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Abstract

When reading long-form text, human cognition is complex and structurized. While
large language models (LLMs) process input contexts through a causal and sequen-
tial perspective, this approach can potentially limit their ability to handle intricate
and complex inputs effectively. To enhance LLM’s cognition capability, this paper
presents a novel concept of context structurization. Specifically, we transform
the plain, unordered contextual sentences into well-ordered and hierarchically
structurized elements. By doing so, LLMs can better grasp intricate and extended
contexts through precise attention and information-seeking along the organized
structures. Extensive evaluations are conducted across various model architectures
and sizes (including a series of auto-regressive LLMs as well as BERT-like masking
models) on a diverse set of NLP tasks (e.g., context-based question-answering,
exhaustive hallucination evaluation, and passage-level dense retrieval). Empirical
results show consistent and significant performance gains afforded by a single-
round structurization. In particular, we boost the open-sourced LLaMA2-70B
model to achieve comparable performance against GPT-3.5-Turbo as the halluci-
nation evaluator. Besides, we show the feasibility of distilling advanced LLMs’
language processing abilities to a smaller yet effective StruXGPT-7B to execute
structurization, addressing the practicality of our approach. Code is available at
https://github.com/alibaba/struxgpt!

1 Introduction

Large language models (LLMs) have emerged with remarkable language capabilities [6, 153} [1]], yet
remain at a discernible distance from human-level intelligence, especially when handling long-form,
sophisticated contexts as inputs [3,36]. Scaling up the model size has significant benefits for boosting
context-comprehension and instruction-following abilities for LLMs [47,58]. However, it is generally
resource-intensive on both model training and inference. This paper presents another perspective on
enhancing LLMs’ cognition capability without altering the models: context structurization.

The idea of structurization is motivated by neurocognitive science [51} 5, [17]. In human cognition, as
indicated in Fig. |1} sophisticated text sequences will be processed and consolidated into a structured
knowledge tree, with factual elements well-organized hierarchically [28 [15]. This process is defined
as structurization. People can precisely search information from general concepts to specific details
and make connections and comparisons along structures. We thus aim to transform plain texts into
structurized inputs, helping LLMs recognize and understand contexts in a human manner [71].

As Fig. [T]illustrates, input sequences are reorganized in a simple but generic three-layer structure:
scope, aspects, and descriptions. The scope summarizes the topic and contents, unfolding into
several main aspects with corresponding detailed descriptions. The structurized results can be freely

fWork done during Kai Liu’s research internship at Alibaba Cloud. Email: kail@zju.edu.cn.
"Corresponding authors. Email: rongxinj@zju.edu.cn, zhihang.fzh@alibaba-inc.com.

38th Conference on Neural Information Processing Systems (NeurIPS 2024).


https://github.com/alibaba/struxgpt

assembled into various natural language forms, depending on the specific downstream tasks. Fig. 2]
provides an exemplar of our overall framework: after structurizing and reassembling the vanilla
context to highlight its scope and aspects of data imbalance handling techniques, LLMs become able
to grasp the target information about the dynamic weighting strategy and generate reliable responses.

We first execute the structurization by prompt- Context
ing advanced commercial LLMs (e.g., GPT-3.5-
Turb(ﬂ or Qwen-Maxﬂ) with a few examples,
and then collect the results to train a smaller
7B-parameter LLaMA?2 [53] or Qwen [2] model
as our StruXGPT. This is motivated by [48]],
where the fundamental syntactic processing abil-
ity from giant LLMs is distilled into a responsive
and affordable StruXGPT-7B. Comprehensive
evaluations indicate that StruXGPT-7B inher- Cognition

its 97% of the structurization ability from the S Lo [Ee e
teacher model, showing our method’s feasibility.

Perceiver

Empirical experiments are conducted on a di-  Aspect: Method Overview  Aspect: Pooling Strategies  Aspeet: Model Architecture
verse set of NLP tasks (e.g., context-based  pecivcoricovdiiom  Desc NevLAD poolin
question-answering, exhaustive hallucination """ et R
evaluation, and passage-level dense retrieval). oo™ o s e e
The results show that with a single-turn struc- . .
turization by our StruXGPT, the cognition per- Figure 1: Structured cognition on sequential
formance of vanilla large language models wit- contexts. Humans may easily identify a given pas-
nesses consistent improvements regardless of $age’s topic/scope, break down the text sentences
the model architecture and size variation. In 10to several aspect points with detailed descrip-
particular, we boost the open-sourced LLaMA2- tions, and form a tree-like knowledge structure.
70B [53] to achieve comparable performance

against GPT-3.5-Turbo as a hallucination evaluator, and demonstrate the compatibility with other
advanced prompting techniques, such as CoT [59]. We hope this paper can bring new insights to the
community on building a more powerful and critical language model with human cognition.

