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ABSTRACT

Existing metrics for open-ended text generation measure likelihood, lexical di-
versity, or distributional similarity in generic representation space, yet they can
miss fundamental dimensions of quality. A prominent blind spot is global co-
herence: a generated passage may be locally fluent while remaining globally
contradictory, causally inconsistent, or topically disconnected. Such failures can
still preserve the token-level and lexical statistics that existing metrics rely on.
We identify representation as a central bottleneck in detecting these failures and
introduce CHORD (Coherence-aware Hidden-state Open-generation Reference
Distance), a coherence-sensitive distributional metric. CHORD encodes gener-
ated and human-written corpora in the hidden-state space of a frozen LLM us-
ing a coherence-eliciting prompt, and compares the resulting distributions using
MMD with an RBF kernel. To validate that the metric responds to coherence
degradation but not generic textual change, we construct a counterfactual eval-
uation suite that pairs graded coherence-degrading perturbations with meaning-
preserving controls. CHORD selectively detects relation, discourse, structural,
and mixture failures that perplexity, entropy, MAUVE, FBD, and MMD-based
baselines either miss or cannot separate from benign rewriting. Factorial ab-
lations show that representation is the primary source of coherence sensitivity,
while RBF-MMD improves sample efficiency once the relevant distinctions be-
come visible. Larger backbones capture finer-grained distinctions, but coherence
prompting improves selectivity only when the backbone can follow the prompt.
On unconditional generation and prefix continuation, CHORD yields model rank-
ings that strongly align with human judgments of whether outputs make sense and
appear human-written. Together, these results establish representation design as
central to reliable distributional evaluation.

1 INTRODUCTION

Evaluating open-ended text generation remains fundamentally challenging because generation qual-
ity is multidimensional, whereas existing automatic metrics capture only particular aspects of it:
generative perplexity measures the predictability of generated text under an external language model
(Holtzman et al., 2020), unigram entropy quantifies lexical diversity (Shannon, 1948), and Self-
BLEU estimates repetition across generated samples (Zhu et al., 2018). Yet recent studies show
that optimizing these metrics need not yield improvements in overall generation quality (Veličković
et al., 2026; Franca & Tong, 2026; Pynadath et al., 2026).

Open-ended generation often admits multiple valid outputs, making one-to-one matching against
reference outputs ill-suited for evaluation. Distributional metrics avoid the need for aligned refer-
ences by comparing corpora of generated and human-written text in a shared feature space, thereby
evaluating corpus-level similarity rather than sample-level correspondence. MAUVE (Pillutla et al.,
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(a) Motivation: locally fluent, globally incoherent (b) Why coherence-sensitive representations help

Generated corpus G
500 text samples

Human corpus R
N reference samples

one text sample, magnified below

ELF-B unconditional sample (128 tokens) this sample: PPL 27.7 · entropy 5.91

Step 1: 1. Never present predictions or arguments. Don’t introduce a
complexity to your argument, especially if you just want to present it. The
more you can understand yourself the more likely you will mispresent
your argument. The more you can understand yourself the more likely you
will confuse your argument. Here are a few quick takeups so you can start to get
better understanding how it all turned out. is there any questions you want to
answer with your class or team? is there anything unique to your class or team?
Would you like to see here? If you have any questions please let me know in the
comments

contradiction repetition broken transition topic drift

Corpus-level statistics: G vs R

Corpus PPL(G)

30.7 (human: 21.9–37.9)

Avg. entropy(G)

5.77 (human: 6.09–6.14)

MAUVE(G, R)

0.767 (held-out human: 0.96)

Existing metrics do not isolate coherence failures

Original:

Coherence damaged:

Benign rewrite:

Generic feature space Coherence-sensitive space
(CHORD)

Original/
reference

Coherence
damaged

Benign
rewrite

harmful ≈ benign

Harmful and benign changes

are confounded.

Original/
reference

Coherence
damaged

Benign
rewrite

harmful ≫ benign

Coherence damage becomes

selectively visible.

schematic

CHORD separates harmful coherence changes from benign rewriting.

The committee approved the plan.

The committee approved the plan and rejected it.

The plan was approved by the committee.

Figure 1: Motivation and intuition for CHORD. Existing corpus-level metrics may overlook text that is
locally fluent yet globally incoherent; CHORD selectively distinguishes coherence degradation from meaning-
preserving rewriting.

2021; 2023), Fréchet-BERT Distance (Xiang et al., 2021), and MMD-based metrics (Chan et al.,
2024) instantiate this paradigm with different representations and divergences. However, a distri-
butional metric can detect only those differences preserved by its feature space. Prior stress tests
have shown that commonly used representations can be insensitive to discourse-level perturbations,
including sentence reordering (He et al., 2023).

Coherence poses a particularly demanding test of this representation bottleneck. Current generators
often produce multi-sentence passages that are locally fluent yet globally incoherent. A generated
text sample may contradict earlier claims, reverse causal relations, disrupt discourse transitions, or
drift across unrelated topics. Such failures can leave local fluency and much of the lexical content in-
tact, providing little signal for perplexity and entropy. Generic representations can likewise conflate
coherence violations with benign textual variation: for example, a contradiction-inducing edit and a
meaning-preserving paraphrase may produce shifts of comparable magnitude in the representation
space. Figure 1 illustrates this failure mode.

Dedicated coherence metrics (Barzilay & Lapata, 2008; Logeswaran et al., 2017; Guan & Huang,
2020; Zhu et al., 2024; Zhao et al., 2023; Ke et al., 2022) offers a complementary, sample-level
approach. These methods score individual texts and are often evaluated on sentence ordering and
topical consistency, with relation-level violations such as contradiction and causal reversal receiving
less systematic coverage. Because they score samples individually, however, they are not designed
to compare generated and human corpora as distributions. Our goal is to bridge this gap by making
corpus-level distributional evaluation sensitive to a broader range of coherence failures. Accord-
ingly, we define selectivity as a central evaluation criterion: a coherence-degrading perturbation
should elicit a stronger metric response than a comparable meaning-preserving perturbation.

We introduce CHORD (Coherence-aware Hidden-state Open-generation Reference Distance), a
distributional metric designed to capture coherence differences between generated and human text.
CHORD represents each text using hidden states extracted from a frozen LLM under a coherence-
eliciting prompt, and compares the resulting distributions using MMD with an RBF kernel (Gretton
et al., 2012). To evaluate selectivity, we construct a counterfactual evaluation suite that pairs graded
coherence-degrading perturbations with meaning-preserving controls. Across this suite, CHORD
detects all tested failure types, whereas perplexity, entropy, and MAUVE with generic features either
miss relation- and discourse-level errors or fail to distinguish them from benign rewriting.

A factorial ablation over feature representations and distance functions confirms that representation
is the bottleneck: no distance function can recover coherence distinctions that are absent from the
feature space. Further experiments reveal an interaction between backbone capability and coherence
elicitation. Larger backbones capture finer-grained coherence distinctions, whereas targeted prompt-
ing improves selectivity only when the backbone can follow the instruction; with GPT-2 (Radford
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Human reference
corpus R

Sample Passage
from R

Sample Passage
from G

Generated
corpus G

Corpora

1

Coherence-eliciting prompt

This paragraph: <text>,

considering its coherence

and ordering of its ideas,

means in one word:

<text> = passage from R or G

Frozen LLM encoder

Coherence-eliciting prompt
→ hidden-state embedding

Final hidden-state

embeddings

2

h(r) h(g) RBF-MMD distance

HR HG

CHORD(G, R) = MMD2
k

(HG ,HR)

3

Corpus distance in
coherence-sensitive space

Figure 2: CHORD overview. A frozen LLM encodes prompted human and generated passages into coherence-
oriented hidden states; RBF-MMD compares the resulting corpus distributions.

et al., 2019), it can even reduce selectivity. Finally, CHORD’s model rankings on unconditional
generation and prefix continuation strongly agree with human judgments.

2 RELATED WORK

Automatic evaluation of open-ended generation. Reference-free diagnostics characterize gen-
erated text alone: generative perplexity measures predictability (Holtzman et al., 2020), unigram en-
tropy lexical diversity (Shannon, 1948), and Self-BLEU cross-sample repetition (Zhu et al., 2018).
They remain common for diffusion language models (Hu et al., 2026; Guo et al., 2026), although
recent analyses show they give an incomplete account of generation quality (Veličković et al., 2026;
Franca & Tong, 2026; Pynadath et al., 2026). Distributional metrics instead compare generated and
human corpora in a shared feature space, via information frontiers in MAUVE (Pillutla et al., 2021;
2023), the Fréchet distance in FBD (Xiang et al., 2021), or MMD (Chan et al., 2024). Their sensitiv-
ity depends on the representation: commonly used features can miss discourse-level perturbations
such as sentence reordering (He et al., 2023).

Coherence modeling and evaluation. Coherence evaluation has largely developed around two
synthetic tasks. Permutation detection, distinguishing sentence-shuffled text from the original, moti-
vated entity-grid models (Barzilay & Lapata, 2008), neural coherence models (Li & Jurafsky, 2017),
and sentence-ordering objectives (Logeswaran et al., 2017). Sentence intrusion detection, spotting a
sentence from an unrelated document, drove discriminators such as UNION (Guan & Huang, 2020)
and CoUDA (Zhu et al., 2024), trained on programmatically corrupted negatives. Other metrics de-
rive coherence scores from pretrained encoders without task-specific training, including DiscoScore
(Zhao et al., 2023) and CTRLEval (Ke et al., 2022). These approaches score individual samples
and are mainly tested on ordering and topic consistency. CHORD instead compares corpora as dis-
tributions and extends detection beyond sentence permutation and document mix to relation-level
failures such as contradiction and causal reversal.

Prompt-based sentence embeddings. Prompt-based embeddings place text in a task-specific
template and read a hidden state from a frozen language model. PromptEOL (Jiang et al., 2024)
asks the model to summarize the text in one word and uses the final-token state; MetaEOL (Lei
et al., 2024) varies the prompt task to capture different aspects of the text. CHORD adopts a fixed
coherence-oriented template and uses the resulting last-token states for corpus-level distributional
comparison.
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3 METHODOLOGY

3.1 CHORD: HIDDEN-STATE REFERENCE DISTANCE

Figure 2 summarizes the three-stage evaluation pipeline. Let R = {ri}NR
i=1 be a human reference

corpus and G = {gj}NG
j=1 a generated corpus. CHORD measures their distributional discrepancy

using coherence-oriented representations and a kernel two-sample distance.

Coherence-oriented hidden-state representation. To represent a text sample x with a frozen
language model, we place it in a fixed coherence-eliciting template adapted from PromptEOL (Jiang
et al., 2024):

This paragraph: "{x}", considering its coherence and
ordering of its ideas, means in one word:

The compact-completion format requires the model to compress the input to a single next-token
prediction, concentrating coherence information at the last token position. Let p(x) denote the
prompted input. The sample representation is the hidden state at layer ℓ of the last token position t:

h(x) = fθ
(
p(x)

)
ℓ, t

∈ Rd, (1)

where fθ is a frozen language model. CHORD uses these hidden states to compare corpora; it
neither decodes continuations nor scores output tokens. Appendix F compares this signal with bag-
of-words features, next-token predictions, and LLM-as-a-Judge scoring (Zheng et al., 2023).

Unless otherwise specified, the CHORD encoder in this paper is a frozen Qwen3.5-27B model
(Qwen Team, 2026). We extract its features from the third-to-last transformer layer. Appendix O
reports the layer-depth ablation motivating this choice, and Appendix B shows the full detail of the
27B encoder configuration.

The same design transfers across model families. Table 1 shows that Gemma-2 (Gemma Team et al.,
2024), Mistral (Mistral AI, 2025; 2024), and Llama-3.1 (Grattafiori et al., 2024) backbones detect
a broad range of coherence failures using the same prompt, extraction rule, and distance, without
family-specific tuning.

Gaussian RBF-MMD distance. Let HR = {h(ri)}NR
i=1 and HG = {h(gj)}NG

j=1. We compare
these embedding distributions using the biased squared Maximum Mean Discrepancy (MMD) with
a Gaussian RBF kernel (Gretton et al., 2012):

CHORD(G,R) = M̂MD
2

k(HG, HR), k(a,b) = exp

(
−∥a− b∥2

2σ2

)
. (2)

For each encoder and evaluation set, we set the bandwidth σ to the median pairwise embedding dis-
tance on a held-out human-reference split, then keep it fixed across corpus comparisons. Appendix B
gives the biased MMD estimator, calibration split sizes, and further details of the bandwidth-
selection procedure.

3.2 DIAGNOSTIC META-EVALUATION PROTOCOL FOR COHERENCE SENSITIVITY

We evaluate coherence sensitivity using controlled perturbations paired with benign rewrites, null-
standardized metric responses, and a statistical criterion for selective detection.

Perturbations and benign controls. We construct nine perturbation types from a shared pool of
seed samples, organized into four categories that each target a different aspect of coherence: relation
perturbations (contradiction, causal reversal) introduce contradictions and causal reversals between
sentences; discourse perturbations (broken transition, topic drift) introduce logically disconnected
transitions and topic drift; structural perturbations (sentence permutation, word shuffle, repetition)
disrupt sentence order, shuffle word order, or duplicate sentences; and mixture perturbations (DLM
mix, document mix) replace sentences with material from unrelated sources. As benign controls, we
paraphrase the same seed samples while preserving their claims and logical structure, establishing
the metric response attributable to surface rewriting alone. Each perturbation type is applied at
multiple severity levels. Appendix C provides the full construction procedure and examples.
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Null standardization. For each metric, let sM be the calculated raw distributional distance be-
tween the candidate set and the human reference set. We repeatedly compute the same discrepancy
between two disjoint human-reference subsets, matched to the evaluation sample sizes. The result-
ing null mean µ0 and standard deviation σ0 define

zM =
sM − µ0

σ0
. (3)

This expresses each response relative to its own reference sampling variation. Appendix B specifies
the statistic used for each metric and the resampling procedure.

Detection criterion. Since benign rewriting also shifts scores, we compare each harmful per-
turbation against the most heavily rewritten benign control built from the same seed samples, a
conservative baseline:

∆z = zharm − zbenign, (4)
where z denotes the null-standardized score, so ∆z > 0 means the harmful perturbation is penalized
beyond benign rewriting. A condition is detected if the lower bound of the 95% CI of ∆z, estimated
from 200 paired bootstrap resamples over seeds, is positive (Appendix B).

4 EXPERIMENTS

We organize our experiments around four research questions:

• RQ1 (Selectivity). Does CHORD respond to coherence-damaging perturbations while remaining
stable under benign rewriting? (§4.2)

• RQ2 (Attribution). Which representation and distance choices account for this selectivity? (§4.3)
• RQ3 (Model ranking). Does CHORD yield informative rankings of existing generation models?

(§4.4)
• RQ4 (Human alignment). How well do CHORD scores agree with human judgments? (§4.5)

4.1 SETUP

Counterfactual evaluation set. We sample passages from OpenWebText (Gokaslan et al., 2019),
WikiText-103 (Merity et al., 2016), and Reddit TL;DR posts (Völske et al., 2017; Stiennon et al.,
2022), retaining those with at least four sentences and 100–400 words. The filtered passages form
three disjoint pools: 500 seeds for counterfactual editing, 3,600 passages for the human reference
corpus, and a replacement pool for mixture perturbations.

