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Abstract

How should we evaluate generation systems
that combine autoregressive (AR) and diffusion
decoding? We study this question through Spec-
ulative Refinement (SpecRef), a training-free
hybrid method that warm-starts a masked dif-
fusion language model from an AR draft using
entropy-guided selective masking. Evaluating
SpecRef across six benchmarks (HumanEval,
MBPP, GSMSK, BBH, ARC-Challenge, Hel-
laSwag) with three distinct evaluation protocols
(execution-based pass@1, exact-match, log-
likelihood scoring), we surface several findings
relevant beyond our specific system: (1) code
benchmarks conflate structural discovery with
logical correctness: providing a syntactic scaf-
fold lifts accuracy from near zero to over 20%
without changing the model, indicating that
much of the baseline failure is structural; (2) a
refinement tension phenomenon where multi-
stage correction degrades already-correct to-
kens, exposing benchmark saturation ceilings
invisible to single-model evaluation; (3) log-
likelihood and generative evaluation produce
different model rankings for the same model
pair, suggesting they measure different capa-
bilities; (4) standard Python post-processing
silently breaks code evaluation for non-AR gen-
erators. These observations apply to any multi-
stage or non-autoregressive generation pipeline
and point toward more diagnostic evaluation
practices. Codes are here.

1 Introduction

An 8-billion-parameter diffusion language model
scores 0% on HumanEval when given 16 denoising
steps. Hand it the same problem with a syntactic
scaffold from a 2.7B autoregressive drafter, and it
scores over 20% without any retraining. The model
did not suddenly learn to code; the benchmark was
testing whether it could discover Python’s inden-
tation rules from scratch, and that turned out to
be the hard part. This is one of several findings
that emerged when we tried to evaluate a hybrid
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generation system using standard benchmarks and
discovered that the benchmarks themselves were
not designed for this.

Diffusion language models (dLMs) have moved
rapidly from research curiosity to a competitive
generation paradigm. LLaDA (Nie et al., 2025)
demonstrated that masked diffusion scales to 8B
parameters and matches LLaMA-3 on in-context
learning. MDLM (Sahoo et al., 2024) showed
that simple masked diffusion with modern train-
ing recipes closes much of the perplexity gap with
AR models. Dream 7B (Ye et al., 2025) further
narrowed this gap while retaining diffusion-native
capabilities like parallel generation. On the com-
mercial side, Inception Labs’ Mercury (Labs et al.,
2025) achieved over 1,000 tokens per second on
NVIDIA H100 GPUs while matching the quality
of speed-optimized AR models, demonstrating that
dLMs are viable at production scale. These models
offer structural advantages that AR models lack:
bidirectional context at every step, arbitrary posi-
tion infilling, and the ability to correct multiple to-
kens in parallel. The question is no longer whether
dLMs can work, but how to combine their strengths
with the sequential planning ability of AR models.

Several recent works have begun exploring this
direction. Christopher et al. (2025) used diffusion
as a drafter for speculative decoding. Horvitz et al.
(2024) conditioned diffusion paraphrasers on AR
output. Warm-starting diffusion from corrupted in-
puts is well-studied in images (Meng et al., 2022)
and was recently formalized for language (Scholz
and Turner, 2025). These efforts suggest that hy-
brid AR-diffusion pipelines are a promising re-
search direction, but they also raise a question that
has received less attention: how should we evaluate
them?

The NLP community has built mature evaluation
infrastructure (Gehrmann et al., 2021; Liang et al.,
2023): execution-based code benchmarks (Chen
et al., 2021), math reasoning suites (Cobbe et al.,

355

Proceedings of the Fifth Workshop on Generation, Evaluation and Metrics (GEM), pages 355-363
July 4, 2026 ©2026 Association for Computational Linguistics


https://github.com/misterpawan/specref-eval.git

2021), logical deduction tasks (Suzgun et al., 2023),
and LLM-as-judge protocols (Zheng et al., 2023).
But this infrastructure was built for left-to-right au-
toregressive (AR) decoding (Vaswani et al., 2017).
Post-processing scripts assume tokens arrive in or-
der. Execution sandboxes assume well-formed syn-
tax. Log-likelihood scoring assumes a single for-
ward pass. These assumptions break quietly when
applied to dLMs (Nie et al., 2025; Austin et al.,
2021a; Lou et al., 2024), speculative decoding
pipelines (Leviathan et al., 2023; Chen et al., 2023),
and hybrid systems that combine both. Benchmark
contamination (Xu et al., 2024) is already a known
concern; we show that profocol mismatch is equally
serious and largely unexamined.

