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Abstract

Evaluating natural language generation sys-
tems is challenging due to the diversity of valid
outputs. While human evaluation is the gold
standard, it suffers from inconsistencies, lack
of standardization, and demographic biases,
limiting reproducibility. LLM-based evalua-
tors offer a scalable alternative but are highly
sensitive to prompt design, where small vari-
ations can lead to significant discrepancies. In
this work, we propose an inversion learning
method that learns effective reverse mappings
from model outputs back to their input in-
structions, enabling the automatic generation
of highly effective, model-specific evaluation
prompts. Our method requires only a single
evaluation sample and eliminates the need
for time-consuming manual prompt engineer-
ing, thereby improving both efficiency and
robustness. Our work contributes toward a
new direction for more robust and efficient
LLM-based evaluation.

1 Introduction

Evaluating natural language generation (NLG)
systems is notoriously difficult due to the diver-
sity of valid outputs for a single input (Zhao
etal., 2023, 2024). As a result, human assess-
ment remains the most trusted evaluation method.
However, despite its importance, the quality of
human evaluation is often questioned due to the
lack of standardization, inconsistencies in eval-
uation executions, and evaluator demographic
biases (Howcroft et al., 2020; Belz et al., 2024;
Elangovan et al., 2024). Howcroft et al. (2020)
highlight that even after two decades of research,
the field still lacks clear definitions and guidelines
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for key evaluation criteria, making comparisons
across studies difficult.

The advent of large language models (LLMs)
has introduced a paradigm shift in evaluation,
positioning them as surrogate human evaluators.
For instance, LLM-based evaluators can process
structured prompts to assess multiple aspects
of text quality based on explicit criteria (e.g.,
G-Eval [Liu et al., 2023]) or perform compara-
tive judgments between multiple outputs without
predefined rubrics (e.g., LLM-as-a-Judge [Zheng
et al., 2023]). Their scalability, ability to fol-
low explicit evaluation criteria, and capacity to
provide delicate human-like judgments across di-
verse tasks (text generation, reasoning, etc.) make
them a compelling alternative to both human eval-
uation and existing automatic metrics such as
BERTScore (Zhang et al., 2020) and BARTScore
(Yuan et al., 2021), which rely on determinis-
tic similarity measures or generation likelihood
estimates (Li et al., 2024).

However, LLM-based evaluation also presents
inherent challenges, most notably high sensitiv-
ity to prompts, which, in current practice, are
predominantly hand-crafted. Extensive literature
highlights how prompt design and variations can
significantly impact output quality—even small
changes in wording can lead to substantial dif-
ferences in evaluation results (Aher et al., 2023;
Huijzer and Hill, 2023; Errica et al., 2024; Cao
et al., 2024; Sclar et al., 2024). For instance, sub-
tle variations in few-shot prompt templates have
caused performance discrepancies of up to 76 ac-
curacy points on tasks from the Super-Natural
Instruction dataset (Polo et al., 2024). To miti-
gate this issue, Polo et al. (2024) propose estimat-
ing the performance distribution across multiple
prompt variants, rather than relying on a single
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prompt for evaluation. Qian et al. (2024) bench-
mark prompts with different components on
Machine Translation tasks to figure out which
components are crucial for prompt templates.
More recently, Wen et al. (2025) propose a heu-
ristic search algorithm (HPSS) to navigate a vast
combinatorial space of prompt factors. However,
such search-based methods are inherently data-
hungry and computationally intensive, requir-
ing a large validation dataset to guide prompt
optimization.

To the best of our knowledge, our work presents
the first attempt to study the problem of learning
high-quality, model-specific evaluation prompts.
It has been observed that the effectiveness of
evaluation guidelines varies among human eval-
uators (Loakman et al., 2023). In a similar vein,
we argue that LLMs from different families (e.g.,
Qwen [Qwen Team, 2024], LLaMA [Grattafiori
et al., 2024]) possess unique characteristics due
to their distinct training and alignment techniques
(Mufioz-Ortiz et al., 2024; Sun et al., 2025; Lee
et al., 2025). It is therefore reasonable to assume
they exhibit different interpretive biases, meaning
a prompt that is effective for one model may be
suboptimal for another.

We tackle this challenge through inversion
learning, where the core idea is to learn the
inverse mapping from evaluation outcomes and
inputs back to effective prompts for a given LLM.
Our work is fundamentally different from prior
studies in two key ways: (i) it is the first to explore
the automatic generation of evaluation prompts
via inversion learning; (ii) it requires only a single
evaluation sample to generate a highly effec-
tive, model-specific prompt. Specifically, when
an LLM acts as an evaluator, we assume that
there exists a mapping f,(-) that maps X (texts
to be evaluated) to evaluation outcome .S, where
S approximates the human evaluation distribution
G. We train an inverse model f to effectively
learn the inverse of f, enabling it to generate
a model-specific prompt p given the content to
be evaluated X and a target evaluation outcome
g € G (e.g., a human-annotated score).

We conducted comprehensive experiments to
evaluate the effectiveness of our inverse prompt
approach across three key generation tasks—
summarization, machine translation, and conver-
sational response generation—using four public
datasets and two model families, Qwen (Qwen
Team, 2024) and LLaMA (Grattafiori et al.,
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2024), ranging from 3B to 14B parameters. Com-
parisons against popular human-crafted prompts
for these tasks, prompts generated by the origi-
nal instruction-tuned LLMs, and prompts refined
by prompt optimization methods demonstrate the
superior performance of the evaluation prompts
produced by our inverse model.

To summarize, the contribution of our work is
three-fold:

e We introduce a one-shot generative paradigm
for prompt engineering, making a fundamen-
tal shift from the dominant manual or data-
intensive, search-based approaches.

e We propose anovel inversion learning frame-
work capable of generating model-specific
evaluation prompts from a single evaluation
sample, eliminating the need for manual or
iterative prompt engineering.

e We conduct comprehensive experiments
across three NLG evaluation tasks, demon-
strating that inversely generated prompts
are highly effective, consistently outperform-
ing both human-crafted prompts and strong
baselines.

Our findings highlight the limitations of rely-
ing on manually crafted prompts and underscore
the potential of model inversion as a more effi-
cient and scalable approach for high-quality evalu-
ation prompt generation, paving the way for more
effective and systematic LLM-based evaluation.

2 Related Work

Our work is positioned at the intersection of
automatic prompt engineering for LLM-based
evaluation and the field of language model inver-
sion. We will discuss each in turn, clarifying how
our approach presents a novel contribution.

2.1 Automatic Prompt Engineering for
LLM-based Evaluation

The use of LLMs as evaluators, exemplified
by frameworks like G-Eval (Liu et al., 2023),
has become a scalable alternative to traditional
metrics. However, the field has widely acknowl-
edged that the reliability of these evaluators is
critically undermined by their sensitivity to the
prompts used (Sclar et al., 2024; Aher et al.,
2023) and by self-preference that can affect eval-
uation results (Liu et al., 2024). This challenge



has catalyzed the field of Automatic Prompt Op-
timization (APO), which treats prompt design as
a search or optimization problem (Ramnath et al.,
2025). Gradient-based optimization methods treat
prompts as continuous vectors and use gradient
descent to optimise them, but these typically re-
quire impractical white-box access to the model’s
internals (Shin et al., 2020; Pryzant et al., 2023).
The dominant paradigm in black-box settings is
iterative search and inverse-prompting, where an
LLM itself acts as an optimiser to iteratively re-
fine candidate prompts based on performance on
a validation set (Yang et al., 2023; Sun et al,,
2023). When applied specifically to NLG evalua-
tion, HPSS (Wen et al., 2025) represents the state-
of-the-art in this category, employing a heuristic
search to find the optimal configuration of prompt
components by testing them against a large vali-
dation set.

