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Abstract

Existing diversity metrics for language model outputs largely measure surface
variation, such as lexical overlap or embedding distance, and therefore often fail
to capture conceptual diversity: whether two responses to the same prompt differ
meaningfully in framing, reasoning, or semantic content. We propose a lightweight
pairwise discriminator that predicts whether two responses are conceptually dis-
tinct. To construct supervision, we generate multiple responses per prompt under
controlled stylistic modes and assign labels using bidirectional Natural Language
Inference (NLI), treating mutually entailing pairs as non-diverse and all others as
diverse. This labeling strategy targets semantic equivalence rather than geometric
similarity in embedding space. Our discriminator operates on frozen sentence
embeddings with simple pairwise feature interactions, including raw embeddings,
element-wise differences, Hadamard products, and length features. On a balanced
benchmark of 5,816 response pairs, the proposed model achieves an AUC of 0.843,
outperforming all baselines, including Self-ROUGE-L (0.812), Self-BLEU (0.804),
Embedding Distance (0.772), and Distinct-n metrics (0.703-0.788). Ablation stud-
ies show that element-wise embedding differences provide the strongest individual
signal, while the full feature set yields the best AUC. These results suggest that
conceptual diversity is better captured by a learned pairwise model than by fixed
lexical or geometric heuristics.
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2 Introduction

Large language models can often produce many plausible responses to a single open-ended prompt.
In practice, this multiplicity is only useful when the candidate answers are not just different on the
surface, but genuinely different in content, framing, or reasoning. A system that produces several
paraphrases of the same answer is far less useful than one that offers multiple valid perspectives
or solution strategies. This makes diversity evaluation important for applications such as candidate
reranking, response set construction, and the analysis of model uncertainty. Yet most automatic
diversity metrics in natural language generation were designed to capture surface variation. Metrics
such as Distinct-n [[1] and Self-BLEU [2]] are simple and widely used, but prior work has shown that
n-gram-based metrics track form diversity more reliably than content diversity [3| 14].

Measuring conceptual diversity is difficult because lexical variation and semantic variation do not
align cleanly. Two responses may use very different words while making essentially the same claims,
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or they may remain lexically similar while differing in argument structure, emphasis, or underlying
assumptions. Embedding-based metrics and contextual evaluation methods move closer to semantics
[5) 6], but they still mostly produce generic similarity signals rather than directly answering the
question we care about: given two responses to the same prompt, are they conceptually different?

In this paper, we cast conceptual diversity as a pairwise classification problem over responses to
the same prompt. Our key idea is to train a lightweight discriminator using synthetic supervision
rather than costly human annotation. We begin with open-ended instruction prompts from Stanford
Alpaca [7], generate multiple responses per prompt under controlled styles and random seeds,
and use bidirectional natural language inference to assign weak labels indicating whether two
responses mutually entail one another. This setup is inspired by the broader success of synthetic
data generation in instruction-following work [8] and by the use of NLI as a formal framework for
semantic equivalence and divergence [9, [10]].

Our contributions are threefold. First, we build a same-prompt response-pair benchmark targeted at
conceptual diversity rather than lexical novelty. Second, we introduce an NLI-based weak-labeling
pipeline for this task. Third, we show that a small pairwise discriminator over frozen sentence
embeddings outperforms lexical, overlap-based, and embedding-distance baselines, achieving 0.843
AUC, 0.753 Accuracy, and 0.773 F1 on the held-out test set.

3 Related Work

Automatic diversity evaluation in text generation has traditionally been dominated by surface-form
metrics. Distinct-n measures the proportion of unique n-grams in model outputs [1]], while Self-
BLEU evaluates diversity by measuring overlap among generations, with lower overlap indicating
greater diversity [2]]. Related signals can also be derived from BLEU and ROUGE [11}[12]. Although
these metrics are useful for detecting repetition, they operate mainly on wording rather than meaning.
Prior work shows that such metrics capture form-level variation better than genuine content diversity
[3]. More semantic approaches use sentence embeddings or contextual token matching, such as
Sentence-BERT, BERTScore, and Sem-Ent [3, 16| 4], but these are generally designed as similarity
scores or set-level diversity measures.

