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ABSTRACT

Diffusion language models are a promising and more efficient alternative to au-
toregressive models. However, most RL post-training techniques are not easily
adapted to these models. One issue is that diffusion language models generate
answers through many intermediate states, deciding at each step which masked
positions to reveal and which tokens to place in them. Many existing RL methods
used in this setting approximate intractable sequence likelihoods or weight every
denoising step by the same advantage, without explicitly distinguishing how these
intermediate states of the denoising trajectory affect the expected reward. To ad-
dress this issue of trajectory blindness, we introduce PACT (Potential-Anchored
Consistency of Transitions). Motivated by a reward-tilted reference distribution,
PACT jointly learns the policy and a scalar potential that scores each intermedi-
ate state, anchored by terminal reward. For each sampled denoising transition, a
consistency loss matches the policy-to-reference log-probability ratio of revealed
tokens to the change in this potential. This formulation requires neither sequence-
likelihood estimation nor importance-ratio clipping. On four tasks, PACT improves
LLaDA-8B-Instruct by +9.9 points on GSM8K, +12.0 on MATH500, +55.7 on
Countdown, and +72.6 on Sudoku, and reaches the best average accuracy across
the four tasks reported for this model, +3.7 points over the next best method.
Further compared to AGRPO, it reaches that baseline’s best accuracy in about half
the training compute on GSM8K.

1 INTRODUCTION

Diffusion large language models (DLLMs) offer a promising alternative to autoregressive (AR) token
generation by predicting multiple tokens in parallel (Nie et al., 2025; Ye et al., 2025; Labs et al.,
2025; Sahoo et al., 2024; Singh et al., 2026b). This flexibility can reduce generation latency, which is
particularly useful for tasks with long reasoning horizons (Ye et al., 2024; Svete & Sabharwal, 2026;
Song et al., 2026; Singh et al., 2026a). In this regard, reinforcement learning (RL) has substantially
improved reasoning in AR language models (Shao et al., 2024; DeepSeek-AI et al., 2025), motivating
efforts to bring similar gains to DLLMs. However, adapting these RL post-training methods to
diffusion generation remains challenging.

One of the challenges is evaluating the probability of a generated response. Unlike AR models, which
factorize this probability along a fixed left-to-right order, DLLMs require marginalizing over many
unmasking paths. This makes computing the exact sequence likelihoods intractable. Likelihood-based
RL methods address this challenge through sequence-likelihood approximations (Zhao et al., 2025;
Tang et al., 2025; Wang et al., 2025a; Yu et al., 2026) or formulations based on individual denoising
transitions (Zhan, 2025; Huang et al., 2025; Raajesh et al., 2026). However, such methods that
share a completion-level advantage apply the same weight across denoising steps, without explicitly
estimating how each transition changes expected reward.

A second family of methods uses distribution matching to fit a reward-tilted target distribution,
formed by reweighting the reference distribution toward higher-reward responses. Some methods
constrain completed responses (Ahmadi et al., 2026), while others match denoising predictions on
states constructed through masking or interpolation (Zhu et al., 2025b; Chen et al., 2026). These
approaches do not explicitly connect each transition along the sampler’s own path to the change in
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Figure 1: PACT has the best average accuracy across the four benchmarks. Accuracy on LLaDA-8B-Instruct
at generation length 256, for three likelihood-based and three likelihood-free methods against PACT. PACT
holds the highest GSM8K, MATH500 and Sudoku accuracy, on MATH500 and Sudoku by about one standard
error; on Countdown, DTM stays ahead. The last panel is the average over the four benchmarks. Full details are
mentioned in Table 1.

value between its intermediate states. This leaves a question: Can the value of an unfinished answer
guide how it is completed?

We introduce PACT (Potential-Anchored Consistency of Transitions) to address this trajectory
blindness: the absence of an explicit link between individual denoising transitions and changes
in the potential of intermediate states. PACT jointly learns the policy and a scalar potential for
each partial response, which scores how much reward the reference model is expected to reach
when it completes that response. Terminal rewards anchor these scores. Along sampled denoising
paths, a local consistency objective matches the policy-to-reference log-probability ratio of revealed
tokens to the change in log potential between the two intermediate states of the transition. This
constraint is motivated by the Doob h-transform (Nisonoff et al., 2024; Bu et al., 2026), which
reweights reference transitions by the ratio of their successor and current-state potentials. PACT
requires neither sequence-likelihood estimation nor importance-ratio clipping. We evaluate PACT
on four tasks: GSM8K (Cobbe et al., 2021), MATH500 (Hendrycks et al., 2021; Lightman et al.,
2023), Countdown (Pan et al., 2025), and Sudoku (Wang et al., 2025b). PACT improves over the
base LLaDA-8B-Instruct on all four benchmarks and has the best average accuracy among DLLM
post-training methods.

Our contributions are summarized below.

• We identify that the reward of a completed answer can hide inconsistencies between the denoising
steps that produced it, as transitions that raise and transitions that lower the expected reward of
the intermediate states can cancel. Training each transition on its own change in expected reward,
rather than the answer as a whole, is what sustains learning (Section 5.1).