Our work is fundamentally distinct from the
existing paradigm for prompt optimization, where
most of the methods are search-based. They start
with initial prompts and iteratively refine or select
them based on performance on a validation set.
Our approach is generative. We do not search over
the prompt space; rather, we train an inverse model
that directly generates a high-quality prompt from
a single evaluation sample. The iterative nature
of search-based methods makes them inherently
data-hungry. HPSS, for instance, requires a large
validation set (e.g., using up to 50% of test data) to
guide its search. Our inversion learning approach
is exceptionally efficient in its application phase,
requiring only a single annotated sample to gen-
erate the prompt, thereby eliminating the need for
a large validation set for prompt tuning.

2.2 Language Model Inversion

Language model inversion reconstructs inputs or
instructions from a model’s outputs or internal
representations. Early work revealed uninten-
tional memorization of training data (Song and
Raghunathan, 2020; Carlini et al., 2021), enabling
auditing of sensitive information. Subsequent
studies showed inversion via next-token distri-
butions (Morris et al., 2023b) or black-box output
reconstruction (Zhang et al., 2024), indicating that
LLMs inherently encode retrievable input traces.

Existing methods typically fall into two cate-
gories: output-based inversion infers prior con-
text from next-token probabilities (Morris et al.,
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2023b) or reconstructs prompts from responses
(Zhang et al., 2024), but often relies on determin-
istic decoding and struggles with stochastic sam-
pling strategies such as temperature or nucleus
sampling (Holtzman et al., 2020). Embedding-
based inversion recovers text from vector em-
beddings via encoder conditioning (Morris et al.,
2023a) or exploits self-attention gradient struc-
ture (DAGER) to reconstruct whole batches ex-
actly (Petrov et al., 2024), yet typically requires
access to model internals. To address these gaps,
we propose an inversion learning approach for
the automatic generation of effective evaluation
prompts using a single evaluation sample, offer-
ing a more robust, efficient, and adaptable frame-
work for diverse evaluation tasks.

3 Methodology

We propose an inversion learning method that
learns an effective reverse mapping from model
outputs back to their input instructions, enabling
the automatic generation of highly effective,
model-specific evaluation prompts. Our approach
does not require any task-specific evaluation data
for training and is highly efficient, as it gen-
erates an evaluation prompt from a single data
sample comprising the evaluation content and
its corresponding human evaluation result. The
overall framework includes two stages: inversion
modeling and inversion prompting, as shown in
Figure 1. For completeness, Table 1 summarizes
the notation and terminology used throughout
this section.

3.1 Inversion Modelling

There are two primary settings for training an
inverse model: Black-Box and White-Box Inver-
sion. The black-box setting refers to the scenarios
where we do not have access to a model’s su-
pervised fine-tuning (SFT) or instruction-tuning
data and training process, which is typically the
case for most of the existing LLMs. Therefore,
in this setting, we approximate the inverse behav-
ior of publicly available instruction-tuned models
without access to their original SFT data. In con-
trast, the white-box setting assumes full access
to both the SFT dataset and the model training
pipeline, allowing the inverse model to be trained
from scratch using a base pre-trained LLLM and a
known, controllable data source.
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Figure 1: Illustration of the inverse prompt generation process. The bold text in ‘‘Prompt Template’’ indicates
substituting the specific example with a generic placeholder.

Notation Description

D Instruction tuning dataset used for supervised fine-tuning (SFT)

T Input prompt in the instruction-tuning dataset

Y Response output paired with instruction prompt x

M The original pre-trained model without instruction fine-tuning

Minstruct The instruction-tuned model (aka. the forward model) obtained by fine-tuning the base
model M

Minverse Inverse model obtained by fine-tuning the base model M on the inverse training dataset Dy,

p(*) Prompt template with a placeholder

p(c) Fully instantiated evaluation prompt by substituting the placeholder in the prompt template

p(+) with content ¢

Table 1: Summary of notation and terminology used in the methodology section.

We primarily focus on black-box inversion, as
this setting better reflects realistic deployment sce-
narios in which models are accessible but not fully
transparent (e.g., models with released weights but
without access to their training data or full training
details). Moreover, off-the-shelf instruction-tuned
LLMs typically undergo extensive fine-tuning
using carefully curated SFT datasets and rein-
forcement learning, making them more likely
to exhibit strong baseline evaluation capabilities
(Zhao et al., 2025). Nevertheless, we also conduct
extensive experiments in the white-box setting
to enable controlled comparisons and systemati-
cally examine the characteristics of both inver-
sion approaches.

3.1.1 Black-Box Setting

When training an inverse model in the black-box
setting, it is undesirable to simply repurpose an
existing instruction-tuning dataset by swapping
input and output pairs. This is because the original
responses ¥ in a predefined SFT dataset may not
reflect the output characteristics or distribution of
the target instruction-tuned model Mysquce. In-

stead, we argue that it is essential to use outputs
generated directly by Mg, 2 this ensures
the inverse model is trained on data that more
accurately captures the behavioral patterns of the
target model Mygryee. Such alignment is crucial
for learning effective, model-specific evaluation
prompts. To this end, we first perform inversion
dataset distillation, where model-specific re-
sponses gy are generated by performing inference
with Mpgucet On prompts = from the SFT dataset.

Inversion Dataset Distillation. Given a SFT
dataset Dspr = {(z,y)}, where x represents the
input prompts and y the original target responses,
we perform inference using an off-the-shelf
instruction-tuned model Mpgruce as follows:
g = MInstruct(SU) (1)

Here y denotes the model-specific output gener-
ated in response to prompt x. We then construct the
inversion training dataset Dy,, = {(¢,z)}. This

inverse dataset serves as the foundation for train-
ing the inverse model, which is designed to learn
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the reverse mapping from model specific outputs
back to their corresponding input prompts.

Inversion-Based Fine-Tuning. Based on the
inverse dataset Dy,y, we inverse fine-tune a base
pre-trained language model M (e.g., Qwen-—
2.5), which shares the same architecture as
the instruction-tuned model Mg (e.2.,
QOwen-2.5-Instruct) but has not under-
gone instruction tuning. Specifically, we treat the
model-generated response ¢ as the input and the
original prompt = as the target output, and fine-
tune the base model M using a standard super-
vised fine-tuning procedure.

é = argernin E(ngx)"’plnv |:£ (M (g7 6)7 SU):| (2)

This inversion-based fine-tuning process aims
to effectively learn to reconstruct the original
instruction z from the corresponding model-
generated output y. By capturing the latent corre-
spondence between outputs and their originating
instructions, the inverse model internalizes the
implicit structure of task-specific instructions,
thereby enabling the generation of prompts that
are more precisely aligned with the behavioral
characteristics of the target LLM.

3.1.2 White-Box Setting

In contrast to the black-box setting, the white-box
setting assumes full control over both the forward
and inverse fine-tuning processes. This allows us
to fine-tune not only the forward instruction-tuned
model but also the inverse model based on the
same SFT dataset.

Formally, we begin by training the standard
forward instruction-tuned model via supervised
fine-tuning of a base pre-trained LLM on a data-
set Dgpr = {($7 y)}

Otnstruct = argemin E(z,y) ~ Dspr |:'C (M (l‘; 0), y):|
3)

where Opgruee Tepresents the model parameters
after instruction tuning. The resulting instruction-
tuned model is given as:

Mlnstruct(') = M(, elnstruct) (4)

To train the inverse model, we construct the
inversion dataset Dy,y = {(y, )} by simply swap-
ping the input-output pairs in Dgsgr, such that
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Based on the detailed evaluation guideline and format require-
ment you provided, I'm now evaluating consistency of the
following summary to the article with a score between 0 and 1:
“‘json

{
"article":"A woman ...",
"summary":"The mother ...",
""consistency_score'': 0.66666

}

Figure 2: Example of a meta-prompt for the inverse
model.

the original outputs become inputs and vice versa.
The inverse model is subsequently trained us-
ing the same SFT procedure as in the Black-Box
setting:

L(M(y;0),)] )

0 = arg min E(%m) ~ Dy
0

Finally, the inverse model can be derived as:

MInverse(') = M(7 0) (6)

3.2 Inversion Prompting

Upon training, the inverse model is expected to
have learned an effective reverse mapping from
model-specific outputs back to their correspond-
ing input instructions, ultimately enabling the gen-
eration of effective evaluation prompts tailored to
the target instruction-tuned LLM.