Our work instead focuses on a same-prompt pairwise decision problem: determining whether two
specific responses are conceptually different. To build supervision, we draw on synthetic data
generation and natural language inference. Self-Instruct and Stanford Alpaca show that language
models can produce useful instruction-following data at scale [8, [7], while NLI benchmarks such
as SNLI and MultiNLI formalize semantic relations between text pairs [9,[10]. We combine these
ideas by generating controlled response pairs and labeling them with bidirectional NLI. The result is
a lightweight learned metric tailored to conceptual diversity, rather than lexical variation or general
semantic similarity.

4 Approach

Our goal is to learn a metric for conceptual diversity between two responses to the same prompt.
Existing automatic diversity metrics primarily operate on surface form: they measure n-gram novelty,
lexical overlap, or geometric distance in embedding space. While useful, such metrics do not directly
capture whether two responses differ in their underlying framing, reasoning strategy, or semantic
content. We instead train a lightweight pairwise discriminator that predicts whether two responses
are conceptually different.

4.1 Data Generation

We construct a controlled response pool from open-ended prompts. We sample 2,000 prompts from
Stanford Alpaca after filtering out prompts where diversity is either ill-defined or unlikely to be
meaningful, such as factoid, yes/no, code-generation, and math questions. This filtering focuses the
dataset on prompts that admit multiple valid response strategies, tones, or lines of reasoning.

For each prompt, we generate responses using Qwen3-30B-A3B [13] served through vLLM [14],
with temperature 0.7, top-p 0.9, and a maximum generation length of 512 tokens. We prompt the
model under five generation modes intended to induce distinct but still high-quality answer styles:



formal-analytical, casual-conversational, critical-skeptical, creative-analogical, and step-by-step. For
each mode, we sample two responses with different random seeds. This yields 10 responses per
prompt and 20,000 responses in total.

This controlled generation procedure produces naturally varying pairs that share the same prompt
semantics while differing in tone, framing, and structure. At the same time, the use of multiple seeds
within the same mode provides a source of paraphrase-like or near-paraphrase examples, which are
valuable negatives for training a classifier that should distinguish conceptual diversity from mere
lexical variation.

4.2 Pair Construction

From the generated response pool, we construct candidate response pairs in two categories.

First, we form cross-mode pairs, consisting of responses to the same prompt generated under different
modes. To reduce combinatorial explosion and keep pair construction consistent, we use the first
seed for each mode when constructing these pairs. For a prompt with K = 5 modes, this yields up to

(g) = 10 cross-mode pairs, or 10 P candidate pairs over P prompts.

Second, we form same-mode pairs, consisting of two responses generated under the same mode but
with different random seeds. These pairs are often paraphrastic or only weakly divergent, and they
serve as a useful source of non-diverse examples. Since there are five modes, this yields up to 5P
same-mode candidate pairs.

This design provides two qualitatively different sources of supervision. Cross-mode pairs tend
to contain meaningful differences in framing or reasoning, while same-mode pairs provide harder
negatives that prevent the classifier from simply using topic mismatch or prompt identity as a shortcut.

4.3 NLI-Based Label Assignment

A central design choice in our label construction pipeline is the use of a Natural Language Inference
model rather than embedding similarity thresholds. Our objective is to measure whether two responses
are conceptually different, so the labeling procedure should reflect semantic equivalence rather than
geometric proximity in a sentence-embedding space.

To assign labels, we use bidirectional textual entailment with the pretrained model
cross-encoder/nli-deberta-v3-large [15]. For each candidate pair (y,,ys), We truncate
each response to its first 200 tokens. This truncation is motivated by the observation that high-level
framing usually appears early in the response, and it ensures that the pair fits within the NLI model’s
context window.

