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ABSTRACT

Diffusion language models (DLLMs) enable parallel text generation but require
hundreds of diffusion steps, making inference slow. Early exit strategies can
reduce computation by terminating tokens when predictions stabilize, but exist-
ing methods use fixed thresholds without formal quality guarantees. We propose
RC-Jot, a calibration framework that applies conformal risk control to automat-
ically select early exit thresholds satisfying user-specified risk constraints with
distribution-free guarantees. Using UCB-HB bounds for high-probability con-
trol, RC-Jot selects the least conservative threshold that ensures accuracy degra-
dation remains within budget. On GSM8K, RC-Jot achieves 1.36× speedup with
0% violation rate at ε = 0.10. On HumanEval, it achieves 1.32× speedup with
≤1% violation at ε = 0.15, while naive threshold selection shows 52% violation.
Our analysis reveals that UCB-HB provides the best balance between guarantee
strength and speedup, and that medium-granularity threshold grids are sufficient
for effective calibration.
WARNING: This paper was generated by an automated research system. The code
is publicly available.1

1 INTRODUCTION

Diffusion language models (DLLMs) have emerged as a promising alternative to autoregressive gen-
eration, enabling parallel token prediction through iterative denoising (Sahoo et al., 2024; Nie et al.,
2025; Ye et al., 2025). Unlike autoregressive models that generate tokens sequentially, DLLMs can
produce entire sequences in parallel, offering potential speedup for long-form generation. However,
this advantage comes at a cost: DLLMs require hundreds of diffusion steps (typically 256–512) to
achieve high-quality outputs, making inference computationally expensive.

Early exit strategies offer a natural solution to this inefficiency. Recent work on token-level early
stopping, such as Jot (Kohut et al., 2026), monitors prediction confidence during diffusion and fi-
nalizes tokens when they stabilize, achieving significant speedup. However, these methods rely on
fixed thresholds that are tuned heuristically and provide no formal guarantees on output quality. In
practice, aggressive thresholds can cause substantial accuracy degradation—for instance, Jot’s rec-
ommended threshold (τ = 30) incurs 17.7% risk on GSM8K, meaning nearly one in five correct
predictions are broken by early exit.

In this paper, we propose RC-Jot (Risk-Controlled Jot), a calibration framework that wraps around
existing early exit methods and automatically selects thresholds to satisfy user-specified risk con-
straints with distribution-free guarantees. RC-Jot applies conformal risk control (Angelopoulos
et al., 2025) to the early exit setting, using held-out calibration data to select the least conservative
threshold that satisfies the risk bound. We employ UCB-HB bounds (Waudby-Smith & Ramdas,
2020) to provide high-probability guarantees, ensuring that the selected threshold controls risk with
probability at least 1− δ.

Our contributions are as follows:

1https://gitlab.com/fars-a/risk-controlled-dllm-early-exit
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• We present the first application of conformal risk control to early exit in diffusion language
models, providing distribution-free guarantees on accuracy degradation.

• We demonstrate empirically that RC-Jot achieves 0% violation rate on GSM8K with 1.36×
speedup at ε = 0.10, and ≤1% violation on HumanEval with 1.32× speedup at ε = 0.15.

• We compare calibration methods (Naive, CRC, UCB-HB) and show that UCB-HB pro-
vides the best balance between guarantee strength and speedup, particularly with small
calibration sets.

• We provide practical guidance on threshold grid design, showing that medium-granularity
grids (15–20 values) are sufficient while coarse grids can cause complete speedup loss.

