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Abstract

Text-to-ES aims to translate natural language
into executable Elasticsearch(ES) queries. Un-
like more open-ended reasoning tasks, such
as mathematical reasoning, this problem is de-
fined over a constrained domain-specific lan-
guage, where the synergy between forward rea-
soning and backward reasoning can be more
explicitly realized under strict structural con-
straints. While recent work has explored
reasoning-oriented training and prompting in
text-to-SQL, forward and backward reasoning
have not been thoroughly studied in text-to-ES.
In this paper, we systematically study the bidi-
rectional duality of the text-to-ES task by es-
tablishing a bidirectional reasoning perspective
across both training and prompting stages. We
introduce two large-scale datasets, TERD and
ETRD, for forward and backward reasoning,
respectively, and propose DualES, a unified
framework that combines the two. Experimen-
tal results show that our DualES-CoRE strategy
sets a new State-of-the-Art(SOTA), achieving
69.23% on LED and 50.14% on BirdES. This
corresponds to absolute execution accuracy
gains of 6.92% and 7.34% over previous bench-
marks, outperforming both open-source and
closed-source baselines.The datasets and code
are publicly available at https://github.
com/Barry1915/Text-to-ES-Algorithm.

1 Introduction

Text-to-Query (Xue et al., 2025) translation serves
as a pivotal bridge for seamless interaction between
users and databases. Recently, Large Language
Models (LLMs) have significantly advanced this
field (Li et al., 2023). In text-to-SQL, to better
capture user intent and assist query generation, cur-
rent research has primarily focused on enhancing
performance through schema selection (Lee et al.,
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Quesion: Please specify all of the schools and their related mailing zip codes that are under Avetik Atoian's administration.

Figure 1: Fine-tuned on TERD and ETRD, the Qwen-
based models FD and BD generate ES queries and re-
construct natural language explanations, respectively.
Subsequently, a Judge module evaluates both the reason-
ing process and the final output through Format-Rethink
and Content-Rethink mechanisms.

2025b; Wang et al., 2025¢; Hao et al., 2025) and in-
struction tuning (He et al., 2025a; Dai et al., 2025b).
These methods are also applicable to text-to-ES.

However, these methods predominantly treat
text-to-Query as a unidirectional reasoning pro-
cess, which often fails to ensure that the generated
query remains strictly consistent with the user’s
original intent. As illustrated in Figure 1, a model
might generate an ES query containing fields such
as “AdmFName2” and “AdmLName2”; while syn-
tactically correct, such outputs clearly deviate from
the semantic requirements of the user. To miti-
gate this, exploratory works (Chen et al., 2025a;
Peng et al., 2026; Li et al., 2026) have introduced
sql-to-Text processes, guiding models to compare
generated text with the initial intent. Nonetheless,
these approaches remain confined to the prompt
engineering level and lack a deeper internalization
of the underlying logic.

Drawing a parallel to related work in sql-to-Text,
we hypothesize that text-to-Query tasks, such as
text-to-ES, inherently exhibit a similar bidirectional
duality. The concept of duality was originally pi-
oneered in dual learning (He et al., 2016), where
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it has been extensively studied within the context
of machine translation (Sennrich et al., 2016; Xia
et al., 2018). Building on this paradigm, Chen et al.
(2025b) proposed enhancing model performance
through backward reasoning.

Inspired by those prior works, we systemat-
ically explore the bidirectional duality in the
Text-to-ES task, characterized as a symmetric
semantic mapping between text (1) and struc-
tured DSL (£). Unlike divergent mathematical
proofs (Zhang et al., 2025) with infinite deriva-
tion paths, the structural determinism of Elastic-
search allows the T <+ FE relationship to be mod-
eled as a rigorous reasoning trace. To this end,
we construct a bidirectional pipeline to produce
two complementary datasets: TERD (68k pairs)
and ETRD (97k pairs). Building on these, we pro-
pose DualES, the first framework to introduce dual
learning to Text-to-ES via Supervised Fine-Tuning.
By training across four progressive strategies—
Forward Reasoning (FD), Backward Reasoning
(BD), Multi-Task Fine-tuning (MT), and Collabora-
tive Reasoning (CoRE)—DualES internalizes this
intrinsic duality directly into the model’s paramet-
ric knowledge. Extensive experiments on thirty
model configurations demonstrate that DualES-
CoRE achieves SOTA performance. Our model
reaches 69.23% execution accuracy on LED and
50.14% on BirdES, surpassing previous SOTA
baselines by absolute margins of 6.92% and 7.34%,
respectively.Our contributions are:

* To the best of our knowledge, we are the first
to explore the bidirectional duality in Text-
to-ES, establishing a bidirectional reasoning
perspective between natural language and ES

query.

* We propose a systematic pipeline for con-
structing high-quality, paired forward and
backward reasoning datasets. This process
yields TERD and ETRD, both of which fea-
ture explicit reasoning traces.

* We propose DualES, a novel framework de-
signed to comprehensively enhance model ca-
pabilities in text-to-ES tasks from both diverse
training perspectives and advanced prompting
strategies.

e Our approach sets a new SOTA by achiev-
ing 69.23% execution accuracy on LED and
50.14% on BirdES. These results, obtained

from broad experiments on thirty model vari-
ants, outperform previous bests by 6.92% and
7.34% in absolute terms.

2 Related Work
2.1 LLM Reasoning

Recent advancements in large language models
(LLMs) (Kaddour et al., 2023; Lightman et al.,
2023; Huang et al., 2024), notably Chain-of-
Thought (CoT) and its variants (Kojima et al., 2023;
Wang et al., 2023; Yao et al., 2023), have catalyzed
research into model reasoning, culminating in high-
performing models like GPT-o1, DeepSeek-R1,
and Gemini-Pro. Current reasoning research in the
code domain typically falls into three categories:
(1) Plan-based reasoning, which guides code gener-
ation through intermediate natural language plans
or problem observations (e.g., PlanSearch (Wang
et al., 2024), Self-Planning (Jiang et al., 2023),
and ClarifyGPT (Mu et al., 2024)); (2) Structure-
based reasoning, which utilizes programming con-
structs like loops and control flow graphs as rea-
soning steps, such as SCoT (Wang et al., 2025b),
CodeChain (Le et al., 2023), and VisualCoder (Chi
et al., 2025); and (3) Reasoning-based fine-tuning,
which constructs high-quality CoT data for in-
struction tuning or optimization, including Uni-
Coder’s intermediate representations (Sun et al.,
2024), ChainCoder’s AST-guided strategy (Zheng
et al., 2023), and ExCoT-DPO’s iterative optimiza-
tion (Zhai et al., 2025). Distinct from these ap-
proaches, which focus on plan/structure-to-code or
instruction fine-tuning, we are the first to investi-
gate the impact of code-to-text reasoning data on
text-to-code tasks.

