hpre(t, p)−Hpost(t, p)

Hpre(t, p) + ϵ
, (9)

where ϵ > 0 is a small constant ensuring numeri-
cal stability. For each trajectory τ , candidates are
ranked by g(t, p), and only the top-K scoring piv-
ots are selected for training. We fix K = 10 a priori
without tuning; Appendix F shows performance is
flat over K = 5 to 20 and degrades only when
K grows large enough that selection ceases to be
selective. The metric g(t, p) is used exclusively as
a filtering mechanism and does not scale the loss
magnitude during optimization.

Figure 1 visualizes this selection process via the
entropy dynamics of a single denoising trajectory.
At critical structural bottlenecks, committing a sin-
gle token drastically reduces the uncertainty of the
remaining sequence. Our Information Gain met-
ric effectively captures these moments of sharp
entropy collapse (marked by red dashed lines and
stars). This confirms that Pivot-SD isolates the
decisive commitments that dictate the logical out-
come, rather than uniformly weighting the entire
sequence.

3.2.3 Training objective
Each selected pivot is mapped to a trajectory out-
come score s(τ) ∈ {+1,−1}, which evaluates the
correctness of the final response sequence y gener-
ated by trajectory τ :

s(τ) =

{
+1, if y is correct,
−1, otherwise.

(10)

Every chosen pivot yields a training tuple z =
(Mt, y, p, yp, s(τ)). For a selected pivot token yp,
we define the positive cross-entropy loss as

ℓ+p (θ;Mt, yp) = − logPθ(yp | Mt), (11)

and the token-level unlikelihood penalty as

ℓ−p (θ;Mt, yp) = − log (1− Pθ(yp | Mt)) . (12)

During training, the predicted probability Pθ(yp |
Mt) in Eq. (12) is clipped away from 1 to main-
tain numerical stability. Failed trajectories often
contain structurally sound intermediate sequences,

Algorithm 1: Pivot-SD: Offline Outcome-
Conditioned Pivot Self-Distillation

Input: Training prompts X , frozen base model θ0,
trajectories per prompt G, pivots per trajectory
K

Output: Fine-tuned model θ
1 Initialize pivot dataset Dpivot ← ∅
2 foreach prompt x ∈ X do
3 for j ← 1 to G do
4 Sample a denoising trajectory

τ = {(Mt,Bt,Ut)}Tt=1 and response y
from θ0

5 Assign trajectory outcome s(τ) using
Eq. (10)

6 Construct candidate pivots
C(τ) = {(t, p, yp) : p ∈ Ut}

7 foreach candidate (t, p, yp) ∈ C(τ) do
8 Compute information-gain score g(t, p)

using Eq. (9)

9 Select the top-K candidates by g(t, p)
10 foreach selected pivot (t, p, yp) do
11 Add (Mt, y, p, yp, s(τ)) to Dpivot

12 Fine-tune θ on Dpivot using Eq. (14)
13 return θ

such as valid syntactic phrasing or correct local-
ized algebraic steps. To avoid penalizing these
helpful components, Pivot-SD applies negative su-
pervision exclusively to the highest-impact pivots
extracted from failed generations. The complete
outcome-conditioned pivot loss for a single tuple z
is formulated as

Lpivot(z) = 1[s(τ) = +1] ℓ+p (θ;Mt, yp)

+ λneg 1[s(τ) = −1] ℓ−p (θ;Mt, yp),
(13)

where λneg is a hyperparameter scaling the un-
likelihood penalty. Let Dpivot be the offline dataset
compiled by executing this selection process across
all training prompts X and generated trajectories.
The final fine-tuning objective minimizes the ex-
pected pivot loss over this curated dataset:

min
θ

1

|Dpivot|
∑

z∈Dpivot

Lpivot(z). (14)

We initialize θ from the base model θ0 and optimize
Eq. (14) using standard gradient-based optimiza-
tion.

3.3 Algorithmic Implementation

We synthesize the full training pipeline in Algo-
rithm 1, detailing the offline pipeline from data
collection to fine-tuning.
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Table 1: Performance comparison of LLaDA-8b-instruct on math and coding tasks. We report the accuracy
evaluated at generation lengths of 256 and 512. The baselines include both SFT and RL methods. All non-base
methods are trained under the same controlled setup whenever applicable. Methods marked with ‡ are evaluated
over three fully re-randomized runs at the 256-token setting; we report standard deviations in Appendix D.

Method MATH GSM8K HumanEval+ MBPP+

256 512 256 512 256 512 256 512

Base 31.40 38.8 75.13 83.40 32.32 42.07 43.12 44.44
SFT-GT‡ 35.47 38.6 76.94 83.17 33.94 36.59 46.32 42.86
SFT-SD‡ 31.73 38.6 73.90 81.96 35.78 40.85 45.92 44.97
diffu-GRPO (budget-matched)‡ 33.47 38.2 76.04 82.11 32.52 42.07 43.39 45.24
diffu-GRPO 35.20 40.6 77.63 83.62 34.15 40.85 42.59 43.65
wd1++ (budget-matched)‡ 33.27 39.2 76.93 82.71 33.54 40.24 43.12 43.92
wd1++ 35.40 39.4 76.65 82.71 34.15 38.41 44.97 44.44

Pivot-SD (ours)‡ 37.47 42.6 79.51 84.38 40.43 41.46 47.12 48.15

Table 2: Ablation study of pivot selection and credit assignment. “IG” denotes denoising states selected by our
information-gain criterion. “All” applies the loss to all supervised masked tokens in the selected state, while “Pivot”
applies the loss only to the selected pivot token. CE denotes cross-entropy and UL denotes unlikelihood. Methods
marked with ‡ are evaluated over three fully re-randomized runs; standard deviations are in Appendix D.