• To this end, we introduce PACT, which learns reward-anchored potential for each intermediate
state and uses changes in this potential to train individual denoising transitions. This provides
local training targets without sequence-likelihood estimation.

• SOTA on average across four reasoning tasks. On LLaDA-8B-Instruct, PACT achieves the best
average accuracy among DLLM post-training methods across the four benchmarks, +3.7 points
over the next best method at length 256, and improves over the base model by +9.9 to +72.6
points. It also matches AGRPO’s best GSM8K accuracy in about half the training compute.

2 RELATED WORK

Likelihood-based reward maximization. Sequence-likelihood surrogates make policy optimization
tractable for DLLMs, as in d1, wd1, SPG, and RSPO (Zhao et al., 2025; Tang et al., 2025; Wang
et al., 2025a; Yu et al., 2026). Trajectory-based methods instead use denoising action probabilities:
AGRPO samples transitions to estimate its objective, while LLaDOU and MAPG also optimize
position selection (Zhan, 2025; Huang et al., 2025; Raajesh et al., 2026). These methods already
learn from intermediate decisions. PACT adds an explicit constraint linking each sampled transition
to a change in learned potential for intermediate states. wd1++, an extension in the revised wd1
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paper, also scores the model’s predicted completions at intermediate denoising steps with the group
advantage (Tang et al., 2025), but does not learn how the potential changes between successive states.

Likelihood-free distribution matching. Distribution matching offers another route to reward-guided
post-training. DMPO uses reward-weighted denoising losses, while DTM matches tilted unmasking
posteriors on constructed intermediate states (Zhu et al., 2025b; Chen et al., 2026). Other likelihood-
free approaches match transition rates to discrete-adjoint estimates or distill a reward-guided denoiser
(So et al., 2026; Tang et al., 2026). These methods already incorporate reward information into local
predictions. PACT instead learns a scalar potential alongside the policy and constrains its change
across recorded denoising transitions. This provides a direct relation between the policy’s preference
for a sampled transition and its predicted improvement in the partial response.

Flow balance, relative to a reference. PACT’s per-transition condition follows from the Doob
h-transform of the reference sampler (Section 3). The same condition can also be interpreted
in the flow-balance framework. GFlowNets learn to sample from a target distribution through
balance constraints, imposed either across individual transitions (detailed balance) or over complete
trajectories (trajectory balance) (Bengio et al., 2021; Malkin et al., 2022). TraFL, FlowRL and
GFlowRL use trajectory-balance objectives for language-model post-training with reward-tilted
targets (Ahmadi et al., 2026; Zhu et al., 2025a; Liu et al., 2026). Related methods learn from
intermediate states: ∇-GFN uses reward gradients to fine-tune diffusion models through local balance
constraints relative to a pretrained reference (Liu et al., 2025), while DDPP matches denoising
posteriors, with a variant that learns a state-dependent normalizer (Rector-Brooks et al., 2024). In
this flow-balance view, PACT builds on these ideas through a reference-relative detailed-balance
condition: each sampled transition’s policy-to-reference probability ratio must equal the ratio of its
successor and current-state potentials, which PACT learns from terminal rewards and from local
consistency along the sampled denoising trajectory. At the residual’s fixed point the potential of the
fully masked state equals logZq, so no separate normalizer network is fitted. The same condition
appears in KL-regularized RL as one-step path consistency (Nachum et al., 2017; 2018), with the
value V = β log h in place of the potential, and relative trajectory balance reduces to it as well (Deleu
et al., 2025). What PACT adds is a reward-anchored potential in place of a fitted value or normalizer,
applied to a DLLM’s own sampled transitions.

3 METHOD: POTENTIAL-ANCHORED CONSISTENCY

Denoising trajectories. Given a prompt q, a DLLM generates a response along a trajectory τ =
(xT , . . . , x0), from a masked answer window xT to the completed response x0 = y. A step commits
a subset St of the still-masked slots and writes a token into each; conditioned on that choice, the
committed tokens are independent, so the transition is

Pθ(xt−1 | xt, St) =
∏
i∈St

πθ(ai | xt, i), (1)

where πθ(· | xt, i) is the model’s token distribution at slot i, read from the step’s single forward pass,
and ai the token committed there. The sequence marginal pθ(y | q) =

∑
τ→y pθ(τ | q), by contrast,

sums over every commitment order and is intractable. PACT utilizes local token probabilities as given
in Equation (1) and not the marginal. Which slots form St is drawn from the policy’s own confidences
cθ(xt, i) = maxa log πθ(a | xt, i), one slot at a time without replacement, at a temperature τo;
τo → 0 recovers confidence decoding, and τo > 0 lets the sampler explore orders it would otherwise
never try. A full transition is the order draw followed by the token draw of Equation (1); the policy
learns the order only implicitly, through its confidences, and the loss does not train it (Section 5.1).