2.2 Knowledge Distillation

Data distillation is pivotal across research domains,
evolving from early neural network knowledge
distillation (Hinton et al., 2015) to modern tech-
niques leveraging powerful LLMs (e.g., GPT-o1,
Gemini, DeepSeek-R1) for high-quality data syn-
thesis (Peng et al., 2023; Li et al., 2024b). In
specialized fields, researchers have distilled large-
scale reasoning datasets for medicine (Sun et al.,
2025; Huang et al., 2026) and mathematics (e.g.,
TR-CoT). The code domain has similarly bene-
fited from distillation-driven improvements, in-
cluding the synthesis of positive/negative sam-
ples (Dai et al., 2025a), text-to-SQL data augmen-
tation (Yang et al., 2024; Li et al., 2024a), and the

38007



construction of massive competition-level reason-
ing trajectories like rStar-Coder (Liu et al., 2025b)
and instruction-code quadruples (Abed et al., 2025).
Furthermore, distillation has been applied to spe-
cific tasks like text-to-ES template generation (Xue
et al., 2025). Distinct from these efforts, our work
is the first to distill reasoning datasets specifically
for the text-to-ES domain and introduces the in-
augural code-to-text reasoning dataset for Elastic-
search.

3 Problem Formulations

We define two complementary bidirectional tasks
that incorporate reasoning chains for enhanced
interpretability: Text-to-ReasonES and ES-to-
ReasonText.

In Text-to-ReasonES, given a natural language
text 7" and schema information S, the model gener-
ates a reasoning chain R followed by an ES query
E:

R,E=f(T,S|0). (1)

Conversely, ES-to-ReasonText converts an ES
query E back into a reasoning chain R and a corre-
sponding natural language description 7"

R,T"=g(E,S| ¢). 2

The objective is to internalize the duality be-
tween these tasks, ensuring semantic consistency
in the bidirectional transformation 7" <+ E.

4 Methodology

4.1 Overview

As illustrated in Figure 2 , our framework or-
chestrates a comprehensive pipeline for bidirec-
tional reasoning distillation, encompassing five
core phases: (1) Reasoning Process Distillation,
where intermediate trajectories are extracted from
multiple teacher models; (2) Reasoning Data Veri-
fication, which ensures the logical integrity of the
distilled content; (3) Multi-dimensional Data An-
notation, for categorizing query types and diffi-
culty; (4) Quality Evaluation, involving rigorous
scoring across predefined metrics; and (5) DualES
Framework, to optimize the student model’s per-
formance. The primary objective is to distill high-
fidelity reasoning paths from diverse frontier LLMs,
ultimately empowering the student model with ro-
bust, bidirectional reasoning capabilities. The cor-
responding prompts are shown in Appendix E.

4.2 Reasoning Process Distillation

Inspired by the STaR (He et al., 2025b), which
leverages iterative correctness feedback to refine
model reasoning, we adapt its core principles to
curate a reasoning-centric corpus. The first dataset,
TERD (Text-to-ES Reasoning Dataset), focuses
on distilling intermediate reasoning trajectories
from a suite of advanced LLMs, including Qwen3-
max-preview, DeepSeek-V3.2, ChatGLM-4.7, and
GPT-4.1-Nano. To enhance data diversity, we
employ two complementary construction strate-
gies: one utilizing explicitly defined pipelines
and another based on automatically induced work-
flows. Through iterative distillation, we curated
68,044 high-quality (T, R, E) triples. The sec-
ond dataset, ETRD (From ES to Text Reasoning
Dataset), reverses the reasoning direction by dis-
tilling (£, R, T') triples using the same LLM suite.
We implement an iterative dual-validation mecha-
nism to rigorously verify both the synthesized rea-
soning trajectories and the final natural language de-
scriptions, yielding 97,290 high-quality instances.
The two distillation processes can be formally de-
fined as follows:

Drerp = {(t,,€) | 1 e < drLm(t)} 3)

Derrp = {(e,n,t) | 1t < Yrrm(e)}
where ¢ and v represent the forward (Text-to-ES)
and backward (ES-to-Text) distillation mappings,
respectively, andt € T',r € R,e € E.

4.3 Verification and Iteration

To ensure the technical accuracy of the TERD
dataset, we employ a Python-based interpreter to
verify if the generated ES code executes correctly
against the database. Beyond execution, we uti-
lize Qwen3-32B as a specialized critic to audit the
reasoning process, ensuring it adheres to our seven-
pillar validation criteria, detailed in Appendix A.1.
For the ETRD dataset, Qwen3-32B serves as the
central judge to evaluate the semantic alignment
between the generated natural language and the
source ES query. The verification follows a struc-
tured seven-step detailed in Appendix A.2. Em-
pirical observations indicate that TERD data vol-
ume converges around the sixth iteration, whereas
ETRD converges more rapidly, stabilizing by the
fourth iteration. The iterative verification process
for a dataset D at iteration k can be formally de-
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fined as: where Type € {S,T,F,G,J, A} (Specialized,
Pk _ v S K Term-level, Full-text, Geography, Joining, Aggre-
= {(@,7,9) | Vewe(y) A Verit(r, z,y) b

4)
where V. e denotes the execution-based interpreter
and V,,.;; represents the multi-dimensional LLM-
based critic. The convergence is reached when
ID®)| ~ |DF=1)|, specifically at Kyrq = 6 and
Ketrqg = 4.

4.4 Data Annotation

To facilitate fine-grained data management and
high-quality filtering, we perform comprehensive
annotation across two dimensions: Query Taxon-
omy and Complexity Grading. Following ES of-
ficial documentation, we categorize queries into
six functional types: Specialized, Term-Level, Full-
Text, Geography, Joining, and Aggregation (Xue
et al., 2025). We further differentiate between
single-index queries and multi-index queries based
on the data scope. Additionally, leveraging Qwen3-
32B, we classify each instance into three diffi-
culty levels—easy, medium, and difficult—based
on the number of query conditions and the struc-
tural complexity of the code. The detailed data
classification and difficulty distribution are pre-
sented in Appendix A.3. Formally, for any instance
d; € Drgrp U Derrp, the annotation process A
is defined as:

A(d;) = (Type(S), Scope(S5), Diff(S, R))  (5)

gation), Scope € {S, M} (Single-index, Multi-
index), and Diff € {E, M, D} (Easy, Medium,
Difficult) represent the query category, data scope,
and structural complexity respectively.

4.5 Quality Evaluation

To quantitatively assess the bidirectional reason-
ing datasets, we implemented an automated qual-
ity evaluation module. Using Qwen3-32B as the
evaluator, each sample is scored across eight pre-
defined dimensions. Given the substantial scale of
the dataset, we adopted a stratified random sam-
pling approach, selecting two independent sets of
1,000 samples from both TERD and ETRD. The
final quality metric for each dataset is defined as
the mean score across these two evaluation rounds,
as presented in Table 1. This rigorous evaluation
process ensures the reliability of the distilled rea-
soning trajectories before they are used for model
training. Formally, let Q(d;) € [0, 1]® be the eight-
dimensional score vector for an instance d;. For
each dataset D € {Drgprp,Derrp}. the final
quality score Qp is calculated as:

1

Qp=5> | g7
P 1S;]

D

J=1

> ave(Q(di))

diESj

(6)
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where S; C D denotes the j-th independent strat-
ified sample set (|.S;| = 1,000), and avg(-) repre-
sents the arithmetic mean across the eight evalua-
tion dimensions.