Method State Target Pos. Neg. MATH GSM8K HumanEval+ MBPP+

Positive All-token IG All CE - 31.60 74.37 36.59 39.68
Positive Pivot IG Pivot CE - 32.20 72.48 35.37 43.65
Entropy pivot‡ Entropy Pivot CE - 32.27 74.75 35.57 44.80
Pos+Neg All-token‡ IG All CE State-UL 35.00 74.44 36.80 44.54
Random-Step Pivot‡ Random Pivot CE Pivot-UL 29.93 76.51 39.00 44.80
Random-Token Pivot‡ IG Random CE Pivot-UL 34.87 76.47 34.78 45.24

Pivot-SD (ours)‡ IG Pivot CE Pivot-UL 37.47 79.51 40.43 47.12

3.4 Relation to SFT and Online RL

Pivot-SD occupies a distinct methodological space
between standard SFT and online RL. Standard
masked SFT applies uniform token-level supervi-
sion, ignoring the variance in causal impact across
different denoising positions, while online RL uti-
lizes trajectory-level rewards that lack localized
precision, and rejection-based self-distillation dis-
cards failed trajectories entirely.

In contrast, Pivot-SD executes an outcome-to-
commitment projection, translating a single termi-
nal outcome into K state-conditioned constraints.
The pipeline deliberately separates identification
from optimization: information gain isolates the
high-leverage pivots, the verifier dictates the up-
date direction, and localized losses apply it without
broad credit or blame. Consequently, Pivot-SD
uniquely extracts explicit localized negative targets
from failed trajectories, suppressing decisive errors
while preserving surrounding valid reasoning.

The simplicity of the cross-entropy and unlikeli-
hood formulation is a deliberate design choice: our
core contribution is constructing these valid local-

ized targets from trajectory-level outcomes, rather
than devising a novel scalar loss. Finally, because
all trajectories are sampled statically from the ini-
tial frozen base model θ0, the compiled dataset
Dpivot remains invariant, allowing for reproducible
offline hyperparameter tuning without the insta-
bilities typical of online policy-gradient methods
(Appendix H).

4 Experiments

We evaluate whether outcome-conditioned pivot
self-distillation can improve masked diffusion lan-
guage models under a small post-training budget.
Our main experiments use LLaDA-8B-Instruct as
the backbone.

Training data. For each math reasoning dataset,
we sample 200 training questions from the cor-
responding training split: GSM8K for GSM8K
evaluation (Cobbe et al., 2021) and MATH for
MATH500 (Hendrycks et al., 2021) evaluation. For
code tasks, we sample 200 training questions from
AceCode (Zeng et al., 2025) and evaluate on Hu-
manEval+ and MBPP+ (Chen et al., 2021; Liu et al.,
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2023; Austin et al., 2021b). For each training ques-
tion, we generate four denoising trajectories from
the frozen base model, yielding only 800 sampled
trajectories per dataset. Each trajectory is labeled
as successful or failed using the task verifier: exact-
answer matching for math and unit-test execution
for code.

Baselines. We compare against offline SFT base-
lines and online RL-style baselines. SFT-GT trains
on ground-truth solutions with standard random
masking. SFT-SD uses the same generated roll-
out pool as Pivot-SD, but trains on successful gen-
erated solutions with ordinary masked SFT. For
RL-style baselines, we include diffu-GRPO (Zhao
et al., 2025) and wd1++ (Tang et al., 2026). Here
wd1++ denotes the step-wise variant proposed by
Tang et al. (2026), which extends their base wd1 ob-
jective to reuse the intermediate clean completions
produced at each denoising step; we adopt it as the
stronger of the two variants. Their budget-matched
variants use the same 200-question, four-rollout,
1,000-step budget as Pivot-SD, while the larger
variants use 2,000 questions and 5,000 optimizer
steps.

Evaluation. All rollout-based methods collect
training trajectories with a maximum generation
length of 256 tokens. SFT-GT does not use
model rollouts and instead trains on budget-feasible
ground-truth solutions with the same response bud-
get. We evaluate all trained models on MATH500,
GSM8K, HumanEval+, and MBPP+. Unless other-
wise stated, all methods use the same decoding
configuration and answer-extraction or unit-test
evaluation pipeline. The 256-token setting is our
primary controlled setting, while 512-token eval-
uation is used to measure length transfer. Meth-
ods trained under this controlled budget are eval-
uated over three fully re-randomized runs at 256
tokens; we report means in the main tables, with
per-run standard deviations and the full protocol in
Appendix D. Detailed experimental configurations
and hyperparameters are provided in Appendix C.

4.1 Main Results

Table 1 reports the main comparison. We use the
256-token response budget as the primary con-
trolled setting, since it matches the budget used to
collect pivot supervision. Under this small-budget
setting, Pivot-SD achieves the best mean on all four
benchmarks.