‘We then run the NLI model in both directions:

NLI(yaayb)v NLI(yb7ya)7 (1)

where each inference predicts one of entailment, neutral, or contradiction.

We assign the binary diversity label as follows:

0 if both directions predict entailment @)

1 otherwise.

L(Ya, yp) = {

If both responses mutually entail one another, they express the same claims and are treated as non-
diverse. If either direction is neutral or contradictory, then the two responses differ in at least part of
their semantic content or framing and are treated as diverse.

To reduce label noise, we apply confidence filtering. If the maximum softmax probability is below
0.7 in either NLI direction, we drop the pair from the dataset. This removes ambiguous cases where
the entailment model is uncertain.

After labeling, we retain both positive and negative examples from both pair categories. The resulting
dataset includes cross-mode pairs labeled diverse, cross-mode hard negatives labeled non-diverse
because they converge to the same content despite stylistic differences, same-mode paraphrase
negatives, and same-mode diverse pairs where seed variation leads to genuinely different arguments.



We then balance the dataset and split by prompt to avoid leakage. The final dataset contains 4,064
training pairs, 890 validation pairs, and 862 test pairs.

4.4 Pairwise Discriminator

Given two responses ¥y, and y;, we first encode each response using a frozen sentence encoder,
all-mpnet-base-v2 [16], producing embeddings

u=-e(y), v=e(y), uveR® A3

We then construct a feature vector

z=[ullv|fu=v[[u©v][dya yb)], @

where || denotes concatenation, |u — v| is the element-wise absolute difference, u ® v is the element-
wise Hadamard product, and ¢(y,, y») is a small set of scalar length features. Specifically, ¢ includes
the token length of each response and the absolute difference in their lengths. This yields a final input
dimension of 3075.

This representation combines several complementary signals. The raw embeddings u and v preserve
information about each response individually. The absolute difference emphasizes divergence between
responses, while the Hadamard product captures agreement patterns. The length features allow the
model to account for stylistic differences such as verbosity, which may correlate weakly with response
mode.

The discriminator is a multilayer perceptron:
MLP(3075 — 512 — 128 — 1), (5)

with ReL.U activations, dropout 0.2 after each hidden layer, and a sigmoid output.

4.5 Training

We train the discriminator as a binary classifier using binary cross-entropy loss:
Lece = —[ylogp + (1 - y) log(1 — p)], O
where y € {0, 1} is the ground-truth label and p is the predicted probability.

We optimize with AdamW using learning rate 1 x 1073, weight decay 10~%, and batch size 256.
We train for up to 20 epochs with early stopping (patience 3) based on validation AUC and use
ReduceLROnPlateau with factor 0.5 and patience 2.

5 Experiments

5.1 Data

Our evaluation dataset is constructed using the controlled response-generation pipeline described in
Section[4.T] the pair-construction procedure in Section 4.2} and the NLI-based labeling method in
Section 4.3 Starting from 2,000 filtered open-ended prompts from Stanford Alpaca, we generate
20,000 total responses and form same-prompt response pairs for conceptual-diversity classification.
Given P = 2,000 prompts, this construction yields up to 10 cross-mode pairs and 5P same-mode
pairs, for a total of 30,000 candidate pairs before NLI filtering and class balancing.

After confidence filtering and class balancing, the final dataset contains 5,816 labeled pairs (2,908
diverse, 2,908 non-diverse). We split the dataset by prompt into train, validation, and test partitions in
a 70/15/15 ratio, yielding 4,064 training pairs, 890 validation pairs, and 862 test pairs. Splitting by
prompt rather than by pair prevents leakage from the same response pool into multiple splits.

The resulting dataset contains both relatively easy and difficult examples. Easy positives are typically
cross-mode pairs with clearly different semantic framing, while easy negatives are paraphrastic
same-mode pairs. More challenging cases include cross-mode hard negatives, where stylistically
different responses are still logically equivalent, and same-mode diverse pairs, where two responses
generated under the same mode nevertheless diverge conceptually.