Dataset Samples Avg. Tokens Scoring
TERD 68,044 695.75 6.19
ETRD 97,290 540.54 6.23

Table 1: Statistics of TERD, ETRD Datasets

4.6 DualES Framework

To comprehensively investigate the Text-to-ES bidi-
rectional duality from both training and prompt-
ing perspectives, we propose the DualES frame-
work. This framework encompasses four progres-
sive strategies: three training-based paradigms
(DualES-FD, DualES-BD, and DualES-MT) and
one prompting-based mechanism (DualES-CoRE).
As illustrated in Figure 2, the former three fo-
cus on internalizing bidirectional dual knowledge
through supervised fine-tuning, while the latter
leverages collaborative reasoning to further en-
hance the model’s inference capabilities.

(1) DualES-FD (Forward Reasoning): A base-
line strategy focused exclusively on the Text-to-
ReasonES task using the TERD dataset to optimize
the forward mapping 7' — (R, E).

(2) DualES-BD (Backward Reasoning): A base-
line strategy focused exclusively on the ES-to-
ReasonText task using the ETRD dataset to op-
timize the backward mapping E — (R, T').

(3) DualES-MT (Multi-Task Fine-tuning): A
unified strategy where a single model is fine-tuned
on both TERD and ETRD datasets, encouraging the
internalization of bidirectional semantic mappings
through shared parameters.

(4) DualES-CoRE (Bidirectional Collaborative
Reasoning): Our proposed refinement framework.
Unlike the one-pass strategies, DualES-CoRE uti-
lizes Model B as a semantic validator to provide
feedback for Model A. Formally, the reasoning
state at iteration ¢ is updated as:

(R, E)tD = Model, <T,S,FB(E(t),T)) 7

where FB(E, T') is the feedback function defined
by the conjunction of structural and semantic con-
sistency:

FB(E, T) = Vie(E) A Viem(Modelz(E), T) (8)

Here, Vg, and Ve represent the structural valida-
tor and the semantic consistency judge performed
by Model B, respectively.

5 Experiment Setting

Train Data and Train Models Finally, we con-
structed the TERD and ETRD inference datasets
(detailed statistics in Table 1), on which we trained
our models Qwen2.5-Coder-14B-FD, -BD, -MT,
and -CoRE, based on the four DualES strategies
applied to Qwen2.5-Coder-14B-Instruct. The mod-
els are fine-tuned for 3 epochs using LoRA. All
experiments are conducted on eight NVIDIA A100
(80GB) Tensor Core GPUs. Further details in Ap-
pendix C.1.

Baseline Models and Methods We compare
our models with 1) General LLMs, including
the Qwen2.5 series (Qwen et al., 2025) (14B,
32B, 72B-Instruct), GLM-4-9B-0414 (Glm et al.,
2024), and the Qwen3 series (Yang et al., 2025)
(4B, 8B, 14B, 32B, and 30B-A3B); 2) Code
LLMs, comprising Qwen2.5-Coder (Hui et al.,
2024) (14B, 32B-Instruct) and Qwen3-Coder-30B-
A3B-Instruct; 3) Advanced Models, including the
GPT series (Achiam et al., 2023) (40-mini, 5-mini,
4.1-Nano), Claude 4.6 Sonnet, Gemini-2.5-pro,
DeepSeek series (Guo et al., 2025) (V3.1, V3.2,
Reasoner), Qwen3-max-preview, Qwen3.5-plus,
and MiniMax-M2.5; 4) Fine-tuned Baselines,
Qwen2.5-Coder-14B-FeynMan (Xue et al., 2025)
and Qwen3-8B, 14B, 32B-SFT; and 5) Prompt-
ing Methods, such as DIN-SQL (Pourreza and
Rafiei, 2023), MAC-SQL (Wang et al., 2025a),
and MCS-SQL (Lee et al., 2025a). All experi-
ments in the main results are conducted using a
one-shot approach. For ICL selection, we utilize
the Qwen3-Embedding-0.6B model to select one
example from the train set. Further inference de-
tails in Appendix C.2.

5.1 Datasets and Evaluations

As illustrated in Table 2, we evaluate LLMs on
two datasets: LED and BirdES Xue et al. (2025).
To assess the generated queries, we employ three
key metrics: Domain-Specific Language Exact
Match (DSLEM) for literal string identity; Execu-
tion Accuracy (EX) for functional correctness via
result set comparison; and Valid Efficiency Score
(VES), which balances execution accuracy with
performance profiling to measure computational
efficiency relative to the ground truth.
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‘ LED ‘ BirdES
Models

| DSL-EM  EX VES | DSL-EM  EX VES

General Models
Qwen2.5-14B-Instruct 2.14 1591 16.25 1.62 16.96  19.68
Qwen?2.5-32B-Instruct 8.12 27.55 29.11 2.05 23.34  26.74
Qwen2.5-72B-Instruct’ 27.95 43.28 43.86 293 25.03 26.74
GLM-4-9B-0414 25.67 4490 44091 1.17 11.31 1273
Qwen3-4B 28.20 4133  42.17 2.20 11.31 11.87
Qwen3-8B 27.42 44.18 4491 1.40 13.58 13.86
Qwen3-14B 27.81 4533  47.28 1.47 14.02 14.31
Qwen3-30B-A3B 26.84 47.87 46.44 4.19 22.69 2297
Qwen3-32B 30.21 48.21 48.37 3.67 31.20 32.10
Code Models
Qwen2.5-Coder-14B-Instruct 2.22 19.49 21.64 3.30 22.32 2296
Qwen2.5-Coder-32B-Instruct’ 26.57 43.79 44.84 3.34 24.81 28.16
Qwen3-Coder-30B-A3B-Instruct 26.90 50.21 5141 3.16 32.16 33.72
Advanced Models
MiniMax-M2.5 22.08 44.19 4420 3.01 25.55 25.65
GPT-5-mini 25.55 44.55 43.64 3.04 4041 4233
GPT-40-mini 21.45 43.87 44.09 5.13 27.01 27.24
GPT-4o' 30.15 48.73 4942 7.78 42.80 44.89
GPT-4.1-Nano 27.42 60.86 62.17 3.01 2326 23.48
Qwen3-max-preview 29.04 61.02 61.39 8.34 48.97 50.27
Qwen3.5-plus 29.62 61.73  60.08 6.69 4522 4548
Gemini-2.5-pro 24.36 58.65 3035 5.65 49.77 51.03
Claude4.6 Sonnet 33.04 60.86 61.96 8.07 49.12  47.35
Deepseek-V3.1 25.53 55.04 56.35 5.36 36.12  36.71
Deepseek-V3.2 26.97 59.84 60.58 4.04 41.77 4227
Deepseek-Reasoner 22.15 61.71  62.60 5.07 46.39 46.94
Fine-tuning Models
Qwen2.5-Coder-14B-FeynMan 48.27 6231 63.25 7.05 40.61 37.82
Qwen3-8B-SFT 3543 50.81 51.97 2.87 24.8 26.8
Qwen3-14B-SFT 41.80 60.70 61.13 7.92 40.24 41.87
Qwen3-32B-SFT 36.73 63.81 62.84 8.72 4499 46.22
Qwen2.5-Coder-14B-MT(ours) 26.82 67.61 68.35 4.63 48.50 50.20
Prompting Methods