To generate evaluation prompts, we feed
the inverse model a meta-prompt input I;
(BT, ct,14), which consists of three components:
the evaluation content ¢;, the corresponding hu-
man evaluation result ;, and a response elicitation
instruction Er. We adopt a one-shot strategy,
where a single data pair (c;,7) is randomly
sampled from a downstream evaluation task
T = {(¢,r)}, with ¢ denoting the content to
be evaluated (e.g., a translation and its source
sentence) and r the associated human judgment.
The response elicitation instruction is designed to
guide the model to generate prompts that are both
well-structured and aligned with the evaluation
aspects reflected in the result (e.g., consistency).
It also encourages the model to output structured
evaluative instructions rather than free-form ex-
planations or responses. Figure 2 illustrates such
an input example, where the evaluation content
is shown in italics, the result in bold, and the
response elicitation instruction F7 in blue.



The inverse prompt generation process is for-

mally defined as:

p(Ct) = Minverse (It) @)
The objective is to produce an evaluation prompt
p(ce) such that, when used by the evaluator
Minstruet, it yields an evaluation outcome that
closely approximates the human-provided evalu-
ation result r;.

The inversion-generated prompt p(c;) typically
includes c¢;, the original content to be evaluated,
as illustrated in Figure 1. This is expected, as
the generated evaluation prompt is designed to
assess a specific input text. To construct a gen-
eralisable evaluation prompt template p(-), we
automatically replace the content in p(c;) that
is specific to the one-shot example with format
placeholders. Once the general evaluation prompt
template is obtained, it can be used to evalu-
ate any input from the same downstream task
by infilling the template with the target evalua-
tion content and passing it to the corresponding
forward instruction-tuned model. Note that it is
essential to use the corresponding forward model
as the evaluator, rather than the inverse model,
since the inversion training process optimises the
model for generating evaluation prompts rather
than for performing the actual evaluation. Given
template p(-), the predicted evaluation outcome 7;
for any ¢; are computed as:

i = Minstruct (p(cz)) 3

The transformation from an instance-specific
prompt to general template is visually highlighted
in bold in Figure 1. Examples of the one-shot
input format and the corresponding inverse model
outputs for various datasets are provided in
Appendix B.

4 Experimental Setup

Data. In our experiments, we select Infinity-
Instruct (Li et al., 2025), a large-scale instruction-
following dataset, as the SFT dataset. Our
considerations for selecting this dataset are two-
fold: (i) Quality: When fine-tuning widely adopted
base models on Infinity-Instruct, they achieve
state-of-the-art results without requiring reinforce-
ment learning from human feedback (RLHF) (Xie
et al., 2025). This underscores the dataset’s ex-

694

ceptional quality compared to alternatives. (ii)
Diversity: The dataset spans over 20 diverse
domains, enabling the inverse model to learn a
generalized inverse mapping and support robust
performance even on tasks not explicitly present
in the training data.

Due to resource constraints, we select the 0625
subset of Infinity-Instruct, which contains approx-
imately 660k samples. In the white-box setting,
both the forward instruction-tuned model and the
inverse model are trained using this subset. In the
black-box setting, we first construct the inverse
training dataset by distilling from the correspond-
ing instruction-tuned LLM using only the inputs
from Infinity-Instruct. We then pair the output
with the corresponding input to form the inverse
training set, where the input-output pairs are re-
versed (see §3.1.1). This inverse dataset is subse-
quently used to train the inverse model from the
base version of the same LLM.

Evaluation Protocol. We conduct experiments
on three prominent text generation tasks: summa-
rization, conversational response generation, and
machine translation. Following standard practice
(Zhong et al., 2022; Gao et al., 2025), we as-
sess the performance of LLM-based evaluators by
calculating Spearman (p) and Pearson (r) corre-
lations between the evaluator’s predicted scores
and the ground truth scores annotated by humans.
Following G-EVAL (Liu et al., 2023), we se-
lect SummEval (Fabbri et al., 2021), Question
Answering and Generation for Summarization
(QAGS, Wang et al., 2020), and Topical-Chat
(Gopalakrishnan et al., 2019) as benchmarks for
summarization and response generation. QAGS
consists of two subtasks: QAGS-CNN and
QAGS-XSUM, with the latter containing more
abstract summaries. For machine translation, we
use the English-to-German corpus constructed by
Qian et al. (2024), sourced from WMT-22 (Freitag
et al., 2022).

Baselines. We compare the effectiveness of
prompts generated by our inverse models against
three baselines: (i) popular human-crafted prompts
for each task, (ii) prompts generated directly
by the corresponding forward instruction-tuned
LLMs, and (iii) prompts produced by prompt
optimization techniques. For summarization and
chat response generation, we use human-crafted
prompts from Five-stars (Wang et al., 2023) and



Evaluator SummEval QAGS-C QAGS-X Topical-Chat ~ WMT-22 Average
Evaluation Prompt P r p T P T P T p r p T
BERTScore 0.290 0.317 0.505 0.576 0.008 0.024 0.273 0.262 0.277 0.328 0.271 0.301
BARTScore 0.385 0414 0.680 0.735 0.159 0.184 0.119 0.138 0.202 0.128 0.309 0.320
HPSS (Qwen-2.5-7B-Instruct)

10-shot 0373 0402 0.514 0.496 0.164 0.048 0465 0232 0.161 0.040 0.335 0.296
30-shot 0.403 0423 0.530 0.522 0.354 0382 0478 0.420 0.198 0.242 0.392 0.398
50-shot 0.406 0.444 0.563 0.608 0.360 0.332 0483 0.474 0.252 0.218 0.413 0.415
100-shot 0.429 0450 0.582 0.577 0461 0442 0.503 0500 0.240 0.259 0.443 0.445
LLaMA-3.1-8B-Instruct BlackBox Setting

Human-Crafted Prompt 0.375 0433 0.558 0.590 0.376 0.350 0.385 0.372 0.259 0.292 0.391 0.407
Forward Prompt 0.268 0.286 0.531 0.569 0.137 0.126 0.419 0.407 0.233 0.248 0.318 0.327
Inverse Prompt (Ours) 0.400 0.466 0.598 0.620 0.405 0.401 0.437 0.423 0.277 0.256 0.423 0.433
Relative Gain 149% 163% T13% 19% T196% 1218% 14% 14% 119% 13% 133% 132%
Qwen-2.5-7B-Instruct
Human-Crafted Prompt 0.374 0430 0.654 0.668 0.483 0.464 0.398 0.393 0271 0.202 0.436 0.431
Forward Prompt 0315 0.339 0.529 0.603 0.198 0.207 0436 0.439 0.274 0.284 0.350 0.374
Inverse Prompt (Ours) 0.418 0.457 0.661 0.673 0.524 0.530 0.502 0.501 0.313 0.316 0.484 0.495
Relative Gain 133% 135% 125% T12% 1164% 1156% 115% 114% T11% T11% 138% 132%
LLaMA-3.1-8B-WhiteBox WhiteBox Setting

Human-Crafted Prompt 0.341 0.392 0.555 0.542 0.254 0.254 0.446 0436 0.274 0.274 0.374 0.380
Forward Prompt 0.334 0374 0.444 0491 0.170 0.166 0.318 0.300 0.249 0.250 0.303 0.318
Inverse Prompt (Ours) 0.388 0.440 0.576 0.577 0356 0.336 0.441 0422 0.257 0.256 0.404 0.406
Relative Gain 116% 118% 130% T18% T109% 1102% 139% 140% 13% 12% 133% 128%
Qwen-2.5-7B-WhiteBox
Human-Crafted Prompt 0.406 0.467 0.557 0.604 0416 0410 0427 0.420 0.292 0.259 0.420 0.432
Forward Prompt 0.341 0360 0.236 0.269 0.321 0335 0419 0416 0.251 0.246 0.314 0.325
Inverse Prompt (Ours) 0402 0425 0.661 0.669 0.590 0.602 0.464 0.461 0.301 0.286 0.484 0.489
Relative Gain 120% T14% 149% 136% 1247% 1262% 146% 154% 121% 114% 160% 154%

Table 2: Results of average Spearman (p) and Pearson(r) correlations on various datasets with dif-
ferent models and settings. The LLaMA-3.1-8B-WhiteBox and Qwen—-2.5-7B-WhiteBox are
models instruction-tuned by us with the Infinity-Instruct dataset in the white-box setting. QAGS-C
denotes QAGS-CNN dataset, and QAGS-X denotes QAGS-XSUM dataset. Within the data of the
same model, the bold values indicate the best results and the underscored values indicate the second-

best ones. Relative Gain denotes the increase rate of
corresponding Forward Prompt.