Desc: convolution layers with

Our contribution can be summarized as follows:

* We propose the concept of structurization, in order to enhance LLM’s cognition capability
without altering the models themselves.

* We present the feasibility of distilling the structurization ability from giant commercial LLMs
into a responsive and affordable StruXGPT-7B model, making our approach practical.

e With structurization, we empirically demonstrate the consistent cognition enhancement for
various LLLMs across model architecture and size variation on diverse NLP tasks.

2 Related Work

Large language models (LLMs). LLMs’ emergent abilities [58]] has recently received extensive
attention in the literature 6,61} 9} 153} 23| 1], which are found closely related to the scaling law [26]].
When the scale reaches a certain level, the performance on complex NLP tasks significantly rises due
to the superior in-context learning, instruction following, and reasoning abilities [71} 47]. Numerous
efforts have been made to boost the model capacity with training and prompting strategies [37, 38|
59, [14], and this paper presents a new perspective, context structurization, to encourage LLMs to
perceive, recognize, and communicate like humans [55} [71], without altering the model themselves.

Context augmentation. Recent studies have proposed several context augmentation methods to
enhance LLM’s cognition ability [59| 41] on when taking the long-form context (with thousands
of tokens) as inputs [3} 136, [30]]. Specifically, aspect-based summarization (ABS) and query-based
summarization (QBS) [64}169] are designed to extract important information from lengthy text data as
well, but they require pre-defined or user-input aspect/query lists to conduct targeted summarization,
and the detailed information will be inevitably lost during the summarization process. In contrast, the
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LIM Response

Vanilla

The article does not provide information.

How are weights dynamically adjusted?

This passage talks about the data imbalance handling in NLP
tasks, which involves several aspects

1. Introduction to data imbalance. A common issue in NLP tasks Structurized To address the dominating influence
y e | ) of easy-negative examples, each
training sample is assigned a weight

proportional to $(1-p)$ ...

Figure 2: Framework overview. When instructed to generate responses based on vanilla long-form
and sophisticated contexts, LLMs often lose their focus and give unreliable answers due to their
limited cognition capability. In contrast, we structurize the vanilla context by using our StruXGPT to
identify its main scope and aspect points, facilitating the original LLMs to comprehend the context
and generate accurate responses.

paper develops context-wise structurization to highlight the knowledge structure, running a single-turn
structurization on the context to enhance LLMs’ cognition abilities on a diverse set of NLP tasks.

Structurization. In the conventional NLP literature, the term structured data usually refers to
entity-relation-entity triplets or properties extracted from plain texts, which are utilized to construct
knowledge graphs or databases with special data formats or schemas [24}|32]. On the contrary, the
structurization in this paper does not focus on entity-level information extraction and aggregation.
Instead, it suggests reorganizing the input sentences into a three-layer structure based on their inner
linguistic relations. Similar to discourse analysis and constituency parsing [10} 27]], the main purpose
of our structurization is capturing the dependencies and relations of the elements within specific
long-form text inputs, so as to enhance LLMs’ cognition of the knowledge structure and relations.

Knowledge Distillation. In the era of large language model learning, distilling specific knowledge
from giant LLMs’ outputs has commonly been used to derive a more affordable but still powerful
language model [[63, [19]]. Previous attempts, such as Standford Alpaca [50] and Vicuna [8], show
the feasibility of collecting instruction-response pairs from GPT-3.5 or GPT-4 to train a smaller
fundamental [46] or domain-specific (e.g., with reasoning [43] or coding [20] skills) language models.
Our work also distills the structurization capability from the giant Qwen-Max model to a smaller yet
effective StruXGPT-7B model, with extensive evaluations to show the efficiency and efficacy.

3 Structurization

The substantial purpose of structurization is to mimic the human cognition process and transform
plain, sequential text sentences into a well-organized, hierarchical knowledge structure. Inspired by
the linguistic discourse analysis [[11} [18]], this paper develops a three-layer hierarchy exemplar to
present the cognition/knowledge structure, as introduced in Fig. [T}

(1) Scope summarizes the topic and boundary of the textual context. It outlines the central issues of
knowledge throughout the text and the scope of the discussion that will be covered.

(2) Aspect further subdivides the input context into several parts. It presents the aspects or dimen-
sions that must be considered to fully understand the topic and scope.

(3) Description is the most specific and detailed layer. It provides in-depth descriptions and analyses
to support each aspect of the context scope.