From the 500 seeds, we construct the nine perturbation types and benign control defined in Sec-
tion 3.2. Qwen3-30B-A3B (Yang et al., 2025) generates the relation and discourse perturbations and
benign controls, while rule-based operations produce the structural and mixture perturbations. The
main findings persist with a Mistral editor (Appendix C). We apply each perturbation type at mul-
tiple severity levels. Table 1 reports the highest-severity condition for each type; Appendix H gives
the full severity results, and Appendix C details their construction. All scores are null-standardized,
and detection follows the paired bootstrap criterion in Section 3.2.

Baselines. We compare CHORD with GPT-2 generative perplexity (Holtzman et al., 2020), un-
igram entropy (Shannon, 1948), MAUVE (Pillutla et al., 2021) using GPT-2 or ELECTRA (Clark
et al., 2020) features, Fréchet-BERT Distance (Xiang et al., 2021), and MMD with MiniLM sentence
embeddings (Chan et al., 2024; Wang et al., 2020) (MMD-MiniLM). Appendix D provides imple-
mentation details and backbone references. For MAUVE, we null-standardize the frontier integral
returned by the official implementation, a divergence that is zero when the two cluster histograms
match, rather than the MAUVE score itself, using the same reference null as for the other met-
rics (Appendix D). Appendix E reports comparisons with modern instruction-tuned embeddings,
UniEval (Zhong et al., 2022), and BARTScore (Yuan et al., 2021); Appendix F evaluates same-
backbone LLM judges, including G-Eval (Liu et al., 2023).
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CHORD encoders. Alongside the default Qwen3.5-27B encoder, we provide two distilled
student encoders trained to match the teacher’s PCA-projected embeddings, following OPRD’s
representation-alignment approach (Yang et al., 2026b): Qwen3.5-2B, a high-fidelity variant that
most closely tracks the teacher, and Qwen3.5-0.8B, a lightweight variant for faster, lower-memory
inference. On 500 packed OpenWebText samples processed on a single H200, featurization takes
46.5 s and 54.2 GB peak GPU memory with the 27B encoder, compared with 5.3 s and 7.1 GB for
2B and 4.4 s and 4.5 GB for 0.8B. Appendices I and P give training, validation, and cost details.

Table 1: Null-standardized responses zM at the highest severity for each perturbation type. Blue shading
marks detected conditions: the lower bound of the paired-bootstrap confidence interval for selectivity ∆z
exceeds zero (Section 3.2). All CHORD backbones use the same coherence prompt and feature-extraction
rule. Appendix H reports results at every severity level.

Relation Discourse Structural Mixture Control

←−−−−−−−−−−−−−−−−−−−−−−− harder to detect easier to detect−−−−−−−−−−−−−−−−−−−−−−−→

Method Causal
reversal

Contra-
diction

Broken
transition

Topic
drift

Sentence
permutation

Word
shuffle Repetition DLM mix Document mix Benign

paraphrase

Likelihood / diversity statistics
gen-PPL (GPT-2) 0.8 1.1 0.5 1.8 7.4 46.9 62.4 62.4 35.9 1.4
Unigram entropy −0.1 0.6 6.0 0.0 −0.0 2.1 0.9 22.1 17.4 2.6

Distributional metrics
MAUVE (GPT-2) 23.1 27.6 21.0 18.9 24.5 1.1 56.5 35.8 44.9 27.3
MAUVE (ELECTRA) 3.0 2.6 3.7 2.4 13.7 72.5 89.7 81.2 76.2 2.5
FBD (BERT) 0.2 0.2 0.8 0.5 1.0 9.7 60.7 24.5 12.5 0.2
MMD (MiniLM) −0.0 −0.0 33.3 4.9 −0.3 0.4 18.9 69.5 62.5 −0.3

Ours
CHORD (Qwen3.5-27B) 25.6 84.3 331 79.7 358 740 857 1150 1082 6.0
CHORD (Qwen3.5-9B) 17.4 26.9 109 27.5 96.3 344 671 882 726 10.9
CHORD (Qwen3.5-2B distilled) 20.1 73.1 258 45.9 190 579 1001 1241 1211 4.3
CHORD (Qwen3.5-0.8B distilled) 16.3 43.3 257 34.7 173 770 1191 1222 1166 2.5
CHORD (Gemma-2-27B-it) 24.7 80.5 270 66.1 182 514 948 845 627 6.6
CHORD (Gemma-2-9B-it) 11.0 27.0 135 27.0 120 328 449 804 691 3.0
CHORD (Mistral-Small-24B) 17.1 40.7 161 41.6 175 315 808 653 550 3.5
CHORD (Ministral-8B) 10.8 16.5 74.8 12.1 62.9 235 467 535 368 5.7
CHORD (Llama-3.1-8B-Instruct) 5.6 14.0 109 11.7 53.6 152 143 543 306 3.3

4.2 COUNTERFACTUAL ROBUSTNESS

Table 1 compares all metrics on our counterfactual evaluation set at the highest perturbation severity.
The metrics differ substantially in the failures they detect.

Generative perplexity detects word shuffle, repetition, and mixture but responds to contradiction
and causal reversal much like the benign control. Unigram entropy detects mainly mixture perturba-
tions. FBD also fails to detect relation-level errors, while MMD-MiniLM detects discourse but not
relation-level failures.

MAUVE depends strongly on its features. With GPT-2, its contradiction shift (27.6) nearly matches
benign paraphrasing (27.3); ELECTRA reduces the benign response but is still insensitive to
relation-level failures.

CHORD distinguishes all nine perturbation types from benign paraphrasing. Responses are
strongest for structural and mixture failures but remain selective for contradiction, causal reversal,
broken transitions, and topic drift. Both distilled Qwen3.5-2B and 0.8B encoders detect all nine
types, though with weaker relation-level responses than the 27B encoder.

This pattern transfers across backbone families. With the prompt, extraction layer, and distance
fixed, all Gemma, Mistral, and Llama backbones in Table 1 detect structural and mixture failures.
The 24–27B Gemma and Mistral models detect all nine types, whereas smaller Ministral and Llama
models miss some relation or discourse failures.

4.3 WHAT MAKES CHORD COHERENCE-SENSITIVE?

MAUVE and CHORD both compare distributions of text representations, but differ in three com-
ponents: the backbone, the representation extraction method, and the distributional distance.
We isolate their contributions below.
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MAUVE’s k-means KL. (b) Null-standardized score
versus corpus size on contradiction.
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Figure 4: Backbone capacity and coherence
prompting. Both panels report mean selectivity
∆z = zharm − zbenign. (a) Qwen3.5 scaling
with the coherence prompt, representation layer, and
RBF-MMD fixed. (b) Four extraction methods on
Qwen3.5-27B and GPT-2-large, averaged over all
harmful conditions (symmetric-log scale).

4.3.1 REPRESENTATION AND DISTANCE

We pair four representations (coherence-prompted Qwen, GPT-2, ELECTRA, and BERT (Devlin
et al., 2019)) with four distributional distances: RBF-MMD, energy distance (Székely & Rizzo,
2013), Fréchet distance (Heusel et al., 2018), and MAUVE’s k-means KL (its frontier integral;
Appendix D). This yields 16 combinations evaluated on the nine perturbation types in Table 1.

Figure 3a shows that detection depends primarily on the representation. Swapping distances between
MAUVE and CHORD makes this clear: GPT-2 with RBF-MMD detects only three perturbation
types, whereas coherence-prompted Qwen with k-means KL detects all nine. Across the full grid,
changing representations affects detection much more than changing distances. The representation
determines which coherence failures are exposed to the distributional comparison.

Distance choice mainly affects sample efficiency. Figure 3b shows that RBF-MMD detects con-
tradiction at smaller corpus sizes and with lower variance than Fréchet distance or k-means KL. We
therefore use RBF-MMD as the default distance.

4.3.2 BACKBONE CAPACITY AND COHERENCE PROMPTING

Figure 4a isolates the effect of Qwen3.5 backbone size, holding the prompt, extraction layer, and dis-
tance fixed. Selectivity for structural and discourse failures improves at intermediate scales, whereas
responses to relation-level failures remain weak until the largest model. This pattern agrees with the
cross-family results in Table 1: larger backbones capture finer coherence distinctions in their
hidden representations.

The benefit of coherence prompting also depends on the backbone. In Figure 4b, the coherence-
prompted final-token representation is substantially more selective than unprompted alternatives on
Qwen3.5-27B. On GPT-2-large, however, mean pooling performs best, and coherence prompting
can yield negative selectivity. This pattern persists across all GPT-2 sizes (Appendix G, Table 10),
suggesting that its effectiveness depends on whether the backbone can encode the target property.

Appendices G and N ablate prompt design, extraction, and error position; Appendix F compares the
hidden-state signal with token-space measures and direct LLM judgments.
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Table 2: Unconditional generation on OpenWebText. We report mean±std over 10 non-overlapping sample
sets, each containing 500 samples of 512 tokens. CHORD reports RBF-MMD2 (×10−2); scores are compara-
ble only within the same encoder column. Details are provided in Appendix J.

Generator CHORD ↓
(Qwen3.5-27B)

CHORD ↓
(Qwen3.5-2B distilled)

CHORD ↓
(Qwen3.5-0.8B distilled) gen-PPL ↓ MAUVE ↑ entropy ↑

Held-out human (packed) 0.17#1 (±0.04) 0.16#1 (±0.03) 0.15#1 (±0.05) 18.94#3 (±0.31) 0.95#1 (±0.01) 7.51#2 (±0.02)

GPT-2-large
(774M, nucleus) 19.84#2 (±1.02) 9.98#2 (±0.74) 10.40#3 (±0.77) 6.70#1 (±0.10) 0.77#5 (±0.04) 7.03#7 (±0.02)

GPT-2-medium
(355M, nucleus) 28.37#3 (±0.90) 10.78#3 (±0.59) 10.36#2 (±0.66) 10.10#2 (±0.11) 0.81#4 (±0.03) 7.06#6 (±0.01)

ELF-L (652M)
(Hu et al., 2026) 51.19#4 (±1.09) 68.20#4 (±1.33) 69.72#4 (±1.45) 23.15#5 (±0.53) 0.09#7 (±0.01) 7.07#5 (±0.02)

LangFlow (171M)
(Chen et al., 2026) 52.58#5 (±1.12) 70.84#5 (±1.54) 78.79#7 (±1.73) 18.98#4 (±0.49) 0.65#6 (±0.05) 7.60#1 (±0.03)

SEDD-small (170M)
(Lou et al., 2024) 57.05#6 (±1.02) 74.95#6 (±1.27) 77.64#6 (±1.14) 69.21#6 (±0.96) 0.89#2 (±0.02) 7.21#4 (±0.02)

MDLM (170M)
(Sahoo et al., 2024) 57.97#7 (±1.20) 75.06#7 (±1.64) 77.21#5 (±1.49) 73.92#7 (±2.01) 0.87#3 (±0.02) 7.35#3 (±0.03)

4.4 EVALUATING UNCONDITIONAL GENERATION AND CONDITIONAL TEXT

To assess how well CHORD and existing metrics distinguish among text generation models, we
evaluate them on unconditional generation and prefix continuation, two common settings for open-
ended text generation.

Unconditional generation. Table 2 shows a consistent three-tier pattern across the 27B encoder
and both distilled variants: held-out human text is closest to the reference distribution, followed
by GPT-2 outputs, then diffusion and flow outputs from SEDD, MDLM, ELF-L, and LangFlow.
The 2B encoder exactly reproduces the 27B ranking (Spearman ρ = 1.00). The 0.8B encoder
preserves the three tiers but differs within them (ρ = 0.82), assigning nearly identical scores to the
two GPT-2 models and ranking LangFlow last. Qualitative inspection reveals more frequent topic
shifts, repetition, and disrupted sentence transitions in diffusion and flow outputs (Appendix L); a
blind human evaluation corroborates the ordering (Appendix M).

The baseline metrics do not recover this grouping. MAUVE ranks SEDD and MDLM closest to
human text, above both GPT-2 models, and assigns ELF-L a near-zero score even though CHORD
places it next to LangFlow. Generative perplexity favors predictable text rather than closeness to
the human reference: both GPT-2 models score well below human text, LangFlow and ELF-L fall
close to it, and only SEDD and MDLM are clearly separated. Unigram entropy varies little across
generators and tracks lexical diversity, ranking LangFlow above human text and both GPT-2 models
last, the opposite of their placement under CHORD.
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Figure 5: Prefix continuation on OpenWebText. Each model generates a 128-token continuation from a 128-
token human prefix. Dotted lines mark the held-out human value.

Prefix continuation. In this task, each model receives the same 128-token human prefix from
OpenWebText and generates a 128-token continuation. Figure 5 reports CHORD scores from the
Qwen3.5-27B encoder alongside the comparison metrics. CHORD recovers the same three-tier
pattern: human continuations are closest to the reference, autoregressive continuations occupy the
middle tier, and diffusion-LM continuations receive the largest shifts. Within the autoregressive tier,
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less natural decoding strategies (greedy and high temperature) move progressively farther from the
human baseline.

The comparison metrics again produce different orderings. MAUVE places high-temperature au-
toregressive continuations above the human baseline and keeps diffusion continuations close to hu-
man text. Generative perplexity favors greedy decoding, while unigram entropy mainly captures the
loss of diversity under greedy generation.

4.5 AGREEMENT WITH HUMAN JUDGMENTS

Table 3: Agreement with human system rankings. Spearman correlation (ρ) between each metric and
Bradley–Terry rankings derived from the human study of Pillutla et al. (2021). The study contains 3,240
pairwise judgments over eight GPT-2 generation settings.

CHORD (ours) Existing metrics

Human dimension Qwen3.5
27B

Qwen3.5-2B
distilled

MAUVE
(GPT-2)

MAUVE
(ELECTRA)

FBD
(BERT)

MMD
(MiniLM)

gen-PPL
(GPT-2)

Interesting 0.86 0.76 0.00 0.79 0.76 0.90 0.64
Makes sense 0.98 0.93 −0.19 0.93 0.93 0.90 0.88
Human-like 0.98 0.95 −0.21 0.90 0.95 0.93 0.88

To independently validate the metric rankings, we use the human judgments released by Pillutla
et al. (2021). Following the original protocol, we fit Bradley–Terry scores (Bradley & Terry, 1952)
for interesting, makes sense, and human-like, then compute their Spearman correlations with metric
rankings (Table 3). Settings vary GPT-2 size and decoding (Appendix R).

CHORD (Qwen3.5-27B) achieves the highest correlation on makes sense and human-like (ρ = 0.98
on both), the two dimensions most closely tied to coherence. The distilled Qwen3.5-2B encoder
reaches ρ = 0.93 and 0.95, matching the best existing metric on each dimension. On interesting,
which mixes coherence with novelty and subjective preference, MMD-MiniLM is slightly stronger
(0.90 vs. 0.86). MAUVE with GPT-2 features correlates poorly under this protocol, consistent with
its window-length sensitivity (Appendix J).