We expose these issues through Speculative Re-
finement (SpecRef), a training-free hybrid method
that uses a small AR model (Phi-2, 2.7B) to draft
an initial answer, then selectively masks the least-
confident tokens based on their Shannon entropy
and lets a large diffusion model (LLaDA-8B (Nie
et al., 2025)) refine them (Figure 1). The method
works with any off-the-shelf AR drafter and re-
quires no training. Evaluating it across six bench-
marks with three evaluation protocols surfaced find-
ings that go well beyond our specific system.

Contributions. To the best of our knowledge,
this is the first systematic study that pairs an AR
language model as a drafter with a masked diffu-
sion model (LLaDA) as a refiner, and evaluates the
resulting hybrid across multiple benchmarks and
evaluation protocols. Our main contributions are
evaluation insights rather than the method itself:

* Structural discovery vs. logical correctness.
Code benchmarks (HumanEval (Chen et al.,
2021), MBPP (Austin et al., 2021b)) con-
flate two capabilities: discovering syntactic
structure (indentation, brackets, function sig-
natures) and writing correct logic. Provid-
ing an AR scaffold separates these: accuracy
jumps from near 0% to 20%+ at the same dif-
fusion step budget (Table 1), indicating that a
substantial portion of the standalone diffusion
baseline’s failure on code is structural rather
than logical.

¢ Refinement tension. On benchmarks where
the AR drafter is already accurate (BBH (Suz-
gun et al., 2023): 82.8%), multi-stage refine-
ment can decrease accuracy (to 80.4%) be-
cause the refiner overwrites correct tokens.
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Figure 1: SpecRef pipeline. The AR drafter generates
a candidate; per-token entropy identifies uncertain po-
sitions (yellow/red), which are replaced with [MASK].
The diffusion refiner denoises from this warm-started
state in S steps.

This ceiling effect is invisible when evaluat-
ing either model alone.

* PPL vs. generative evaluation gap. On
multiple-choice tasks (ARC-Challenge, Hel-
laSwag), log-likelihood scoring produces
rankings that differ from those observed on
generative benchmarks for the same model
pair (Table 2), suggesting that PPL-mode and
generative evaluation measure different capa-
bilities in diffusion models.

* Post-processing pitfalls. Standard
code post-processing (.strip(),
textwrap.dedent ()) silently destroys
Python indentation for non-AR generators,
lowering pass@]1 scores. We document this
and other practical pitfalls encountered when
adapting AR-era evaluation to hybrid systems
(Section 3.3).

We also describe SpecRef itself (Section 2) since
it is needed to interpret the evaluation findings, and
report that it improves absolute accuracy by up
to 25.8% over standalone diffusion on code gen-
eration while cutting wall-clock latency by up to
2.43x.
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2 Background: Hybrid AR-Diffusion
Generation

We describe the components of our hybrid system,
which serves as the evaluation subject throughout
the paper.

2.1 AR drafter and uncertainty estimation

Let ¢ denote a prompt and zp = (zo1,...,%0,1)
be a sequence of L tokens from vocabulary V. An
AR drafter with parameters ¢ defines a left-to-right
factored distribution:

L

gs(xo | ©) = [Jas(z0i | cz0<i). (D)
=1

At each position ¢, we record the Shannon entropy
as a measure of uncertainty:

u; & H(qg(- | ¢,20,<i))
==Y gs(v])logge(v|). (2

A high-entropy position means the AR model is un-
sure about that token, making it a natural candidate
for diffusion refinement. In our experiments we
use microsoft/phi-2 (2.7B parameters), but
the method works with any AR model that outputs
probability logits.