MAC+GPT-40 mini 3.44 36.39 38.04 3.40 9.03 1391
MCS+Qwen3-8B 21.77 45.61 45.88 1.39 9.32  13.01
DIN+Qwen3-8B 0.39 10.20 10.84 0.00 3.52 4.78
DualES-CoRE(ours) 27.31 69.23  68.96 8.81 50.14 50.86

Table 2: Performance comparison on LED and BirdES benchmarks.  denotes the result from Xue et al. (2025).
Bold denotes the best performance. Underline denotes the second performance.

5.2 Main Results

As shown in Table 2, we evaluate our models across
two benchmarks: Overall: 1) Comparison with
Advanced Models. Our DualES-CoRE strategy
achieves SOTA performance with 69.23 EX on
LED and 50.14 EX on BirdES, surpassing all pro-
prietary models, including the strongest baselines
Qwen3.5-plus (61.73) and Gemini-2.5-pro (49.77).
2) Comparison with Fine-tuning Models. Com-
pared to the FeynMan baseline, which is limited
by suboptimal schema selection, DualES-CoRE
achieves significant performance boosts of +6.92%
and +9.53% in terms of EX on LED and BirdES,
respectively. Similarly, Qwen2.5-Coder-14B-MT

demonstrates robust improvements, yielding gains
of +5.3% and +7.89% EX on the same bench-
marks. This demonstrates the effectiveness of our
DualES framework, showcasing improvements in
both training methodology and prompting strate-
gies. 3) Comparison with Qwen Series. We ob-
serve a clear generational leap: Qwen3-32B com-
prehensively outperforms the larger Qwen2.5-72B-
Instruct by 3.37% on LED and 7.13% on BirdES.
While Qwen3-Coder-30B-A3B is the top open-
source baseline, it still lags significantly behind
our Qwen2.5-Coder-14B-MT model and Dual ES-
CoRE strategy. 4) Comparison with Prompting
Methods. Standard Text-to-SQL prompting meth-
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Figure 3: Performance of various models on LED and BirdES benchmarks under different DualES training strategies.

ods (e.g., DIN, MAC) generally underperform in
the ES domain. MCS is the sole exception, yielding
a 1.43% improvement on LED likely due to its test-
time-scaling (Liu et al., 2025a) nature. This results
suggest that Text-to-ES demands deep structural
adaptation rather than simple prompt engineering.

5.3 Ablation Study

To explore the bidirectional duality within the Text-
to-ES task, we conducted experiments using the
Qwen2.5 (7B, 14B, Coder-7B, Coder-14B) and
Qwen3 (8B, 14B) series under various training
configurations. These include Zero-shot, Fine-
tuning (Direct SFT), DualES-FD, Dual-BD, and
Dual-MT. The results, as illustrated in Fig. 3,
lead to the following observations: 1) SFT sig-
nificantly enhances model performance. Com-
pared to the zero-shot baseline, direct fine-tuning
yields a substantial leap across all models. For
instance, the EX score of Qwen2.5-14B on the
LED task surged from 16.96% to 61.10%, demon-
strating the necessity of task-specific adaptation
for complex mapping tasks. 2) Dual-FD further
breaks the performance ceiling. Building upon
the Direct SFT, the FD variants achieved supe-
rior results across the entire Qwen series. Specifi-
cally, Qwen2.5-Coder-7B witnessed an EX score
increase from 47.63% to 65.72% on the LED task,
which validates the effectiveness of our synthesized
TERD dataset in strengthening logical reasoning.
3) Dual-BD further boosts model performance

when the model possesses strong coding capabil-
ities. Overall, incorporating backward reasoning
in isolation—without simultaneous forward train-
ing—tends to decay downstream performance. For
example, the top-performing Qwen3-14B saw an
EX score drop of approximately 8.27% on the LED
dataset compared to direct inference. Intriguingly,
Qwen2.5-Coder-14B exhibited positive gains on
both datasets under Dual-BD. This suggests that the
latent mapping information within the ES-to-Text
data can provide positive gradients for Text-to-ES
tasks only when the model has sufficient parameter
capacity or domain-specific prior knowledge (e.g.,
code pre-training) to decode such inverse relation-
ships. 4) Dual-MT offers differential advantages
based on model capacity. Our results indicate
that simultaneous learning of both directions typi-
cally surpasses single-direction logic. Notably, for
stronger models like the Qwen3 series and Coder-
14B, the performance increment from FD to MT
is relatively marginal. In contrast, weaker mod-
els (e.g., Qwen2.5-7B and 14B) exhibit more pro-
nounced improvements. We hypothesize that while
stronger models may reach a knowledge satura-
tion point through the TERD dataset alone, smaller
models rely more heavily on the ETRD path for
essential knowledge compensation.

5.4 Analysis on Dual-CoRE

To investigate the impact of different modules
within CoRE on task performance, we further
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Models LED BirdES
DSLEM EX VES DSLEM EX VES
Qwen3-14B-FD 3460 63.60 6545 5.15 45.70 46.40

Qwen2.5-14B-FD 26.60 62.12 63.18 6.14 42.90 43.10
Qwen2.5-Coder-14B-FD 3172 67.51 68.21 7.31 47.30 47.60
Qwen2.5-Coder-14B-MT 26.82 67.61 68.35 4.63 48.50 50.20

Qwen2.5-Coder-14B-CoRE® (Format-Rethink) ~ 32.13  67.89 68.64 7.23
QwenZ.S-Coder—MB»CoRE“‘ (Format-Rethink)  29.32 68.26 68.65 5.12

Qwen2.5-Coder-14B-CoRE® (Content-Rethink) 29.29 68.94 68.87 7.34
QwenZ.S-Coder—MB-CuRE"‘ (Content-Rethink) 27.31 69.23 68.96 8.81

47.54 4733
48.73 49.17

48.15 49.26
50.14 50.86

Qwen2.5-Coder-14B-FD (Self-Rethink) 29.10 66.80 68.40 3.52 44.00 44.20
Qwen2.5-14B-FD (Self-Rethink) 2590 5570 57.40 3.01 40.30 42.00
Qwen3-14B-FD (Self-Rethink) 17.50 38.00 38.90 4.62 45.70 46.60

Table 3: & and & denote base models are Qwen2.5-
Coder-14B-FD and Qwen2.5-Coder-14B-MT, respec-
tively.