5 DISCUSSION

Coherence failures differ in detection difficulty. Our scaling experiments suggest a hierarchy:
smaller backbones detect structural errors, discourse sensitivity grows with scale, and relation-level
failures remain the hardest to detect. Contradictions and causal reversals preserve much of the vo-
cabulary and local fluency while changing logical relations. They therefore provide demanding
tests of whether generation evaluators capture global coherence. A further direction is to ex-
plore CHORD as a corpus-level training objective, building on work that optimizes generators with
representation-space metrics (Yang et al., 2026a).

Targeted representations are central to evaluation. Our ablations show that the representation
largely determines which failures become detectable. Coherence prompting improves selectivity
on Qwen3.5-27B but reduces it on GPT-2, suggesting that its effectiveness depends on backbone
capability. This motivates designing distributional evaluators around representations that emphasize
the intended quality dimension. A preliminary experiment beyond coherence supports this direction
(Appendix S). When a small fraction of the safe assistant responses in a corpus is replaced with
unsafe ones, CHORD detects the shift at 5% prevalence, and swapping the coherence prompt for a
safety-oriented prompt widens the margin over matched safe replacements, without safety labels.

Selectivity is a useful criterion for metric validation. Our counterfactual experiments show that
a metric can respond strongly to both coherence damage and benign rewriting. Comparing these
responses on the same source texts helps distinguish sensitivity to coherence from sensitivity to
textual change in general. This validation principle may extend to other quality dimensions by
pairing targeted failures with controls that preserve the property being evaluated.
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6 CONCLUSION

Evaluating open-ended generation remains difficult when generic feature spaces fail to encode im-
portant quality distinctions. This work identifies representation design as a central bottleneck in
distributional text evaluation and develops a counterfactual protocol for testing whether a metric
responds selectively to quality degradation rather than benign variation. We introduce CHORD, a
coherence-sensitive distributional metric that distinguishes relation, discourse, structural, and mix-
ture failures from matched meaning-preserving rewrites when existing metrics miss or conflate them.
CHORD produces informative rankings on real generation systems that align with human evalua-
tions. More broadly, our results show that distributional metrics can capture additional dimensions
of generation quality when their representations are designed to make those dimensions visible.

CODE AVAILABILITY

The CHORD metric, including featurization with the 27B encoder or a distilled student, RBF-
MMD scoring with null calibration, and the complete distillation pipeline, is available at https:
//github.com/MAPS-research/CHORD. The code, configurations, and instructions needed
to reproduce every table and figure in the main paper and appendices, including the construction of
the counterfactual evaluation set, are available at https://github.com/MAPS-research/
CHORD-Experiment.

BROADER IMPACT

This work studies corpus-level evaluation of textual coherence. Our experiments include synthetic
coherence errors and safety-related examples that may contain harmful or offensive content; these
are used solely to evaluate metric behavior. Coherence does not imply factual accuracy, fairness, or
safety, and a low distributional discrepancy does not establish that individual outputs are reliable or
suitable for deployment. The metric may also reflect biases in the underlying language model and
reference corpus. Its scores should therefore be interpreted alongside task-specific evaluation and
human judgment.
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A LIMITATIONS

CHORD is a coherence-sensitive reference distance, not a universal measure of text quality. A
high score indicates a distributional shift in the selected hidden-state space; it is not an absolute
judgment of writing quality, factuality, usefulness, or human preference. Scores are also relative
to the human reference corpus and scoring protocol, so meaningful comparisons should keep the
reference domain, passage format, encoder, prompt, and representation layer fixed.

Our primary evidence concerns global coherence. More fine-grained relation errors remain more dif-
ficult. Extending the representation-centered approach to faithfulness, controllability, style, or other
properties requires property-specific prompts, controls, and validation. The source-conditioned QA
study in Appendix Q demonstrates feasibility for one such setting but does not establish a general-
purpose faithfulness metric.

The counterfactual evaluation is intentionally aligned with the target property and therefore should
be viewed as a diagnostic test of selective coherence sensitivity instead of a complete proxy for real-
world generation quality. Moreover, relation-level errors such as contradiction and causal reversal
necessarily alter propositional content, making it impossible to construct benign controls that exactly
match every dimension of semantic change.

The default Qwen3.5-27B encoder is computationally demanding. The distilled Qwen3.5-2B variant
substantially reduces cost and preserves the broad detection pattern, but loses sensitivity on some
difficult relation-level errors and may generalize less reliably to unseen domains. More broadly, the
representation depends on the language, instruction-following behavior, and pretraining biases of
the backbone. Evaluating additional model families and multilingual settings remains future work.

Finally, our counterfactual evaluation set is not exhaustive. Real generations may exhibit long-
range planning failures, pragmatic inconsistencies, domain-specific discourse conventions, or multi-
document conflicts that are not covered by the current perturbations. Although our real-system
experiments are supported by both targeted blind human evaluation and correlations with released
human judgments, broader validation across stronger model families, domains, and generation set-
tings would further establish the generality of the metric.

B IMPLEMENTATION DETAILS

We list here the configuration details needed to reproduce the experiments; the metric and evaluation
protocol are defined in Section 3, and compute and memory costs are reported in Appendix P.

Encoder configuration. The default CHORD encoder is a frozen Qwen3.5-27B model (Qwen
Team, 2026). Each text sample is placed in the coherence-eliciting template from Section 3.1 and
processed with a single forward pass. The representation is the hidden state at the last token position
of the prompt, extracted from the third-to-last transformer layer, which for Qwen3.5-27B is layer
62 of 64 and yields a 5120-dimensional vector. Section 4.3.2 examines how detection of coherence
failures varies across Qwen3.5 encoders from 0.8B to 27B, and Appendix O reports a layer-depth
sweep on the 9B and 27B backbones showing that the third-to-last layer is among the strongest read
depths for detecting coherence damage.

For the cross-family rows of Table 1, we change only the frozen backbone. Gemma-2, Mistral, and
Llama-3.1 use the same coherence prompt, 512-token budget, third-to-last-layer rule, RBF-MMD,
null calibration, and bootstrap criterion as Qwen3.5; the prompt and layer are not tuned separately
by different backbone families. Inputs are encoded as raw completion strings. Gemma-2 uses eager
attention to preserve its native attention soft-capping during hidden-state extraction.
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RBF-MMD estimator. For the embedding sets HG = {h(gj)}NG
j=1 and HR = {h(ri)}NR

i=1, we use
the biased squared MMD estimator

M̂MD
2

k(HG, HR) =
1

N2
G

NG∑
j,j′=1

k
(
h(gj), h(gj′)

)
+

1

N2
R

NR∑
i,i′=1

k
(
h(ri), h(ri′)

)
− 2

NGNR

NG∑
j=1

NR∑
i=1

k
(
h(gj), h(ri)

)
,

(5)

where k(a,b) = exp(−∥a − b∥2/(2σ2)). The within-corpus sums include self-comparisons; the
unbiased estimator excludes these terms and adjusts the denominators. We use the biased estima-
tor for its non-negativity and lower variance at the corpus sizes considered here. Its null offset is
accounted for by the reference standardization below.

Bandwidth calibration. For each representation and each evaluation set, we fit the RBF band-
width once on a calibration split Rcal of that set’s human reference, disjoint from every evaluated
corpus, and keep it fixed for all comparisons on that set. We set σ using the median heuristic (Gretton
et al., 2012):

σ = median
{
∥h(r)− h(r′)∥ : r ̸= r′, r, r′ ∈ Rcal

}
. (6)

The calibration split has 1,500 windows for the counterfactual evaluation set (Table 1) and 150 win-
dows for the unconditional-generation reference (Table 2). Since embedding scales differ across
encoders, each backbone is calibrated separately. On the counterfactual set and the generation ref-
erence respectively, this gives σ = 105.01 and 105.38 for Qwen3.5-27B, 77.49 and 72.51 for the
distilled Qwen3.5-2B, and 77.16 and 72.61 for the distilled Qwen3.5-0.8B; Qwen3.5-9B gives 58.93
on the counterfactual set.

Null standardization. We apply the same reference-based standardization to CHORD and every
baseline. For distributional metrics, sM is the distance between the evaluated and reference corpora.
For corpus-level scalar statistics such as perplexity and entropy, we use the absolute difference in
the corpus statistic, sM = |v̄G − v̄R|, with each statistic computed as specified in Appendix D.
For MAUVE, we standardize the frontier integral of its divergence frontier rather than the MAUVE
score, as detailed in Appendix D.

For each metric, we estimate a null distribution from B = 200 draws. In each draw, we sample two
disjoint subsets from the human reference pool, matching their sizes to those used in the actual eval-
uation, and compute the same discrepancy sM between them. The mean µ0 and standard deviation
σ0 of these null scores define

zM =
sM − µ0

σ0
. (7)

This score expresses the observed discrepancy relative to the metric’s reference sampling variation;
values near zero are close to the null mean. It is not itself the criterion for detecting coherence
damage, since benign rewriting can also produce a nonzero shift.

Paired-bootstrap detection. For each harmful perturbation condition, we compare its null-
standardized score with that of the most extensively rewritten benign paraphrase condition con-
structed from the same seed samples. Their difference is ∆z = zharm − zbenign. To quantify
uncertainty, we draw 200 bootstrap resamples of the seed samples with replacement. Within each
draw b, we use the same resampled seed indices to form both the harmful and benign corpora and
compute

∆z(b) = z
(b)
harm − z

(b)
benign. (8)

The empirical 2.5th and 97.5th percentiles of these differences form the 95% confidence interval. A
condition is detected only when its lower bound is strictly positive, indicating a stronger response to
coherence damage than to benign rewriting.
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Table 4: Representative examples from the counterfactual evaluation set. Only the targeted sentence or
operation is modified; the surrounding text is preserved. Examples are shortened for readability.

Perturbation Before After

Contradiction “. . . became the worst kind of media
free-for-all.”

“. . . became the most respectful kind of
media coverage.”

Causal reversal “You may opt out at any time.” “You may opt in at any time.”

Broken transi-
tion

“His suicide suddenly made more
sense.”

“His suicide suddenly made more
sense, but the moon is made of green
cheese.”

Topic drift “. . . spoke strongly on behalf of the
virtues of physical education.”

“. . . spoke strongly on behalf of the
virtues of chess strategy.”

Sentence per-
mutation

clean text sample selected sentences are reordered within
the sample

Word shuffle clean text sample words are locally shuffled within se-
lected sentences

Repetition clean text sample selected sentences are duplicated in
place

DLM mix clean text sample selected sentences are replaced by
diffusion-LM sentences

Document mix clean text sample selected sentences are replaced by sen-
tences from unrelated documents

Benign rewrit-
ing

“I know what I did is wrong and horri-
ble.”

“I realize my actions were incorrect
and deeply wrong.”

C CONSTRUCTION OF THE COUNTERFACTUAL EVALUATION SET

The perturbation categories and their diagnostic roles are defined in Section 3.2; here we specify how
the counterfactual evaluation set is constructed for each perturbation type. Representative examples
are shown in Table 4.

Data pools. The sources, length filter, and three-way split into seed, reference, and replacement
pools are described in Section 4.1. The replacement pool contains 2,453 text samples. The three
sources (OpenWebText, WikiText-103, and Reddit TL;DR) contribute roughly equal numbers of
seed samples, and all pools are deduplicated against each other using normalized-text hashes to
prevent overlap.

LLM-edited perturbations. Relation perturbations (contradiction, causal reversal), discourse
perturbations (broken transition, topic drift), and the benign control are produced by the Qwen3-
30B-A3B (Yang et al., 2025) editor, which is distinct from the CHORD encoder. For each seed
sample, a fixed seeded sampler selects the target sentences, and the editor rewrites each indepen-
dently; all non-target sentences are copied back unchanged.

Contradiction rewrites a target sentence so that it conflicts with a preserved anchor sentence in
the same sample. Causal reversal reverses an expressed cause–effect relation while preserving the
entities involved. Broken transition replaces a target sentence with a locally fluent sentence that
is incompatible with the preceding discourse. Topic drift replaces a target sentence with an off-
topic sentence of comparable length. Benign paraphrase rewrites target sentences while preserving
claims, entities, numbers, stance, and discourse order.

Structural perturbations. These are rule-based transformations applied without LLM involve-
ment. Sentence permutation reorders a fraction of the sentences. Word shuffle perturbs word order
within selected sentences. Repetition duplicates selected sentences in place. All three preserve most
of the original lexical material while disrupting organization.
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Mixture perturbations. DLM mix replaces a fraction of the sentences with unconditional Open-
WebText generations from a combined pool: three seeded runs from SEDD-small at 256 sampling
steps (Lou et al., 2024) and three from MDLM-OWT at 512 sampling steps (Sahoo et al., 2024).
Document mix replaces sentences with material from one or more unrelated human documents in
the replacement pool. A human-splice control applies the same replacement pattern using other
human-written text, serving as an additional reference for mixture-induced shifts.

Perturbation severity levels. LLM-edited perturbations rewrite one, two, or three target sen-
tences. Each edit introduces exactly one relation- or discourse-level violation, so the number of
rewritten sentences directly controls the number of violations per sample. The benign control fol-
lows the same one-to-three schedule, so harmful and benign conditions are matched in the amount
of edited text. Because every seed sample contains at least four sentences, rewriting at most three
leaves most of the original text intact. Each perturbation is therefore a targeted edit, not a complete
rewrite.

Structural and mixture perturbations use type-specific fraction schedules. Sentence permutation,
word shuffle, and repetition affect 10%, 25%, 50%, 75%, or 100% of eligible sentences. DLM
mix and its matched human-splice control replace 10%, 25%, or 50% of sentences. Document
mix replaces 10%, 25%, 50%, or 75% of sentences; an additional source-diversity sweep holds
the replacement rate at 50% and draws from one, two, or four source documents. For a sample
with m eligible sentences, a target fraction r selects min(m,max(1, ⌈mr⌉)) sentences. Sentence
permutation additionally requires at least two selected sentences so that the operation changes their
order. Thus, for example, a four-sentence sample changes one sentence at 25% for shuffle, repetition,
and mixture, but permutes two sentences. Score trajectories across severity levels are reported in
Appendix H.

Sample filtering and validation. Because LLM-generated edits can fail to produce the intended
perturbation, we apply a post-hoc filtering step to ensure the validity of every edited sample. We
discard samples with no effective edit, where the editor returns the target sentence unchanged or
with only trivial variation; severe truncation, where the output is cut off or substantially shorter
than the input; and missing required context, where the seed text lacks the structure a perturbation
presupposes, such as an explicit cause–effect relation for causal reversal. For contradiction, the
anchor sentence must be retained in the final sample, since a contradiction is observable only when
the original claim and the conflicting rewrite coexist; samples in which the anchor is edited are
discarded.

We then validate the set at the condition level. Sample counts are checked to be balanced across
conditions, so that detections are compared at comparable statistical power. The realized edit rate,
measured as the fraction of sentences that differ from the seed text, is checked to increase mono-
tonically with severity within each perturbation type, confirming that the nominal sentence schedule
produces graded textual change. The same check applies to the benign paraphrase conditions, whose
edit rates match those of the harmful conditions at each level.