This generic three-layer structure is derived for efficacy and efficiency in dealing with diverse textual
inputs. There might be some elaborated structures (such as a knowledge mindmap [60]) to better
deconstruct specific text sources, but the difficulty and complexity of defining, extracting, and utilizing
those structures to aid in practical problems are dramatically increased. We leave this exploration in
our future work.

Next, we will present how to implement effective structurization with minimal cost in Sec. and
demonstrate the utilization of the structurization results to enhance LLMs’ cognition abilities in
different downstream tasks in Sec.



3.1 Efficient Implementation of Structurization

We have explored two approaches to execute the structurization process by leveraging the extraor-
dinary capability of large language models: few-shot prompting on commercial LLMs and direct
instructing our developed StruXGPT models.

Few-shot commercial LLM. In the initial stage, we use two in-context examples to query the
commercial Qwen-Max model to structurize the input corpus, since it shows promising instruction-
following and textual analyzing capability with over 200B parameters El Here is a simplified example
of prompting structurization in Fig. [3] and the full template is displayed in Appendix [E.T}

However, commercial LLMs are usually slow
and expensive, and sending user data to LLM

Given a sequential statement, you are supposed to identify:

APIs may cause privacy and security problems | statenent's scope:
due to information leakage. Thus, we train a [generally a noun phrase]
Smaller 7b_parameter mOdel (e'gw LLaMA2 [53J F?‘SL«HUIHUHL 's main aspects and corresponding descriptions:

or Qwen [2])) to inherit the structurization ability

. . . 1. [the first aspect of the stat t
from giant commercial LLMs, which can be fthe first aspect of the statenent]

1.1 [a descriptive sentence]

deployed locally for efficiency and privacy. 1.3 [another descriptive sentence]
2. [the second aspect of the statement]
Fine-tuned StruXGPT. Our tailored model is 2.1 [a descriptive sentence]

3. [another aspect of the statement]

named by StruXGPT, where Stru is the abbre-
viation of structurization, and X implies we do
not specify the model architecture. We carefull “{;;;t”i?;‘t;mm
curate 22,547 raw data pieces from Wikipedi:%] -

and CAMEL-AI dataset [31] to ensure diversity, |## Output:
and collect the structurized results from Qwen-
Max to train our StruXGPT via supervised fine-
tuning (SFT). From the collected samples, 200
are utilized for evaluation (including human verification), and the remaining training samples are
adopted to distill the structurization capability from Qwen-Max to our StruXGPT-7B. It is practical
since the structurization only relies on fundamental syntactic understanding and processing ability,
which has already been learned from the large-scale corpus. We merely teach the 7B-parameter
models how to reorganize the input text via SFT, without introducing new memorizing or creative
overloads. In addition, the ultimate StruXGPT does not require few-shot examples, and it reduces the
input lengths for further efficiency. The training details are described in Appendix [A.T]

Figure 3: Prompt template for structurization.

3.2 Effective Utilization of Structurization

The identified knowledge structure (i.e., the scope, aspect, and description hierarchy) from the raw
context is initially parsed in JSON format and unsuitable for direct inputs to handle massive lengthy
elements. Therefore, we use a unified template to transform the structured data back into natural
language sentences as models’ inputs to fit their intrinsic processing patterns, as LLMs are pre-trained
and aligned with mostly natural language data. Concurrently, to preserve and highlight the knowledge
structure, we harness specific linguistic markers to signal hierarchy and relationships among concept
elements, such as numbered lists for order, bullet points for categorization, and indentation to depict
nesting levels of information. Fig. ] showcases some typical examples.

The first row of Fig. [d] provides a unified template to transform structurization results into natural
languages. The top-level hierarchy scope is presented as a standalone sentence, serving as the
introduction to the structured context and highlighted with bold markers. Subsequently, the secondary
aspect are organized with numerical markers and bolded, attaching with its corresponding tertiary
descriptions through subclauses or separate sentences. This method not only signifies the rank and
relation of each piece of information relative to others but also provides clear, navigable paths for
the LLMs to follow and process the information efficiently (e.g., when examining the long-form
comprehension capability). Moreover, the second row of Fig. [ introduces another variation for
transformation, where each description elements are further broken down and enumerated for the
delineation of fine-grained details, making it easier for language models to discern and retain specific
nuances associated with each aspect (e.g., when examining the hallucination detection capability).
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This passage talks about {Scope}:

1. **{Aspect 1}**: {Desc 1.1}. {Desc 1.2}.
2. **{Aspect 2}**: {Desc 2.1}. {Desc 2.2}.