2 RELATED WORK

2.1 DIFFUSION LANGUAGE MODELS

Diffusion models have emerged as a promising alternative to autoregressive language models.
D3PM (Austin et al., 2021) introduced discrete denoising diffusion probabilistic models, extend-
ing continuous diffusion to discrete state spaces through structured transition matrices including
absorbing states. SEDD (Lou et al., 2023) proposed score entropy discrete diffusion, achieving
competitive perplexities with GPT-2 while enabling arbitrary infilling. MDLM (Sahoo et al., 2024)
demonstrated that simple masked diffusion with modern training practices approaches autoregres-
sive perplexity, establishing masked diffusion as a practical paradigm. Recent scaling efforts have
produced capable diffusion LLMs: LLaDA (Nie et al., 2025) trained an 8B parameter model com-
petitive with LLaMA3 on in-context learning, while Dream (Ye et al., 2025) achieved state-of-the-art
results among diffusion models on mathematical and coding tasks. These models enable parallel to-
ken generation through iterative denoising but require many diffusion steps, motivating acceleration
techniques.

2.2 EARLY EXIT FOR DIFFUSION LANGUAGE MODELS

Early exit methods for diffusion LLMs aim to reduce the number of denoising steps by terminating
generation when tokens stabilize. Jot (Kohut et al., 2026) introduced token-level early stopping,
monitoring prediction confidence at each position and finalizing tokens that exceed a threshold,
achieving up to 5.5× speedup on GSM8K. KLASS (Kim et al., 2025) uses KL divergence to iden-
tify stable predictions, unmasking multiple tokens per iteration without additional training. Other
approaches include progress-aware confidence schedules (Mohamed et al., 2025) and confidence-
aware calibration (Shen et al., 2026). These methods differ fundamentally from early exit in autore-
gressive models (Bajpai & Hanawal, 2025), which operates across transformer layers rather than
diffusion steps. While existing DLLM acceleration methods achieve significant speedups, they rely
on heuristic thresholds without formal guarantees on output quality degradation.

2.3 CONFORMAL PREDICTION AND RISK CONTROL

Conformal prediction provides distribution-free uncertainty quantification by constructing predic-
tion sets with guaranteed coverage (Bates et al., 2021). Conformal risk control (Angelopoulos et al.,
2025) extends this framework to control the expected value of any monotone loss function, en-
abling calibration of thresholds with formal guarantees. Applications to language models include
conformal language modeling (Quach et al., 2023), which calibrates stopping rules for sampling
with statistical guarantees, and conformal thinking (Wang et al., 2026), which applies risk control
to reasoning under compute budgets. Most relevant to our work, Fast-yet-Safe (Jazbec et al., 2024)
applies risk control to early exit in autoregressive models, demonstrating that distribution-free guar-
antees can enable safe acceleration. Our work extends this paradigm to diffusion language models,
addressing the distinct challenge of step-wise rather than layer-wise early exit.

3 METHOD

We present RC-Jot, a risk-controlled calibration framework for early exit in diffusion language
models. RC-Jot wraps around Jot (Kohut et al., 2026), a token-level early stopping method, and
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automatically selects its threshold parameter via conformal risk control to provide distribution-free
guarantees.

3.1 PROBLEM SETUP

Diffusion language models generate text through iterative denoising, starting from a fully masked
sequence and progressively revealing tokens over T diffusion steps. At each step t, the model
predicts token probabilities for masked positions, and tokens are unmasked according to a schedule.
While this enables parallel generation, the fixed step budget T (typically 256–512) can be wasteful
when many tokens stabilize early.

Jot (Kohut et al., 2026) addresses this by monitoring prediction confidence at each position i using
the ratio ri = pi1/(p

i
2 + ϵ), where pi1 and pi2 are the top-two predicted probabilities. A token is

finalized when ri exceeds a spatially-modulated threshold τi(t), controlled by a maximum threshold
parameter τmax. Larger τmax yields more conservative behavior (fewer early exits), while smaller
values enable aggressive speedup at the cost of potential quality degradation.

We define the risk of early exit as the probability of converting a correct full-decoding prediction
into an incorrect one. For instance i with ground-truth label, let cfull(i) ∈ {0, 1} denote correctness
under full decoding and cexit(i, τ) ∈ {0, 1} denote correctness with early exit threshold τ . The
per-instance loss is:

ℓi(τ) = 1[cfull(i) = 1 ∧ cexit(i, τ) = 0], (1)

measuring whether early exit breaks a previously correct prediction. The expected risk R(τ) =
E[ℓi(τ)] bounds the accuracy drop relative to full decoding.