Table 3: Compute accounting. Wall-clock hours mea-
sured on a 2-GPU setup. Unlike RL baselines that inter-
leave costly online rollouts, Pivot-SD cleanly decouples
the pipeline into offline generation and lightweight of-
fline training. RL baseline times are averaged across
evaluated tasks.

Method Steps Gen. (h) Train (h) Total (h)

diffu-GRPO (matched) 1000 0 5.4 5.4
diffu-GRPO 5000 0 22.9 22.9
wd1++ (matched) 1000 0 3.6 3.6
wd1++ 5000 0 17.3 17.3

Pivot-SD (ours) 1000 2.5 0.3 2.8

~ 8 x faster
> + 3.0 pts

Figure 2: Accuracy vs. Compute Cost. Average rea-
soning accuracy versus total 2-GPU wall-clock hours.
Pivot-SD achieves a > 3.0 absolute point improvement
while requiring only a fraction of the compute time com-
pared to fully converged RL baselines.

The key comparison is with methods trained un-
der the same budget. SFT-SD uses the same self-
generated rollout pool as Pivot-SD but applies ordi-
nary masked SFT to successful generated solutions.
Budget-matched diffu-GRPO and wd1++ use the
same 200 training questions and 1,000 optimizer
steps. Pivot-SD outperforms these budget-matched
baselines overall, indicating that localizing credit
and blame to high-information pivots is a more effi-
cient use of the small rollout pool. The comparison
is not specific to the 200-question budget: Pivot-SD
remains strong from 50 to 2,000 training questions
(Appendix E).

The 512-token columns evaluate length trans-
fer. Pivot-SD continues to perform strongly on
math reasoning and obtains the best overall average,
but the code results are mixed, with HumanEval+
slightly favoring other 512-token baselines. We
therefore use the 512-token results as supporting
length-transfer evidence, while our main claim is
based on the matched 256-token setting.
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Table 4: Dream generalization results. We keep the
same baseline categories as in the LLaDA experiments
and report the same evaluation metrics.

Method MATH GSM HE MBPP

Base (Dream-Instruct-7B) 37.97 79.55 54.27 60.58
SFT-GT 35.40 61.49 54.27 59.26
SFT-SD 40.80 70.74 48.78 61.38

Pivot-SD (ours) 42.20 81.88 58.54 61.64

Table 5: Average out-of-domain (OOD) performance.
Each column reports the mean accuracy over the bench-
marks not used for training: MATH- and GSM8K-
trained models are evaluated on the other three bench-
marks, AceCode-trained models on MATH and GSM8K.
Column composition therefore differs, and “Overall” is
the micro-average over all source-target pairs rather than
the mean of the three columns.

Method Training domain Overall
MATH GSM8K AceCode

Base 50.19 35.61 53.27 45.49
SFT-GT 53.57 39.46 51.80 47.83
SFT-SD 51.13 35.44 51.21 45.27
diffu-GRPO (matched) 50.89 36.45 55.49 46.62
diffu-GRPO 53.02 37.99 54.66 47.79
wd1++ (matched) 50.71 38.06 53.76 46.73
wd1++ 52.55 37.60 53.81 47.25

Pivot-SD (ours) 52.87 39.82 55.42 48.61

4.2 What Makes Pivot-SD Work?

Ablation setup. Table 2 isolates two design
choices: the denoising state used for training and
the token locations that receive credit (via cross-
entropy, CE) or blame (via unlikelihood, UL). Pos-
itive All-token applies CE to all supervised tokens
in IG-selected states from successful trajectories.
Positive Pivot applies CE only to the IG pivot from
successful trajectories. Entropy pivot replaces the
IG criterion with local uncertainty, selecting the
top-K highest-entropy committed tokens within
successful trajectories and applying CE to them.
Pos+Neg All-token applies full-state CE/UL on
IG-selected states. Random-Step Pivot applies the
same pivot-local CE/UL objective to a token de-
coded at a random denoising step. Random-Token
Pivot keeps the IG-selected state but replaces the
IG pivot with a randomly selected decoded token.
Pivot-SD (ours) applies pivot-local CE/UL to the
selected high-information pivot.

Pivot-local credit assignment matters. Table 2
ablates where the supervision is applied. Positive
All-token and Pos+Neg All-token spread the loss

over all supervised masked tokens in the selected
denoising state. In contrast, Pivot-SD applies credit
and blame only to the selected pivot token. The
gains over all-token variants show that trajectory
feedback should not be distributed uniformly over
the whole state; concentrating the update on high-
information pivot decisions is more effective.

Information-gain pivot selection matters. The
random pivot controls test whether any decoded
token can serve as a useful local update. Random-
Step Pivot chooses pivots from random denoising
steps, while Random-Token Pivot keeps the IG-
selected state but replaces the selected pivot with
a random decoded token. Pivot-SD outperforms
these controls on the overall trend, indicating that
both the denoising state and the selected pivot token
matter. Entropy pivot tests the selection criterion
itself. It underperforms Pivot-SD by a wide margin
and lands close to Positive Pivot, showing that local
uncertainty is not the signal that matters.