2.2 Masked diffusion language modeling

A masked diffusion LM such as LLaDA (Nie et al.,
2025) defines a forward process that progressively
masks a clean token sequence toward a fully cor-
rupted state using a token-level masking kernel:

0,5
Qt(wt,z‘ ! xo,z‘) = { '

[MASK]

with prob. (1 — )

)

3)
where a; € [0, 1] is a monotone noise schedule
with ag = 0 (clean) and ar = 1 (fully masked).
The learned reverse process pyp(zi—1 | xt,c) is a
bidirectional BERT-style Transformer (LLaDA-8B
in our case) that attends to all positions at once and
iteratively denoises from ¢ = T to ¢t = 0. Unlike
AR models, it can condition on “future” tokens at
position j > 4, and it can infill arbitrary subsets of
tokens.

with prob. oy

2.3 SpecRef: warm-start with selective
masking

The main bottleneck when sampling from a fully
masked prior is structure discovery: att =T, every

token is [MASK], so the model must recover code
skeletons, reasoning chains, and answer formats
from scratch. With a small step budget .S, it often
fails to produce syntactically valid output.

SpecRef warm-starts the diffusion model from
an AR draft instead. It samples a draft Zo ~ g(- |
¢), then applies the forward corruption kernel at
time 7:

LTy ~ QT(' ‘ jO)v “4)

and runs the learned reverse process from 7 to 0:

Ti—1 ~po(- | xg,c) fort=7,7—1,...,1. (5)
In practice, we use a subset of time indices (e.g.,
DDIM-style (Song et al., 2022)) to reduce the num-
ber of forward passes to S < 7.

Rather than masking globally, SpecRef masks
selectively: only the top k% highest-entropy posi-
tions are replaced with [MASK]. Two heuristics
extend the mask set Z:

1. Math-aware block expansion (¢ = 2): po-
sitions aligned to numeric or math-operator
characters are identified via regex. All tokens
within +2 positions are added: Z « Z U {1 |
li—j| <2, j € M}, where M indexes math-
character positions. This ensures arithmetic
context is regenerated as a unit.

2. Tail truncation (M = 150): all tokens past
index 150 are unconditionally masked to force
the diffusion model to regenerate conclusions,
where AR drift is worst.

Token scores for the top-k selection are:

Uy
P = li FNT TR 1 )
m C 1p<log|V| 0 ) (6)

where wu; is mapped to refiner-token positions via
character-level offset alignment (needed because
the drafter and refiner use different tokenizers). We
use k = 60% throughout. Algorithm 1 gives the
full procedure.

2.4 Compute cost and the handoff point

The total cost is L Car + S Cp, where Cag is the
amortized cost of one AR token (negligible under
vLLM serving) and C is the cost of one diffusion
forward pass over all L positions. A standalone dif-
fusion sampler with N steps costs IV Cp; SpecRef
targets S << V.
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Algorithm 1 Statistical SpecRef (Top-k Entropy
Masking)

Require: Prompt c; AR drafter g,; refiner py;
mask percentile k; math-expansion window
e; tail truncation M.
Ensure: Refined sample: xg
1: Sample draft: Zo ~ g4(- | ¢)
2: Extract logit entropies:
ui = H(qy( | ¢, To,<i))
3: Compute the set of top k% tokens by entropy:
Itop
4: Math Block Expansion: Let M be indices of
tokens aligned to numeric/math characters. Set
IT=TepU{i|li—j|<e, jeM}
5: Tail Truncation: SetZ =Z U {i | i > M}
6: Form intermediate mask state x:

[MASK]
Trg =g -
To

7: for refinement steps S do

Sample proposal: z;_; ~ pg(- | 24, ¢)
9: end for
10: return zg

ifieZ

otherwise

The mask ratio k% (equivalently the warm-start
time 7) controls a tradeoff: £ — 0 preserves the en-
tire draft; & — 100% reduces to standard diffusion
from scratch. We use £ = 60%: enough tokens
survive to carry global structure, while enough are
masked for correction. On GSM8K (RTX 4090),
this yields 6.79s per query vs. 16.49s for standalone
LLaDA at S = 64, a 2.43 x speedup.

3 Evaluation Setup

3.1 Models and infrastructure

All experiments ran on the 8x NVIDIA
V100, 16GB  each. The refiner
(LLaDA-8B-Instruct) is split across 2
GPUs via pipeline parallelism. The drafter
(Phi-2, 2.7B) runs under vLLM with 4-bit
quantization; its latency is under 1% of total
generation time.

3.2 Evaluation protocols

We deliberately chose benchmarks that require
three different evaluation protocols, since the pro-
tocol itself turned out to be a significant variable.