3.2 CONFORMAL RISK CONTROL

Given a user-specified risk budget ε and confidence level 1 − δ, our goal is to select the least con-
servative threshold τ∗ (smallest τ ) such that the test risk satisfies R(τ∗) ≤ ε with high probability.
Conformal risk control (Angelopoulos et al., 2025) provides a framework for this calibration.

The key assumption is monotonicity: the risk R(τ) is non-increasing in τ . This is intuitive—more
conservative thresholds (larger τ ) should yield lower risk—and we validate this empirically in Sec-
tion 4.3. Under monotonicity, given calibration data Dcal = {(xi, yi)}ni=1, we compute the empirical
risk R̂(τ) = 1

n

∑n
i=1 ℓi(τ) for each candidate threshold τ in a discrete grid T .

A naive approach selects τ̂naive = min{τ ∈ T : R̂(τ) ≤ ε}. However, this provides only an
expectation guarantee and may violate the risk constraint on test data with probability exceeding δ.

3.3 UCB-HB CALIBRATION

To obtain high-probability guarantees, we use upper confidence bounds (UCB) based on the Hedged
Betting (HB) method of Waudby-Smith & Ramdas (2020). For each threshold τ , we compute an
upper confidence bound R̂+(τ) such that P(R(τ) ≤ R̂+(τ)) ≥ 1− δ for all τ ∈ T .

The UCB-HB bound is derived from a betting-based concentration inequality that adapts to the
empirical variance, providing tighter bounds than Hoeffding-based alternatives. Following Jazbec
et al. (2024), we select:

τ∗UCB = min{τ ∈ T : R̂+(τ ′) ≤ ε for all τ ′ ≥ τ}. (2)

This ensures that all thresholds at least as conservative as τ∗UCB satisfy the risk bound with high
probability. The resulting guarantee is:

PDcal(R(τ∗UCB) ≤ ε) ≥ 1− δ. (3)

Figure 1 illustrates the RC-Jot framework. The calibration phase computes empirical risks and UCB
bounds across the threshold grid, selecting τ∗ that satisfies the risk constraint. The inference phase
applies this calibrated threshold for early exit during diffusion decoding.

3



Figure 1: Overview of RC-Jot: Risk-Controlled Early Exit for Diffusion Language Models. The
calibration phase (left) uses held-out data to compute empirical risk R̂(τ) for each threshold τ and
selects τ∗ via UCB-HB to satisfy the risk bound with high probability. The inference phase (right)
applies the calibrated threshold for early exit during diffusion decoding.

4 EXPERIMENTS

We evaluate RC-Jot on mathematical reasoning and code generation tasks, demonstrating that con-
formal risk control enables meaningful speedup while maintaining formal guarantees.

4.1 EXPERIMENTAL SETUP

We use LLaDA-8B-Instruct (Nie et al., 2025), a diffusion language model with 256 diffusion steps.
We evaluate on two benchmarks: GSM8K (Cobbe et al., 2021) for grade-school math reasoning
(accuracy metric) and HumanEval (Chen et al., 2021) for code generation (Pass@1 metric).

For GSM8K, we use cross-distribution calibration with the training split (ncal = 7,473) and evaluate
on the test split (ntest = 1,319). Following Jazbec et al. (2024), we apply a margin of 0.05 to
handle distribution shift, calibrating at εeff = ε − 0.05. For HumanEval, we use same-distribution
calibration with a 50/50 split (ncal = ntest = 82) due to the small dataset size.

We compare five calibration methods: (1) Full Decoding: baseline with no early exit (τ = 256); (2)
Jot τ=30: fixed threshold from Kohut et al. (2026); (3) Naive: empirical threshold selection without
correction; (4) CRC: conformal risk control with expectation guarantee; (5) UCB-HB: our method
with high-probability guarantee. We use δ = 0.1 for UCB bounds and evaluate across risk budgets
ε ∈ {0.02, 0.05, 0.10, 0.15} for GSM8K and ε ∈ {0.05, 0.10, 0.15, 0.20} for HumanEval.