4.3 Compute Efficiency
Offline pivot distillation avoids online rollout
overhead. Table 3 compares the wall-clock train-
ing costs measured on a 2-GPU setup. RL-style
baselines inherently interleave generation and opti-
mization, making their online training loop substan-
tially expensive (up to 22.9 hours for diffu-GRPO
at 5,000 steps). In contrast, Pivot-SD cleanly de-
couples the pipeline into a small offline rollout col-
lection stage (2.5 hours) followed by an extremely
lightweight offline fine-tuning phase (0.3 hours).
This brings the total time to 2.8 hours, making the
method substantially cheaper than online RL-style
training under the same hardware setup.

Superior compute-performance trade-off. As
illustrated in Figure 2, this structural efficiency
does not come at the cost of performance. Pivot-SD
significantly shifts the Pareto frontier of accuracy
versus compute cost. It improves the average score
while requiring roughly 8× less wall-clock time
than the larger diffu-GRPO run. This shows that a
small offline pool of 800 verifier-labeled trajecto-
ries can provide a favorable compute-performance
trade-off compared with repeated online rollout
collection.

4.4 Backbone Generalization
Pivot-SD transfers to another diffusion back-
bone. Table 4 evaluates the same training recipe
on the Dream-v0-Instruct-7B base model (Ye et al.,
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2025). Pivot-SD improves over the Dream base
model and the SFT baselines on all four bench-
marks. This suggests that the benefit of pivot-
local credit assignment is not specific to LLaDA,
but transfers to another masked diffusion language
model.

4.5 Out-of-Domain Transfer
Table 5 reports transfer to benchmarks unseen dur-
ing training, grouped by training domain. Mod-
els trained on MATH or GSM8K are evalu-
ated on the remaining three benchmarks, while
AceCode-trained models are evaluated on MATH
and GSM8K. The Overall score is the micro-
average across all source-target pairs.

Pivot-SD transfers most consistently. Using
the same small 200-question budget, Pivot-SD
achieves the best overall average. Although not
the top method for every individual pair, it has the
best average rank across the three training domains
and never falls below third. This indicates that
pivot-local credit assignment learns transferable
denoising preferences rather than merely overfit-
ting to the source domain. The full source-target
breakdown is in Appendix G.

5 Conclusion

We introduced Pivot-SD, a data-efficient offline
self-distillation framework for masked diffusion
LMs that resolves the credit-assignment bottleneck
via step-conditioned denoising commitments. By
localizing structural bottlenecks through counter-
factual information-gain, Pivot-SD applies targeted
unlikelihood to erroneous pivots, converting failed
trajectories into precise training signals while pre-
serving valid reasoning sub-steps. Empirical results
demonstrate that Pivot-SD outperforms sample-
intensive online RL and uniform SFT baselines
using only 200 training prompts, establishing a
robust, compute-efficient paradigm for structured
reasoning post-training.

6 Limitations

While Pivot-SD demonstrates strong data effi-
ciency, several aspects of the design remain open.
Our objective includes a few hyperparameters that
are set per configuration rather than learned, and
some adjustment across domains and backbones
is expected. An adaptive rule based on step-wise
entropy collapse would let supervision follow task
complexity without this step. Our formulation also

operates within a denoising block, so extending
step-conditioned credit assignment across block
boundaries would be needed for long-context rea-
soning. Finally, our experiments span two masked
diffusion backbones at a comparable scale, and ap-
plying pivot-local supervision as dLMs grow is a
natural next step.
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A Credit-Assignment Landscape

Table 6 details the credit-assignment landscape
across a broad set of related methods, includ-
ing process reward models, the training-free Info-
Gain Sampler, and answer-aware selection (Horvitz
et al., 2025; Yang et al., 2026). This expanded
landscape highlights the joint uniqueness of Pivot-
SD. First, its unit of supervision is the realized
commitment (t, p, yp) evaluated under the partially
denoised state Mt. Second, it actively constructs
localized negative targets from failed trajectories.
As shown across the entries, no prior method com-
bines commitment-level supervision with an ex-
plicit, token-level unlikelihood target derived di-
rectly from trajectory outcomes.

B Illustration of Information-Gain Pivot
Selection

Figure 3 illustrates how Pivot-SD selects a pivot
during masked denoising. Among the positions
committed at a given step, the one whose commit-
ment most reduces the predictive entropy over the
remaining masked block is selected as the pivot
(t, p, yp), and the localized CE or UL update is
applied only there.

C Experimental Details and
Configurations

In this section, we provide detailed configurations
for our training and evaluation pipelines to ensure
reproducibility.

Hardware Infrastructure. All training, trajec-
tory generation, and evaluation pipelines across
all methods were executed on a hardware setup
consisting of two NVIDIA L40 GPUs.

Generation and Rollout Limits. For all train-
ing methodologies—including our offline trajec-
tory sampling for Pivot-SD, the success-only sam-
pling for SFT-SD, and the online rollouts for the RL
baselines (diffu-GRPO and wd1++)—we strictly
enforce a maximum generation length of 256 to-
kens. This ensures a compute-matched and con-
trolled environment during the training phase.