G-EVAL (Liu et al., 2023). For machine trans-
lation, we use GEMBA (Kocmi and Federmann,
2023) and an enhanced version of GEMBA incor-
porating evaluation guidelines (GEMBA+) (Qian
et al., 2024). Additionally, we use prompts from
Direct Assessment (DA) across all three tasks.
We report the best result among all human-crafted
prompts for each task. For the inverse prompt,
it is generated based on a one-shot example ran-
domly sampled from the corresponding training
set. Furthermore, we compare our method against
a recent strong baseline, HPSS (Wen et al., 2025),
a prompt optimization approach. In contrast to
our one-shot inversion method, HPSS requires a
substantial validation set for tuning; we experi-
ment with validation sizes ranging from 10 to 100
samples.

We also attempt to benchmark against a recent
work output2prompt (Zhang et al., 2024) us-
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the performance of Inverse Prompt to that of the

ing our settings. However, output2prompt
failed to generate meaningful prompts for
evaluation tasks, instead producing nonsensical
repetitions. Consequently, we excluded it from
our experiments.

Environment. All experiments and training are
conducted using four NVIDIA A100-SXM-80GB
GPUs with LoRA (Hu et al., 2022), based on the
LLaMA-Factory framework (Zheng et al., 2024).
Please refer to Appendix C for more details.

5 Experimental Results

5.1 Overall Results

Table 2 presents the main experimental results un-
der both the Black-Box and White-Box settings.
To evaluate the generalizability of our approach,



we conduct experiments using two prominent
open-source LLLM families: LLaMA and Qwen.

Black-Box Setting. In the black-box setting,
our inverse prompts consistently achieve supe-
rior alignment with human judgments compared
to both the forward and human-crafted prompts
across all datasets and models. For instance,
on LLaMA-3.1-8B-Instruct, the inverse
prompt improves over forward prompts with
substantial gains of 33% in average Spearman
correlation (p) and 32% in Pearson correlation
(1), suggesting that standard forward instruction-
tuned models are suboptimal for generating
effective evaluation prompts. A similar trend is ob-
served with Qwen-2.5-7B-Instruct, where
the inverse prompt achieves the highest average
correlation scores (p = 0.484, r = 0.495), outper-
forming the human-crafted and forward prompts
over 13% and 35% on average, respectively.

Compared to the prompt optimization method
HPSS, our inverse prompts achieve significantly
higher evaluation performance, despite using only
a single annotated example. Using Qwen-2.5-
7B-Instruct as the evaluator, the inverse prompt
generated by our Qwen-based inverse model out-
performs HPSS prompts across all tested tasks.
On average, our inverse prompts outperform
HPSS’s 10-shot prompts by 56% in terms of
mean Spearman and Pearson correlation. Even
when HPSS is provided with 100-shot validation
data, our method still achieves a 10% perfor-
mance advantage. This makes our inversion-based
prompt generation approach significantly more
practical and data-efficient, especially for evalu-
ating new generation tasks where labelled data is
scarce.

White-Box Setting. In this setting, we train both
the forward and inverse models using the same
SFT dataset. Inverse prompts again yield the best
overall performance, followed by human-crafted
prompts. Notably, inversion learning under the
black-box setting achieves higher performance
than the white-box setting for LLaMA, while
showing similar trends for Qwen. We hypothesize
that these patterns may arise from differences
in the capabilities of the underlying forward
models. The instruction-tuned LLMs used in the
black-box setting (i.e., LLaMA-Instruct and
Qwen-Instruct) have undergone extensive
fine-tuning on large-scale, high-quality supervised

datasets, followed by additional stages such as
reinforcement learning and post-training refine-
ments (Rafailov et al., 2023). In contrast, the
white-box models trained in our experiments were
fine-tuned solely through supervised fine-tuning
on a relatively small dataset of around 660k sam-
ples. Therefore, while inversion learning achieves
better performance in the black-box setting, it re-
mains inconclusive which setup is more optimal,
as differences in training strategy and data scale
confound a strict comparison.

Task-wise, the effectiveness of inverse prompts
is especially pronounced on the QAGS-XSUM
dataset, where we observe an average gain of over
100% to 250% compared to forward prompts,
followed by SummEval with an average gain of
31%. In contrast, machine translation tasks ex-
hibit the smallest relative gains, particularly for
LLaMA, which aligns with previous observations
(Leiter and Eger, 2024). A plausible explanation
lies in the nature of the tasks: summarization tasks
are inherently more complex and abstract, and typ-
ically exhibit greater variability than translation
tasks. Consequently, inversion-generated prompts
are likely to yield substantially larger performance
improvements for summarization compared to
machine translation.

Overall, these findings demonstrate that inver-
sion learning can effectively generate model-
specific evaluation prompts that outperform
human-crafted prompts, forward prompts, and
strong prompt optimization methods, yielding as-
sessments that align more closely with human
judgments across diverse generation tasks.

5.2 Sensitivity Analysis of Inverse Prompts

Model Sensitivity. One of our main hypothe-
ses is that to maximize the effectiveness of an
evaluation prompt, it needs to be tailored to the
specific LLM. In other words, a prompt that
is highly effective for one model may perform
suboptimally on another. To investigate this, we
design a prompt swapping experiment to evalu-
ate the performance of inverse prompts generated
by one model family when applied to another
(e.g., prompts generated by inverse—-Qwen and
used by forward-LLaMA). Additionally, since
we explore two inverse model training strategies,
we also test the cross-strategy effectiveness of
prompts, i.e., applying prompts generated by a
white-box model on a black-box evaluator.
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Evaluator SummEval QAGS-C QAGS-X Topical-Chat WMT-22 Average
Evaluation Prompt P r P T p r p r P T P T
LLaMA-3.1-8B-Instruct

Forward Prompt 0268 0286 0.531 0569 0.137 0.126 0419 0407 0.233 0.248 0.318 0.327
Inverse Prompt-Qwen 0376 0434 0569 0.607 0.305 0317 0400 0385 0.271 0.254 0.384 0.399
Inverse Prompt-WB 0411 0443 0.626 0.636 0.381 0.332 0417 0405 0263 0211 0420 0.405
Inverse Prompt (Ours) 0.400 0.466 0.598 0.620 0.405 0.401 0.437 0423 0277 0256 0423 0.433
Qwen-2.5-7B-Instruct

Forward Prompt 0315 0339 0529 0.603 0.198 0.207 0436 0439 0.274 0.284 0.350 0.374
Inverse Prompt-LLaMA 0391 0426 0.624 0.672 0499 0470 0461 0452 0.263 0.270 0.448 0.458
Inverse Prompt-WB 0360 0403 0.631 0.673 0.507 0493 0479 0459 0.304 0.285 0456 0.463
Inverse Prompt (Ours) 0418 0457 0.661 0.673 0.524 0.530 0.502 0.501 0.313 0.316 0.484 0.495

Table 3: Results of the prompt swapping experiment in the black-box setting. Inverse Prompt-Qwen
and Inverse Prompt-LLaMA denotes swapping prompts with another model. Inverse Prompt-WB
denotes using inverse prompts generated by white-box (WB) models.