conduct ablation studies on the Format-Rethink,
Content-Rethink and Self-Rethink modules. We
use Qwen2.5-Coder-7B-FD and Qwen2.5-Coder-
14B-MT as the forward inference models. The ex-
perimental results are summarized in Table 3. We
observed that:1) The gains from Format-Rethink
were minimal. This suggests that the model
has already internalized the predefined reasoning
paths during the supervised fine-tuning (SFT) pro-
cess, making additional format-level self-reflection
largely redundant. 2) Content-Rethink yielded a
substantial performance boost. This observation
aligns with the findings of Chen et al. (2025a), Peng
et al. (2026) and Li et al. (2026) in the Text-to-SQL
domain. By prompting the model to translate the
generated ES query back into the original natural
language text, the system can perform verification
at the semantic level. This process effectively iden-
tifies and rectifies logical discrepancies between
the user’s intent and the query structure. Addition-
ally, we evaluate and compare the effectiveness of
CoRE against the Self-Rethink approach.3) Self-
Rethink leads to a performance degradation.
Instead of improving accuracy, the model’s perfor-
mance decreased after applying the Self-Rethink
strategy. This aligns with recent studies (Huang
et al., 2023) which demonstrate that large language
models often lack the intrinsic capability for ef-
fective self-correction in the absence of external
feedback signals. The complete case are shown in
Table 4.

5.4.1 Analysis on Think Mechanisms

To evaluate the impact of the think mechanism on
Text-to-ES tasks, we compared five models rang-
ing from Qwen-4B to Qwen3-Coder-30B-A3B (see
Figure 4). Our analysis reveals that the think mode
generally enhances model performance, with a
particularly pronounced boost observed in Qwen-

zero-shot one-shot

Figure 4: The impact of think mechanisms on model
performance under zero-shot and one-shot settings.

30B-A3B. This suggests that the reasoning process
effectively unlocks the model’s latent potential, en-
abling Qwen-30B-A3B to achieve performance lev-
els nearly on par with Qwen3-Coder-30B.

5.5 Analysis on Data Synthesis Strategies

We evaluate models fine-tuned on LLM-Generation
versus Human-Assignment strategies using the
LED benchmark (Figure 5). Results indicate that
both datasets yield comparable performance;
across zero-shot (blue) and one-shot (red) settings,
the gap between LLM-generated data (light shades)
and human assignments (dark shades) remains
marginal. Specifically, the two approaches achieve
competitive EX scores of 66.85% and 67.50%,
respectively. This demonstrates that synthesized
prompts can effectively match the quality of man-
ual assignments for task-specific fine-tuning.

DSLEM EX VES

Figure 5: Performance comparison on LED benchmark
between LLM-Generation and Human-Assignment.

6 Conclusion

This paper comprehensively explores the bidirec-
tional duality of the Text-to-ES task through both
training and prompting perspectives. We introduce
a systematic pipeline to construct two large-scale
reasoning datasets, TERD and ETRD. Based on
these, we propose the DualES framework, which
integrates three training strategies (FD, BD, MT)
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and an prompting strategy (CoRE). Extensive ex-
periments validate that leveraging such duality sig-
nificantly boosts performance, demonstrating the
effectiveness of the DualES framework in internal-
izing and applying bidirectional dual knowledge.

Limitations

Despite the significant performance gains achieved
by DualES, this study has several limitations: (1)
Language and Domain Coverage: While TERD
and ETRD cover a wide range of search scenarios,
they are primarily focused on English and general-
purpose datasets; their zero-shot transferability to
highly specialized vertical domains, such as medi-
cal or legal indexing, requires further investigation.
(2) Inference Overhead: Although offline SFT inter-
nalizes duality into model weights, the dual-model
collaborative inference mechanism introduces ad-
ditional computational costs compared to a sin-
gle forward model, which may pose challenges
for latency-sensitive real-time applications. (3)
Dynamic Schema Adaptation: Our framework as-
sumes relatively stable database schemas; for envi-
ronments with frequently evolving data structures,
incorporating more flexible retrieval-augmented
generation (RAG) techniques could further en-
hance the model’s adaptability without frequent
retraining.

Ethical Considerations

This work focuses on the Text-to-ES task and con-
ducts experiments on two open-sourced datasets
(LED and BirdES), which have been published and
provided for scientific research. Our TERD and
ETRD do not involve any privacy concerns. We
will release these datasets publicly for research pur-
poses in the future. To our knowledge, there are no
other potential ethical implications associated with
the proposed datasets.
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A Data Construction Details

A.1 Detail validation for TERD

we argue that complex Elasticsearch (ES) reasoning data should be constructed following a multi-step
procedure: i) Rewrite and analyze the question; ii) Identify index-related information involved in the
question; iii) Explore the mapping between user queries and the index schema; iv) Select appropriate
ES query syntax keywords; v) Determine whether the query involves aggregation operations; vi) Define
appropriate post-processing code logic; vii) Synthesize the complete reasoning flow. The corresponding
prompts are shown in Figure 8, Figure 9.

A.2 Detail validation for ETRD

The generated natural language description must meet the following quality standards: (i) it should clearly
mirror the structure and components of the original Elasticsearch query, allowing for easy identification and
mapping back to specific query elements; (ii) it must comprehensively cover all key components including
filters, aggregations, sorting, and field selections without omission; (iii) the language should be easy to
understand and follow, utilizing precise and appropriate terminology to make the query intent accessible;
(iv) the description must maintain logical consistency, with each part transitioning smoothly to the next,
free of contradictions or abrupt shifts; (v) all parameters, values, ranges, and constraints from the original
query must be represented exactly as they are, without any misinterpretation or alteration; (vi) if the query
includes aggregations, they must be correctly interpreted and explained in clear, natural language; (vii)
the description should retain the complete semantic meaning and context of the original query, ensuring
that its intent is fully and accurately conveyed throughout the conversion. The corresponding prompts are
shown in Figure 10.

A.3 Data annotation detail graph

TERD ETRD

FullText FullText

Geography
Joining

Geography
Joining

Aggregation Aggregation

Specialized Specialized

TermLevel TermLevel

Figure 6: Percentage distribution chart of different categories.

TERD ETRD
Hard Hard

15.8% 14.5%
Eas!
Easy Y
Medium Medium

Figure 7: Percentage distribution chart of different difficulty.
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B Supplement for Dual-CoRE
B.1 Case of Dual-CoRE

Table 4: Case Study: Complete DualES Reasoning with Step-by-Step Thought and Initial Output

Category Content
Question Please specify all of the schools and their related mailing zip codes that are under Avetik Atoian’s administration.
Schema Index: california_schools_schools

Fields: School, MailZip, AdmFNamel, AdmLNamel, AdmFName2, AdmLName2, AdmFName3, AdmLName3...