Post-training as a reward-tilted target. Let r(y) ∈ [0, 1] be a verifiable terminal reward on the
finished text, and let pref be a frozen reference, the base model with adapters disabled, whose
transitions draw the order the same way from its own confidences and the tokens from Equation (1).
Over unrestricted trajectory distributions supported by the reference, the objective maxp Ep[r] −
βKL(p∥pref) has optimum (Levine, 2018)

p⋆(τ | q) =
1

Zq
pref(τ | q) e r(y)/β , Zq =

∑
τ pref(τ | q) e r(y)/β . (2)
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Figure 2: Overview of PACT training. (a) PACT scores a few transitions of each sampled path; every state has
a potential f = log h, equal to r/β at the answer and 0 after a failed one. (b) A small potential head predicts
f from the DLLM’s hidden state, pulled up by correct rollouts and down by failed ones. (c) On each scored step,
PACT minimizes δ2

t = (ut − gt)
2, where ut is the revealed tokens’ log-ratio to the frozen reference and gt

the gain in log potential (Equation (5)). Numbers are illustrative.

Smaller β favors high-reward responses more strongly. Marginalizing over trajectories recovers the
reward-tilted response distribution discussed in Section 1, while preserving the reference distribution
over paths conditional on the completed response.

PACT objective: From terminal rewards to local consistency. Let the potential of a state be
defined as,

h(x) = Epref

[
e r(y)/β

∣∣x ]. (3)

It measures the expected exponential reward of completing the partial response with the reference
model. At the endpoints, h(x0) = er(y)/β and h(xT ) = Zq. Since denoising is a Markov process,
the reward tilt reweights each reference transition by the successor-to-current potential ratio, giving
the Doob h-transform (Nisonoff et al., 2024; Bu et al., 2026):

P ⋆(x′ | x) = Pref(x
′ | x) h(x

′)

h(x)
, i.e. log

P ⋆(x′ | x)
Pref(x′ | x)

= log
h(x′)

h(x)
. (4)

Thus, the ideal policy changes each reference transition’s probability according to the potential gained
by that transition. This identity motivates PACT’s local consistency objective.

PACT enforces Equation (4) on the transitions the sampler took, learning the policy θ and a potential
head fϕ(x) = log hϕ(x) that reads the policy’s pooled hidden state; the reward enters only through
the head, as the boundary anchor fϕ(x0) := r(y)/β and as the target of the calibration term below.
Over trajectories τ ∼ πθ(· | q) it minimizes the loss L(θ, ϕ)

L = Eτ∼πθ
Et∼τ

[(∑
i∈St

log
πθ(ai | xt, i)

πref(ai | xt, i)
− fϕ(xt−1) + fϕ(xt)

)2

︸ ︷︷ ︸
consistency residual δ2t=(ut−gt)2

+
∑
x∈Xt

(
fϕ(x)− r(y)

β

)2
︸ ︷︷ ︸

reward anchors

]
.

(5)
The consistency term (ut − gt)

2 links the revealed-token log-ratio to the change in log potential.
The reward anchors, over the transition’s two states Xt = {xt, xt−1}, tie intermediate scores to the
observed terminal reward and vanish at the terminal state by construction. We use the scaled reward
r(y)/β as a practical regression target because estimating the ideal potential directly would require
additional reference-model completions from each state or importance weighting, while exponential
reward targets can amplify variance at small β. This choice makes the anchor a practical value target
rather than an unbiased estimator of the ideal log potential. Specifically, under the rollout distribution
proll, Jensen’s inequality gives Eproll

[r(Y )/β | x] ≤ logEproll
[er(Y )/β | x]; the anchor alone targets

the left-hand side, whereas the ideal log potential would have used the reference distribution. At the
anchors’ optimum fϕ is a Monte-Carlo estimate of the rollout policy’s expected scaled reward, a
value function, and the residual asks each step’s token log-ratio to match the increment of that value:
a one-step path-consistency condition of KL-regularized RL (Nachum et al., 2017; 2018); with the
order term scored, the residual alone has the h-transform of Equation (4) as its fixed point, and the
anchors move the minimizer toward the value fit. Combined with local consistency, this objective
requires neither sequence-likelihood estimation nor policy importance-ratio clipping, and still yields
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Algorithm 1 PACT training

Require: policy πθ, potential head fϕ = log hϕ, reward r, prompts D; tilt β, rollouts per prompt N ,
transitions scored per rollout K, training steps M

Ensure: trained policy πθ and potential head fϕ
1: πref ← πθ with adapters disabled
2: for step = 1 to M do
3: sample prompt batch Db ∼ D; L ← 0
4: for all q ∈ Db and n = 1, . . . , N do
5: sample τ = (xT → · · · → x0) from πθ on q; fϕ(x0) := r(y)/β ▷ boundary anchor
6: for t ∈ TK , K steps stratified up to the last answer token do
7: ut ←

∑
i∈St

[
log πθ − log πref

]
(ai | xt, i) ▷ log-ratio of the step

8: gt ← fϕ(xt−1)− fϕ(xt) ▷ potential gained by the step
9: δt ← ut − gt ▷ consistency residual

10: Lsum ← Lsum + δ 2
t +

∑
x∈{xt, xt−1}

(
fϕ(x)− r(y)/β

)2
▷ reward anchor

11: end for
12: end for
13: L̂ ← Lsum

|Db|NK

14: Take an optimizer step minimizing L̂ with respect to (θ, ϕ) ▷ Equation (5)
15: end for

a consistency gradient, if a small one, on prompts whose completions all receive the same reward,
where a group-relative advantage is exactly zero.