5.2 [Evaluation method

We formulate conceptual diversity prediction as a binary classification task over pairs of responses to
the same prompt. For each method, we compute a scalar diversity score for every response pair and
evaluate performance in both threshold-free and thresholded settings.

Our primary metric is AUC, which measures ranking quality independent of any classification
threshold. We emphasize AUC because conceptual diversity is naturally graded rather than strictly
binary, and ranking quality is especially relevant for downstream applications such as reranking
candidate responses.

We also report Accuracy and F1 after converting each scalar score into a binary prediction. For
every baseline and for our discriminator, we select the decision threshold on the validation set by
maximizing Youden’s J statistic (sensitivity + specificity —1), then apply that threshold to the
held-out test set.

We compare our model against six baselines spanning lexical, overlap-based, and embedding-based
diversity signals. Distinct-1, Distinct-2, and Distinct-3 measure the proportion of unique n-grams
in the concatenated response pair. Self-BLEU measures symmetrized BLEU overlap between the
two responses, where lower overlap indicates greater diversity. Self-ROUGE-L measures ROUGE-L
overlap in the same way. Embedding Distance (EmbDist) is defined as

1 — cos(u,v), (7

where u and v are frozen sentence embeddings of the two responses. Higher values indicate greater
separation in embedding space.

Beyond topline evaluation, we also perform stratified analysis by pair type, stratified analysis by
cosine-similarity range, correlation analysis with baseline metrics, a length-confound analysis, and
feature ablations.

5.3 Experimental Details

The discriminator is implemented in PyTorch and trained using the setup described in Section 4.5}
We use all-mpnet-base-v2 as the sentence embedding model and optimize the classifier with
AdamW. Full training hyperparameters are provided in Appendix [B.5]

The classification threshold used for accuracy and F1 is selected on the validation set by maximizing
Youden’s J statistic. Final evaluation reports AUC, accuracy, and F1 on the held-out test set.

5.4 Results

Table [T reports the main test-set results.

Method AUC Accuracy FI1

Distinct-1 0.703 0.591 0.706
Distinct-2 0.777 0.688 0.752
Distinct-3 0.788 0.712 0.761
Self-BLEU 0.804 0.733 0.760
Self-ROUGE-L 0.812 0.745 0.772
EmbDist 0.772 0.707 0.745

Discriminator (ours) 0.843 0.753 0.773
Table 1: Main results on the NLI-labeled test set. Our discriminator achieves the best AUC, accuracy,
and F1 among all methods.

The learned discriminator achieves the strongest overall performance, with an AUC of 0.843 (Figure|l).
This exceeds the best baseline, Self-ROUGE-L, by 3.1 points and EmbDist by 7.1 points. The
discriminator also achieves the highest Accuracy and F1, indicating that it is not only a better ranker
but also competitive as a thresholded classifier.

A notable finding is that EmbDist is not the strongest baseline under our evaluation setup. Its AUC
of 0.772 falls below both Self-BLEU and Self-ROUGE-L, suggesting that cosine distance alone is
not sufficient to capture conceptual differences between responses. In particular, two responses may
remain close in embedding space while differing in framing, reasoning style, or semantic emphasis.
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Figure 1: ROC curves for the discriminator and selected baselines on the test set. The discriminator
(AUC =0.843) consistently dominates all baselines across operating points.

The Distinct-n baselines perform worst overall, reinforcing the intuition that lexical novelty is a weak
proxy for conceptual novelty. Overlap-based metrics such as Self-BLEU and Self-ROUGE-L are
more competitive, likely because they better capture redundancy between paired responses, but they
still fall short of the learned discriminator.

We next investigate which parts of the discriminator’s feature representation are responsible for these
gains through an ablation study.

5.5 Ablation study

To understand which components of the pairwise feature representation drive performance, we train
several ablated versions of the discriminator while keeping the overall training setup fixed. In each
case, we use the same optimization procedure described in Section .5] scaling the input layer to
match the feature dimension of the ablated representation.