Protocol A: Execution-based (pass@1). Hu-
manEval (Chen et al., 2021) and MBPP (Austin

et al.,, 2021b). Generated Python code is exe-
cuted against ground-truth unit tests in a sandbox
with a 10-second STGALRM timeout (infinite loops
are common in early diffusion steps). We report
pass@1.

Protocol B: Exact match with parsing.
GSMSK (Cobbe et al., 2021) and MATH (sup-
plementary, evaluated on a 5,000-sample subset).
Models are prompted to produce answers in
\boxed{...} format. We extract the final
answer with regex and compute exact-match
accuracy.

Protocol C: Log-likelihood scoring (PPL-
mode). ARC-Challenge and HellaSwag. Each
answer choice is formatted as context +
choice_text. The conditional log-likelihood is
estimated via 8-round Monte Carlo masking (ran-
domly masking a subset of continuation tokens per
round, scoring under the model, and averaging), fol-
lowing the LLaDA evaluation protocol (Nie et al.,
2025). The highest-scoring choice is selected. This
protocol is diffusion-step-independent: no iterative
denoising is performed, giving a 4 x speedup over
generative evaluation.

3.3 Evaluation pitfalls encountered

Adapting standard AR-era evaluation to a hybrid
system revealed several pitfalls that would affect
any non-AR or multi-stage generator:

1. Post-processing breaks indentation. Stan-
dard code post-processing (.strip(),
textwrap.dedent ()) destroys Python’s
semantic indentation. For diffusion outputs,
which may contain irregular whitespace pat-
terns unlike AR outputs, this lowered pass@1
scores significantly. =~ We replaced these
with stop-sequence truncation ([\ndef,

\nclass, \nif _ name__]).

2. Infinite loops require sandboxing. At low
step counts (S < 16), diffusion models fre-
quently produce syntactically valid but non-
terminating code. Without the SIGALRM
timeout, evaluation hangs indefinitely, a prob-
lem AR models rarely cause.

3. Proxy metrics mislead for PPL-mode
benchmarks. During development, we tried
string-matching the first 40 characters of the
target as a proxy for PPL-mode benchmarks.
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The proxy and true metric disagreed substan-
tially, producing misleading intermediate re-
sults.

4. Tokenizer mismatch. The drafter and re-
finer use different tokenizers. Entropy scores
must be mapped between tokenizations via
character-level offset alignment; naive token-
index transfer produces incorrect masks and
unreliable evaluation.

4 Results

We organize results around evaluation findings
rather than per-dataset performance. All numerical
results are in Tables 1-3; we do not repeat numbers
already in the tables except when interpreting them.

4.1 What code benchmarks actually test:
structural discovery

The most striking pattern in Table 1 is on code
benchmarks. Standalone LLaDA produces 0%
valid code on HumanEval at S < 16 and only
8.70% at S = 64. But when warm-started from an
AR draft, SpecRef reaches 20.12% at just 8 steps,
without changing the diffusion model at all.

This gap tells us something about what Hu-
manEval and MBPP actually measure. This sug-
gests the diffusion model at 8B parameters is not
entirely incapable of code logic; rather, it cannot
discover the right syntactic structure (indentation,
brackets, function signatures) from a fully masked
starting point in a few steps. Once that structure
is provided, accuracy jumps immediately. These
benchmarks appear to conflate two distinct capabil-
ities: structural discovery and logical correctness.
For diffusion models at low step counts, the struc-
tural component accounts for a large share of the
failure.

A near-zero score on HumanEval does not mean
a diffusion model “cannot code.” It may mean the
model cannot discover Python’s formatting conven-
tions quickly enough. Separating structural and
logical evaluation (e.g., providing scaffolds and
measuring only logic fill-in) would give more diag-
nostic information.

On MBPP the pattern is even clearer: SpecRef’s
absolute gain expands to 25.80% at S = 64
(33.00% vs. 7.20%). On GSMS8K, SpecRef at
S = 64 reaches 54.28%, outperforming both the
standalone drafter (47.38%) and refiner (44.81%),
suggesting complementary strengths on math rea-
soning.

4.2 Refinement tension: when correction
hurts

A second finding concerns what happens when the
AR drafter is already accurate. On BBH Boolean
Expressions (Suzgun et al., 2023), the drafter
scores 82.80%. SpecRef improves over the stan-
dalone diffusion baseline at every step count but
plateaus at 80.40% for S > 32, below the drafter
itself. The same pattern appears on MATH, where
the baseline edges ahead of SpecRef at S = 64
(22.32% vs. 21.38%).