Implementation. We learn the potential with a potential head, a two-layer MLP that maps the
mean-pooled final hidden state of the answer window to fϕ(x) (Figure 2(b)). The head reads the
representation the policy already computes, so fϕ(xt) comes from the same forward pass as πθ(· | xt),
and the successor score fϕ(xt−1) needs one more. The expectation over transitions is estimated with
K transitions per trajectory, stratified across its steps (Algorithm 1). Gradients flow through the head
into the policy adapters. The reward anchors regress both scores toward the rollout’s scaled reward
r(y)/β (Algorithm 1, line 10), while the consistency residual brings ut and gt into agreement. At
zero residual, the revealed-token probability ratio equals hϕ(xt−1)/hϕ(xt). In Figure 2(c) the gain
in log potential exceeds the token log-ratio, so δt < 0: the residual pushes ut up and gt down, with
the actual update also shaped by the anchors and the shared parameters. The head is used only in
training; decoding uses the policy alone. Rollout and optimizer settings appear in Appendix A.

Relation to trajectory balance. Summing the residuals of every step of a trajectory, scored with the
full kernel, order and tokens, cancels the intermediate potentials:∑

t

δt = log
pθ(τ | q)
pref(τ | q)

− r(y)

β
+ log hϕ(xT ). (6)

This is the relative trajectory-balance residual (Venkatraman et al., 2024) with log hϕ(xT ) in place of
logZq , and at the fixed point of the residual hϕ(xT ) = Zq . A whole-path residual can be small even
when local inconsistencies are large, because errors across transitions can cancel. PACT penalizes
each sampled residual separately, directly constraining how a transition’s log-ratio relates to its
change in potential. TraFL (Ahmadi et al., 2026) instead uses masked-reconstruction likelihood
surrogates for completed responses and learns a prompt-dependent normalizer. PACT avoids this
sequence-likelihood approximation by scoring revealed tokens on recorded transitions, while the
same potential head supplies both intermediate scores and the initial normalizer. PACT outperforms
TraFL in our comparison under shared rollout settings (Appendix B).

4 EXPERIMENTS

4.1 TRAINING DETAILS

We apply PACT on LLaDA-8B-Instruct (Nie et al., 2025) with no supervised fine-tuning stage. We
use LoRA adapters with r = 128 where each run sees 900 rollout batches of 128 completions, 16
prompts with 8 rollouts apiece according to AGRPO’s released schedule (Zhan, 2025). PACT trains
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Figure 3: PACT’s rollout reward leads AGRPO’s on all four tasks throughout training. Mean rollout reward
against training step, for all four tasks against AGRPO trained on the same rollout budget, rescaled to [0, 1]. The
faint trace is the per-step value as logged, the solid line a 25-step moving average, the band ±1 rolling standard
deviation over the same window. On every task PACT’s moving average lies above AGRPO’s for the whole run;
the gap is widest on Sudoku, where PACT reaches 0.90 by step 291 while AGRPO stands at 0.39 at that step
and reaches 0.84 only at step 900.

at the geometry it is evaluated at, generation length 256 in semi-autoregressive blocks of 32 over
128 denoising steps, rolling out under stochastic-confidence order at temperature τo = 0.2 with the
reference tilt set to β = 0.1. The potential head hϕ is a two-layer MLP of hidden width 256 read
from the mean-pooled final hidden state of the answer window, zero-initialized and given its own
learning rate and gradient clip so its gradients never draw on the policy’s clip budget. The policy
learning rate is 2× 10−5 on GSM8K and 5× 10−6 on the other tasks, and complete hyperparameters
are in Appendix A.

4.2 DATASETS

We train PACT on four tasks. GSM8K (Cobbe et al., 2021) poses grade-school arithmetic word
problems that take a few steps of reasoning; we train on its standard split, and the reward is a
format term plus exact match on the final answer. MATH500 is competition mathematics: we train
on the 7,500-problem MATH training split (Hendrycks et al., 2021), evaluate on the 500-problem
MATH-500 subset (Lightman et al., 2023), and reuse the GSM8K reward. Countdown (Pan et al.,
2025) gives three integers and a target and asks for an arithmetic expression that reaches it, and the
reward is a format term plus a verifier that checks both the arithmetic and the use of each number.
Sudoku (Wang et al., 2025b) asks the model to complete a 4×4 puzzle, where the reward is a format
term plus the fraction of initially empty cells filled correctly. We rescale every reward to [0, 1] and
follow the split lineage of d1 (Zhao et al., 2025) and SPG (Wang et al., 2025a) where it exists.