Table 2] reports the results. The full model achieves the best overall AUC at 0.843. Removing the
length features causes only a small drop to 0.834, indicating that response length carries a modest but
non-dominant signal. Using only the raw embeddings and their absolute difference remains strong
at 0.831, while the variant with raw embeddings and Hadamard-product features performs notably
worse at 0.791.

Condition Dim AUC Accuracy Fl1

Full 3075 0.843  0.753 0.773
No length 3072 0.834  0.754  0.771
With diff 2304 0.831 0.759  0.766
With hadamard 2304 0.791 0.718 0.706
Diff only 768  0.793 0.719  0.720

Hadamard only 768 0.783  0.689  0.639
Embeddings only 1536 0.784 0.722 0.730
Table 2: Ablation results for the discriminator feature representation.

The ablation results show that the element-wise absolute difference |u — v| is the most informative
individual feature family. Adding |u — v| to the raw embeddings improves AUC from 0.784 to 0.831,
a gain of 4.7 points, whereas adding the Hadamard product u ® v improves AUC only from 0.784 to
0.791. This suggests that explicit divergence information is substantially more useful than agreement
information for conceptual-diversity prediction.

The diff only model is also informative. Since it uses only |« — v/, it can be viewed as a nonlinear
analog of embedding-distance-based scoring. Its AUC of 0.793 already exceeds the EmbDist baseline



(0.772), indicating that a learned nonlinear decision rule over embedding differences is more effective
than cosine distance alone.

At the same time, the full model still outperforms the diff-only variant by 5.0 AUC points. This
gap shows that the best performance comes from combining multiple pairwise signals rather than
relying on any single feature family. Raw embeddings preserve information about each response
individually, the Hadamard product contributes complementary agreement structure, and the length
features provide a small but measurable gain. Together, these results support the view that conceptual
diversity is captured by feature interactions that fixed heuristic metrics cannot express.

6 Analysis

We further analyze what the discriminator captures beyond existing metrics and where its gains
appear most clearly.

Across pair types, the model assigns the highest scores to clearly diverse cross-mode pairs and
the lowest scores to paraphrase negatives, with harder cases such as same-mode diverse pairs and
cross-mode hard negatives occupying the middle range (Table [3). This suggests that the model is
not simply responding to stylistic differences, but is learning a more nuanced notion of conceptual
divergence. Figure[2] visualizes the overall score distributions by true label.

Pair Type Count Mean Disc Score
Cross-mode diverse 321 0.620
Same-mode diverse 113 0.523
Paraphrase negative 276 0.373
Hard negative 152 0.447

Table 3: Mean discriminator scores by pair type on the test set.

Discriminator Score Distribution by True Label
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Figure 2: Distribution of discriminator scores by true label on the test set. Diverse pairs (label =1)
cluster toward higher scores while non-diverse pairs cluster toward lower values, with moderate
separation around the decision threshold.

We also stratify performance by cosine-similarity range and compare against EmbDist within each
bucket. The results are shown in Table Al

Similarity Range Count Disc AUC EmbDist AUC
Low sim (< 0.747) 216 0.758 0.729
Mid sim [0.747,0.941) 430 0.780 0.601
High sim [0.941, 1.0) 216 0.817 0.537

Table 4: Discriminator vs. EmbDist AUC by cosine-similarity range. In the high-similarity bucket,
EmbDist values are confined to a ~0.06-wide interval and approach chance-level discrimination.

Within the high-similarity bucket, all EmbDist values lie in (0, 0.059], leaving almost no variance
with which to rank pairs. The discriminator, by contrast, achieves its best AUC (0.817) precisely in



this regime, confirming that it captures framing and reasoning differences that geometric distance
cannot detect.