Evaluator SummEval QAGS-C QAGS-X Topical-Chat WMT-22 Average
Evaluation Prompt P T P r p r P r p r P r
GPT-4o0-mini

Forward Prompt-BB 0432 0.457 0.585 0.630 0.311 0.301 0.553 0.546 0.291 0320 0.434 0.451
Inverse Prompt-BB 0476 0.517 0.738 0.766 0.568 0.600 0.578 0.572 0.307 0.323 0.533 0.556
Relative Gain 110% T13% 126% 122% 183% 199% 15% 15% 15% % 123% 123%
Forward Prompt-WB  0.403 0.427 0.582 0.622 0.515 0.487 0.555 0550 0.287 0.312 0468 0.480
Inverse Prompt-WB 0439 0479 0.694 0.672 0.561 0.571 0.548 0.540 0.305 0.350 0.509 0.522
Relative Gain 9% 112% 119% 18% 19% 117% 1% 2% 16% 112% 19% 19%

Table 4: Results of applying inversion and forward prompts generated by Qwen-2.5-7B models to

GPT-4o0-mini.

As shown in Table 3, applying inverse
prompts generated by a different model fam-
ily leads to a noticeable drop in evaluation
performance. For example, when prompts gen-
erated by inverse-Qwen are applied to
LLaMA-3.1-8B-Instruct as the evaluator,
the average Spearman and Pearson correlations
drop from 0.423 to 0.384 and from 0.433 to0 0.399,
respectively, compared to when the same prompts
are applied to Qwen-2.5-7B-Instruct. A
similar performance drop is observed when us-
ing Qwen-2.5-7B-Instruct as the evalua-
tor with inverse prompts generated by LLaMA.
These findings demonstrate that prompts trans-
ferred across different evaluator models signif-
icantly lose their effectiveness, highlighting the
necessity of generating model-specific inverse
prompts. When examining cross-strategy sensi-
tivity (i.e., using prompts generated by white-box
models on black-box evaluators), we also observe
a performance degradation, although the impact
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is generally less severe than that observed in
cross-model transfers.

Since LLaMA and Qwen are open-source mod-
els, we further investigate the sensitivity of inverse
prompts generated by inverse-Qwen under
both black-box and white-box settings by applying
them to the proprietary model GPT-40-mini,
as shown in Table 4. The results show that in-
verse prompts continue to outperform forward
prompts, with a performance difference of 23%
in the black-box setting. This further demon-
strates that our inverse model is capable of
generating higher-quality and more effective eval-
uation prompts than those produced by standard
forward instruction-tuned models. Nevertheless,
the performance gains are less significant com-
pared to when the inverse prompts are applied
to the specific model family from which they
were generated (cf. Table 2). Additionally, us-
ing GPT-4o0-mini as the evaluator yields higher
overall performance compared to LLaMA-8B and



Based on the detailed evalua-
tion guideline and format re-
quirement you provided, I'm
now evaluating consistency of
the following summary to the
article with a score between 0
and 1:

s

json
{

"article":"A woman ...",
"summary":"The mother ...",
"consistency_score": 0.66666
}
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the following summary to the
article:
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"article":"A woman ... ",
"summary":"The mother ...",
"consistency_score":

)

Figure 3: Numerical sensitivity ablation examples from QAGS-X: (a) the original meta-prompt for evaluation
prompt generation; (b) rounding evaluation score to one decimal place; (c) removing evaluation score range;
(d) removing both score range and human evaluation scores.

Evaluator SummEval QAGS-C QAGS-X Topical-Chat WMT-22 Average
Evaluation Prompt p I p I p T p T P T P r
Qwen-2.5-7B-Instruct

Inverse Prompt 0418 0457 0.661 0.673 0.524 0.530 0.502 0501 0313 0316 0.484 0.495
One Decimal Place 0423 0469 0.635 0.624 0495 0486 0.532 0.515 0301 0264 0477 0472
w/o Score Range 0.427 0.484 0.652 0.669 0422 0429 0516 0493 0301 0314 0464 0478
w/o Score 0405 0446 0.662 0.658 0437 0384 0.533 0515 0.306 0304 0469 0461

Table 5: Model sensitivity ablation study.

Qwen-7B, which is unsurprising given its stronger
underlying capabilities. However, using a larger
Qwen-14B model can actually surpass GPT-40—
mini in performance. See §5.3 for a detailed
discussion.

Overall, the above analysis reinforces our
hypothesis that inverse prompts are most ef-
fective when tailored to the specific LLM,
and that the prevailing community practice
of using one-size-fits-all evaluation prompts is
sub-optimal. We therefore advocate for the use
of model-specific prompts for more accurate and
reliable prompt-based evaluation with LLMs.

Numerical Sensitivity. The input to the inverse
models for generating evaluation prompts includes
two types of numerical information: the range
of evaluation scores and the human score for
the corresponding evaluation sample. Addition-
ally, human scores often contain multiple decimal
places, as they are typically averaged across mul-
tiple human evaluators or, in the case of machine
translation tasks using metrics like MQM, cal-
culated by applying weighted aggregation across
different scoring dimensions. This raises an in-
teresting question: How sensitive are the inverse

models to this numerical information, and what
impact does it have on the quality and effectiveness
of the generated evaluation prompts? To inves-
tigate this, we conducted an ablation study by
altering the numerical information in the original
input: (i) rounding the human evaluation scores
to one decimal place; (ii) removing the evaluation
score range; and (iii) removing both the score
range and the human evaluation score. Examples
of each input modification are shown in Figure 3.

As shown in Table 5, all three ablation set-
tings lead to only marginal decreases in model
performance. Even in the worst case, where all
numerical information is removed, the perfor-
mance drops by only 5% compared to using the
original input with full information. This suggests
that, although the evaluation score range and
ground-truth human evaluation scores might intu-
itively seem important, they have relatively minor
impact on the quality of the generated evalua-
tion prompts. Examining the prompts generated
from the ablation studies (see Figure 7) reveals
that, in the w/o score range setting, the inverse
model is able to, in many cases, infer the original
evaluation score range based solely on the hu-
man evaluation scores. For example, given a score
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Evaluator SummEval QAGS-C QAGS-X  Topical-Chat WMT-22 Average
Evaluation Prompt p r P r P r p r P r p r
Qwen—-2.5-14B-Instruct

Human-Crafted Prompt 0.450 0.463 0.687 0.688 0.539 0.527 0.587 0.564 0.299 0.312 0.512 0.511
Forward Prompt 0.417 0.443 0.612 0.653 0.261 0.264 0.568 0.560 0.291 0.301 0.430 0.444
Inverse Prompt (Ours) 0.456 0.471 0.721 0.721 0.592 0.558 0.625 0.615 0.306 0.323 0.540 0.538
Qwen—-2.5-7B-Instruct

Human-Crafted Prompt 0.374 0.430 0.654 0.668 0.483 0.464 0.398 0.393 0.271 0.202 0.436 0.431
Forward Prompt 0.315 0.339 0.529 0.603 0.198 0.207 0.436 0.439 0.274 0.284 0.350 0.374
Inverse Prompt (Ours) 0.418 0.457 0.661 0.673 0.524 0.530 0.502 0.501 0.313 0.316 0.484 0.495
Qwen-2.5-3B-Instruct

Human-Crafted Prompt 0.385 0.458 0.516 0.506 0.438 0.405 0.338 0.332 0.252 0.257 0.386 0.393
Forward Prompt 0.243 0.253 0.427 0.409 0.129 0.118 0.311 0.291 0.260 0.309 0.274 0.276
Inverse Prompt (Ours) 0.339 0.341 0.591 0.569 0.439 0.443 0.340 0.336 0.286 0.312 0.399 0.400

Table 6: Results of the model scaling study.

of 68 in the WMT evaluation task, the inverse
model frequently generates a prompt template that
adopts a 0 to 100 scale. In the setting where no
numerical information is provided, the model
tends to randomly select a commonly used score
range (e.g., 0-100 or 1-10), yet the resulting per-
formance remains relatively stable across differ-
ent score ranges.