4.3 EVALUATION

Protocol. Every number we measure is greedy Pass@1: one sample per prompt, decoded at
temperature 0 in low-confidence order, in blocks of 32 with the denoising steps set to half the
generation length, matching AGRPO’s evaluation (Zhan, 2025). We apply this one protocol to
every checkpoint we evaluate, ours and the reproduced baselines, at generation lengths 256 and 512
(Table 1). We evaluate a checkpoint every 25 rollout batches and report the best test accuracy among
them, for PACT and the reproduced baselines alike, as AGRPO (best of its last 150 steps), d1, SPG
and RSPO do (Zhan, 2025; Zhao et al., 2025; Wang et al., 2025a; Yu et al., 2026).

Baselines. We compare PACT against the published DLLM post-training methods of Table 1, in the
two families Section 2 describes: the likelihood-based methods d1 (Zhao et al., 2025), wd1 (Tang
et al., 2025), UniGRPO (Yang et al., 2025), SPG (Wang et al., 2025a), RSPO (Yu et al., 2026), MAPG
(Raajesh et al., 2026), and AGRPO (Zhan, 2025); and the likelihood-free methods DMPO (Zhu et al.,
2025b), DAM (So et al., 2026), and DTM (Chen et al., 2026). A fair comparison needs a matched
budget, so for the three methods we could reproduce from public code (AGRPO, wd1, and DMPO)
we retrain each ourselves for the same 900 rollout rounds and decode it under this protocol; those
rows carry a † in Table 1, and every other row is each paper’s own self-report.
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Table 1: PACT has the best average accuracy at both lengths. Accuracy (%) on LLaDA-8B-Instruct at lengths
256 and 512; bold marks the best value in each column, underline the second best, and the coloured offset
is PACT’s margin over the best other method (blue ahead, red behind). PACT holds the largest value in every
column but Countdown at 256, where DTM leads, and ties DTM on Sudoku at 512; the MATH500 and Sudoku
margins are within one standard error. † Our reproduction with the authors’ code, 900 rollout rounds, decoded as
in Section 4.3. Sudoku is 3-shot on SPG’s split in every row but RSPO and DAM (zero-shot).

GSM8K MATH500 Countdown Sudoku Average

256 512 256 512 256 512 256 512 256 512

Base 79.2 79.8 32.4 34.6 24.2 30.9 26.9 18.5 40.7 41.0

Likelihood-based methods
d1 (Zhao et al., 2025) 81.1 82.1 38.6 40.2 32.0 42.2 32.5 29.3 46.1 48.5
wd1† (Tang et al., 2025) 84.4 85.4 38.6 41.4 60.9 58.6 32.1 22.5 54.0 52.0
SPG (Wang et al., 2025a) 86.1 84.5 40.0 41.8 70.7 70.3 94.0 93.1 72.7 72.4
UniGRPO (Yang et al., 2025) 82.5 82.7 37.4 39.4 43.0 57.0 67.0 62.9 57.5 60.5
RSPO (Yu et al., 2026) 82.6 80.6 42.1 40.3 78.8 73.8 92.1 90.8 73.9 71.4
MAPG (Raajesh et al., 2026) 85.9 87.1 42.2 44.2 71.4 71.0 94.9 96.2 73.6 74.6
AGRPO† (Zhan, 2025) 85.1 86.3 37.2 41.4 42.2 51.6 83.2 86.8 61.9 66.5

Likelihood-free methods
DMPO† (Zhu et al., 2025b) 85.2 83.6 38.6 42.6 76.6 80.1 42.4 30.6 60.7 59.2
DAM (So et al., 2026) 79.9 77.0 36.4 37.2 55.5 59.0 88.1 84.9 65.0 64.5
DTM (Chen et al., 2026) 81.6 83.2 36.0 40.2 81.3 78.9 99.2 99.4 74.5 75.4

PACT (ours) 89.1
+3.0

89.0
+1.9

44.4
+2.2

45.8
+1.6

79.9
−1.4

80.7
+0.6

99.5
+0.3

99.4
+0.0

78.2
+3.7

78.7
+3.3

5 RESULTS

Under the same rollout budget as AGRPO, PACT improves on the base model on all four benchmarks
(Table 1): +9.9 on GSM8K (89.1 against 79.2), +12.0 on MATH500 (44.4 against 32.4), +55.7 on
Countdown (79.9 against 24.2), and +72.6 on Sudoku (99.5 against 26.9), the largest gains falling on
Countdown and Sudoku, where the base model is weakest (24.2 and 26.9).
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 ac

cu
ra

cy
 (%

)

PACT (ours)
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2 ×

Figure 4: PACT reaches AGRPO’s best GSM8K
accuracy in about half the compute. Held-out ac-
curacy at generation length 256 against training GPU-
hours (16 H100s), at every evaluated checkpoint up to
a shared budget of 150 GPU-hours. The stars mark
AGRPO’s best checkpoint, 85.1 after 53.4 GPU-hours,
and the point where PACT first reaches it, after 28.6:
about 2× saving. At matched compute, PACT leads by
2.6, 4.0 and 5.1 points at 50, 100 and 150 GPU-hours.