Text-to-ES Reason

Reasoning:
1. Problem Analysis: 1dentify schools and mailing zip codes under "Avetik Atoian". Requires matching admin name
and returning School and MailZip.
2. Determine Index: The relevant index is california_schools_schools because it contains administrator names,
school name, and mailing zip code.
3. Field Mapping: Match either: AdnFName1 + AdmLName1, AdmFName2 + AdmLName2, or AdnFName3 + AdmLName3
4. Query Type Selection: Use a bool query with should clauses for name combinations.
5. Aggregation Needs: None. We need raw documents.
6. Result Post-processing: Extract School and MailZip from each hit.
7. Query Logic: Build a bool query with should clauses for each combination.
ESCode: # Initial Answer Output
query = { "query”: { "bool”: { "should": [

{ "bool”: { "must": [ {"term”: {"AdmFNamel.keyword": "Avetik"}}, {"term":
{"AdmLName1.keyword”: "Atoian"3}} 1 } 3},

{ "bool”: { "must": [ {"term”: {"AdmFName2.keyword": "Avetik"}}, {"term”:
{"AdmLName2.keyword”: "Atoian"}} 1 } 3},

{ "bool”: { "must": [ {"term”: {"AdmFName3.keyword": "Avetik"}}, {"term":
{"AdmLName3.keyword": "Atoian"}} 1 } }
1, "minimum_should_match”: 1 } 3}, "_source”: ["School”, "MailZip"] }
response = esclient.search(index="california_schools_schools"”, body=query, size=1000)
# Extract results
result = []; for hit in response[’hits’]J[’hits’]:

source = hit[’_source’]; school = source.get(’School’, ”);

mail_zip = source.get(’MailZip’, ”); result.append((school, mail_zip))

ES-to-Text Reason

Reasoning: The index schema indicates that the query is targeting the california_schools_schools index. The
query uses a boolean should clause with three must conditions, each checking for an exact match on the
administrator’s names across AdmFName1, AdmLName1; AdmFName2, AdmLName2; and AdmFName3, AdmLName3. The
minimum_should_match of 1 means at least one condition must be true. The query requests School and MailZip.
Therefore, the query aims to find schools where at least one administrator named Avetik Atoian is listed.

Generated Question: What are the names and mailing zip codes of schools that have an administrator named Avetik
Atoian, regardless of whether they are listed as the first, second, or third administrator?

Format Rethink The model confirmed adherence to the step-by-step reasoning and output constraints.
Reason: Both questions seek information about schools for Avetik Atoian. However, the original question specifies
schools "under his administration," implying he is the primary administrator. The generated question broadens this to
Content Rethink any of the.: three administrator slots'. Since the original focuses on primary administration and the generated includes
any position, the filters are not equivalent.
Judge: DIFFERENT - The original question specifies schools under administration, while the generated includes
schools where he is listed in any slot, broadening the scope.
query = { "query”: { "bool”: { "must”: [
{"term": {"AdmFNamel.keyword”: "Avetik"}},
{"term”: {"AdmLNamel.keyword”: "Atoian"}}
Final EScode 133, "_source”: ["School”, "MailZip"”] }

for doc in scan(client=esclient, index=index_name, query=query):
source = doc["_source”]
result.append((source["School”], source["MailZip"]1))

Golden ES Code

query = { "query”: { "bool”: { "must": [
{"term": {"AdmFName1l.keyword": "Avetik"}},
{"term"”: {"AdmLName1l.keyword”: "Atoian"}}
13} 3}, "_source”: ["School”, "Mailzip"] }
index_name = "california_schools_schools”
for doc in scan(client=esclient, index=index_name, query=query):
source = doc["_source”]
result.append((source["”"School”], source["MailZip"1))
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B.2 Pseudo Code of Dual-CoRE

Algorithm 1 Dual-CoRE Framework

Require: Query Q)

Ensure: Optimized ES Query ES¢;,q
1: feedback + ()
2: Steps < {Analysis, Index, Mapping, Type, Aggregation, Post-proc, Logic}
3: repeat

4 (Reason, ES) < ModelA(Q + feedback) /I Stage 1: Reasoning
5 if Format is invalid or Reason misses any s € Steps then

6: Miss < Steps \ IdentifySteps(Reason)

7 feedback + "Refine reasoning process, missing: " + Miss

8 continue

9 else

10: Tyen < ModelB(ES) /I Stage 2: Result Reflection
11: if Compare(Tyer, Q) = SAME then

12: return £S

13: else

14: feedback < "Discrepancy detected: " + Diff(Tgep, Q)

15: end if

16: end if

17: until reached max_attempts

C Experiment Details

C.1 Training Details

For model training, we utilize Swift. For training on our datasets, we adopt the LoORA method with the
following hyperparameters: number of epochs = 1, learning rate = le-4, batch size = 64, rank r = 64, and
alpha o = 256. The base models include Qwen2.5-7B-Instruct, Qwen2.5-Coder-7B-Instruct, Qwen2.5-
14B-Instruct, Qwen2.5-Coder-14B-Instruct, Qwen3-8B, and Qwen3-14B, which are fine-tuned using four
strategies: Dual-FD, Dual-BD, Dual-MT, and Dual-CoRE. All models are trained on a cluster of eight
NVIDIA A100 (80GB) GPUs.

C.2 Inference Details

For local model inference, we accelerate LLM serving using vVLLM. For API-based inference, we utilize
the APIs from for All the Advanced Models in Table 2. In all experiments, we set the temperature to
0.0001 and the maximum token limit to 7500. The detailed prompt can be found in Figure 13.
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D Other Experiments

LED BirdES
DSLEM EX VES DSLEM EX  VES

Models

Zero-shot

MiniMax-M2.5 1.56 2547 2692 1.39 17.55 18.69
GPT-40-mini 6.10 3346 35.01 1.47 9.04 9.14
GPT-4.1-Nano 2.53 34.04 3531 1.62 16.00 16.52
Qwen3-max-preview 4.28 32.48 34.21 4.12 40.82 41.32
Deepseek-V3.1 3.63 2729 2793 4.42 30.61 31.78
Deepseek-V3.2 4.42 30.60 32.30 3.38 27.02 27.66
Deepseek-Reasoner 2.14 28.07 29.54 4.56 34.43 3485

One-shot

MiniMax-M2.5 22.08 44.19 4420 3.01 25.55 25.65
GPT-40-mini 2145  43.87 44.09 5.13 27.01 27.24
GPT-4.1-Nano 2742  60.86 62.17 3.01 2326 23.48
Qwen3-max-preview  29.04  61.02 61.39 8.81 48.97 50.27
Deepseek-V3.1 2553  55.04 56.35 5.36 36.12  36.71
Deepseek-V3.2 26.97  59.84 60.58 4.04 41.77 4227
Deepseek-Reasoner 22.15 61.71 62.60 5.07 46.39 46.94

Table 5: Zero-shot vs One-shot performance improvement.

E Prompt Examples

You are an Elasticsearch query expert. Your task is to analyze a natural language question and derive the correct Elasticsearch query and post-processing code through a step-by-step reasoning process — without
relying on any provided example code.

# Important Guidelines:
- Do NOT reference or copy any example code — reason from first principles.

- Your reasoning must be realistic and reflect how an expert would approach the problem.