Optimization and Hyperparameters. All of-
fline methods (SFT-GT, SFT-SD, and Pivot-SD)
are trained for 1,000 optimizer steps with a batch
size of 8. The baseline RL methods are trained un-
der both a budget-matched setting (1,000 steps) and

an extended setting (5,000 steps) to observe conver-
gence scaling. For Pivot-SD, rather than tuning the
negative unlikelihood weight λneg, we set it from
the positive-to-negative trajectory ratio of the of-
fline pool so that the two branches contribute com-
parably. We set λneg = 1 for MATH, and λneg = 5
for GSM8K to account for an approximate 5:1 ratio
of positive to negative trajectories. Coding is the
one exception: since models are trained on Ace-
Code but evaluated on HumanEval+ and MBPP+,
the ratio-matched value risks over-suppression un-
der distribution shift, so we lower the penalty to
λneg = 0.02 along a log scale on a held-out split
of roughly 100 examples.

Evaluation Protocol and Decoding Strategy.
During the evaluation phase on MATH500,
GSM8K, HumanEval+, and MBPP+, we evaluate
the models under two different maximum genera-
tion length constraints: 256 tokens and 512 tokens.
The 256-token evaluation tests the models’ per-
formance under the exact same constraints seen
during training, while the 512-token evaluation as-
sesses length generalization and the models’ ability
to sustain reasoning over longer contexts without
suffering from degradation. We evaluate and re-
port the performance at intermediate checkpoints
of 500 and 1,000 optimization steps. To guarantee
fully deterministic and reproducible evaluation re-
sults, all evaluations using the LLaDA-8B-Instruct
backbone employ top-1 confidence decoding with
a temperature of 0.

D Multi-Seed Evaluation Protocol

Scope. We repeat every method trained under our
controlled budget (200 questions, 1,000 optimizer
steps) three times and report means in the main
tables. The base model is not trained and is eval-
uated with deterministic decoding (temperature 0,
top-1), so seed variance is undefined for it. The
extended-budget RL baselines are too slow to re-
peat three times and are reported as single runs.
The 512-token columns are likewise single runs,
since they measure length transfer rather than the
training-matched setting.

What is re-randomized. Each run independently
re-samples (i) the 200-question training set, (ii)
the trajectory pool, re-generated from the frozen
base model at temperature 0.9, and (iii) the training
seed. The runs are therefore not seed replicates
of a fixed dataset: they resample the entire offline
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Method Local unit Localization signal Training
regime

Localized Failure
Target

STaR / rejection
SD (Zelikman et al.,
2022)

Full successful rationale Final correctness Offline SFT No; failed trace fil-
tered or retried

Process supervision
(PRMs) (Lightman
et al., 2024; Wang
et al., 2024)

Textual reasoning step Human or separately con-
structed process label

PRM / SFT / RL Possible, but re-
quires process-label
construction

GIFT (Xu et al.,
2025)

Final-response token po-
sition

Local predictive entropy Offline weighted
SFT

No

Denoising Process
Reward / ATPO (Xie
et al., 2026; Chen
et al., 2025)

Denoising interval or
step

Outcome-progress reward or
trajectory uncertainty

Online RL No explicit token-
level UL target

DiSPO (Oba et al.,
2026)

State-conditioned mask
filling / newly filled to-
kens

Branched terminal rewards Policy optimiza-
tion

No cached realized-
pivot UL target

Info-Gain Sampler /
KLASS (Yang et al.,
2026; Kim et al.,
2025)

Candidate inference ac-
tion

Effect on future-mask uncer-
tainty

Inference only N/A

Horvitz et al.
(Horvitz et al.,
2025)

Answer block / reason-
ing trace

Answer entropy or gold-
answer probability

Inference / trace
self-distillation

No localized failed-
pivot UL

Pivot-SD (ours) Realized commitment
(t, p, yp) under Mt

Counterfactual entropy re-
duction over other masks

Cached offline
CE / UL

Yes

Table 6: Credit-assignment landscape. Across the closest prior work, Pivot-SD is the only method whose
supervised unit is the realized denoising commitment (t, p, yp) and that constructs a localized negative target from
failed trajectories.

pipeline that produces Dpivot. Because evaluation is
deterministic, all reported variance originates from
training, none from decoding.

Reading the standard deviations. Evaluation-
set size alone induces substantial spread on the
code benchmarks: HumanEval+ contains only 164
problems, giving a binomial standard error of about
3.8 points. The larger standard deviations there are
consistent with this floor and are not specific to any
method.

Separation between methods. On MATH,
GSM8K, and HumanEval+, the intervals spanned
by Pivot-SD and by the strongest competing
method do not overlap at one standard deviation.
On MBPP+ they do: Pivot-SD attains the higher
mean (47.12± 1.20 against 46.32± 0.45 for SFT-
GT), but the two are not separated at this sample
size, and we do not claim an improvement there.
Table 8 also shows that the random-selection con-
trols are unstable in a way the single-run numbers
concealed: Random-Step Pivot has a standard de-
viation of 3.13 on MATH, where its mean falls
below the untrained base model, and 5.51 on Hu-

manEval+. Random commitments occasionally
land on useful tokens, but they do not constitute a
dependable supervision signal.

E Training Budget Sweep

Our main experiments fix the training budget at
q = 200 questions. To verify that the compar-
ison is not specific to that choice, we vary q ∈
{50, 200, 400, 2000} and retrain every method un-
der the same protocol in Table 9.

The advantage holds at the largest budget.
diffu-GRPO and wd1++ regenerate rollouts online
at every optimizer step, so the largest budget is
where online exploration should pay off most. At
q2000, Pivot-SD is nonetheless best on all four
benchmarks while training offline, and the gap
widens further at the largest budget since the RL
baselines there use five times the optimizer steps
and ten times the data.