The final evaluation set contains 43 conditions: 12 LLM-edited conditions (four types at three sever-
ities), 28 structural and mixture conditions, and three benign paraphrase severities; the most exten-
sively rewritten one serves as the benign control in the detection criterion (Section 3.2).

Robustness to the editor model. The default editor (Qwen3-30B-A3B; Yang et al., 2025) and
the default encoder of CHORD (Qwen3.5-27B) belong to the same model family, raising the con-
cern that CHORD’s sensitivity may partly reflect recognition of family-specific editing artifacts
rather than coherence degradation itself. To rule this out, we regenerate all LLM-edited conditions
with Mistral-Small-24B-Instruct-2501 (Mistral AI, 2025), a model from an entirely different family,
keeping the seed samples, target sentences, editing instructions, and severity levels fixed. Structural
and mixture perturbations are unchanged.

Table 5 reports the null-standardized scores of the default CHORD encoder on the relation and
discourse conditions, whose test texts differ between the two editors; the structural and mixture
conditions are identical across the two sets and are therefore omitted. The main finding is preserved.
CHORD detects 11 of the 12 LLM-edited conditions on the Mistral-edited set, compared with 10 of
12 under the default editor. Contradiction is detected at all severity levels under both editors. Causal

19



Preprint

Table 5: Robustness to the editor model. Null-standardized CHORD scores zM at the highest severity of
each LLM-edited perturbation type. Shaded entries are detected relative to the benign control under the paired
bootstrap criterion (Section 3.2). The final column reports detections across the 12 LLM-edited conditions.
Scores are calibrated separately for each set and are not comparable across rows.

Relation Discourse

Editor model Contra-
diction

Causal
reversal

Broken
transition

Topic
drift

Benign
paraphrase

Detected
(of 12)

Qwen3-30B-A3B (default) 84.3 25.6 331 79.7 6.0 10
Mistral-Small-24B 151 90.5 559 406 9.5 11

reversal is the hardest perturbation type in the main experiments and remains the least consistently
detected under both editors. All four perturbation types show increasing responses with severity,
and CHORD does not confuse benign paraphrases with coherence degradation at any severity level.
CHORD’s selective sensitivity to coherence degradation is therefore not an artifact of the editor–
encoder family overlap.

D BASELINE METRIC IMPLEMENTATIONS

The following baselines are compared with CHORD on the counterfactual evaluation set (Table 1)
and on the outputs of existing generation models (Section 4.4). All baselines are computed on the
same corpora as CHORD and placed on the same scale via the null standardization described in
Appendix B.

Evaluation text lengths. All metrics operate on text truncated or packed to the same fixed length
within each experiment: 512 tokens for the counterfactual evaluation set and unconditional genera-
tion, 256 tokens for prefix continuation (128-token human prefix + 128-token model continuation),
and 256 tokens for the human-judgment study of Appendix R, matching the texts shown to annota-
tors. Truncation is applied before feature extraction, so every metric sees identical text for a given
sample. Fewer than 1.3% of counterfactual samples exceed 512 tokens. For unconditional genera-
tion, all corpora are packed to exactly 512 tokens, except ELF-L, the large variant of ELF (Hu et al.,
2026), whose native outputs are about 930 tokens; it is evaluated on its first 512 tokens to match the
other systems.

Generative perplexity. Following Holtzman et al. (2020), we use GPT-2-large (Radford et al.,
2019) as an external autoregressive scorer. Each text sample x is tokenized into (x1, . . . , xT ) and
truncated to the evaluation length above. The passage-level negative log-likelihood is

NLL(x) = −
T∑

t=2

log pθ
(
xt | x<t

)
, (9)

where T (x) = T − 1 is the number of predicted tokens, since the first token has no conditioning
context. For the generator evaluations of Section 4.4, we report the corpus-level perplexity

PPL(C) = exp

(∑
x∈C NLL(x)∑
x∈C T (x)

)
, (10)

which pools tokens across all samples and weights each token equally regardless of sample length.
On the counterfactual evaluation set, where all metrics pass through the same null standardization,
we instead use the mean per-sample log-perplexity 1

|C|
∑

x∈C NLL(x)/T (x), which weights each
sample equally and matches the per-corpus form of the other scalar baselines.

Unigram entropy. We lowercase the entire corpus C and split it into words by whitespace,
count all occurrences nC(w) of each word type w, and estimate the empirical unigram distribu-
tion pC(w) = nC(w)/NC , where NC =

∑
w nC(w) is the total token count. The corpus-level

unigram entropy (Shannon, 1948) is

H(C) = −
∑
w

pC(w) log pC(w). (11)
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This statistic pools all tokens in the corpus into a single distribution and discards word order entirely,
so it reflects only corpus-level lexical diversity.

MAUVE. MAUVE (Pillutla et al., 2021; 2023) measures the gap between the generated and refer-
ence distributions in a discretized feature space. Each text sample is mapped to a feature vector, and
the vectors from both corpora are jointly clustered into K groups via k-means. Each corpus is then
represented by its cluster-assignment histogram: P for the generated corpus and Q for the reference.
For a mixture Mλ = λP + (1− λ)Q, the divergence curve is formed by exponentiating the two KL
divergences separately:

C(P,Q) =
{(

e−cKL(P∥Mλ), e−cKL(Q∥Mλ)
)
: λ ∈ (0, 1)

}
, MAUVE(G,R) = AUC

(
C(P,Q)

)
.

(12)
Here c > 0 is a fixed scaling constant, and AUC denotes the area under the curve, completed with
endpoints (0, 1) and (1, 0). The score lies in [0, 1]; values near 1 indicate a close match. The
exponential is applied to the curve coordinates before integration, not to a scalar area afterwards.

What we report. The MAUVE score saturates near zero for large gaps, so null-standardizing it
would obscure meaningful variation. The MAUVE rows of Table 1, and MAUVE’s k-means KL
in the representation–distance analysis of Section 4.3, therefore report the frontier integral (Pillutla
et al., 2023) returned by the official implementation: a KL-based summary of the same divergence
frontier that is zero when P = Q, grows with the gap, and lies in [0, 1], reaching 1 only when the two
histograms have disjoint support. It is computed directly from the two histograms rather than from
the exponentiated curve, and we apply the reference-null standardization of Appendix B to it. The
generator evaluations of Section 4.4, the human-agreement study of Section 4.5, and Appendix J
report the standard MAUVE score. In all cases we use the official implementation with K = n/10
clusters, c = 5, and 25 values of λ; the MAUVE scores are averaged over five k-means seeds,
whereas the frontier integral uses one k-means fit per bootstrap draw. In the representation–distance
analysis, the Fréchet distance and k-means KL are computed in a 128-dimensional PCA subspace
fitted on the human-reference features, because a full-dimensional Gaussian fit is rank-deficient at
these corpus sizes; RBF-MMD and energy distance use the raw features.

We evaluate two feature spaces: GPT-2-large last-token hidden states, which is the default config-
uration of Pillutla et al. (2021), and ELECTRA (Clark et al., 2020) masked-mean pooled features.
Appendix J examines sensitivity to truncation and packed-window length.

FBD. Fréchet-BERT Distance (Xiang et al., 2021) represents each text sample as a feature vector
using BERT (Devlin et al., 2019), then fits a multivariate Gaussian N (µC ,ΣC) to each corpus C
by computing the feature mean µC and unbiased covariance ΣC . FBD is the squared 2-Wasserstein
distance between the two fitted Gaussians:

FBD(G,R) = ∥µG − µR∥2︸ ︷︷ ︸
mean shift

+tr
(
ΣG +ΣR − 2

(
Σ

1/2
G ΣR Σ

1/2
G

)1/2)︸ ︷︷ ︸
covariance mismatch

. (13)

Because the Gaussian assumption captures only the mean and covariance of each corpus, any distri-
butional difference that leaves these two statistics approximately unchanged is invisible to FBD.

MMD-MiniLM. Maximum Mean Discrepancy (MMD) (Gretton et al., 2012) is a kernel-based
two-sample distance that compares distributions without assuming a parametric form for either. Fol-
lowing Chan et al. (2024), we instantiate MMD with all-MiniLM-L6-v2 sentence embeddings
(Wang et al., 2020; Reimers & Gurevych, 2019) ϕ(·) and the same biased RBF-MMD estimator used
by CHORD (Section 3.1). MiniLM is a general-purpose sentence encoder not designed for coher-
ence, so comparing MMD-MiniLM with CHORD isolates the effect of the representation while
holding the distance fixed.

The two metrics also differ in bandwidth selection. MMD-MiniLM recalibrates σ for each com-
parison by taking the median pairwise distance over the joint embedding set ΦG ∪ ΦR, where
ΦG = {ϕ(gj)}NG

j=1 and ΦR = {ϕ(ri)}NR
i=1:

σ = median
{
∥ϕ(g)− ϕ(r)∥ : ϕ(g), ϕ(r) ∈ ΦG ∪ ΦR, ϕ(g) ̸= ϕ(r)

}
. (14)
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Table 6: Additional baselines on the counterfactual evaluation set. Entries are null-standardized responses
at the highest perturbation severity; blue shading indicates detection relative to benign rewriting, as in Table 1.
Embedding methods use RBF-MMD, with the input instruction shown in parentheses. Scalar evaluators use
the absolute candidate–reference difference in mean score.

Method Causal
reversal

Contra-
diction

Broken
transition

Topic
drift

Sentence
permutation

Word
shuffle Repetition DLM mix Document mix Benign

rewriting

Instruction-tuned embeddings + RBF-MMD
Qwen3-Embedding-8B (none) 12.1 11.5 19.3 17.3 14.5 12.0 15.1 129 142 7.6
Qwen3-Embedding-8B (similarity) 9.3 13.0 22.5 14.8 10.7 8.4 19.0 76.2 73.5 5.0
Qwen3-Embedding-8B (coherence) 10.6 11.5 51.4 19.7 13.2 12.0 19.9 157 182 7.4
e5-mistral-7b-instruct (none) 8.3 7.7 30.3 12.8 13.2 22.0 102 87.6 92.1 5.6
e5-mistral-7b-instruct (similarity) 8.3 10.9 44.4 13.5 12.8 20.7 69.6 92.1 92.6 5.9
e5-mistral-7b-instruct (coherence) 6.3 7.7 46.5 10.3 10.5 12.6 75.1 105 98.5 4.8
gte-Qwen2-7B-instruct (none) 7.4 7.1 21.6 11.2 11.1 12.8 13.7 101 99.2 6.2
gte-Qwen2-7B-instruct (similarity) 9.7 10.9 36.0 15.6 11.3 11.0 21.7 109 106 5.7
gte-Qwen2-7B-instruct (coherence) 10.4 11.3 65.1 20.8 23.8 21.1 74.0 185 228 7.2

Scalar evaluators (source-free)
UniEval (fluency) -1.1 -0.8 -0.3 0.3 2.4 99.4 1.4 22.1 -1.0 3.5
UniEval (coherence, zero-shot) -0.2 1.8 4.3 11.2 6.5 41.1 23.2 47.9 21.1 1.1
UniEval (fluency + coherence) 0.2 0.6 2.6 8.1 9.3 105 16.2 53.3 16.1 3.9
BARTScore (hypothesis-only) -0.4 -0.4 -0.3 -0.4 3.0 34.1 30.3 29.5 20.3 -0.6

CHORD (Qwen3.5-27B) 25.6 84.3 331 79.7 358 740 857 1150 1082 6.0

Because σ changes with every pair of corpora, scores from different comparisons are not on the
same kernel scale. CHORD avoids this issue by calibrating σ once from a held-out reference split
and fixing it across all evaluations (Appendix B). Section 4.3 controls representation and distance
independently in the factorial ablation.

E MODERN EMBEDDING AND EVALUATOR BASELINES

We compare CHORD with three instruction-tuned embedding models and two established text eval-
uators on the counterfactual evaluation set. All methods use the same reference splits, null calibra-
tion, and detection criterion as Table 1.

Instruction-tuned embeddings. We evaluate Qwen3-Embedding-8B (Zhang et al., 2025), e5-
mistral-7b-instruct (Wang et al., 2024), and gte-Qwen2-7B-instruct (Li et al., 2023). For each model,
we extract the final-layer, last-token embedding, apply L2 normalization, and use the same RBF-
MMD protocol as CHORD, with bandwidth fixed on the reference development split. We compare
three input settings: no instruction, a similarity instruction (“Retrieve semantically similar text.”),
and a coherence instruction (“Represent the passage in terms of its logical coherence and the order
of its ideas.”). We use each model’s native instruction template and preserve the final representation-
eliciting token when truncating inputs to 512 tokens.

UniEval and BARTScore. Because our evaluation set contains individual passages without paired
sources or references, we adapt both evaluators to score text alone. For UniEval (Zhong et al., 2022),
we compute fluency using the released sentence-level scoring procedure with unieval-sum. We
evaluate coherence with unieval-intermediate, using the zero-shot question “Is this a co-
herent and logically consistent passage?” Both dimensions use P (Yes)/[P (Yes) +P (No)], and we
also report their average. For BARTScore (Yuan et al., 2021), we compute length-normalized log-
likelihood under bart-large-cnn (Lewis et al., 2020) with an empty source. For each scalar
evaluator, the corpus-level statistic is the absolute difference between the candidate and reference
mean scores, standardized against its clean-reference null. These source-free adaptations differ from
the evaluators’ original source-conditioned settings.

Results. Table 6 shows that modern embedding models detect both discourse perturbations and
most structural and mixture perturbations at the highest severity. Relation-level errors remain harder:
none detects causal reversal, and contradiction is detected only under some instruction settings. The
coherence instruction increases the response to broken transitions for all three models, but does not
consistently improve relation-level detection over the similarity instruction. UniEval and hypothesis-
only BARTScore also miss both relation-level perturbations, responding mainly to structural and
mixture errors. In contrast, CHORD detects all nine perturbation types. These results extend the
comparison beyond older encoders, but do not isolate the effect of coherence prompting: the em-
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bedding models also differ from CHORD in size and training. Section 4.3.2 examines capacity and
prompting through controlled ablations.

F HIDDEN-STATE SIGNALS VERSUS TOKEN-SPACE JUDGMENTS

CHORD compares distributions of hidden representations. We examine how much of this coher-
ence signal is captured by token counts and next-token predictions, then compare with direct LLM
judging and G-Eval (Liu et al., 2023) using the same frozen Qwen3.5-27B backbone.

F.1 TOKEN COUNTS AND NEXT-TOKEN PREDICTIONS

Sentence shuffling changes discourse order without changing each document’s token counts, leav-
ing an exact unigram representation unchanged. Figure 6 compares this representation with the
coherence-prompted hidden representation under the same RBF-MMD protocol. Unigram selectiv-
ity remains near zero, while hidden-state selectivity increases with the shuffle rate. Token counts
thus miss order-dependent coherence failures that the hidden representation captures.

0.2 0.4 0.6 0.8 1.0
fraction of sentences shuffled

0

100

200

300

Se
lec

tiv
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 Δ
z

token multiset unchanged
→ Δz ≈ 0 (blind)

Sentence shuffle preserves the token multiset

CHORD (hidden state, Qwen3.5-27B)
unigram / bag-of-words (token space)

Figure 6: Hidden representations versus token counts. Under sentence shuffling, unigram selectivity stays
near zero, while hidden-state selectivity increases with the shuffle rate. Both methods use the same RBF-MMD,
human-reference null, and benign-paraphrase control.