- The final code must be syntactically correct and functionally equivalent to the expected solution.
- Use only the fields and structure defined in the provided index schema.

# Follow this structured reasoning process:
1.Problem Analysis: Understand what the user is asking for — identify the core intent and desired outcome. If the problem is complex, break it down into multiple sub-problems.
2.Determine Index: Based on the problem analysis, determine which index name needs to be queried. Also determine whether cross-index queries are required.
3 Field Mapping: Determine which Elasticsearch fields are relevant based on the schema and question context.
4.Query Type Selection: Decide the appropriate query structure (e.g., match, term, range, bool, nested, etc.).
5.Aggregation Needs: Determine if aggregation (e.g., terms, stats, date_histogram) is required to summarize or group results.
6.Result Post-processing: Plan how to transform the raw ES response into the expected output format (e.g., extracting values, flattening nested structures).
7.Query Logic: Outline the general logic of the query code — a brief pseudocode snippet can be provided.
# Other important guidelines:
i query code and post
Use the pre-defined 'esclient' directly — do not redefine it.
Store the final result in a tuple variable named 'result'.
Do not include any print() statements.
Elasticsearch Index Schema:
{item.get('index_mapping’, ")}

Elasticsearch Field Descriptions:
fitem.get('field_descriptions', ")}

Natural Language Question:
{item.get(question, ")

ES Query Code:
{item.get('query’, ")}

# Output format:
<think>..think process...</think><answer>...final code...</answer>

Figure 8: Construction prompt for the TERD dataset(Human-Assigned).
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You are an Elasticsearch query expert. Your task is to analyze a natural language question and derive the correct Elasticsearch query and post-processing code through a step-by-step reasoning process — without
relying on any provided example code.

# Important Guidelines:

- Do NOT reference or copy any example code — reason from first principles.

- Your reasoning must be realistic and reflect how an expert would approach the problem.

- The final code must be syntactically correct and functionally equivalent to the expected solution.
- Use only the fields and structure defined in the provided index schema.

# Follow this structured reasoning process:

1. Problem Analysis: Understand what the user is asking for — identify the core intent and desired outcome.

2. Field Mapping: Determine which Elasticsearch fields are relevant based on the schema and question context.

3. Query Type Selection: Decide the appropriate query structure (e.g., match, term, range, bool, nested, etc.).

4. Filtering & Conditions: Identify all filtering criteria, including exact matches, ranges, date constraints, or boolean logic.

5. Aggregation Needs: Determine if aggregation (e.g., terms, stats, date_histogram) is required to summarize or group results.

6. Result Post-processing: Plan how to transform the raw ES response into the expected output format (e.g., extracting values, flattening nested structures).

# Other important guidelines:

Elasticsearch query code and post-processing

Use the pre-defined 'esclient' directly — do not redefine it.
Store the final result in a tuple variable named '"result'.

Do not include any print() statements.

Elasticsearch Index Schema:

{item.get('index_mapping', ")}

Elasticsearch Field Descriptions:
{item.get('field_descriptions', ")}

Natural Language Question:
{item.get(question, ")

ES Query Code:
{item.get('query’, ")}

# Output format:
<think>...think process...</think><answer>...final code...</answer>

Figure 9: Construction prompt for the TERD dataset(LLM-Generated).

You are an Elasticsearch query expert. Your task is to analyze an Elasticsearch query (including its index schema and query body) and generate a precise, fluent natural language question that captures the exact
intent of the query—through a step-by-step reasoning process, without relying on any provided example question.

Important Guidelines:

- Do NOT reference, mimic, or reproduce the provided natural language question.

- Reason from first principles using only the index schema and the actual query logic.

- The generated question must be semantically equivalent to the Elasticsearch query: every filter, range, match, and
- Use clear, domain-appropriate terminology based on the field descriptions (e.g., “mass in grams” not just “mass”).
- The question should specify what information is to be returned, based on the *_source’ fields in the query.

must be reflected.

Follow this structured reasoning process:
1. Index Schema Understanding: Examine the index mapping and field descriptions to understand the meaning, data type, and domain context of each relevant field (e.g., 'geolocation’ is a geo_point representing
latitude/longitude; 'mass' is in grams).
2. Query Structure Analysis: Identify the top-level query type (e.g., bool, match_all) and decompose its clauses (must, filter, should, etc.).
3. Condition Interpretation: Translate each query clause into its semantic intent:
- A 'match’ or ‘term’ on a keyword-like field — exact categorical match (e.g., class = "Iron, IIE-an")
- A ‘range’ query — numerical or temporal constraint (e.g., mass < X grams, year after Y)
- A "geo_bounding_box’ — spatial constraint within a rectangle defined by two corners
4. Output Specification Analysis: Inspect the *_source’ field list to determine which attributes should be included in the result, and reflect this in the natural language question (e.g., “list the name, mass, and
geolocation”).
5. Synthesis: Combine all interpreted conditions and output requirements into a single, coherent, grammatically correct natural language question that fully represents the query’s intent.

Elasticsearch Index Schema:
{item.get('index_mapping', ")}

Elasticsearch Field Descriptions:

{item.get('field_descriptions', ")}

Elasticsearch Query Code:
{item.get('query', ")}

Natural Language Question:
{item.get(Question, ") }

Output Format:
<think> think process</think><answer>natural language question</answer>

Figure 10: Construction prompt for the ETRD dataset.
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You are an expert Elasticsearch query
requirements, and index interaction patterns.

in difficulty Your task is to analyze the complexity of Elasticsearch queries based on their structural complexity, logical reasoning

# Difficulty Classification Criteria:

**Easy**: Simple queries with minimal conditions and straightforward logic
- Single index operations only

- Basic query types (match, term, range)

- No nested queries or complex boolean combinations

- Direct field-to-value mappings

**Medium**: Queries with moderate complexity requiring logical reasoning
- Multi-condition queries with boolean logic (AND/OR/NOT)

- Single index with nested query structures

- Involves exactly two indices with simple joins/associations

- Basic ions or sorting requi

**Hard**: Complex queries requiring and optimization
- Involves three or more indices

- Complex nested query structures with multiple levels

-Ad d i subqueries, or cross-index operations

- Requires sophisticated data modeling and query optimization

# Analysis Task:
Evaluate the difficulty level of the following Elasti h query i

1 ion:

**Index Schema:**
{item.get('index_mapping', ")}

**User Question:**
{item.get(Question, ") }

**Generated Solution (Reasoning + Code):**
{item.get('prompt_answer’, ")}

Respond with exactly one difficulty level: Easy, Medium, or Hard.

Figure 11: Difficulty classification prompt.

You are an Elasticsearch query evaluation expert. Your task is to evaluate the quality of a generated Elasticsearch query and reasoning process based
on the given criteria.