Against the published methods, PACT has the
best average accuracy at both lengths, 78.2
against DTM’s 74.5 at length 256. On GSM8K
its 89.1 clears the strongest baseline, SPG’s 86.1,
by three points, about three standard errors of
the test accuracy; on MATH500, 44.4 against
MAPG’s 42.2 is about one standard error (2.2
points), and on Sudoku 99.5 against DTM’s 99.2
is within one puzzle; on Countdown DTM’s 81.3
leads our 79.9 at length 256, and our 80.7 is the
highest at 512.

We observe that PACT’s improvement cannot
be attributed to extra compute. In all our ex-
periments above where we reproduced the base-
lines we compare them at equal rollouts, but each
batch in PACT costs more: per sampled transi-
tion PACT adds two gradient forward passes and
one reference pass without gradient, so a batch
takes 41.3 s against AGRPO’s 37.5 on 16 H100s,
and the 900 batches 165 against 150 GPU-hours.
Read at equal compute, Figure 4 puts PACT at
AGRPO’s best GSM8K accuracy after 28.6 GPU-hours, where AGRPO itself needed 53.4, about
2× less; the crossing depends on checkpoint noise, so we also compare at matched compute, where
PACT leads by 2.6, 4.0 and 5.1 points at 50, 100 and 150 GPU-hours.

We see two reasons for the gain. First, every quantity in the residual is computed exactly. The
kernel factorizes into an order draw and the token softmaxes at the positions that draw commits
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Figure 5: Ablations: training reward. Mean rollout reward on GSM8K, one panel per knob of Table 2, as a
100-step moving average. The arms separate more here than in their held-out accuracy: the near-random orders
and the weaker or stronger tilts roll out worst, yet of the four knobs β moves the final accuracy the most.
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Figure 6: PACT outperforms TraFL, a trajectory-balance method. TraFL at three reward sharpnesses β
against PACT, under the same rollout configuration and reward. Left: mean rollout reward, 100-step moving
average. Right: held-out GSM8K accuracy at every checkpoint, with a star at each run’s best. Every TraFL
setting peaks within three hundred steps and then declines; PACT is still improving at step 775.

(Equation (1)), and Equation (5) evaluates it only at the transition that actually occurred, so no
marginal over unmasking orders is ever needed. The likelihood-based methods that score a completed
answer do need that marginal and must approximate it, and where a ratio survives it is clipped, so the
approximation’s error enters the gradient.

Second, the reward enters only through the potential head as the boundary value log hϕ(x0) = r(y)/β
and the calibration anchor that holds hϕ near it, so the policy never sees r as a per-token signal. The
residual pulls each transition’s log-ratio to the reference toward the change in potential across that
step, so a correct answer does not raise the probability of its whole trajectory evenly: it raises the
steps that increase the potential and keeps steps with no gain close to the reference, where a policy
gradient multiplies every token by one scalar advantage. Because the residual scores the single order
the sampler took rather than a marginal over orders, that credit is assigned in the order the tokens
were committed. The order is drawn from the policy’s own confidences, but the default token-only
residual does not train it. Section 5.1 studies both.

5.1 ABLATIONS

We vary one setting of the objective at a time, each arm changing a single knob from the default and
seeing the same prompts at the same steps. Table 2 reports held-out accuracy per knob and Figure 5
the training reward.

PACT’s accuracy is not sensitive to the number of transitions K sampled per path. Across 8, 16, 32
and 64 the best held-out accuracy moves by about one binomial standard error, and only the per-step
cost tracks K. Transitions on one path share a single boundary value and overlap heavily, so the noise
to average down sits between paths, set by the number of rollouts rather than by draws within a path,
and a few transitions per path suffice. We take K=16: K=8 is within one standard error of it at a
fifth less time per step, and K=64 gains a third of a point, also within one standard error, at 2.2 times
the step time.

The unmasking order enters through the Plackett–Luce likelihood P ord
θ (ωt | xt) the sampler draws

it from at temperature τo (Section 3). It can also be trained explicitly, by adding the log-ratio
γord log

(
P ord
θ /P ord

ref

)
(ωt | xt) to the residual under a gate γord ∈ {0, 1}. We found empirically that

neither knob raises accuracy: sweeping τo leaves it flat from near-greedy to near-random, the near-
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random arm even the best despite rolling out worst, and turning the explicit term on (γord=1) lowers
accuracy in both implementations, through the sampler’s own confidences (shared) and through a
separate zero-initialized order head on detached confidences (head). The target does not rule an order
gradient out: given a finished text its law over orders is the reference’s, but its per-step order kernel
favours slots whose reveal raises the potential, so there is something to learn in principle. Carrying
the gradient through the shared confidences lets the model change the confidence values that greedy
decoding uses to schedule slots, rather than its answers; the separate head cannot affect those values
and still lowers accuracy. We keep the order stochastic but ungraded (γord=0) at τo=0.2, which rolls
out as well as greedy decoding; the token-only residual then targets the token factor of the tilted
kernel under the policy’s own order law.