We call this refinement tension: the entropy-
based mask sometimes selects tokens that the
drafter already had correct, and the refiner replaces
them with worse alternatives. The drafter’s entropy
is a noisy signal of actual error; on saturated tasks,
high entropy does not always mean the token is
wrong.

This phenomenon is invisible when evaluating
either model in isolation. It only appears in the
pipeline, and it reveals a benchmark saturation ceil-
ing: once a component model is near-ceiling, aggre-
gate pipeline scores can decrease. For evaluation
of any multi-stage system (not just SpecRef), this
argues for reporting component-level scores along-
side pipeline scores. It also suggests that adaptive,
per-instance mask rate selection (lowering £ when
the drafter is already confident) could mitigate the
effect, though we leave this to future work.

4.3 The log-likelihood vs. generative
evaluation disconnect

Table 2 shows PPL-mode evaluation on ARC-
Challenge and HellaSwag. Two observations are
worth noting.

First, PPL-mode is diffusion-step-independent.
The same score emerges regardless of step count,
because log-likelihood is computed in a single
masked forward pass, not through iterative denois-
ing. This makes PPL-mode evaluation 4 x cheaper
on our cluster, but it also means PPL-mode and
generative evaluation measure fundamentally dif-
ferent things. Whether a model can score a correct
answer highly is not the same as whether it can
generate that answer.

Second, the AR drafter outperforms LLaDA on
HellaSwag in PPL mode (54.94% vs. 45.62%), yet
on generative benchmarks (Table 1) the relation-
ship between the two models is more complex and
step-dependent. While these are different tasks,
the pattern suggests that PPL-mode rankings do
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Table 1: Step-wise scaling on generative benchmarks. SpecRef sets a quality floor at low step counts
(S = 8,16) where standalone diffusion fails. All results use microsoft/phi-2 as drafter and
GSAI-ML/LLaDA-8B-Instruct as refiner.
Dataset Phi-2 (Draft) LLaDA Baseline SpecRef (Ours)
S=8 S=16 S=32 S=64 S=8 S=16 S=32 S=64
GSM8K 47.38% 872% 12.43% 22.14% 44.81% 39.50% 4526% 50.95% 54.28%
HumanEval 44.51% 0.00% 0.00% 1.74%  8.70% 20.12% 20.73% 20.73% 25.61%
MBPP 43.00% 020% 0.60% 2.00%  7.20% 20.80% 22.80% 26.00% 33.00%
MATH* 5.22% 10.76% 12.72% 16.12% 22.32% 14.16% 17.70% 20.44% 21.38%
BBH (Bool) 82.80% 54.80% 53.60% 58.80% 66.00% 71.20% 76.80% 80.40% 80.40%

* Note: The MATH evaluation was performed on a 5,000-sample representative subset of the final test suite.

Table 2: Likelihood (PPL) performance. SpecRef in
PPL mode matches the baseline because both use log-
likelihood scoring on the full sequence.

Dataset Phi-2 Baseline  SpecRef
(Draft) (S=64)

ARC-Chall. 58.10% 51.45% 51.50%

HellaSwag  54.94% 45.62% 45.62%

not straightforwardly transfer to generative settings.
For diffusion models specifically, PPL-mode may
overstate or understate generation ability depend-
ing on the task.

4.4 Latency-quality tradeoffs

Table 3: Latency (seconds per query) on GSMS8K,
NVIDIA RTX 4090. SpecRef times include both the
AR drafting pass (vLLM) and the diffusion steps. Be-
cause fewer diffusion steps are needed to match baseline
quality, total wall-clock time drops.

Steps (S) LLaDA SpecRef (s) Speedup
Baseline (s) Factor
16 4.12 5.18 0.80x
32 8.24 5.95 1.38x
64 16.49 6.79 2.43x

Table 3 shows that SpecRef S = 64 is both more
accurate and 2.43x faster than standalone LLaDA
at the same step count. At S = 16SpecRef, it is
slower (the drafting pass dominates when diffusion
steps are few) but far more accurate.