# Evaluation Criteria (1-8 scale, where 8 is perfect):

. **Syntax Correctness**: Code has no syntax errors, proper structure and formatting

. **Logic Correctness**: Query logic correctly addresses the user's question

. **Reasoning Quality**: Step-by-step analysis is thorough and expert-level

**Schema Compliance**: Proper use of index schema, correct field types (especially keyword vs text fields), no invalid field references
**Query Appropriateness**: Query type selection matches the task requirements

**Result Processing**: Post-processing correctly transforms results to expected format

. **Efficiency**: Query is optimized, avoids unnecessary complexity

. **Completeness**: Solution fully addresses all aspects of the user's question

© LA W~

Elasticsearch Index Schema:
{item.get('index_mapping', ")}

Natural Language Question:
{item.get(question, ")}

Expected Correct ES Query:
{item.get('query', ")}

Generated Reasoning and Code:
{item.get('prompt_answer’, ")}

Output only a single number between 1.0 and 8.0 representing the overall quality score:

Figure 12: Data quality scoring prompt.
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# Follow this structured reasoning process:

1.Problem Analysis: Understand what the user is asking for — identify the core intent and desired outcome. If the problem is complex, break it down into
multiple sub-problems.

2.Determine Index: Based on the problem analysis, determine which index name needs to be queried. Also determine whether cross-index queries are
required.

3.Field Mapping: Determine which Elasticsearch fields are relevant based on the schema and question context.

4.Query Type Selection: Decide the appropriate query structure (e.g., match, term, range, bool, nested, etc.).

5.Aggregation Needs: Determine if aggregation (e.g., terms, stats, date_histogram) is required to summarize or group results.

6.Result Post-processing: Plan how to transform the raw ES response into the expected output format (e.g., extracting values, flattening nested structures).
7.Query Logic: Outline the general logic of the query code — a brief pseudocode snippet can be provided.

# Relevant Examples:

# Input

INDICES DESCRIPTION:
{indices_desc}

Fields Description:
{fields_desc}

QUESTION: {question}
SUPPLEMETN: {improve}
ANSWER:

# Output format
<think>...reasoning process...</think><answer>...final code...</answer>

Figure 13: Text-to-ESReason prompt.

You are an Elasticsearch query expert. Your task is to analyze an Elasticsearch query (including its index schema and query body) and generate a precise, fluent natural
language question that captures the exact intent of the query—through a step-by-step reasoning process, without relying on any provided example question.

Important Guidelines:

- Do NOT reference, mimic, or reproduce the provided natural language question.

- Reason from first principles using only the index schema and the actual query logic.

- The generated question must be semantically equivalent to the Elasticsearch query: every filter, range, match, and geographic condition must be accurately reflected.
- Use clear, domain-appropriate terminology based on the field descriptions (e.g., "mass in grams" not just "mass").

- The question should specify what information is to be returned, based on the *_source’ fields in the query.

Follow this structured reasoning process:
1. Index Schema Understanding: Examine the index mapping and field descriptions to understand the meaning, data type, and domain context of each relevant field.
2. Query Structure Analysis: Identify the top-level query type (e.g., bool, match_all) and decompose its clauses (must, filter, should, etc.).
3. Condition Interpretation: Translate each query clause into its semantic intent:
- A "match’ or ‘term’ on a keyword-like field — exact categorical match
- A ‘range’ query — numerical or temporal constraint
- A "geo_bounding_box® — spatial constraint within a rectangle defined by two corners
4. Output Specification Analysis: Inspect the *_source' field list to determine which attributes should be included in the result, and reflect this in the natural language
question.
5. Synthesis: Combine all interpreted conditions and output requirements into a single, coherent, grammatically correct natural language question that fully represents
the query's intent.
Elasticsearch Index Schema:
{index_mapping}

Elasticsearch Query Code:
{query}

Output Format:
<think> Thinking process</think><answer>natural language question</answer>

Figure 14: ES-to-TextReason prompt.
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You are an expert evaluator for Text-to—ES (natural language to Elasticsearch query) systems. Your task is to judge whether the reasoning process provided for
converting the user question into an ES query is acceptable. Evaluate only the reasoning process (the step-by-step analysis), not the final code correctness.

Consider the following criteria when judging the reasoning process:

— Problem Analysis: The reasoning should identify what the user is asking for — core intent and desired outcome; if the problem is complex, it should break it down into
sub-problems.

— Determine Index: Based on the problem analysis, the reasoning should determine which index name(s) to query and whether cross—index queries are required.

— Field Mapping: The reasoning should determine which Elasticsearch fields are relevant based on the schema and question context.

— Query Type Selection: The reasoning should decide the appropriate query structure (e.g., match, term, range, bool, nested, etc.).

— Aggregation Needs: The reasoning should determine if aggregation (e.g., terms, stats, date_histogram) is required to summarize or group results.

— Result Post-processing: The reasoning should plan how to transform the raw ES response into the expected output format (e.g., extracting values, flattening nested
structures).

— Query Logic: The reasoning should outline the general logic of the query — e.g. a brief pseudocode or step-by-step logic of how the query will be built and executed.
If the reasoning process meets these criteria overall (where applicable to the question), answer KEEP. If it has serious problems (e.g. major missing steps, vague or
inconsistent reasoning, failure to cover key aspects like index/field/query—type), answer DISCARD.

Reply in the following JSON format only, with no other text. The "decision" field must be exactly either "KEEP" or "DISCARD":
{{"decision": "KEEP", "reason": "<brief one-sentence reason>"}}

Natural Language Question:
{item.get(question, ")}

Index Schema:
{item.get(‘index_mapping', ")}

Field Descriptions:
{item.get('field_descriptions', ")}

Golden ESCode:
{item.get('query’, ")}

Reasoning Process to Evaluate:
{reasoning_text}

Figure 15: TERD evaluation prompt.

You are an expert evaluator for Elasticsearch query to natural language conversion systems. Your task is to judge whether the conversion from Elasticsearch query to
natural language text is acceptable.

Consider the following criteria when judging:

— The generated text should clearly reflect the structure and key components of the original Elasticsearch query (traceability).

— It should cover filters, aggregations, sorting, field selections without omitting important components (coverage).

— It should be easy to understand with clear terminology (comprehensibility).

— It should be logically consistent without contradictions (logical coherence).

— Parameters, values, ranges, and constraints should be accurately represented (parameter accuracy).

— Aggregations, if any, should be correctly interpreted in natural language (aggregation interpretation).

— The complete semantic meaning and context of the original query should be preserved (context integrity).

If the conversion meets these criteria overall, answer KEEP. If it has serious problems (e.g. major omissions, wrong parameters, incoherent or misleading description),
answer DISCARD.

Reply in the following JSON format only, with no other text. The "decision" field must be exactly either "KEEP" or "DISCARD":
{{"decision": "KEEP", "reason": "<brief one-sentence reason>"}}

Original Elasticsearch Query:
{item.get('query’, ")}

Index Schema:
{item.get('index_mapping', ")}

Field Descriptions:
{item.get('field_descriptions', ")}

Golden Quesition
{item.get(question, ")}

Generated Natural Language to Evaluate:
{reasoning_text}

Figure 16: ETRD evaluation prompt.
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