5.3 Model Size Scaling

To explore the impact of model size scaling on
inversion learning, we trained inverse models with
Qwen at multiple scales (3B, 7B, and 14B) in the
black-box setting using the same Infinity-Instruct
dataset comprising 660k samples. Table 6 presents
the results of these experiments, clearly demon-
strating a positive correlation between model size
and evaluation performance across all datasets and
tasks. For example, the average Spearman corre-
lation for inverse prompts increases from 0.399
with the 3B model to 0.540 with the 14B model,
corresponding to 35% of relative improvement,
highlighting the effectiveness of model scaling.
Moreover, inverse prompts consistently out-
perform forward prompts and achieve higher
correlations than human-crafted prompts across
all model sizes, with the sole exception of the 3B
model on the SummEval dataset. These results
validate the effectiveness of our inverse prompt
generation method under model scaling.

5.4 Case Study

To analyze why forward, human-crafted, and
inverse prompts exhibit different levels of

effectiveness, we conducted a qualitative com-
parison of prompts generated based on the meta-
prompt shown in Figure 3(a), which contains the
one-shot evaluation sample focused exclusively
on the consistency dimension. Both the forward
and inverse prompts were generated by Qwen-—
2.5-7B-Instruct under the black-box set-
ting (cf. Table 2). The complete prompt examples
are provided in Figure 4 in Appendix A. For
clarity, we highlight the sections correspond-
ing to Model Instruction (e.g., role assignment),
Evaluation Criteria, and Evaluation Guideline.

Among the three types of prompts, the gener-
ated forward prompts define evaluation across
multiple dimensions (e.g., comprehensiveness,
accuracy, etc.), which does not align with the
one-shot example used for evaluation prompt
generation, where the focus is solely on as-
sessing consistency. Comparing inversion and
human-crafted prompts, there are several distinct
differences in terms of their criteria descriptions,
structure, and tone. For instance, inverse prompts
explicitly assign a role to the model, framing it
as ‘“‘an advanced Al assistant’’, which helps an-
chor the model’s perspective and behaviour during
evaluation. In contrast, human-crafted prompts
use a more natural and instructional tone with-
out explicit role-playing, making them more ap-
proachable for human readers.

In terms of evaluation guidelines, inverse
prompt provides step-by-step procedures with de-
tailed and imperative phrasing (e.g., ‘‘To perform
the task, you must ...””). Human-crafted prompt
also includes task steps but present them more
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loosely, reflecting how humans naturally approach
annotation tasks. For the consistency criterion,
inverse prompts offer the most operational defini-
tion among the three, framing factual consistency
through formal entailment-based reasoning. In
comparison, human-crafted prompts describe it
in simpler and less precise terms, emphasizing
factual alignment and penalising hallucinations.
This formal, entailment-based framing in inverse
prompts likely contributes to their effectiveness
in evaluation tasks. Additionally, inverse prompts
use a continuous 0—1 scoring scale for fine-grained
evaluation, whereas human-crafted prompts use a
1-5 Likert scale.

Comparing the prompts generated by Qwen
and LLaMA (see Figure 5), we observe that
the forward prompt from LLaMA is similar to
Qwen’s but introduces even more evaluation
criteria for irrelevant dimensions. For inverse
prompts, LLaMA’s prompt is less formal (i.e.,
more conversational) and adopts a more instruc-
tional rather than assertive tone, offering intuitive
but less rigorously defined descriptions of factual
consistency, along with fewer procedural de-
tails. Structurally, Qwen clearly separates model
instruction, evaluation criteria, and evaluation
guidelines, whereas LLaMA blends these ele-
ments more loosely. This highlights that Qwen
and LLaMA have different preferences in prompt
style, which make them most effective.

In summary, our analysis supports the hy-
pothesis that generating model-specific prompts
is crucial, and that human-crafted prompts and
guidelines do not necessarily translate into more
effective prompts for LLMs.

6 Conclusion

In this work, we introduced a novel approach
for generating high-quality, model-specific eval-
uation prompts through inversion learning, mark-
ing a sharp departure from practices that rely
on human-crafted prompts. These hand-crafted
prompts are often costly to produce and typically
applied without considering their effectiveness
across different LLMs. Our method eliminates
the need for manual prompt engineering and out-
performs both human-crafted prompts and strong
prompt optimization techniques, despite using
only a single annotated example. In contrast,
prompt optimization methods typically require
large validation sets and iterative tuning. EXx-
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tensive experiments on two open-source LLM
families and a wide range of generation tasks de-
monstrate that our method can efficiently produce
high-quality prompts from a single evaluation
sample. Moreover, our results confirm the hypoth-
esis that model-tailored prompts are essential for
improving evaluation performance. Ultimately,
this work contributes toward a new direction for
more robust and efficient LLM-based evaluation.
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A Prompt Examples

To evaluate the consistency of a summary
with the article, follow these criteria:

1. **Comprehensive Coverage**: Ensure
the summary captures the main points and
key details from the article without omit-
ting crucial information.

2. **Accuracy®*: Verify that the summary
accurately reflects the content of the article,
maintaining the correct facts and figures.
3. **Relevance**: Confirm that the sum-
mary is relevant to the article’s topic and
does not include irrelevant information.

4. *#*Precision**: Check that the summary
uses precise language that aligns with the
article’s tone and style.

5. **Brevity**: Ensure the summary is
concise and does not include unnecessary
details or elongated phrases that detract
from its clarity.

By adhering to these criteria, summaries
will be evaluated for their consistency with
the original article.

Now please evaluate the following sum-
mary to the article based on the above
guideline criteria:

Article:

{article}

Summary:

{summary }

Please just directly output the final consis-
tency score in a json format. For example:

e

json
{

"article": {article},

"summary": {summary},
"consistency_score": <a score between 0
and 1>

}

e

You will be given a news article. You will
then be given one summary written for this
article.

Your task is to rate the summary on one
metric.

Please make sure you read and understand
these instructions carefully. Please keep
this document open while reviewing, and
refer to it as needed.

Evaluation Criteria:

Consistency (1-5) - the factual alignment
between the summary and the summarised
source. A factually consistent summary
contains only statements that are entailed
by the source document. Annotators were
also asked to penalise summaries that con-
tained hallucinated facts.

Evaluation Steps:

1. Read the news article carefully and iden-
tify the main facts and details it presents.
2. Read the summary and compare it to the
article. Check if the summary contains any
factual errors that are not supported by the
article.

3. Assign a score for consistency based on
the Evaluation Criteria.

Please evaluate the following summary:
Source Text:

{article}

Summary:

{summary }

Please just directly output the consistency
score in a json format.

For example:

“json
{

"article": "content of the article",
"summary": "content of the summary",

"consistency_score": <a score between 1
and 5>

}

e

You are an advanced Al assistant tasked
with evaluating factual consistency of sum-
maries based on detailed articles. Your role
involves a thorough analysis of the article
provided to ensure the summary aligns per-
fectly with the content and events described
in the article. The summary should not con-
tain any information that contradicts, mis-
represents, or distorts the facts presented in
the article.

To perform this task, you must:

1. Examine each sentence in the summary
in relation to the article’s content.

2. Identify any factual inconsistencies,
such as misrepresentations, contradictions,
or omitted key details.

3. Assign a factual consistency score to
the summary on a scale of 0 to 1, where 1
indicates perfect factual consistency and 0
indicates complete factual inconsistency.

For your reference, here is a detailed evalu-
ation guideline and format requirement:
**Evaluation Guideline:**

- A summary is factually consistent if every
sentence in the summary is logically en-
tailed by the article and no contradictions
are present.