Small budgets already beat large ones. With
only 200 questions, Pivot-SD matches or exceeds
every baseline at any budget on GSM8K and Hu-
manEval+, including baselines trained on ten times
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Figure 3: Information-gain pivot selection. Schematic of how a candidate commitment is scored. The red dashed
box marks the selected pivot, whose commitment maximally reduces the predictive entropy over the remaining
masked block; the localized loss is applied only at that position.

Table 7: Main comparison with per-run standard deviations. Mean ± standard deviation over three fully
re-randomized runs, 256-token evaluation. Rows correspond to the ‡-marked entries of Table 1; RL baselines are
the budget-matched variants.

Method MATH GSM8K HumanEval+ MBPP+

SFT-GT 35.47 ±0.23 76.94 ±1.05 33.94 ±2.32 46.32 ±0.45
SFT-SD 31.73 ±0.58 73.90 ±0.89 35.78 ±1.54 45.92 ±1.46
diffu-GRPO 33.47 ±1.03 76.04 ±0.80 32.52 ±1.27 43.39 ±0.27
wd1++ 33.27 ±0.50 76.93 ±0.59 33.54 ±2.80 43.12 ±0.27

Pivot-SD (ours) 37.47 ±1.21 79.51 ±1.30 40.43 ±2.75 47.12 ±1.20

the data. The gain is therefore not an artifact of the
budget we selected for the main experiments.

Exceptions. Baselines lead by at most 1.7 points,
and only at the smallest budgets (q50 on GSM8K;
q50 and q200 on MBPP+). The one larger gap
is a non-monotone wd1++ spike at MATH q400
(39.2, against its own 35.4 at q2000 and 33.27 in
the multi-seed comparison of Table 7), which is
consistent with the instability of online RL in this
regime.

F Pivot Budget K

The pivot budget K is the only quantity in Pivot-
SD that controls how much of a trajectory re-
ceives supervision. We fixed K = 10 a priori
rather than tuning it, and report here the sweep
K ∈ {5, 10, 20, 40, 80} for Pivot-SD and for the
two random-selection controls, all trained on the
same trajectory pool. The results are shown in
Table 10.

K = 10 sits inside a flat plateau. Pivot-SD is
best or tied at every K ∈ {5, 10, 20} on all four
benchmarks, so the value we fixed in advance falls
well inside the stable range rather than at a tuned
optimum.

Large K degrades by design. Performance
drops from K = 40 on MATH and on both code
benchmarks. A large K admits low-information
commitments into the pivot set and applies unlike-
lihood at positions that did not shape the trajectory,
so the update is no longer selective. This is the
same mechanism our main claim rests on, seen
from the other side, and we make no claims outside
the range K = 5 to 20.

Sparsity alone does not explain the gain.
Random-Step Pivot supervises exactly as few po-
sitions as Pivot-SD but collapses on MATH across
the operating range (17.6 to 26.6, against 37.8 to
38.6 for Pivot-SD). Which sparse subset is selected
is what matters, not that the subset is sparse.

G Out-of-Domain Generalization

To understand the robustness of our learned repre-
sentations, we evaluate the Out-of-Domain (OOD)
generalization of models trained on a single do-
main and tested on unseen domains. The results
are summarized in Table 11.

As shown in the table, Pivot-SD maintains highly
competitive performance across unseen domains.
By avoiding the destruction of locally valid rep-
resentations during negative updates, our surgical
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Table 8: Ablation with per-run standard deviations. Mean ± standard deviation over three fully re-randomized
runs, 256-token evaluation.

Method MATH GSM8K HumanEval+ MBPP+

Pos+Neg All-token 35.00 ±1.25 74.44 ±0.70 36.80 ±0.35 44.54 ±2.37
Random-Step Pivot 29.93 ±3.13 76.51 ±0.74 39.00 ±5.51 44.80 ±0.85
Random-Token Pivot 34.87 ±1.94 76.47 ±1.68 34.78 ±1.07 45.24 ±0.70
Entropy pivot 32.27 ±1.10 74.75 ±0.82 35.57 ±1.76 44.80 ±1.10

Pivot-SD (ours) 37.47 ±1.21 79.51 ±1.30 40.43 ±2.75 47.12 ±1.20

Table 9: Accuracy across training budgets (256-token evaluation). Column headers give the number of training
questions q. Step budgets are fixed within each group (q = 50/200: 1,000 steps; q = 400: 2,000; q = 2000:
5,000), matching the extended RL baselines. All entries are single-run evaluations under the stated budget; the
corresponding multi-seed means (for q = 200) are reported in Table 7.

MATH GSM8K HumanEval+ MBPP+

Method 50 200 400 2000 50 200 400 2000 50 200 400 2000 50 200 400 2000

SFT-GT 36.0 35.6 34.2 35.0 76.7 75.8 77.9 75.1 32.9 32.9 32.9 33.5 46.6 46.6 45.8 46.8
SFT-SD 31.6 31.4 33.0 31.6 72.4 74.9 72.7 73.2 37.8 35.4 37.2 37.8 45.5 45.8 44.7 45.5
diffu-GRPO 34.0 34.6 34.6 35.2 76.4 75.7 76.4 77.6 31.7 31.1 32.9 34.2 42.3 43.7 43.9 42.6
wd1++ 32.4 33.8 39.2 35.4 75.9 77.1 79.0 76.7 32.3 32.9 31.1 34.2 44.7 43.1 45.8 45.0

Pivot-SD (ours) 36.2 38.6 36.0 37.2 75.0 79.5 80.1 78.9 42.1 40.9 40.2 38.4 46.0 46.0 46.6 47.1

credit assignment prevents catastrophic forgetting
of domain-agnostic syntax and structural knowl-
edge.