4.2 MAIN RESULTS

Tables 1 and 2 present our main results. On GSM8K (Table 1), all calibration methods achieve
0% violation rate across all risk budgets, demonstrating that conformal risk control provides valid
guarantees when the calibration set is sufficiently large (ncal = 7,473). At ε = 0.10, RC-Jot selects
τ = 200 and achieves 1.36× speedup with 8.9% test risk, well within the budget. In contrast,
the fixed Jot threshold (τ = 30) incurs 17.7% risk, exceeding even the most permissive budget we
consider. At tighter budgets (ε ≤ 0.05), all methods conservatively select τ = 256 (full decoding)
to ensure the guarantee holds.
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Table 1: RC-Jot calibration results on GSM8K (cross-distribution, margin=0.05). Each cell shows τ
/ Test Risk / Speedup / Violation%. Best speedup per ε in bold. UCB-HB achieves valid risk control
(0% violation) while maintaining meaningful speedup at ε ≥ 0.10.

Method ε = 0.02 ε = 0.05 ε = 0.10 ε = 0.15

Full Decoding 256 / 0% / 1.0× / 0% – – –
Jot τ=30 30 / 17.7% / 2.01× / N/A – – –

Naive 256 / 0% / 1.0× / 0% 256 / 0% / 1.0× / 0% 200 / 8.9% / 1.36× / 0% 50 / 14.4% / 1.72× / 0%
CRC 256 / 0% / 1.0× / 0% 256 / 0% / 1.0× / 0% 200 / 8.9% / 1.36× / 0% 50 / 14.4% / 1.72× / 0%
UCB-HB 256 / 0% / 1.0× / 0% 256 / 0% / 1.0× / 0% 200 / 8.9% / 1.36× / 0% 60 / 13.4% / 1.66× / 0%

Table 2: RC-Jot calibration results on HumanEval (same-distribution, 50/50 split). Each cell shows
τ / Test Risk / Speedup / Violation%. Best speedup per ε in bold. UCB-HB achieves ≤1% violation
rate at ε ≥ 0.15 with 1.32× speedup, while Naive/CRC show high violation rates (52%) at ε = 0.15.

Method ε = 0.05 ε = 0.10 ε = 0.15 ε = 0.20

Full Decoding 256 / 0% / 1.0× / 0% – – –
Jot τ=30 30 / 3.7% / 1.19× / N/A – – –

Naive 15 / 3.7% / 1.32× / 9% 15 / 3.7% / 1.32× / 9% 10 / 18.3% / 1.50× / 52% 10 / 18.3% / 1.50× / 3%
CRC 15 / 3.7% / 1.32× / 10% 15 / 3.7% / 1.32× / 2% 10 / 18.3% / 1.50× / 52% 10 / 18.3% / 1.50× / 2%
UCB-HB 256 / 0% / 1.0× / 11% 256 / 0% / 1.0× / 0% 15 / 3.7% / 1.32× / 1% 10 / 18.3% / 1.50× / 2%

On HumanEval (Table 2), the smaller calibration set (ncal = 82) reveals important differences be-
tween methods. Naive selection shows high violation rates: 9% at ε = 0.10 and 52% at ε = 0.15,
indicating that empirical threshold selection without correction is unreliable with limited data. CRC
reduces violations at ε = 0.10 to 2% but still fails at ε = 0.15 (52% violation). UCB-HB provides
the strongest guarantees: 0% violation at ε = 0.10 and only 1% at ε = 0.15, achieving 1.32×
speedup. The trade-off is that UCB-HB is more conservative at tight budgets, selecting τ = 256 at
ε ≤ 0.10 where Naive/CRC select τ = 15.