For evaluation methodology, the lesson is that
reporting only accuracy is insufficient for com-
paring generation paradigms with different cost
structures. Step count, wall-clock time, and FLOPs
all affect the comparison. Table 1 shows accu-
racy swings of over 30 percentage points across
step counts for the same model; a single-step-count

comparison could be arbitrarily misleading.

5 Discussion: Lessons for Evaluating
Hybrid Generation

1. Report evaluation protocol details exhaus-
tively. Post-processing choices alone can change
code evaluation scores by large margins (Sec-
tion 3.3). Sandbox timeouts, stop-sequence selec-
tion, and tokenizer alignment details are not minor
implementation notes; they are evaluation-critical
parameters. We recommend treating them with the
same care as hyperparameters.

2. Benchmark scores conflate multiple capabili-
ties. Code benchmarks test structural discovery
and logical correctness simultaneously. For AR
models, this distinction rarely matters (structure
comes for free from left-to-right generation), but
for diffusion and hybrid models, it is the dominant
factor. Providing syntactic scaffolds as a controlled
experiment could separate these components and
give more diagnostic evaluations.

3. Multi-stage systems need component-level
reporting. Aggregate pipeline scores can mask
component-level regression (the refinement ten-
sion effect). We recommend reporting drafter-only,
refiner-only, and pipeline scores together, along
with an analysis of where the pipeline helps and
where it hurts.

4. PPL-mode and generative evaluation are not
interchangeable. They measure different aspects
of model capability and can rank the same models
differently. Papers that use only one mode should
be explicit about this limitation.

5. Step count and compute budget must be re-
ported. Diffusion model accuracy varies by 30+
pp across step counts (Table 1). A score without
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a step count is incomplete; accuracy-vs-compute
curves should replace single numbers.

6 Related Work

GEM (Gehrmann et al., 2021) and HELM (Liang
et al., 2023) established shared evaluation infras-
tructure; LLM-as-judge methods (Zheng et al.,
2023) added scalable evaluation beyond refer-
ence matching; and benchmark contamination (Xu
et al., 2024) has motivated living benchmarks. De-
schenaux and Gulcehre (2024) noted evaluation
challenges for discrete diffusion but did not sys-
tematically document them, our work fills this gap.
Continuous-space diffusion for text was introduced
by Li et al. (2022); discrete extensions (Austin
et al., 2021a; Ho et al., 2020; Song et al., 2021)
led to SEDD (Lou et al., 2024) and MDLM (Sa-
hoo et al., 2024). Speculative decoding (Leviathan
et al., 2023; Chen et al., 2023) accelerates AR gen-
eration via draft-then-verify; SpecRef inverts this
pattern, adapting warm-start diffusion (Meng et al.,
2022; Scholz and Turner, 2025) to discrete masked
diffusion with a confidence-aware corruption pol-

icy.
7 Conclusion

We used SpecRef as a lens to examine how standard
benchmarks behave when generation is no longer
purely autoregressive, surfacing four findings: code
benchmarks conflate structural discovery with log-
ical correctness; multi-stage pipelines can de-
grade accuracy through refinement tension; log-
likelihood and generative evaluation are not inter-
changeable; and standard post-processing silently
breaks evaluation for non-AR generators. We hope
these observations contribute to more diagnostic
evaluation practices as generation architectures con-
tinue to diversify.

Limitations

Our evaluation uses a single drafter-refiner pair
(Phi-2 2.7B + LLaDA 8B); quantitative magnitudes
are specific to this combination, though the qual-
itative findings likely generalize. Phi-2’s 2,048-
token context window prevented evaluation on
long-prompt benchmarks (e.g., GPQA). The fixed
mask rate £ = 60% was not tuned per task; adap-
tive masking may reduce refinement tension.
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Ethics Statement

SpecRef is a decoding strategy; it does not change
training data or model capabilities. It does, how-
ever, reduce the cost of generating text, which can
amplify both beneficial and harmful uses. Risks
include:

* Scaling misuse: faster generation can facil-
itate spam, disinformation, or automated ha-
rassment.

* Bias propagation: refinement can preserve
biases from either model, and selective mask-
ing may ‘ "lock in" problematic phrasing from
the draft.

* Over-trust in refinement: users may assume
“refined" outputs are more factual than they
are.

Mitigations include maintaining standard safety fil-
ters, auditing outputs for bias/toxicity, and using
evaluation prompts that stress factuality and sensi-
tive domains.
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