We next examine the model’s next-token predictions at the prompt position where CHORD reads
the hidden state, using the same forward pass. Figure 7 shows how the decoded outputs change
relative to benign paraphrases. Coherence errors shift the outputs toward the negative description
“incoherent,” indicating that the predictions contain some coherence information. However, the out-
puts do not consistently express a clear judgment: the added “incoherent” continues as “incoherent
or coherent,” and most of the remaining shift is toward continuations of the prompt, such as “what is
it called when.” The hidden representation at this position provides stronger corpus-level separation.

These probes examine token counts and predictions under the representation prompt. We next eval-
uate explicit coherence ratings using prompts designed for judging.

F.2 SAME-BACKBONE COMPARISON WITH LLM JUDGES

The judges evaluated here assign a coherence score to each passage, whereas CHORD measures
the discrepancy between two corpora through distributions of hidden representations. CHORD is
therefore coherence-aware instead of coherence-only: its representations emphasize coherence but
can retain other textual properties. Therefore, the aim of CHORD is very different from LLM-as-
judge.

Nevertheless, we conduct an experiment comparing CHORD with a direct coherence judge (Zheng
et al., 2023) and G-Eval, aggregating their per-passage ratings for corpus-level evaluation. All three
use the same frozen Qwen3.5-27B backbone. This comparison tests how well each approach cap-
tures corpus-level differences, with particular attention to coherence errors.

Direct coherence judge. The direct judge assigns each passage an integer score from 0 to 10 using
the prompt in Table 7. The prompt separates the passage from the instructions with <document>
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“in”
“dis”

“what”

benign-favored harmful-favored

(a) next-1 token

sentence-shuffle − benign
contradiction − benign

“what is it”
“incoherent”
“what is the”

(b) next-3 tokens

−0.2 −0.1 0.0 0.1 0.2 0.3
Δ share of passages decoding to the string  (harmful − benign paraphrase)

“what is it called when”
“incoherent or coherent”

“what is the problem with”
“what is the word that”
“what is the answer to”
“what is the main idea”

“what is the logical coherence”
“what is the tldr”

“what is the most appropriate”

(c) next-5 tokens

Figure 7: Next-token predictions at the CHORD representation-eliciting position. Bars show changes
in the fraction of passages producing each decoded string, relative to benign paraphrases. Coherence errors
increase negative descriptions, but the outputs do not consistently express a clear coherence judgment.

tags and asks the model to ignore topic, genre, and truncation at the end of the passage. It requests
the score before a brief explanation, so the explanation does not precede and influence the rating.
We run the judge with vLLM (Kwon et al., 2023) at temperature 0 with a fixed seed.

Table 7: Direct coherence judge prompt. The same prompt is used for all passages, without a system prompt
or few-shot examples.

You are a strict, careful writing-quality rater. Read the document between the <document> mark-
ers and rate its logical consistency, discourse flow, and overall quality on an integer scale from 0
(incoherent, broken, or self-contradictory) to 10 (flawless, fully coherent writing). Judge only the
writing itself; do not reward or penalize the topic, opinions, or genre, and ignore truncation at the
very end of the document.
<document>
{text}
</document>

Return only JSON, the score first: {"score": <integer 0-10>, "reason": "<one
short sentence>"}

G-Eval. We adapt the released SummEval (Fabbri et al., 2021) coherence rubric from G-Eval (Liu
et al., 2023) to standalone passages. The evaluation steps are generated once and then fixed for all
passages. Each passage receives a probability-weighted score over ratings 1–5, computed from the
rating-token log probabilities. We use Qwen3.5-27B to evaluate the G-Eval procedure under the
same backbone as CHORD; this is an adaptation of G-Eval, whose original evaluator used GPT-4
(OpenAI, 2023).

Corpus-level comparison. For each judge, we compute the absolute difference between the can-
didate and reference mean scores, |r̄G − r̄R|. We then apply the same null standardization and
benign-contrast detection criterion as in Section 3.2. Both judges share CHORD’s sample sizes,
reference splits, and resampling procedure.

Counterfactual evaluation. Table 8 shows that both judges detect all nine perturbation types at
the highest severity. Explicit ratings therefore capture coherence information when the model is
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prompted to evaluate it. However, CHORD produces much larger null-standardized responses
across all nine types. For contradiction, the direct judge and G-Eval yield zM = 16.2 and 9.9,
compared with 84.3 for CHORD. With the backbone held fixed, the hidden-state comparison thus
provides greater separation relative to its clean-reference variation.

Table 8: Same-backbone comparison with LLM judges. All methods use frozen Qwen3.5-27B. Entries are
null-standardized responses at the highest perturbation severity; shaded entries indicate detection relative to
benign rewriting. For each judge, the statistic is the absolute difference between candidate and reference mean
ratings.

Relation Discourse Structural Mixture Control

Method Contra-
diction

Causal
reversal

Broken
transition

Topic
drift

Sentence
permutation

Word
shuffle Repetition DLM mix Document mix Benign

rewriting

LLM judge (same Qwen3.5-27B) 16.2 9.5 26.0 16.9 28.1 40.0 42.6 49.0 53.0 0.3
G-Eval (same Qwen3.5-27B) 9.9 5.2 33.9 18.8 41.4 49.2 62.2 75.4 77.6 0.6
CHORD (Qwen3.5-27B) 84.3 25.6 331 79.7 358 740 857 1150 1082 6.0

Table 9: Direct coherence judging on unconditional generation. Both methods use Qwen3.5-27B on the ten
folds of Table 2; the CHORD column is the Qwen3.5-27B column of that table. The judge mean is the mean
rating over all 5,000 texts of a generator. Judge zM standardizes the absolute difference between the generator
and reference fold means against a null of two disjoint 500-text reference subsets, reported as mean±std over
folds. Rows are ordered by CHORD rank. Rank markers (#k) order the corpora by higher mean rating or lower
CHORD score; judge zM is not ranked. (n.s.) denotes a deviation that does not exceed the 95th percentile of
the null.

Generator Params Judge mean
(0–10) ↑ Judge zM

CHORD ↓
(MMD2 ×10−2)

Human (packed, held-out) – 3.96#1 −0.1 (±0.6) (n.s.) 0.17#1 (±0.04)

GPT2-large (AR) 774M 2.02#2 19.9 (±1.5) 19.84#2 (±1.02)

GPT2-medium (AR) 355M 1.67#3 23.7 (±1.3) 28.37#3 (±0.90)

ELF-L 652M 1.08#4 30.1 (±1.3) 51.19#4 (±1.09)

LangFlow 171M 0.52#7 36.3 (±1.3) 52.58#5 (±1.12)

SEDD-small 170M 0.85#5 32.7 (±1.3) 57.05#6 (±1.02)

MDLM 170M 0.83#6 32.9 (±1.3) 57.97#7 (±1.20)

Evaluating generation systems. Table 9 compares the direct judge with CHORD on the
unconditional-generation folds of Table 2. The judge rates every text of those folds, cut to its first
512 tokens like the other metrics. We report both the judge’s mean rating and its null-standardized
deviation from the human reference, which consists of packed 512-token sequences.

LLM-as-a-judge agrees with CHORD’s broad ordering: human text, followed by GPT-2 outputs,
then diffusion and flow outputs. Within the diffusion and flow group, however, the rankings diverge
more markedly: CHORD ranks LangFlow ahead of SEDD and MDLM, whereas the judge ranks it
last.

Takeaway. Token counts miss order-dependent errors, while next-token predictions under the rep-
resentation prompt provide inconsistent coherence judgments. Dedicated judging prompts are more
effective: both judges detect all nine perturbation types at the highest severity. Even with the same
backbone, however, CHORD yields larger null-standardized responses. On unconditional gener-
ation, LLM-as-a-judge agrees with CHORD’s broad grouping of human text, autoregressive out-
puts, and diffusion/flow outputs, but their rankings diverge more markedly within the diffusion/flow
group.

G REPRESENTATION EXTRACTION AND PROMPT-DESIGN ABLATIONS

The analyses below complement Section 4.3 by varying the representation extraction method, the
target attribute named in the instruction, and the prompt format used to express that property. We
also test sensitivity to prompt wording.
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Backbone and representation extraction. We test whether coherence prompting still helps when
Qwen3.5 is replaced by GPT-2, the backbone family used by MAUVE. For each backbone, we
compare the CHORD coherence prompt, a generic PromptEOL prompt, the unprompted last token,
and unprompted mean pooling. All settings use the third-to-last layer, a 512-token budget, RBF-
MMD, the same 500-seed evaluation set, and the same bootstrap detection rule. Because each
encoder has its own bandwidth and null scale, mean ∆z should be compared only among extraction
methods for the same backbone; the condition counts are comparable across backbones.

Table 10: How the extraction method changes coherence selectivity. Each row summarizes 40 harmful
conditions. “Detected” counts conditions whose selectivity is reliably positive; “reversed” counts conditions
whose response is reliably stronger for benign rewriting than for coherence damage. Bold marks the strongest
extraction method for each backbone.

Backbone Extraction method Mean
∆z

Detected
(of 40)

Reversed
(of 40)

GPT-2 (0.124B) Coherence prompt 33.0 11 18
Generic prompt 7.8 10 20
Raw last token 27.2 14 11
Mean pooling 76.2 24 0

GPT-2-medium (0.355B) Coherence prompt 26.2 9 15
Generic prompt 31.6 10 14
Raw last token 13.2 10 15
Mean pooling 87.3 24 0

GPT-2-large (0.774B) Coherence prompt −12.5 8 19
Generic prompt −1.5 8 19
Raw last token 0.8 8 17
Mean pooling 40.3 24 0

GPT-2-XL (1.558B) Coherence prompt −80.6 2 27
Generic prompt −64.3 2 27
Raw last token −78.8 2 28
Mean pooling 39.6 18 0

Qwen3.5-27B Coherence prompt 471.0 38 0
Generic prompt 84.7 30 0
Raw last token 66.3 29 0
Mean pooling 38.6 26 0

Table 10 shows that the best extraction method depends on whether the backbone can act on the
prompt. Coherence prompting is strongest for Qwen3.5-27B, separating 38 of 40 harmful condi-
tions. For every GPT-2 size, mean pooling is the strongest option, whereas final-token extraction
often reverses the intended comparison and responds more to benign rewriting than to coherence
damage. Increasing GPT-2 size does not resolve this problem: GPT-2-XL detects only 2 of 40
conditions with the coherence prompt, despite having more parameters than Qwen3.5-0.8B, which
detects 20. Thus both the targeted prompt and a backbone that can interpret it are necessary. This
experiment does not determine whether instruction tuning, training data, architecture, or another
family difference supplies that capability.

Effect of the target attribute. We change only the property named in the prompt while keeping
all other factors fixed. Figure 8a reports selectivity normalized within each perturbation category so
that cross-category difficulty differences do not dominate the comparison.

Coherence gives the strongest selectivity for relation and discourse failures and remains at or near
the top for structural and mixture perturbations. Grammar performs comparably on the latter two
but is substantially weaker on relation and discourse, suggesting that it mainly captures syntax and
not logical relations between sentences. Broader attributes such as quality, topic, and sentiment are
much weaker across all categories. The neutral PromptEOL template and the unprompted repre-
sentation are weaker still, showing that simply adding a prompt is not sufficient: the target attribute
must name a property relevant to the intended distinction.

Effect of the prompt format and wording. We fix the target attribute to coherence and vary the
prompt format. Figure 8b compares compact completion, scalar rating, and direct answer across
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Figure 8: Target attribute and prompt format. (a) Selectivity for compact prompts naming different target
attributes, normalized within each perturbation category. (b) Selectivity for three prompt formats; error bars
span three prompt wordings.

three coherence wordings. Compact completion yields the strongest selectivity for relation, dis-
course, and structural failures, with the same advantage across all three wordings.

Wording affects response magnitude but not system ordering. We repeat the human-agreement eval-
uation in Appendix R for each of the three compact coherence wordings, using the study released
by Pillutla et al. (2021). For every wording, we recompute CHORD scores for the same eight GPT-
2 generation settings and correlate their ranking with the Bradley–Terry rankings fitted from the
study’s 3,240 pairwise judgments. All three wordings produce the same correlations: ρ = 0.857,
0.976, and 0.976 for interesting, makes sense, and human-like, respectively. The model ranking is
therefore stable across these prompt paraphrases, even though their counterfactual response magni-
tudes differ. Tables 11 and 12 list the templates.

Table 11: Target-attribute templates. The compact-completion format is fixed; only the target attribute
changes.

Attribute Template

Coherence This passage: “x”, considering its coherence and ordering of its ideas,
means in one word:

Grammar This passage: “x”, considering its grammatical correctness and sentence
structure, means in one word:

Quality This passage: “x”, considering its overall writing quality, means in one
word:

Topic This passage: “x”, considering its main topic and subject matter, means in
one word:

Sentiment This passage: “x”, considering its overall sentiment and emotional tone,
means in one word:

Neutral This sentence: “x” means in one word: (PromptEOL template; Jiang et al.,
2024)

No prompt Bare passage; final-token or mean-pooled hidden states.

H SCORE BEHAVIOR ACROSS CORPUS SIZE AND PERTURBATION SEVERITY

Effect of corpus size. Figure 9 compares how quickly different distances separate harmful condi-
tions from the null as corpus size N grows. Kernel distances (RBF-MMD, energy distance (Székely
& Rizzo, 2013)) reach reliable separation at smaller N than Fréchet distance (Heusel et al., 2018)
or k-means KL, providing additional justification for adopting RBF-MMD as the default distance.
Crucially, the benign paraphrase curve also rises with N : at large corpus sizes, even the small
shift caused by meaning-preserving rewriting becomes statistically detectable against the human-
reference null. The detection criterion must therefore compare harmful and benign responses
(∆z = zharm − zbenign > 0). Comparing the harmful response with zero would eventually flag
benign rewriting as a coherence failure.
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Table 12: Coherence-wording and prompt-format templates. The first three rows list the compact wordings
used in both the counterfactual and human-agreement robustness experiments. The rating and direct-answer
rows show wording 1; wordings 2 and 3 substitute the corresponding coherence clause from the compact rows.

Format Template

Compact, wording 1 This passage: “x”, in terms of its logical coherence and the order of its
ideas, means in one word:

Compact, wording 2 This passage: “x”, considering whether its ideas form a logically connected
and well-ordered whole, means in one word:

Compact, wording 3 This passage: “x”, considering the consistency, organization, and logical
flow of its ideas, means in one word:

Scalar rating (word-
ing 1)

This passage: “x”. Considering its logical coherence and the order of its
ideas, rate it from 1 to 5:

Direct answer (word-
ing 1)

This passage: “x”. Considering its logical coherence and the order of its
ideas, provide a yes or no judgment:
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Figure 9: Score separation versus corpus size. On anchored contradiction, kernel distances separate harmful
from null at smaller N than Fréchet distance or k-means KL. The benign curve shows that paraphrase-induced
shifts also become detectable at large N .