H Addressing Reward Sparsity in
Low-Data RL: The wd1++ Bootstrap
Analysis

A critical challenge when applying online reinforce-
ment learning (RL) to discrete diffusion models
in low-data regimes is reward sparsity. During
our experiments with the wd1++ baseline on the
200-prompt AceCode subset (s200), we observed
a pathological training collapse.

Because AceCode is a highly challenging do-
main, the base model frequently failed to pass any
unit tests across all generated samples within a
batch. Consequently, the group reward was entirely
zero, rendering the advantage uniformly zero. Un-
der the wd1++ dual-objective formulation (which
combines positive weighted likelihood and negative
weighted unlikelihood), a zero-advantage batch
causes the softmax weights to become uniform,
perfectly canceling out the positive and negative
gradients. As a result, the model experiences a
complete gradient collapse, evidenced by identical
checkpoint hashes and completely stagnant evalua-
tion metrics between step 500 and 1000 (see “w/o
bootstrap” in Table 12).

To ensure a rigorous and fair baseline compar-
ison—and to verify that our proposed Pivot-SD’s

sample efficiency is not merely an artifact of a bro-
ken RL baseline—we implemented a Bootstrap
Reward shaping strategy for the s200 wd1++ runs.
Specifically, if the unit test pass rate was zero,
we injected a small dense structural reward (up
to +0.05) if the generated code met basic syn-
tactic requirements (e.g., proper def initialization,
valid return statements, and general syntax com-
pliance).

As shown in Table 12, injecting the bootstrap
reward successfully revived the learning process.
The model broke out of the flatline, achieving no-
table performance gains by step 1000, most promi-
nently a +3.97 point improvement on MBPP+ (256
length) and consistent gains in the 512-length eval-
uations.

We confirmed that online RL baselines like
wd1++ are inherently fragile in low-data, sparse-
reward environments and require aggressive reward
shaping to function. Even after we explicitly res-
cue the baseline with structural dense rewards, its
peak performance does not surpass Pivot-SD. On
MBPP+, the shaped baseline reaches 47.09, which
is statistically indistinguishable from Pivot-SD’s
47.12± 1.20; consistent with Appendix D, we do
not claim an improvement on this benchmark. On
the remaining benchmarks the gap is clear: Pivot-
SD leads on HumanEval+ (40.43 vs. 33.54), as
well as on MATH and GSM8K, all without any
such reward engineering. Taken together, these re-
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Table 10: Effect of the pivot budget K (q = 200, 256-token evaluation). K is the number of pivots supervised per
trajectory. Random-Step and Random-Token are the two random-selection controls of Table 2. We use K = 10
and scope our claims to K ∈ {5, 20}; K = 40 and 80 are reported to show the failure mode. Entries are single-run
evaluations on a shared trajectory pool; the multi-seed mean for K = 10 is reported in Table 7.

MATH GSM8K HumanEval+ MBPP+

K
Random

Step
Random
Token Ours

Random
Step

Random
Token Ours

Random
Step

Random
Token Ours

Random
Step

Random
Token Ours

5 22.8 34.2 37.8 74.3 75.1 79.6 39.0 34.8 39.0 42.6 44.2 45.0
10 26.6 33.2 38.6 76.9 75.7 79.5 35.4 37.8 40.9 46.0 45.8 46.0
20 17.6 36.4 38.2 73.8 76.0 76.8 39.6 37.2 41.5 41.5 45.5 45.5
40 22.0 34.6 22.8 73.0 77.0 79.5 39.0 43.3 39.6 41.0 44.4 39.7
80 20.4 33.0 17.6 69.8 77.6 76.7 37.2 42.7 30.5 34.7 41.8 37.6

Table 11: Out-of-Domain (OOD) generalization results. Models are trained on one domain and evaluated on
others. “budget-matched” denotes models trained with the 1,000-step budget configuration matching Pivot-SD.

Method MATH Trained GSM8K Trained AceCode Trained

GSM8K HumanEval+ MBPP+ Avg. MATH HumanEval+ MBPP+ Avg. MATH GSM8K Avg.