**QOutput Format:**

“json
{

"article": "content of the article",
"summary": "content of the summary",

"consistency_score": score between 0 and
1

}

113

By adhering to this evaluation guideline
and format, you will ensure that the fac-
tual consistency of summaries is rigorously
assessed. Please proceed to evaluate the
summaries based on the articles provided.
Article: {article}

Summary: {summary}

(a) Forward Prompt

(b) Human-Crafted Prompt

(c) Inverse Prompt

Figure 4: Prompts for Qwen on the QAGS dataset. Green texts denote the Model Instruction part, red texts de-
note the Evaluation Criteria part, and blue texts denote the Evaluation Procedure part. The remaining part is the

Input and Format Requirement.
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Here is the evaluation guideline to assess
the consistency of summaries:
**Consistency Evaluation Criteria**

1. **Factual Accuracy**: The summary
accurately reflects the main facts and
events described in the article.

2. **Main Idea Representation**: The
summary effectively conveys the main idea
or key takeaway from the article.

3. **Relevance**: The summary only
includes information that is relevant to the
article’s main topic and events.

4. **Omission of Irrelevant Details**: The
summary does not include unnecessary or
tangential details that are not essential to
understanding the article’s main point.

5. **Cohesion**: The summary is
logically organized and easy to follow,
with a clear structure and flow of ideas.

6. **Language Clarity**: The summary
uses clear and concise language, avoiding
ambiguity and jargon.

7.  **Accuracy of Quotes and State-
ments**: If the summary includes quotes
or statements from individuals, they are
accurately represented and not taken out of
context.

8. **Comprehensive Coverage**: The
summary provides a comprehensive
overview of the article’s main points,
without omitting important details.

9. **Avoidance of Misrepresentation**:
The summary does not misrepresent or
distort the information presented in the
article.

10. **Contextual Understanding**: The
summary demonstrates an understanding
of the article’s context, including any

relevant background information or
relationships between events.
**Scoring**

By following these criteria, models can sys-
tematically assess the consistency of sum-
maries with their respective articles, ensur-
ing that evaluations are fair and comprehen-
sive.

Now please evaluate the following sum-
mary to the article based on the above
guideline criteria:

Article:

{article}

Summary: {summary}

Please just directly output the consistency
score in a json format.

For example:

s

‘json
{

"article": {article},

"summary": {summary},
"consistency_score": <a score between 0
and 1>

}

e

You will be given a news article. You will
then be given one summary written for this
article.

Your task is to rate the summary on one
metric.

Please make sure you read and understand
these instructions carefully. Please keep
this document open while reviewing, and
refer to it as needed.

Evaluation Criteria:

Consistency (1-5) - the factual alignment
between the summary and the summarised
source. A factually consistent summary
contains only statements that are entailed
by the source document. Annotators were
also asked to penalise summaries that con-
tained hallucinated facts.

Evaluation Steps:

1. Read the news article carefully and iden-
tify the main facts and details it presents.
2. Read the summary and compare it to the
article. Check if the summary contains any
factual errors that are not supported by the
article.

3. Assign a score for consistency based on
the Evaluation Criteria.

Please evaluate the following summary:
Source Text:

{article}

Summary:

{summary }

Please just directly output the consistency
score in a json format.

For example:

e

‘json
{

"article": "content of the article",
"summary": "content of the summary",

"consistency_score": <a score between 1
and 5>

}

e

You are an expert in evaluating the fac-
tual consistency of outputs generated by
automatic summarization models (such
as BART, T5, etc.). These models are
known to sometimes produce summaries
that are not factually consistent with the
news articles they summarize. For exam-
ple, the models sometimes hallucinate un-
mentioned facts, misrepresent the facts in
the article, or introduce other factual mis-
takes. A summary is factually consistent if
all the facts it presents are also explicitly
mentioned in the news article.

In addition to the article and summary be-
low, I would like you to assess the consis-
tency of the summary with the article using
a score between 0 and 1, with 1 indicating
full consistency and 0 indicating no consis-
tency.

Here is the detailed evaluation guideline
and format requirement:

1. Article: [article]

2. Summary: [summary]

3. Consistency Score: [consistency score]

s

‘json
{

"article": {article},

"summary": {summary},
"consistency_score": <a score between 0
and 1>

} e

2

(a) Forward Prompt

(b) Human-Crafted Prompt

(c) Inverse Prompt

Figure 5: Prompts for LLaMA on the QAGS dataset.
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To evaluate model responses, consider the
following criteria:

1. **Naturalness Score**: Assess whether
the response sounds natural and fluent,
without awkward phrasing or forced con-
nections. Responses should flow smoothly
and be easily understood by humans.

2. **Coherence Score**: Evaluate how
well the response aligns with the conver-
sation history and the provided fact. The
response should logically follow from the
previous exchanges and integrate the given
information meaningfully.

3. **Engagingness Score**: Determine
whether the response keeps the conver-
sation interesting and engaging. The re-
sponse should add value to the dialogue,
provide relevant information, or provoke
further discussion.

4. **Groundedness Score**: Assess
whether the response is grounded in the
provided conversation history and fact. The
response should be relevant and not intro-
duce unrelated or irrelevant information.
Now please evaluate the following model’s
response according to the conversation and
fact based on the above guideline criteria:
Conversation History: {conversation}
Corresponding Fact: {fact}

Response: {response}

Please just directly output the scores in a
json format. For example: “‘json

{

"conversation": {conversation},

"fact": {fact},

"response": {response},
"naturalness_score": <a score between 1
and 3>,

"coherence_score": <a score between 1 and
3>,

"engagingness_score": <a score between 1
and 3>,

"groundedness_score": <a score between |
and 3>

}

e

You will be given one conversation history
and the corresponding facts.

Your task is to rate the conversation history
and the corresponding facts on one metric.
Please make sure you read and understand
these instructions carefully.

Evaluation Criteria:

Naturalness (1-5) - In order to thoroughly
evaluate a model’s response according to
the conversation history and the corre-
sponding facts, you are required to rate the
naturalness of the model’s response on a
scale of 1 to 5, where 1 indicates very un-
natural and 5 indicates very natural.
Coherence (1-5) - the collective quality of
all sentences. We align this dimension
with the DUC quality question of struc-
ture and coherence whereby "the conver-
sation should be well-structured and well-
organised. The conversation should not just
be a heap of related information, but should
build from sentence to a coherent body of
information about a topic."

Engagingness (1-5) - engagingness is de-
fined as how effectively the response cap-
tures and maintains the interest of the lis-
tener or conversational partner
Groundedness (1-5) - groundedness mea-
sures the level of factual consistency and
relevance in a conversation, ensuring that
responses are accurate, contextually appro-
priate, and supported by reliable sources.
Evaluation Steps:

1. Read the conversation history and the
corresponding facts carefully and identify
the main topic and key points.

2. Read the conversation history and the
corresponding facts. Check if the conversa-
tion covers the main topic and key points of
the corresponding facts, and if it presents
them in a clear and logical order.

3. Assign scores on a scale of 1 to 5, where
1 is the lowest and 5 is the highest based on
the Evaluation Criteria.

Example:

Conversation:

{conversation }

Corresponding Facts:

{fact}

Evaluation Form (scores ONLY):

- Naturalness:

- Coherence:

- Engagingness:

- Groundedness:

You are now a conversation evaluation spe-
cialist. You will be provided with a conver-
sation history and a fact. You will evalu-
ate a model’s reponse to the conversation
history on a scale of 1 to 3. The model’s
response should be natural, coherent, en-
gaging, and grounded in the given fact.

To rate the model’s response, you should
use the following guidelines:

Naturalness: The response should be nat-
ural and sound like something a human
would say. It should use appropriate lan-
guage, tone, and style. The response should
not sound like a list of facts or information.
Coherence: The response should be coher-
ent and make sense in the context of the
conversation history. It should be logically
consistent and well-structured.
Engagingness: The response should be en-
gaging and keep the conversation interest-
ing. It should include elements that capture
the listener’s attention and maintain their
interest.

Groundedness: The response should be
grounded in the given fact. It should be
relevant to the fact and use it to provide a
meaningful and informative answer.