Score trajectories across severity levels. Figure 10 shows that CHORD’s z-scores increase
monotonically with perturbation severity across all categories, confirming that CHORD quantifies
the degree of coherence damage, not just its presence. The slope varies by category: structural and
mixture perturbations produce steep increases, while relation-level perturbations rise more gradu-
ally, with causal reversal at low severity remaining the hardest condition. Benign paraphrases stay
close to the baseline at all severity levels, confirming that CHORD does not confuse editing extent
with coherence damage.

The human-splice condition produces a large z-score despite using only sentences from other
human-written documents. This confirms that CHORD detects disruptions to inter-sentence coher-
ence instead of poor individual sentences: even well-written human sentences break the coherence
of a text sample when inserted out of their original context. Table 13 reports the full endpoint scores
and detection decisions for all metrics.
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Figure 10: CHORD responses across perturbation severities. Scores are null-standardized shifts zM on a
log scale; open markers indicate conditions not detected relative to the benign control.

Table 13: Results across perturbation severities, underlying Table 1. Each cell reports the null-standardized
score zM at the lowest severity (top) and highest severity (bottom) for each perturbation type. All rows use the
same calibration as Table 1. A ∗ marks a condition detected relative to the benign control. The final columns
report detected conditions across all severity levels: semantic (relation and discourse; 12 total) and surface-form
(structural and mixture; 28 total).

Relation Discourse Structural Mixture Control #Detected

Method Contr. Causal Broken Topic Perm. Shuf. Rep. DLM mix Doc. mix Benign Sem.
(12)

Form
(28)

Likelihood / diversity statistics

gen-PPL (GPT-2) 0.3
1.1

−0.1
0.8

0.4
0.5

1.3
1.8

1.9
7.4∗

6.2∗

46.9∗
9.7∗

62.4∗
18.5∗

62.4∗
10.7∗

35.9∗
0.2
1.4 0/12 26/28

Unigram entropy 0.1
0.6

−0.2
−0.1

3.7
6.0

−0.3
0.0

0.3
−0.0

0.5
2.1

0.0
0.9

6.9∗

22.1∗
7.5∗

17.4∗
0.7
2.6 0/12 11/28

Distributional metrics

MAUVE (GPT-2) 32.2
27.6

17.4
23.1

29.1
21.0

24.1
18.9

1.1
24.5

−0.3
1.1

13.0
56.5∗

14.7
35.8∗

9.4
44.9∗

27.8
27.3 0/12 8/28

MAUVE (ELECTRA) 0.6
2.6

0.9
3.0

1.3
3.7

0.7
2.4

1.8
13.7∗

1.6
72.5∗

55.7∗

89.7∗
18.3∗

81.2∗
7.7∗

76.2∗
0.6
2.5 0/12 24/28

FBD (BERT) 0.2
0.2

0.3
0.2

0.3
0.8

0.6
0.5

0.0
1.0

0.7
9.7∗

1.8
60.7∗

2.5
24.5∗

2.9
12.5∗

−0.3
0.2 0/12 17/28

MMD (MiniLM) −0.4
−0.0

0.2
−0.0

18.6∗

33.3∗
2.4
4.9∗

−0.5
−0.3

−0.2
0.4

0.1
18.9∗

7.0∗

69.5∗
5.6∗

62.5∗
−0.5
−0.3 5/12 17/28

Ours

CHORD (Qwen3.5-27B) 28.1∗

84.3∗
6.5

25.6∗
200∗

331∗
35.1∗

79.7∗
67.1∗

358∗
43.3∗

740∗
293∗

857∗
482∗

1150∗
479∗

1082∗
2.2
6.0 10/12 28/28

CHORD (Qwen3.5-9B) 10.2
26.9∗

8.3
17.4

54.7∗

109∗
12.9
27.5∗

20.4
96.3∗

23.6∗

344∗
154∗

671∗
285∗

882∗
236∗

726∗
4.2

10.9 5/12 27/28

CHORD (Qwen3.5-2B distilled) 24.1∗

73.1∗
6.6

20.1∗
140∗

258∗
26.3∗

45.9∗
29.8∗

190∗
32.2∗

579∗
365∗

1001∗
411∗

1241∗
361∗

1211∗
1.9
4.3 10/12 28/28

CHORD (Qwen3.5-0.8B distilled) 15.6∗

43.3∗
5.8

16.3∗
147∗

257∗
26.9∗

34.7∗
23.0∗

173∗
42.3∗

770∗
475∗

1191∗
347∗

1222∗
317∗

1166∗
1.6
2.5 10/12 28/28

I DISTILLATION DETAILS

We distill the 27B encoder into two smaller students to reduce the cost of CHORD: Qwen3.5-2B,
a high-fidelity variant that most closely tracks the teacher, and Qwen3.5-0.8B, a lightweight vari-
ant for faster, lower-memory inference. Both are trained with the same recipe, which follows the
representation-distillation framework of OPRD (Yang et al., 2026b), and are reported in Tables 1
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and 2. This section describes the training data, student architecture, objective, and validation proto-
col.

Training data. The students are trained on 25.7k samples from OpenWebText (Gokaslan et al.,
2019), English Wikipedia (Foundation), and Reddit TL;DR posts (Völske et al., 2017; Stiennon
et al., 2022). These cover the same three domains as the counterfactual evaluation set, whose
Wikipedia text comes from WikiText-103 (Merity et al., 2016). All training data are disjoint from
the evaluation data, including the seed, reference, and replacement samples and the generated cor-
pora in Section 4.4; exact duplicates and near-overlaps are removed with normalized-text hashes.
Training perturbations are generated by Mistral-Small-24B (Mistral AI, 2025), whereas the evalua-
tion set is edited by Qwen3-30B-A3B and the teacher is Qwen3.5-27B. Data disjointness prevents
exposure to evaluation texts, and the separate editor reduces reliance on editor-specific artifacts.

The corpus serves three purposes. The first group mirrors the controlled evaluation: clean samples
paired with counterfactual perturbations. Because relation-level signals are the hardest to transfer,
we add 3,000 clean parent samples together with their highest-severity contradiction and causal-
reversal rewrites, generated by the training editor and filtered by the same validity gates as the
evaluation set. Relation examples make up 25% of the corpus. The second group approximates gen-
erator output, with fresh autoregressive samples, diffusion-LM samples, and cross-model sentence
mixtures; it supports the generator comparisons in Section 4.4. We visit the unconditional diffusion
samples twice per epoch to offset their smaller share after the relation examples are added. The
third group matches the packed-window format of the unconditional evaluation: EOS-joined human
and generated text packed into fixed-length sequences, including the native sequence length of the
continuous-flow generator. All generation seeds and sampled corpora are disjoint from the evaluated
case-study corpora.

Student model. We describe the 2B student; the 0.8B student differs only in its hidden width. The
student is Qwen3.5-2B with rank-16 LoRA adapters (Hu et al., 2022) (α = 32) on all attention and
MLP projections, followed by a learned linear projection head PS : R2048 → R256 that maps the
last-token hidden state to the output embedding. Only the adapters and PS are trained; the base
model stays frozen, and the adapters are merged at export. The student uses the same coherence-
eliciting prompt and RBF-MMD scoring procedure as the 27B encoder.

Distillation objective. We follow the bridge variant of OPRD (Yang et al., 2026b), which transfers
representations between models of different hidden widths by mapping both into a shared low-rank
space. A fixed projection PT maps the teacher states onto their top principal components, and the
learned head PS maps the student states into the same coordinates.

Both maps operate on the representation used by CHORD. For the teacher, ht(x) ∈ R5120 is the
layer-62 last-token state under the coherence prompt. We fit PCA on a held-out stream of 11,400
clean passages, disjoint from every evaluation corpus, and keep the top r = 256 components as PT ,
giving the target h̃t(x) = PT (ht(x)− µ) ∈ R256. For the student, hs(x) ∈ R2048 is the last-token
state under the same prompt. We initialize PS by closed-form ridge regression from the untrained
student states to the teacher targets.

Our procedure differs from OPRD in three ways. First, we align only the single hidden vector
consumed by the scorer, whereas OPRD aligns every layer and token position. Second, we update
PS jointly with the adapters at a lower learning rate, so that the head tracks changes in the student
states. Third, we train on a fixed corpus rather than on student-generated samples: the CHORD
student only encodes input text, so on-policy sampling does not apply.

The loss is the per-sample squared error between the projected student embedding and the teacher
target, normalized by the total target variance so that it equals 1−R2:

L =
1

n

∑
i

∥PS hs(xi)− h̃t(xi)∥2∑r
k=1 Vark(h̃t)

. (15)

We use no relational, angular, or statistic-level losses. Directional and pairwise losses leave the
absolute scale of the student space unconstrained, which matters because RBF-MMD depends on
absolute distances. Per-sample matching constrains scale, direction, and pairwise structure together
and rules out collapsed solutions. Each step contains 16 corpus samples, drawn in blocks of four
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from a single perturbation type and domain, and 8 clean anchor samples. We train for five epochs
(8,735 steps) with learning rates of 10−4 for the adapters and 5× 10−5 for PS .

Validation. Model selection uses only held-out data. On held-out OpenWebText, Wikipedia, and
Reddit samples, the final normalized loss is 0.27, so the student explains about 73% of the teacher’s
target variance. Two memorization checks show that training samples remain partly identifiable in
the embedding: a linear probe separates training from reserved clean samples with 0.65 held-out
accuracy, and at the final checkpoint the RBF-MMD between training and reserved samples is 1.4
times that between two reserved halves. We report these checks but do not use them for model
selection. On two autoregressive generators absent from training, the student reproduces the teacher
embeddings with mean cosine similarities of 0.72 (GPT-2-XL) and 0.89 (TinyLlama; Zhang et al.,
2024). The counterfactual evaluation set is scored only after these checks and is never used for
model selection.

Qwen3.5-2B student. The 2B student preserves the main diagnostic behavior of the teacher. It
remains stable on benign paraphrases, detects all nine perturbation types in Table 1, and reproduces
the teacher’s full ranking of the seven corpora in Table 2 (ρ = 1.00), although it compresses the gap
between the two autoregressive generators. Its responses to relation-level failures are smaller but
remain selective: 73.1 versus 84.3 for contradiction and 20.1 versus 25.6 for causal reversal.

Qwen3.5-0.8B student. With the same recipe, data, and schedule and PS : R1024 → R256, the
0.8B student reaches a held-out normalized loss of 0.30, with memorization checks similar to the
2B student (probe accuracy 0.64, MMD ratio 1.4). It detects all nine perturbation types in Table 1,
with contradiction and causal-reversal scores of 43.3 and 16.3 and the smallest benign-paraphrase
response of all CHORD encoders (2.5). On real generators it preserves the human, autoregressive,
and diffusion tiers but not their internal order (ρ = 0.82 with the teacher; Table 2).

Choosing an encoder. The 27B model remains the default CHORD configuration. Among the
students, the 2B encoder stays closer to the teacher, whereas the 0.8B encoder is faster and uses less
memory.

J SENSITIVITY TO EVALUATION WINDOW LENGTH

Unconditional-generation evaluation protocol. Table 2 reports mean and standard deviation
over ten disjoint evaluation folds. Each generator is sampled with ten fresh seeds, producing 500
documents per seed at its operating point. The human reference contains 150 windows for band-
width fitting and ten sets of 500 fresh packed windows, disjoint from all training and evaluation
text. Generator fold k is scored against reference fold k, with n = 500 samples per side and no
document reused across folds. All corpora are evaluated as 512-token packed windows. All metrics
use the same folds: gen-PPL is GPT-2-large corpus perplexity, entropy is tokenizer unigram entropy,
and MAUVE compares the corresponding generator and reference folds using GPT-2-large features,
n/10 buckets, and five k-means seeds.

Window-length analysis. We test MAUVE and CHORD at truncation lengths of 128, 256, 384,
512, and 1024 tokens on the ten folds of Table 2. Each document is truncated to the longest whole-
sentence prefix within the budget, and each encoder processes the full truncated text. Every length
uses the same folds and fold pairing as Table 2, and each cell reports the mean over the ten folds.
CHORD scores are null-standardized separately for each length against two disjoint 500-window
subsets of the reference folds.

Most corpora are about 500 tokens long, so the 1024-token setting usually corresponds to the full
document. ELF-L is longer (about 930 tokens on average), creating a length mismatch with the
human reference at 1024 tokens. We therefore interpret this setting cautiously for ELF-L.

MAUVE. Table 14 shows that MAUVE is sensitive to evaluation length. Human text stays at
0.94–0.95, but the ranking of generated text changes substantially across lengths: the GPT-2 models
rank sixth and seventh up to 384 tokens and fourth and fifth at 512 and 1024 tokens, while ELF-L
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falls from fourth to seventh. MAUVE does not recover the expected human > autoregressive >
diffusion/flow ordering at any tested length. These results motivate using a fixed evaluation length.

Table 14: MAUVE sensitivity to evaluation length. Documents are truncated at sentence boundaries to the
stated token budget. Each cell is the mean over the ten folds of Table 2. Superscripts give ranks among the
seven corpora; higher MAUVE is better.

gen. MAUVE ↑ at truncation length

Corpus tokens 128 256 384 512 1024

Held-out human (packed) 493 0.95#1 0.94#1 0.94#1 0.95#1 0.95#1

GPT-2-large (nucleus) 483 0.70#7 0.67#7 0.58#7 0.83#5 0.78#5

GPT-2-medium (nucleus) 486 0.74#6 0.70#6 0.62#6 0.84#4 0.81#4

SEDD 493 0.91#3 0.89#3 0.88#3 0.89#2 0.89#2

MDLM 493 0.92#2 0.91#2 0.90#2 0.88#3 0.85#3

LangFlow 485 0.75#5 0.72#5 0.66#5 0.65#6 0.63#6

ELF-L 932 0.80#4 0.79#4 0.73#4 0.06#7 0.03#7

CHORD. Table 15 shows that CHORD is more stable at the level of the main model classes.
At every length, human text is closest to the reference, autoregressive models come next, and dif-
fusion/flow models are farthest. Absolute scores vary with length, and rankings within the diffu-
sion/flow group also change. We therefore claim only that the three-tier ordering of CHORD is
robust.

The values in this appendix are null-standardized scores computed separately for each trunca-
tion length, so they should not be compared directly with the raw RBF-MMD values in Table 2.
Sentence-boundary truncation also differs from the fixed 512-token windows of Table 2. Because
the four diffusion and flow models lie close together (zM between 956 and 1060 at 512 tokens), their
order in the 512-token column differs from Table 2, while the three tiers agree.

Table 15: CHORD sensitivity to evaluation length. Documents use the same truncations and folds as Ta-
ble 14; each cell is the mean over the ten folds. Superscripts give ranks among the seven corpora; lower zM is
better. The human < autoregressive < diffusion/flow ordering holds at every length.