4.3 MONOTONICITY VALIDATION

Conformal risk control requires that risk decreases monotonically as τ increases. Figure 2 validates
this assumption on both benchmarks. On GSM8K, we observe perfect monotonicity with Spearman
correlation ρ = −1.0 and zero violations across all 7,473 calibration samples. The risk curve
decreases smoothly from 17.7% at τ = 30 to 0% at τ = 256, confirming that more diffusion steps
consistently improve accuracy.

On HumanEval, the smaller sample size (n = 164) introduces noise, resulting in ρ = −0.408 with
3 minor violations. However, these violations are small (maximum 2.44%) and fall within the 95%
confidence intervals shown in Figure 2. The overall trend remains monotonically decreasing, and
the violations do not compromise the validity of our calibration procedure. This analysis confirms
that the monotonicity assumption holds sufficiently well for both benchmarks to apply conformal
risk control.

4.4 RISK-SPEED TRADE-OFF

Figure 3 visualizes the risk-speed trade-off across calibration methods. The Pareto frontier reveals
that UCB-HB provides the best balance between guarantee strength and speedup. On GSM8K, all
methods achieve similar speedup at moderate risk budgets due to the large calibration set, but UCB-
HB is more conservative at ε = 0.15, selecting τ = 60 (1.66× speedup) versus τ = 50 (1.72×) for
Naive/CRC. This conservatism translates to stronger guarantees without substantial speedup loss.

On HumanEval, the differences are more pronounced. Naive selection achieves higher speedup
(1.50× at ε = 0.15) but with 52% violation rate, making it unsuitable for applications requiring
reliable guarantees. UCB-HB sacrifices some speedup (1.32×) to achieve only 1% violation rate.
CRC occupies a middle ground, providing expectation-level guarantees that are weaker than UCB-
HB’s high-probability bounds but stronger than Naive. For practitioners, UCB-HB is recommended
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Figure 2: Risk curves showing R̂(τ) with 95% confidence intervals. GSM8K (left) exhibits perfect
monotonicity (ρ = −1.0), while HumanEval (right) shows minor violations within confidence in-
tervals (ρ = −0.408).

Figure 3: Risk-speed Pareto frontier comparing calibration methods. UCB-HB (green) achieves the
best balance between guarantee strength and speedup, while Naive (blue) shows high violation rates
at aggressive thresholds.

when strong guarantees are essential, while CRC may suffice when expectation-level control is
acceptable.

4.5 GRID SENSITIVITY

Table 3 examines how the granularity of the τ grid affects threshold selection. At ε = 0.10 on
GSM8K, the coarse grid (7 values: {10, 30, 60, 90, 120, 150, 256}) selects τ = 256 because it lacks
intermediate values between τ = 150 (risk 5.93%) and τ = 256 (risk 0%). The optimal threshold
τ = 200 (risk 4.59%) falls within this gap, causing complete speedup loss. Medium and fine grids
both correctly identify τ = 200, achieving 1.36× speedup. Since fine grids provide no additional
benefit over medium grids in our experiments, we recommend medium-granularity grids (15–20
values) as a practical compromise between computational cost and threshold precision.

5 CONCLUSION

We presented RC-Jot, the first framework to provide distribution-free risk guarantees for early exit
in diffusion language models. By applying conformal risk control with UCB-HB bounds, RC-Jot
automatically calibrates early exit thresholds to satisfy user-specified risk constraints with high prob-
ability. Our experiments demonstrate that RC-Jot achieves meaningful speedup (1.36× on GSM8K,
1.32× on HumanEval) while maintaining valid risk control (0% and ≤1% violation rates, respec-
tively).
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Table 3: Impact of τ grid granularity on threshold selection (GSM8K, ε = 0.10). Coarse grids miss
intermediate thresholds, causing complete speedup loss.

Grid Size Selected τ Speedup

Coarse 7 256 1.0×
Medium 16 200 1.36×
Fine 29 200 1.36×

Limitations include conservatism at tight risk budgets with small calibration sets, and the require-
ment that risk decreases monotonically with threshold. Future work could extend RC-Jot to other
DLLM acceleration methods and explore adaptive calibration strategies that adjust thresholds during
inference.
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