Of the four knobs, we found that the tilt β moves held-out accuracy the most, because it has two
jobs: the reward enters as r/β, so β sets where the target sits and scales the gradient at once, which a
fixed learning rate cannot separate. Weakening the tilt to 0.2 or 0.5 shrinks the gradient in step and
under-trains within the budget (87.3 and 86.0 against 89.1), while sharpening it to 0.05 overshoots,
rollout reward falling by a quarter before recovering near step 250, and only ties the default. We keep
β=0.1 and do not anneal it, since β also scales the gradient through the r/β target, so a β schedule
at a fixed budget mostly changes the effective learning rate.

Table 2: Ablations. Best held-out GSM8K accuracy (%)
at length 256 per knob value; default in bold. Seconds per
step for K=8/16/32/64: 32.8/41.1/58.3/92.0.

K % τo % γord % β %

8 88.4 0.05 88.8 off 89.1 0.05 89.1
16 89.1 0.2 89.1 shared 87.7 0.1 89.1
32 88.6 1 88.3 head 88.6 0.2 87.3
64 89.4 5 89.3 0.5 86.0

We also compare PACT with TraFL (Ahmadi
et al., 2026), a trajectory-balance method that
shares PACT’s tilted target, frozen reference
and squared residual but writes one residual
per completion: the sequence log-ratio to the
reference, a learned per-prompt normalizer
and the scaled reward balance for the comple-
tion as a whole. A diffusion model has no
exact sequence likelihood, so, that log-ratio
is a masked-reconstruction surrogate, and the
128 transitions of a completion are constrained only through this one scalar, which lets errors on
different steps cancel. We run TraFL under our rollout configuration with its objective and schedule
as published and three values of β, which the paper does not specify. PACT is ahead at all three. At
β=0.05 the residual never moves, since the per-token target gap is below the noise of the four-mask
estimator, and accuracy stays at the untuned level; at β=1, the best setting, accuracy peaks at 83.4 by
step 300 and then declines; at β=10 the update drives the policy’s log-ratio to the reference negative
on its own samples and the reward collapses. Over the last third of training PACT leads the two
usable settings by 8.6 and 12.8 points against a 1.4-point standard error, and by 5.7 at its best, while
every PACT β in Table 2 lands between 86.0 and 89.1 (Figure 6, Appendix B). The comparison uses
our implementation, sampler, reward and greedy Pass@1 metric, not the authors’ Pass@5.

6 CONCLUSION

Most post-training methods for diffusion language models either weight a completion, or every
denoising step in it, by a single completion-level advantage, or fit a reward-tilted target on completed
responses or on constructed intermediate states. In this work, we propose PACT, an efficient RL
method that trains the policy such that, on every transition the sampler takes, its probability ratio to the
base model equals the potential gained by that step. A learned potential head carries the reward from
the finished answer back to earlier states. With the ideal potential and all unmasking decisions scored,
this condition is the Doob h-transform of the reference sampler, which reproduces the reward-tilted
target; PACT’s learned potential and token-only residual approximate it. The potential of the fully
masked state plays the role of the normalizer, so PACT fits no separate normalizer and needs neither
a sequence-likelihood estimate nor a clipped importance ratio. PACT improves on all four reasoning
tasks and holds the best average accuracy across them. Further, our method also reaches AGRPO’s
best accuracy in about half the training compute on GSM8K. Unlike a group-relative advantage, its
training signal is not identically zero when all rollouts of a prompt get the same reward, though what
remains there is a consistency correction rather than reward information. Our method needs only the
per-step probabilities of the recorded steps under the policy and a frozen reference, so it applies to
other generators that build their output step by step.
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A TRAINING CONFIGURATIONS

Table 3 lists PACT’s configuration, one recipe for all four tasks except the learning rate; the objective’s
own settings are tilt β=0.1, order temperature τo=0.2, K=16 transitions per trajectory, anchor weight
1, γord=0 (token-only; the order-head variant is in Section 5.1), and a zero-initialized two-layer
potential head of hidden width 256 with learning rate 10−3 and gradient clip 5.0, the reference being
the same network with adapters disabled. AGRPO runs its released configuration (Zhan, 2025),
which differs in the named rows: generation length 384 in blocks of 12, random unmasking order,
rank-64 LoRA, learning rate 5× 10−6, group size N=8 with group-relative advantages, clip ϵ=0.2,
and no KL term. Our AGRPO rows use the authors’ released code at the commit of the current
paper, with SPG’s Countdown split, 384-token training, low-discrepancy timestep sampling, entropy
importance sampling and the exclusion of trailing end-of-sequence steps all enabled, for 900 rollout
batches, the upper end of the 400–900 steps the paper trains per task. An earlier version of the paper
(https://openreview.net/pdf?id=0vs1YLmmQa) reports 40.0 on Countdown at length
256 and the current one 79.7; our rerun reaches 42.2, and we have not found the source of the gap.
We report the rerun because it is the only AGRPO row trained on our budget and decoded under our
protocol.