CHORD zM ↓ at truncation length

Corpus 128 256 384 512 1024

Held-out human (packed) 0.5#1 0.4#1 0.6#1 0.3#1 0.0#1

GPT-2-large (nucleus) 219#2 361#2 439#2 365#2 291#2

GPT-2-medium (nucleus) 331#3 507#3 611#3 522#3 417#3

SEDD 962#7 1108#6 1208#6 1046#5 843#5

MDLM 954#6 1117#7 1209#7 1060#7 856#6

LangFlow 906#5 973#5 1061#4 956#4 776#4

ELF-L 726#4 962#4 1082#5 1059#6 937#7

K PREFIX-CONTINUATION DETAILS

The prefix-continuation results in Figure 5 are based on the settings and evaluation procedure de-
scribed below.

Setup. We sample 256 held-out OpenWebText text samples and tokenize each with the GPT-2
tokenizer. The first 128 tokens of each sample serve as the human prefix and are fed to every
evaluated model as input. The next 128 tokens form a pool of 256 human continuations, which serves
as the reference distribution. We draw a fixed n = 80 reference subset from the human continuation
pool. For each model, we compare its 80 generated continuations against this shared reference
subset via RBF-MMD. The Human row in Table 16 draws both subsets from the same human pool.
All continuations are whitespace-normalized (consecutive whitespace collapsed to single spaces)
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to prevent raw newline characters from registering as a spurious distributional shift. Because the
null standardization uses n = 80 per subset, smaller than the n = 500 of the counterfactual and
unconditional experiments, zM magnitudes are not directly comparable across settings.

Generation settings. Each model receives the same 128-token human prefix and generates a 128-
token continuation. GPT-2-medium is run under three autoregressive decoding strategies: nucleus
sampling (top-p = 0.95, T = 1.0), high-temperature sampling (T = 1.6), and greedy decoding.
SEDD (Lou et al., 2024) and MDLM (Sahoo et al., 2024) fix the prefix and generate the continuation
via 128 diffusion steps. LangFlow (Chen et al., 2026) and ELF (Hu et al., 2026) are evaluated only
in the unconditional study. Table 16 reports the resulting scores.

Table 16: Prefix-continuation results plotted in Figure 5. CHORD scores are null-standardized with n = 80
per subset. Superscript rank markers (#k) order all six rows, including the human continuations, by each
metric’s conventional direction.

Continuation CHORD zM ↓ MAUVE ↑ gen-PPL ↓ entropy ↑

Human 0.1#1 0.92#2 27.7#3 7.07#4

GPT-2-medium (nucleus) 58.3#2 0.80#5 16.6#2 6.81#5

GPT-2-medium (hot, T=1.6) 145.3#3 0.94#1 68.4#4 7.28#1

GPT-2-medium (greedy) 216.9#4 0.11#6 2.9#1 6.12#6

SEDD (128 steps) 244.1#5 0.88#3 113.0#5 7.09#3

MDLM (128 steps) 291.1#6 0.87#4 155.3#6 7.20#2

Comparison across metrics. As Table 16 shows, CHORD produces a monotonic ordering: hu-
man continuations are nearly indistinguishable from the reference (zM = 0.1), autoregressive con-
tinuations move progressively farther as decoding becomes less natural (nucleus < high-temperature
< greedy), and diffusion continuations receive the largest shifts. This within-tier ordering is consis-
tent with the known degeneration of greedy and high-temperature decoding (Holtzman et al., 2020).
The baseline metrics each produce a different ranking: MAUVE rates high-temperature continu-
ations above human text, generative perplexity ranks greedy decoding first, and unigram entropy
ranks high-temperature first and greedy last. Only CHORD recovers the human > autoregressive
> diffusion ordering that blind human evaluation supports in Appendix M.

L QUALITATIVE UNCONDITIONAL GENERATIONS

The corpus-level CHORD scores in Table 2 quantify distributional distance from human text but do
not reveal what the underlying quality differences look like. The excerpts below provide a concrete
sense of why each generator class receives its score. They are not used in any quantitative evaluation;
they are selected only to illustrate the types of coherence failure that the scores summarize. Each
heading reports the Qwen3.5-27B CHORD score from Table 2 (RBF-MMD2, ×10−2; lower is
closer to human text, and held-out human text scores 0.17).

Autoregressive (GPT-2-large, nucleus; CHORD = 19.84).

“A police officer will not face criminal charges after a woman said he choked her. The
Winnipeg Police Service said Tuesday the officer is a regular member of the force’s special
operations section. [. . . ] Police said the officer has been suspended with pay pending the
outcome of the investigation.”

The text sample preserves a single event frame, consistent entities, and topical continuity across
sentences.

SEDD (discrete diffusion; CHORD = 57.05).

“. . . My daughter’s the child. She’s popular and she’s popular. My daughter loves them,
they’re tough. So, I think it gives her a vision for how the way they should have people like
that approach it.”
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The excerpt contains locally fluent fragments, but the referents are unstable and the repetition of
“popular” does not contribute to a coherent progression.

MDLM (masked diffusion; CHORD = 57.97).

“. . . It is using early early experimental methods to create computer programs. The NIST
and the CSIRO are two kinds of research [. . . ] The dependent researcher is sampling an
environment and exploring it so that a computer programmer could better understand the
resulting. . . ”

The text sample adopts an academic register, but “early early” is a verbatim repetition, “two kinds
of research” is introduced without explanation, and the overall argument lacks a clear logical pro-
gression.

ELF-L (continuous-flow; CHORD = 51.19).

“. . . Compared to the election, the results of our survey indicate, Conservatives had a
greater share of Labour’s support in the chambers, at 84 of the polls, than Liberal
Democrats, even though their support in the legislatures has increased by 66%.”

This excerpt is the most fluent among the diffusion outputs: the grammar is correct and the register
resembles political reporting. However, the content does not withstand scrutiny. The comparative
structure is incoherent (Conservatives having “a greater share of Labour’s support” conflates oppos-
ing parties), the quantities lack referents (84 of which polls? 66% of what baseline?), and “their”
is ambiguous among three named parties. Each phrase individually reads like plausible political
language, but they cannot be assembled into a consistent interpretation.

LangFlow (continuous-flow; CHORD = 52.58).

“Images 3/16 Arsenal Images/16 Arsenal 4/16 Simon Baloser Arsenal Association/16 Ar-
senal REUTERS 6/16 [. . . ] Arsenal REUTERS/16 Arsenal Photo/16 Arsenal REUTERS/16
Arsenal REUTERS/16. . . ”

The sample collapses into a caption-like repetition loop: “Arsenal”, “REUTERS”, and the “/16”
counter recur with minor variations, producing no propositional content. Unlike the ELF-L example,
this failure is immediately visible at the surface level. This extreme degeneration is detectable by
most metrics, including MAUVE.

M BLIND HUMAN EVALUATION ON UNCONDITIONAL GENERATION

We use blind human judgments to assess the three-tier ordering that CHORD finds in the uncondi-
tional generation experiment; Appendix L provides examples of the underlying coherence failures.
Table 17 reports agreement between the two annotators, and Table 18 reports human preferences for
each generator and the pooled model families.

Setup. We sample 60 human–model pairs from the unconditional OpenWebText evaluation, with
10 pairs for each of GPT-2-medium, GPT-2-large, SEDD-small (Lou et al., 2024), MDLM (Sahoo
et al., 2024), ELF-L (Hu et al., 2026), and LangFlow (Chen et al., 2026). Human and generated
text samples are matched in length at 120–190 GPT-2 tokens, and each human sample comes from a
single OpenWebText document. Two annotators independently compare each pair, blind to system
identity and left/right order, and choose which text is better and more coherent, or a tie. We code
each judgment as human better, tie, or model better. The annotators agree on 49 of 60 pairs (81.7%);
Cohen’s κ is 0.55 (95% CI 0.29–0.76) (Cohen, 1960). All confidence intervals in this section use
10,000 percentile bootstrap resamples of text pairs, keeping the two judgments for each pair together.

Results. Table 18 shows a marked difference between generator families. For the two GPT-2
models pooled, human text wins 47.5% of judgments, model text wins 32.5%, and 20.0% are ties;
the human preference margin is 15.0 points (95% CI −20.0 to 47.5). For the four diffusion and flow
models pooled, human text wins 88.8% of judgments and model text wins 8.8%, a margin of 80.0
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Table 17: Inter-annotator agreement. Joint distribution of the two annotators’ judgments over the 60 pairs.
Rows give annotator 1 and columns annotator 2; the 49 diagonal pairs are agreements.

Annotator 2

Annotator 1 Human better Tie Model better Total

Human better 40 2 3 45
Tie 3 2 1 6
Model better 2 0 7 9

Total 45 4 11 60

Table 18: Blind pairwise human evaluation on unconditional generation. Each row compares held-out
human text with the named generator. Pairs is the number of independent text pairs; both annotators judge
every pair, so the win and tie percentages are computed over twice as many judgments. Disagree reports the
fraction of pairs on which the annotators gave different judgments. The final two rows pool both autoregressive
systems and all four diffusion and flow systems; brackets give 95% bootstrap confidence intervals over pairs.

Generator Pairs Human wins Tie Model wins Disagree

GPT-2-large (nucleus) 10 45.0% 25.0% 30.0% 40%
GPT-2-medium (nucleus) 10 50.0% 15.0% 35.0% 20%
SEDD 10 80.0% 5.0% 15.0% 20%
MDLM 10 100.0% 0.0% 0.0% 0%
ELF-L 10 80.0% 0.0% 20.0% 20%
LangFlow 10 95.0% 5.0% 0.0% 10%

Pooled: AR (GPT-2) 20 47.5% [27.5, 65.0] 20.0% [7.5, 35.0] 32.5% [15.0, 52.5] 30%
Pooled: diffusion/flow 40 88.8% [80.0, 96.2] 2.5% [0.0, 6.2] 8.8% [2.5, 17.5] 12.5%

points (95% CI 63.7–93.8). This family-level ordering matches Table 2: all three CHORD encoders
place the GPT-2 models closer to the human reference than the diffusion and flow models.

N EFFECT OF COHERENCE-FAILURE POSITION ON DETECTION

A last-token representation from a causal language model may overemphasize the end of a passage.
Prior stress tests found that this recency bias causes GPT-2-based MAUVE to miss coherence fail-
ures near the beginning or middle of a text sample (He et al., 2023). A reliable coherence metric
should detect the same defect regardless of its position.

Setup. We inject one topic-drift sentence into otherwise clean text samples at the prefix, middle,
or suffix. For each location, we measure selectivity ∆z = zharm − zbenign (Section 3.2); the benign
control uses the same seed samples and edit budget. We fix the frozen Qwen3.5-9B backbone and
compare five extraction methods: the CHORD coherence prompt, a raw last-token state with no
prompt, a MetaEOL-style multi-view representation (Lei et al., 2024), a generic PromptEOL prompt
(Jiang et al., 2024), and mean pooling over all token positions. A position-robust representation
should produce similar ∆z at all three locations.

Results. Figure 11 shows that raw last-token extraction is strongly recency-biased: the same in-
jected sentence produces a suffix-to-prefix selectivity ratio of 16.4×. MetaEOL-style concatenation
shows a similar pattern at 9.7×. The CHORD coherence prompt reduces this ratio to 1.7×, detect-
ing the topic-drift injection at all three positions with comparable strength. The generic PromptEOL
prompt achieves 2.3×, suggesting that prompting itself mitigates recency bias, though the coherence
prompt remains the most balanced. Mean pooling shows no positional dependence but its selectivity
is near zero at all positions, making it ineffective in practice.

With the backbone and distance fixed, the extraction method determines the degree of positional
dependence. The coherence prompt asks the model to summarize the entire text sample at the final
prompt position, which reduces the local-context bias of an unprompted last-token state.
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Figure 11: Effect of coherence-failure position on detection. One topic-drift sentence is injected at the prefix,
middle, or suffix of otherwise clean text samples, on a fixed frozen Qwen3.5-9B backbone. (a) ∆z normalized
by the prefix value; flatter curves indicate less positional dependence. (b) Suffix-to-prefix ∆z ratio. The dotted
line at 1× marks equal sensitivity at the prefix and suffix.
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Figure 12: Effect of extraction layer on coherence selectivity. Each point reads the hidden state from a
different transformer layer, with the prompt, distance, null calibration, and evaluation conditions fixed. (a)
Mean ∆z, normalized by each backbone’s peak. (b) Number of the nine perturbation types detected selectively.
Both backbones show weak signals in early layers and a broad high-selectivity plateau in late layers. The
adopted −3 layer lies on this plateau, and the final layer does not improve on it.

O EFFECT OF EXTRACTION LAYER

CHORD reads the hidden state from a single transformer layer. To choose this layer, we sweep
layers at a stride of two: 2, 4, . . . , 32 for Qwen3.5-9B and 2, 4, . . . , 64 for Qwen3.5-27B. On both
backbones, the third-to-last layer (−3) lies on a broad plateau of high selectivity.

Setup. For each text sample, we run the frozen backbone once and extract the final-prompt-token
hidden state at each swept layer; the sweep includes the adopted layer −3 (layers 30 and 62) and
the final layer. Each representation is scored with the same prompt, RBF-MMD bandwidth, null
standardization, bootstrap schedule, and evaluation conditions as CHORD, so only the extraction
layer varies. At the highest severity, we report the mean ∆z across the nine perturbation types of
Table 1 and the number of types detected selectively against the benign control.

Results. Figure 12 shows the same pattern on both backbones. Early layers detect only the five
structural and mixture perturbations and show little coherence selectivity. Selectivity rises through
the second half of the network and levels off in a broad late-layer plateau. Qwen3.5-27B detects
all nine perturbation types from layer 38 onward; Qwen3.5-9B detects eight from layer 26 onward
and, as in Table 1, misses causal reversal at every layer. Layer −3 gives the highest mean ∆z in
the sweep on both backbones. The final layer does not improve on it for either backbone and has
a slightly larger benign response on Qwen3.5-27B. We therefore fix −3 as the default; neighboring
layers detect the same perturbation types, so the choice needs no backbone-specific tuning.
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P COMPUTE AND RUNTIME COST

We measure computational cost on 500 packed OpenWebText documents, the size of one fold in
Table 2. Table 19 reports feature-extraction time, throughput, latency, GPU memory, and estimated
FLOPs, and Figure 13 plots these costs against detection performance.

Measurement conditions. All measurements use a single NVIDIA H200 with PyTorch 2.14.0
(Paszke et al., 2019), CUDA 13.0, and transformers 5.17.0 (Wolf et al., 2020), in PyTorch’s
default execution mode without compilation or serving optimizations. The CHORD encoders run
in bfloat16, GPT-2-large in float16, and ELECTRA (Clark et al., 2020), BERT (Devlin et al., 2019),
and MiniLM (Wang et al., 2020) in float32; batch sizes differ across encoders and are listed in
Table 19.

We report mean±std over three passes through the workload, excluding model loading and one
warm-up batch. Per-document latency is measured at batch size 1 on the first 100 documents with
three repeats, and peak memory is the maximum GPU memory allocated during feature extraction.
FLOPs are estimated as 2× parameters × tokens using each tokenizer’s mean truncated length; this
estimate ignores quadratic attention cost and memory traffic.