SFT-GT 76.35 37.80 46.56 53.57 35.40 37.20 45.77 39.46 30.20 73.39 51.80
SFT-SD 75.74 32.93 44.71 51.13 30.60 30.49 45.24 35.44 29.40 73.01 51.21
diffu-GRPO (budget-matched) 75.21 33.54 43.92 50.89 33.80 31.10 44.44 36.45 34.40 76.57 55.49
diffu-GRPO 76.35 37.20 45.50 53.02 35.80 32.93 45.24 37.99 33.80 75.51 54.66
wd1++ (budget-matched) 76.42 32.32 43.39 50.71 35.00 36.59 42.59 38.06 32.60 74.91 53.76
wd1++ 78.09 35.37 44.18 52.55 35.60 33.54 43.65 37.60 32.40 75.21 53.81

Pivot-SD (ours) 78.09 36.59 43.92 52.87 36.60 38.41 44.44 39.82 34.80 76.04 55.42

Ablation Variants (Budget-matched)

Positive Pivot 73.46 33.54 41.27 49.42 31.40 36.59 41.01 36.33 30.80 73.92 52.36
Positive All-token 75.36 34.76 42.86 50.99 29.60 36.59 43.92 36.70 32.60 73.77 53.19
Pos+Neg All-token 75.44 38.41 43.39 52.41 33.00 34.76 44.44 37.40 33.60 75.44 54.52
Random-Token Pivot 77.10 36.59 46.03 53.24 31.80 37.80 45.77 38.46 34.60 74.07 54.34
Random-Step Pivot 75.06 32.93 37.57 48.52 33.40 29.27 41.27 34.65 35.00 76.42 55.71

sults indicate that Pivot-SD matches or exceeds a
reward-shaped RL baseline while relying on a sim-
pler offline signal, supporting the view that high-
impact pivot selection provides a robust learning
signal without online reward engineering.

I Artifact Licenses and Intended Use

In our experiments, we utilize publicly available
mathematical and code generation benchmarks, in-
cluding GSM8K (MIT License), MATH (MIT Li-
cense), HumanEval (MIT License), and MBPP
(CC-BY-4.0). We also utilize the pre-trained
masked diffusion language model, LLaDA, which
is distributed under the Llama 3 Community Li-
cense.

Our use of these artifacts strictly aligns with their
intended use cases as standard structural reasoning
and evaluation benchmarks for language modeling
research. These datasets do not contain person-
ally identifying information or offensive content.
Furthermore, the trajectories and evaluation scripts
generated during the development of Pivot-SD will
be open-sourced under the MIT License to facili-
tate reproducibility and future research in masked

diffusion language models.

J Potential Risks

While Pivot-SD significantly improves the compute
efficiency and reasoning capabilities of masked dif-
fusion language models, it carries certain potential
risks that merit consideration:

• Bias and Hallucination Amplification: As an
offline self-distillation framework, Pivot-SD re-
lies on trajectories generated by the frozen base
model. Although our method filters for success-
ful outcomes, it may still inherit and potentially
amplify subtle biases or hallucinations deeply
ingrained in the base model’s pre-trained repre-
sentations.

• Dependence on Automated Verifiers: Our tra-
jectory labeling currently relies on exact-match
checking for mathematics and unit-test execution
for code. Applying this framework to open-ended
generation tasks without clear objective verifiers
may lead to reward hacking or optimization to-
ward superficial proxies of quality.
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Math Code (256) Code (512)

Variant MATH GSM MBPP+ HE+ MBPP+ HE+

w/o bootstrap
Step 500 32.60 74.91 43.12 32.93 45.50 40.24
Step 1000 - - 43.12 32.93 - -

w/ bootstrap
Step 500 33.20 74.53 44.71 31.10 46.56 39.63
Step 1000 31.20 74.45 47.09 33.54 46.03 40.85

Table 12: Effect of Bootstrap Reward on wd1++
trained on 200 AceCode prompts. GSM and HE+
denote GSM8K and HumanEval+, respectively. With-
out bootstrap, the model completely stagnates between
step 500 and 1000 due to zero-advantage gradient can-
cellation. With the bootstrap reward, training resumes
on code, yielding a +3.97 improvement on MBPP+ at
step 1000, though MATH does not benefit. The wd1++
figures in the main tables (Tables 1 and 7) are the stan-
dard runs without bootstrap shaping; the 47.09 reported
here is the single-run peak obtained after bootstrap shap-
ing and is shown separately because it is not part of the
controlled multi-seed protocol.

K Broader Impacts

The development of Pivot-SD offers practical ben-
efits for the computational efficiency and accessi-
bility of reasoning research in language models.
Standard post-training methods, particularly online
reinforcement learning (RL), are highly compute-
intensive and require extensive hardware resources.
By demonstrating that step-conditioned pivot su-
pervision can extract dense learning signals from a
minimal data budget (e.g., 200 prompts), Pivot-SD
significantly reduces the computational overhead
required to improve reasoning capabilities. In our
empirical setting, this yielded an approximate 8x
reduction in compute time compared to conven-
tional RL baselines. This efficiency supports the
principles of Green AI and lowers the barrier to
entry, enabling researchers in resource-constrained
academic institutions to conduct experiments on
diffusion language model alignment and reasoning.

Additionally, the localized credit assignment
mechanism presents useful properties for model
alignment and safety. Standard rejection fine-
tuning or full-sequence unlikelihood training risks
over-correcting the model by suppressing locally
valid syntactic fragments alongside undesirable be-
havior. Pivot-SD’s localized unlikelihood objec-
tive suggests a path for isolating and suppressing
only the specific denoising commitments that lead
to logical failures or policy violations, preserving
the model’s general capabilities. While enhancing

reasoning and code synthesis naturally carries dual-
use risks—such as the potential generation of ma-
licious code or sophisticated misinformation—the
offline, verifier-dependent nature of Pivot-SD is
compatible with existing safety guardrails. Its sam-
ple efficiency also facilitates the rapid, low-cost
deployment of defensive alignment updates to miti-
gate such downstream risks.
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