Correlation analysis shows that the discriminator is moderately correlated with existing baselines,
especially EmbDist and Self-ROUGE-L, but is far from redundant with any single metric (see
Appendix [B.3). The strongest correlations are with EmbDist (p = 0.693) and negated Self-ROUGE-
L (p = 0.690), while correlations with lexical metrics such as Distinct-1 are substantially lower
(p = 0.469).

Finally, length-controlled evaluation suggests that response length is not the primary driver of
performance. Although discriminator scores are weakly correlated with absolute length difference
(p = 0.267, p < 1079), performance on a length-controlled subset of 257 pairs remains strong,
achieving AUC 0.850 (see Appendix [B.4).

To illustrate where the discriminator succeeds and embedding distance fails, consider a representative
disagreement from the test set. Given the prompt “Describe the benefits of exercising regularly,
one response (formal-analytical mode) presents standard physiological benefits, cardiovascular
health, endorphin release, cognitive improvement, while the other challenges the premise, arguing
that benefits depend heavily on exercise type, intensity, and individual context. These responses
share enough topical vocabulary to remain close in embedding space (EmbDist = 0.031), yet they
differ fundamentally in framing: one endorses conventional wisdom, the other interrogates it. The
discriminator assigns a score of 0.72, correctly identifying diversity, while embedding distance places
the pair well below its decision threshold. In contrast, two casual-mode responses to the same prompt
that use very different language but make identical claims receive a low discriminator score (0.29)
despite a moderate embedding distance (EmbDist = 0.14). These cases show that the discriminator
learns to distinguish conceptual content from surface variation in both directions.

>

These results suggest that the model captures many framing-level differences that heuristic metrics
miss, though it still struggles with some discourse-level mismatches such as direct-answer versus
meta-explanation pairs.

7 Conclusion

This paper presented a lightweight method for measuring conceptual diversity between two responses
to the same prompt. By pairing controlled generation with bidirectional NLI labeling, we convert
an otherwise subjective evaluation problem into a scalable supervised learning task. The resulting
discriminator outperforms lexical, overlap-based, and embedding-distance baselines on this NLI-
derived benchmark, indicating that conceptual diversity can be captured more effectively by a learned
pairwise model than by surface-form heuristics alone.

At the same time, the study has clear limitations. Our labels are derived from an NLI model rather
than direct human annotation, so the benchmark inherits some model bias and label noise. In addition,
our data is restricted to English and open-ended prompts. Future work should validate the benchmark
against human judgments, extend the setting to multilingual and multi-turn responses. Another
promising direction is to move beyond binary classification toward a calibrated diversity score that
jointly captures quality and conceptual distinctness.
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A Appendix

B Extended Analysis

B.1 Analysis by Pair Type

See Table[3]in the main text.

B.2 Analysis by Cosine-Similarity Range

Similarity Range Count Disc AUC  EmbDist AUC
Low sim (< 0.747) 216 0.758 0.729
Mid sim [0.747,0.941) 430 0.780 0.601
High sim [0.941,1.0) 216 0.817 0.537

Table 5: Discriminator vs. EmbDist performance across cosine-similarity ranges. See also Table [d]in
the main text.
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B.3 Correlation with Baseline Metrics

Metric Spearman p
Distinct-1 0.469
Distinct-2 0.653
Self-BLEU (negated) 0.660
Self-ROUGE-L (negated) 0.690
EmbDist 0.693

Table 6: Correlation between discriminator scores and baseline metrics.

B.4 Length Confound Analysis

Metric Value
Disc score vs. length diff (Spearman p) 0.267
Disc score vs. length diff (p-value) <107¢
Length-controlled subset size 257
Length-controlled AUC 0.850

Table 7: Length confound analysis.

B.5 Training Configuration

Embedding model  all-mpnet-base-v2

Optimizer AdamW

Learning rate 1x1078

Weight decay 1x1074

Batch size 256

Max epochs 20

Early stopping Validation AUC (patience 3)

LR scheduler ReduceLROnPlateau (factor 0.5, patience 2)

Table 8: Training configuration for the discriminator.
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