CPU timings use eight threads. For MMD, we time ten 500 × 500 kernel evaluations on Gaussian
features with the corresponding embedding dimension; a single bandwidth fit takes under 0.01 s. For
MAUVE and FBD, we time one comparison of two 250-document subsets. Because these workloads
differ, CPU timings should not be compared directly across metrics.
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Figure 13: Cost against quality. Peak GPU memory (left) and feature extraction throughput (right) from
Table 19, plotted against the number of selectively detected perturbation types in Table 1. Orange circles denote
CHORD encoders; blue squares denote baselines. Lower memory, higher throughput, and more detected types
are better.

Distillation reduces cost. The Qwen3.5-27B encoder processes the workload in 46.5 s with
54.2 GB of peak GPU memory. The distilled Qwen3.5-2B encoder needs 5.3 s and 7.1 GB, an 8.7×
throughput gain and a 7.6× memory reduction at the listed batch sizes; its batch-size-1 latency
falls from 171 to 68 ms. The Qwen3.5-0.8B encoder needs 4.4 s and 4.5 GB (10.4× the teacher’s
throughput, 12.1× less memory, and 58 ms latency). Both students still detect all nine perturbation
types selectively, whereas the plotted baselines detect three to five.

CPU scoring adds little overhead. The ten MMD folds take 0.5 s for the 27B encoder and 0.1 s
for either student, so feature extraction dominates runtime. Because the kernel cost scales as O(n2d)
in the sample count n and embedding dimension d, reducing d from 5120 to 256 also lowers scoring
cost and feature storage.
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Table 19: Runtime and memory on 500 packed OpenWebText documents, single H200. Params includes
merged LoRA (Hu et al., 2022) weights and the student’s projection head PS (Appendix I); dim is the em-
bedding dimension. Wall is total feature extraction time; b=1 is per-document latency at batch size 1. Peak is
maximum allocated GPU memory; weights is parameter storage at the stated precision. Statistic reports CPU
time for ten MMD folds; † marks one MAUVE or FBD comparison of 250 against 250 documents. We include
gen-PPL at batch sizes 8 and 32 to show the effect of batching.

Featurize (GPU) CPU

Metric Extractor Params dim GFLOPs/doc batch wall (s) docs/s b=1 (ms) peak (GB) weights (GB) statistic (s)

CHORD (Qwen3.5-27B) Qwen3.5-27B 26.1B 5120 26207 8 46.5±1.6 10.8 170.8 54.2 48.6 0.5
CHORD (Qwen3.5-9B) Qwen3.5-9B 8.4B 4096 8377 16 14.0±0.1 35.6 76.8 20.5 15.6 0.4
CHORD (Qwen3.5-2B distilled) Qwen3.5-2B + LoRA + PS 2.2B 256 2224 32 5.3±0.1 94.1 67.7 7.1 4.1 0.1
CHORD (Qwen3.5-0.8B distilled) Qwen3.5-0.8B + LoRA + PS 853M 256 857 32 4.4±0.0 112.5 57.9 4.5 1.6 0.1

MAUVE (GPT-2) GPT-2-large 774M 1280 789 32 2.1±0.4 241.4 17.4 5.1 1.4 0.6†

MAUVE (ELECTRA) ELECTRA-large 334M 1024 338 64 4.3±0.0 116.5 14.2 2.7 1.2 0.7†

FBD BERT-base 110M 768 111 64 1.7±0.0 289.1 7.0 1.5 0.4 0.12†

MMD-MiniLM MiniLM-L6 23M 384 23 64 0.8±0.0 603.9 4.0 0.7 0.1 0.1
gen-PPL (batch 8) GPT-2-large 774M — — 8 6.5±0.1 76.7 — 4.2 1.4 —
gen-PPL (batch 32) GPT-2-large 774M — — 32 3.7±0.1 136.7 — 12.3 1.4 —

Q SOURCE-CONDITIONED FAITHFULNESS EXTENSION

The main experiments evaluate coherence in open-ended generation. To test whether the same
design principle generalizes beyond coherence, we adapt the representation to a different property:
faithfulness of an answer to a supplied source text. This extension is a feasibility demonstration, not
a general-purpose faithfulness metric.

Setup. On SQuAD (Rajpurkar et al., 2016), we pair each source text sample with a correct para-
phrase of the answer. From this correct paraphrase, we construct three types of wrong-fact answers
by altering a single fact: changing a number, replacing an entity, or flipping a negation. The refer-
ence corpus consists of correct paraphrases, and the faithful control is an independent correct rewrite
that should remain near the reference baseline. All conditions share the same paraphrastic style, so
detected shifts reflect the factual error instead of surface variation.

The key change from the main experiments is the representation prompt: instead of the source-free
coherence-eliciting template, we use a source-conditioned prompt that includes both the source text
sample and the answer, directing the model’s hidden state to encode the factual relation between
them. The resulting zM scores therefore reflect source-answer consistency and should not be com-
pared with the default CHORD scores reported elsewhere in the paper.

Table 20: Source-conditioned QA faithfulness on SQuAD. Each entry is a null-standardized score zM ; higher
values indicate a larger shift from the correct-answer reference. The faithful paraphrase is an independent
correct rewrite and should remain near the baseline.

Wrong fact Faithful

Representation number entity negation paraphrase

CHORD (Qwen3.5-27B) 258.7 112.0 380.5 −0.4
CHORD (Qwen3.5-2B distilled) 216.4 99.0 504.2 −0.4

Qwen3.5-9B (layer −3) 164.6 55.6 237.2 −0.4
GPT-2-large (last token) 4.9 1.0 5.6 0.7
NeoBERT (Breton et al., 2025) (masked mean) 10.9 5.8 4.4 0.2
BERT (masked mean) 10.0 4.2 1.7 −0.4

Results. Table 20 shows that CHORD with a source-conditioned representation assigns large zM
values to all three wrong-fact types: 258.7, 112.0, and 380.5 for number, entity, and negation errors.
The faithful paraphrase remains near the baseline at zM = −0.4. The 9B backbone detects the same
error types with smaller shifts. GPT-2, NeoBERT, and BERT remain much closer to the baseline.

Implications. This result supports the broader design principle behind CHORD: specify the prop-
erty to expose, construct a prompt that directs the hidden state toward that property, and compare
distributions in the resulting space. Coherence uses a coherence-eliciting prompt; faithfulness uses
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a source-conditioned prompt. In both cases, targeted prompting produces strong distributional sep-
aration while generic representations fail. The extension does not establish a general-purpose faith-
fulness metric, which would require its own controls and broader validation, but it demonstrates that
the representation-centered approach transfers beyond coherence.

R CORRELATION WITH HUMAN JUDGMENTS

The counterfactual evaluation set tests whether a metric detects injected coherence damage of known
type and severity. As a complementary check, we ask whether metric rankings track naturally occur-
ring quality differences among generation systems, using the human judgments released by Pillutla
et al. (2021). The study contains 3,240 crowd-sourced pairwise comparisons over eight GPT-2 gen-
eration settings and a human reference: the four GPT-2 sizes (small, medium, large, and xl), each
decoded with ancestral sampling and with nucleus sampling. Together with the human continua-
tions, this gives 36 ordered pairs, each judged 90 times. For each pair, annotators saw two contin-
uations of the same prompt and answered three questions: which continuation is more interesting,
which makes sense, and which is more human-like. Makes sense asks whether the text is internally
consistent, with sentences that follow from one another, and is the question closest to coherence;
interesting mixes coherence with novelty and subjective preference; human-like is an overall judg-
ment in which coherence is a major but not the only component. Following the original protocol,
we convert the pairwise outcomes into Bradley–Terry (BT) strengths (Bradley & Terry, 1952) and
compute rank correlations between each metric’s ranking of the eight generation settings and the
human BT ranking.

Scoring protocol. We score the exact 256-token texts shown to annotators, consisting of a 35-
token prompt followed by a 221-token continuation. Because the released generation archive does
not contain every judged completion, we reconstruct one corpus per generation setting directly from
the annotation file after removing display markup; each corpus contains 578–606 unique judged
texts. All metrics compare these corpora against a held-out OpenWebText reference corpus pro-
cessed with the same 256-token cut and length filter. CHORD uses the frozen representation con-
figuration of the main experiments, with n = 512 and 200 null draws.

Table 21: Correlation with human rankings on the human study of Pillutla et al. (2021). Each cell reports
Spearman’s ρ (Kendall’s τ in parentheses) between the metric’s ranking of the eight GPT-2 generation settings
and the human Bradley–Terry ranking, computed on the exact 256-token texts shown to annotators. The best
value in each column is in bold. Distance-valued metrics (CHORD, FBD, MMD-MiniLM) are negated before
correlation; for gen-PPL and unigram entropy we use the distance to the human-corpus value, −|m−mhuman|,
the most favorable orientation for these two-sided statistics.

Interesting Makes sense Human-like

CHORD-27B 0.86 (0.64) 0.98 (0.93) 0.98 (0.93)
CHORD-2B (distilled) 0.76 (0.57) 0.93 (0.86) 0.95 (0.86)

MAUVE (GPT-2) 0.00 (0.14) −0.19 (0.00) −0.21 (0.00)
MAUVE (ELECTRA) 0.79 (0.64) 0.93 (0.79) 0.90 (0.79)
FBD (BERT) 0.76 (0.57) 0.93 (0.86) 0.95 (0.86)
MMD (MiniLM) 0.90 (0.79) 0.90 (0.79) 0.93 (0.79)
gen-PPL (GPT-2) 0.64 (0.43) 0.88 (0.71) 0.88 (0.71)
Unigram entropy 0.52 (0.43) 0.71 (0.57) 0.81 (0.71)

Results. CHORD-27B agrees most strongly with the human rankings on the two coherence-
aligned questions, makes sense and human-like, reaching ρ = 0.98 and τ = 0.93 on both and
matching 27 of the 28 pairwise orderings. The distilled 2B encoder reaches ρ = 0.93 and 0.95 on
these two questions (τ = 0.86 on both), tying FBD, the strongest existing metric, and at least match-
ing every other baseline. On interesting, correlations are lower for every metric, and MMD-MiniLM
is slightly higher than CHORD.

MAUVE with GPT-2 features correlates poorly under this protocol because its scores occupy a nar-
row range across the eight settings, consistent with the window-length sensitivity analyzed in Ap-
pendix J. The original MAUVE paper reports strong human correlation under its full-length, larger-
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sample protocol; our analysis instead asks how metrics behave on the short texts that annotators
actually judged. Under this matched-text protocol, ELECTRA-MAUVE and the other distributional
baselines track the human rankings well, while CHORD remains strongest on the coherence-aligned
questions.

These results complement the generator evaluation in Section 4.4: the CHORD ranking aligns with
human judgments when the question concerns whether text makes sense or appears human-like.
A second, targeted human study on the unconditional human/autoregressive/diffusion comparison
appears in Appendix M.

S PRELIMINARY TRANSFER TO UNSAFE-CONTENT PREVALENCE

The main experiments target coherence. Here we test whether the same corpus-level framework can
transfer to another property simply by changing the representation prompt. We consider unsafe-
content prevalence: given a corpus of mostly safe assistant responses, can CHORD detect when
a small fraction is replaced by unsafe responses?

Data and controlled prevalence shifts. We use the train split of PKU-SafeRLHF (Ji et al., 2025).
Rows with one safe and one unsafe response provide matched response pairs to the same prompt.
Safe responses from rows where both answers are labeled safe form the reference and clean candi-
date corpora.

Starting from each clean corpus of 1,000 safe responses, we replace 1, 2, 5, 10, 25, or 50% of the
responses with unsafe answers drawn from the one-safe rows. For comparison, we make the same
replacements using the safe answer paired with each unsafe answer under the same prompt. This
gives a matched safe condition that differs mainly in response safety. We also replace responses
with safe outputs from a different Alpaca-family model (Taori et al., 2023) to test sensitivity to a
generator change alone. Responses are matched by length bin, and all prompt sets are disjoint.

Table 22: Construction of the safety-prevalence experiment. “One-safe” rows contain one safe and one
unsafe response to the same prompt.

Role Size Content

Reference 5,500 Safe Alpaca-7B responses
Clean candidates 1,000 Safe Alpaca-7B responses before replacement
Matched donor pairs 500 Safe/unsafe siblings from one-safe rows
Generator-shift donors 500 Safe Alpaca3-8B responses

Setup. We keep the main CHORD configuration fixed: Qwen3.5-27B, third-to-last-layer extrac-
tion, last-prompt-token pooling, and RBF-MMD with the same null-standardization. The corpus
size is n = 1,000. We use a 768-token input budget so that all responses fit without truncation.

We replace the coherence prompt with a safety-oriented PromptEOL template (Jiang et al., 2024):

This passage: ‘‘{x}’’, in terms of whether its content is
harmful, unsafe, or toxic, means in one word:

We also test two paraphrases of this prompt, together with the original coherence prompt and a
neutral PromptEOL prompt. No representation is trained or fine-tuned on safety labels.

For comparison, we include FBD (Xiang et al., 2021) and MAUVE (Pillutla et al., 2021; 2023)
with GPT-2-large features, toxic-BERT (Hanu & Unitary team, 2020), and Granite Guardian 3.1 2B
(Padhi et al., 2024). The two safety classifiers are aggregated at the corpus level and evaluated with
the same null-standardized mean-shift protocol used for scalar baselines.

Results. We compare each unsafe-replacement corpus with its matched safe control using

∆z = zunsafe − zsafe. (16)

A positive paired-bootstrap confidence interval indicates that the metric responds more strongly to
unsafe than to matched safe replacements.
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Table 23: Selectivity to unsafe-content prevalence. Entries are ∆z = zunsafe − zsafe at matched replacement
rates. Bold CHORD entries have a paired 95% confidence interval above zero. “Detected” gives the lowest
reliably detected rate.

Metric / prompt 1% 2% 5% 10% 25% 50% Detected

CHORD, safety prompt (w1) 0.09 0.39 2.27 10.23 63.27 238.38 5%
CHORD, safety prompt (w2) 0.13 0.59 2.23 9.62 54.27 204.53 5%
CHORD, safety prompt (w3) 0.10 0.60 2.72 10.56 58.12 237.59 5%
CHORD, coherence prompt 0.08 0.55 2.55 9.43 36.47 135.45 5%
CHORD, neutral prompt 0.00 0.33 1.63 5.64 32.62 122.47 5%

Granite Guardian 3.1 2B 0.31 0.87 2.26 5.15 13.94 28.28 10%
toxic-BERT 0.14 −0.04 −0.06 0.12 0.85 4.29 None
FBD (GPT-2-large) 0.15 −0.10 −0.12 −0.81 −0.21 −1.79 None
MAUVE (GPT-2-large) −0.19 0.06 −0.14 −0.79 −0.37 −1.97 None

All CHORD variants distinguish unsafe from matched safe replacements at 5% prevalence. The
safety prompts produce progressively larger margins as prevalence increases and are more sensitive
than the neutral prompt, especially at 25–50%. The coherence prompt also detects the shift, but
its margin grows more slowly at higher prevalence. Thus, changing the prompt amplifies the
sensitivity of the representation.

The generator-shift control remains close to the clean baseline and is never detected, suggesting that
the effect is not explained by changing generators alone. Granite Guardian detects the corpus shift
at 10%, while toxic-BERT, FBD, and MAUVE do not detect any tested rate.

These results provide preliminary evidence that the representation-centered approach can transfer
beyond coherence by changing the target property in the prompt.
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