Table 3: PACT training configuration, shared across all four tasks except the learning rate.

Setting Value

base model LLaDA-8B-Instruct
LoRA rank / α / dropout 128 / 128 / 0.05
LoRA targets all attention + MLP projections
backbone precision bfloat16 (unquantized)
adapters trained LoRA only, no SFT stage

optimizer AdamW (β1=0.9, β2=0.99)
learning rate 2× 10−5 on GSM8K, 5× 10−6 elsewhere; cosine, warmup

0.01
weight decay / grad clip 0.01 / 1.0

generation length / block 256 / 32
denoising steps per rollout 128
rollout sampling stochastic-confidence order, τo=0.2; T=0.6 (0.9 on

Countdown), top-p 0.99, top-k 150
rollout batches 900 (checkpoint every 25)
rollouts per batch 128 (16 prompts × 8, one per GPU)
devices 16 H100, per-device batch 8

MATH500 is the 500-problem MATH-500 subset. Evaluation uses greedy decoding (T=0) in low-
confidence order with block length 32 and denoising steps equal to half the generation length, at
generation lengths 256 and 512 on every benchmark, batch 8 per device; PACT’s training rollouts use
256 tokens on every task.

B A MATCHED COMPARISON WITH TRAJECTORY BALANCE

What TraFL optimizes. TraFL (Ahmadi et al., 2026) is PACT’s closest published relative: the same
tilted target, a frozen reference and a squared residual, but one residual per completion instead of one
per transition. For a completion y it minimizes δ(y)2 with

δ(y) = log p̂θ(y | q)− log p̂ref(y | q)− β r̃(y) + logZϕ(q),

where r̃ is the reward centered within the rollout group and Zϕ a learned scalar per prompt. A
diffusion model has no exact sequence likelihood, so log p̂ is a masked-reconstruction surrogate:
the average log-probability of randomly masked tokens, i.e. the evidence lower bound divided by
length. Every transition of a completion, 128 denoising steps in our configuration, is constrained only
through this one scalar.

A fair comparison. Every rollout setting is that of Table 3: length 256 in blocks of 32, 128 denoising
steps, eight rollouts for each of sixteen prompts, and the same sampler, reward and 900 batches. From
TraFL we kept the objective as published: the 1/l normalization, four antithetic masks, non-EOS
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masking, a two-layer partition head on detached prompt features, one optimizer step per batch, and
their 6 × 10−5→6 × 10−6 learning-rate schedule. Three differences are forced: we report greedy
Pass@1 where they report Pass@5 from sixteen samples, a matched budget needs eight rollouts per
prompt rather than five, and our reward is composite rather than binary. Their paper also states no
numeric β, and ours cannot be reused, since their β multiplies a per-token quantity while ours acts on
a whole path. We therefore swept β ∈ {0.05, 1, 10}: 0.05 matches our tilt per token, while 1 and 10
ask for about 0.7 and 7.5 nats per token between a correct and an incorrect completion.

Table 4: Trajectory balance under PACT’s configuration. Best held-out GSM8K accuracy at length 256, one
decode protocol for every row. The untuned model scores 79.2.

Method GSM8K (%)

TraFL, β = 0.05 81.5
TraFL, β = 1 83.4
TraFL, β = 10 72.0

PACT (ours) 89.1

At their best checkpoints, β=0.05 and β=1 improve on the untuned model by 2.3 and 4.2 points.
Neither keeps the gain to the end of training (Figure 6). β=0.05 peaks at step 75 and then sits at
the untuned accuracy, because its per-token target gap is smaller than the noise of the four-mask
estimator, so the residual never moves. β=1 peaks at step 300 and decays, and β=10 degrades from
the start. Paired over the shared checkpoints past step 600, PACT leads by 8.6 points at β=0.05 and
12.8 at β=1, against a 1.4-point standard error, and is ahead on every checkpoint.

One residual per completion leaves the inside of the trajectory unconstrained. The completion-level
quantity moves only when all transitions move together, by an amount set by β, and the usable range
of β is narrow: too small and the signal is lost in the estimator’s noise, too large and the update drives
the policy’s log-ratio to the reference negative on its own samples, and the reward collapses. The
per-transition residual keeps β but constrains each step, and every β in Table 2 lands between 86.0
and 89.1. TraFL also differs from PACT in scoring completions through a masked-reconstruction
surrogate rather than the on-path conditionals, and in reading its normalizer from detached prompt
features, so this comparison measures the published objective as a whole. Three caveats bound this
comparison: it is our implementation under our sampler, reward and metric, though its loss matches
the published equations to seven decimals per completion; β was swept at three points two orders of
magnitude apart, not tuned around its best; and the authors’ Pass@5 protocol was not reproduced.
Under our configuration, then, trajectory balance written once per completion peaks within 300 steps
and declines, while the per-transition residual is still improving at step 775.
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