You should evaluate the model’s response
on a scale of 1 to 3 for each of the above
criteria. The format of your answer should
be as follows:

e

"conversation": "conversation history",
"fact": "fact",
"response”: "model’s response”,

"naturalness_score": score,
"coherence_score": score,
"engagingness_score": score,
"groundedness_score": score

}

e

Where ‘conversation® is the conversation
history, ‘fact* is the given fact, ‘response*
is the model’s response, and ‘natural-
ness_score’, ‘coherence_score‘, ‘engaging-
ness_score, and ‘groundedness_score‘ are
the scores for each of the evaluation crite-
ria. The scores should be a real number
between | and 3. A score of 1 indicates the
lowest level of performance, and a score
of 3 indicates the highest level of perfor-
mance.

The conversation history and fact will be
provided in the following section.

Please read the evaluation guideline care-
fully and consider it when evaluating the
model’s response.

conversation history: "{conversation}"
fact: "{fact}"

model’s response: "{response}"

(a) Forward Prompt

(b) Human-Crafted Prompt

(c) Inverse Prompt

Figure 6: Prompts for Qwen on the Topical-Chat dataset.
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You are a highly experienced journalist and
meticulous fact-checker. Your task is to
meticulously evaluate the factual consis-
tency of the summaries provided by other
Al systems (such as GPT-3) with the de-
tailed content of the news article. Please
note that these summaries may contain fac-
tual inaccuracies, such as hallucinations
(fabricated details not present in the article)
or factual misrepresentations (incorrect in-
formation presented as fact). Utilize the
following detailed evaluation guideline to
score the summaries:

1. A summary is considered to be factually
consistent if it does not contain any halluci-
nated or factually incorrect details. Every
detail mentioned in the summary must be
explicitly stated in the news article.

2. Assign a score between 0 and 1, where
a higher score indicates a higher degree of
factual consistency.

3. The format of the input will be as fol-
lows: {{article}}, {{summary}}, and the
output should be a single score reflecting
the factual consistency.

article:

{article}

summary:

{summary }

score:

Please undertake the evaluation of factual
consistency of the summaries to the article.
I will provide you with a detailed evalu-
ation guideline and a specific format re-
quirement. Your task is to assess whether
the summary accurately reflects the infor-
mation presented in the article, and then
assign a numerical score based on the fol-
lowing criteria:

1. Summaries must be factually consistent
with the article. A summary is deemed fac-
tually consistent if all the numbers in the
summary are presented the same way as in
the article and if the facts presented align
accurately with those in the article.

2. You should score the factual consistency
of the summary on a scale of 1 to 10, where
1 indicates completely inconsistent and 10
indicates completely consistent.

3. The input will follow the format pro-
vided below, with the article, summary, and
a placeholder for the score.

4. Evaluate the factual consistency strictly
based on the information provided in the
article. Do not incorporate any external in-
formation.

Here is the format of the input:

{ "consistency_score": score }

The article:

{article}

The summary:

{summary}

What is the factual consistency score of the
summary with the article?

As an esteemed fact-checker, your responsi-
bility is to meticulously evaluate the factual
consistency of the provided summaries in
relation to the corresponding articles. Be-
low, you will find the detailed evaluation
guideline along with the required format.
Detailed Evaluation Guideline:

- Summaries must strictly adhere to the
facts presented in the article.

- Any inference or speculation not explicitly
mentioned in the article must be identified
as inconsistent.

- The consistency score should be a numeri-
cal value ranging from 0 to 100, where 100
indicates perfect factual alignment.
Output Format:

- Your output should be a JSON object
with the keys: érticle; Summary; and
consistency_score:

Proceed with your evaluation using the
given article and summary.

Article:

{article}

Summary:

{summary}

Consistency Score:

(a) 1 Decimal Place

(b) w/o Score Range

(c) w/o Score

Figure 7: Prompts for the numerical sensitivity study using Qwen.
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B Meta-Prompt Examples

Here are the meta-prompts (see §3.2) used for
Inverse—Qwen in the Black-Box setting on
different tasks to inversely generate the prompt

template.

Summarisation

Based on the detailed evaluation guideline and format requirement
you provided, I'm now evaluating consistency of the following
summaries to the articles with a score between 0 and 1:

“‘json

{

"article": "A woman who was allegedly raped and abused by eight
men in rotherham changed from a “ lovely girl to an animal ” ,
her mother told jurors . The witness also said her family had been
forced to move to spain to escape her daughter ’s alleged abusers
. Sheffield crown court also heard how police lost tapes of an
interview with defendant sageer hussain in 2003 . Eight men ,
including mr hussain , deny sexually abusing three girls between
1999 and 2003 . The mother of one of the alleged victims said in a
statement : ““ her character changed from a lovely girl to an animal
. She became horrible . ” She said at one stage she discovered
a mobile phone in her daughter ’s bedroom and rang a number
stored under the name’waleed * . She said a man picked up the
phone and said “ i ai n’t done owt , i ai n’t touched her . It is n’t
me ” . When she asked her daughter about the phone she said she
burst into tears and said “ they 're raping me , they ’re raping me ” .
She told the court after her daughter went to the police in 2003 her
family were repeatedly threatened . “ we were so distraught that
we sold the business and the home and moved to spain , ” she said .
Det con andy stephanek , of south yorkshire police , told the court
the force had lost the tape of an interview with mr hussain when
he was first questioned about the allegations . He said it appeared
that “ due to the passage of time they ’ve been destroyed ” . The
trial continues .",

"summary": "The mother of a girl accused of being sexually
abused by a gang of men has told a court her daughter ’s char-
acter changed from “ a lovely girl to an animal ”.",
"consistency_score": 0.6666666666666666

}

e

Conversation

Thank you for providing a detailed evaluation guideline. Consid-
ering the given fact, I will now evaluate a model’s reponse to the
conversation history on a scale of 1 to 3. According to the format
requirement, my answer is as follows:

“‘json

{
"conversation": "hi , do you know much about the internet ?

i know a lot about different sites and some website design , how
about you ?

"
B

"fact": "the 3 horizontal line menu on apps and websites is called
a hamburger button.",

non

"response: "yeah , i have heard that before . do you know what
the hamburger button is?",

"naturalness_score": 1.6666666667,

"coherence_score": 2.0,

"engagingness_score": 2.0,

"groundedness_score": 1.0

Translation

Thank you for providing a detailed evaluation guideline. Com-
paring with reference translation, I will now evaluate the machine
translation to the original sentence in terms of quality on a scale of
0 to 100. According to the format requirement, my answer is as
follows:

“‘json

{
"original": "Under the reign of the Yongle Emperor, Ming China
underwent a militaristic expansionism with ventures such as the
treasure voyages.",

"reference": "Unter der Herrschaft des Kaisers Yongle erlebte
China in der Ming-Dynastie einen militaristischen Expansionis-

mus mit Unternehmungen wie Reisen auf der Suche nach Schitzen

"
E

"translation": "Unter der Herrschaft des Yongle Kaisers er-
lebte Ming China einen militaristischen Expansionismus mit Un-
ternehmungen wie den Schatzreisen.",

"quality_score": 95.33
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C Environment Details

We conducted all the training and inference on
4 NVIDIA A100-SXM-80GB GPUs. All the in-
verse models except for Qwen-2.5-14B are trained
for 3 epochs with a total batch size of 1024 (4 de-
vices X 8 instances per device X 32 gradient
accumulation steps). Due to the VRAM limita-
tion, when training the 14B model, we lower the
number of instances per device to 4 and increase
the gradient accumulation steps to 64 in order
to keep the total batch size the same as 1024.
LLaMA-Factory is used (Zheng et al., 2024) as
our codebase. Here is a list of values we set
for hyperparameters in the training and inference
process:

Name Value
Total Batch Size 1024
Epoch 3
Learning Rate le-4
Cutoff Length 2048
LoRA Alpha 512
LoRA Rank 256
Temperature 0.95
Top P 0.7
Top K 50

Table 7: List of hyperparameters.
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