3. **{Aspect 3}**: ...
4. ...

This passage talks about the PrivacyQA dataset and its characteristics:
1. Introduction to Privacy Policies. Privacy policies are legal documents
that disclose how companies gather, use, share, and manage user data. ..

2. Privacy Policy Misuse and Lack of Awareness. Lack of awareness ...
3. PrivacyQA Dataset. Motivated by the need for quick identification ...
4. Data Collection Methodology. PrivacyQA comprises 35 mobile
application privacy policies collected from the Google Play Store...

{Scope} can be deconstructed as:

1. **{Aspect 1}**

The life and career of director George Cukor can be deconstructed as:
1. Early life and background
- Cukor was born on the Lower East Side of Manhattan, the younger child

- {Desc 1.1}. and only son of...
- His parents selected his middle name in honor of Spanish-American War

- {Desc 1.2}. hero George...
2. **{Aspect 2}** 2. Career milestones

- {Desc2.1}. - Cukor won the Academy Award for Best Director for "My Fair Lady

(1964), which was ...
3 coo - He continued to work into the 1980s....
Templates Examples

Figure 4: Left: templates to transform structurization results into natural languages, with special
linguistic markers to preserve and highlight the extracted knowledge structure. Right: transformed
context examples with clear information structure for long-form reading comprehension (upper) and
hallucination detection (lower) tasks.

After transformation, the linguistic input retains its structured knowledge through systematic cues
but is presented in a comprehensible manner for LLMs. This not only facilitates an enhanced
understanding and interaction with complex data but also enables the models to leverage their existing
natural language capabilities to generate more accurate and contextually relevant responses.

4 Experiments

In this section, we conduct extensive experiments on a series of downstream NLP tasks to compre-
hensively demonstrate the efficacy of structurization. We hope the results can bring new insights to
enhancing LLM’s cognition via structurization, regardless of model architecture and size variation.

Three representative natural language understanding and processing tasks are investigated, includ-
ing context-based question-answering Sec. [d.1] exhaustive hallucination evaluation Sec. [#.2} and
passage-level dense retrieval Sec. [4.3] When instructing tested LLMs to perform target tasks, we
merely structurize the vanilla textual inputs, transform the results back into natural languages, and
immediately feed the results to LLMs to make responses. The tested LLMs themselves are not
fine-tuned on structurized data corpus. We adopt our StruXGPT-7B model to execute structurization
in all experiments in this section. The evaluation and ablation of StruXGPT model are demonstrated
in Sec.[4-4] Sec.[d.3] and SI%IE and more comparison with related augmentation-based methods
can be found in Appendix [B-3|and Appendix B3]

4.1 Application on Context-based Question-Answering

Question-answering based on a long-form context is an emerging research area within QA, which
requires large language models to precisely seek the target information and generate reliable responses
to the question [3,130]. It is an immediate measure of LLM’s cognition ability to handle intricate and
sophisticated contexts. In this section, we comprehensively evaluate how structurization boosts QA
ability on seven datasets from the LongBench benchmark [3]] with a variety of LLMs to examine.

Dataset setup. LongBench [3] is a multi-task benchmark tailored for long context understanding
evaluation, composed of 6 major task categories and 21 different tasks. To focus on the investigation
of context structurization, we choose 7 subsets from LongBench across single-document QA, multi-
document QA, and synthetic QA tasks in English, and the remaining Chinese subsets or code-
orientated tasks are eliminated. Except for the MultiField QA subset with 150 testing samples, each
subset contains 200 pieces of context-question-answer triplets to evaluate, resulting in 1,350 samples
to test in total. Each subset has a 4K-18K context length on average. If the context length exceeds an
LLM’s window size, we truncate from the middle of the text and preserve information at the beginning
and end, as suggested by LongBench. Detailed dataset description is displayed in Appendix [B.2]



Table 1: Performance on LongBench datasets. The indicator +StruXGPT means the data fed into
LLMs is structurized by our StruXGPT-7B, while the evaluated LL.Ms themselves are unchanged.
The results are acquired by LongBench’s official protocol. Higher is better.

SingleDoc QA MultiDoc QA Synthetic Tasks
Method Average
Qasper MFQA HpQA 2Wiki Musique PsgCnt PsgRet
LLaMA2-7B-4k 19.5 34.6 304 27.3 10.7 2.0 9.0 19.1
+StruXGPT (ours)  23.1 359 32.7 299 134 3.0 12.0 214
LLaMA2-13B-4k 26.9 345 389 34.4 13.9 2.0 10.0 229
+StruXGPT (ours)  28.5 35.3 40.0 39.4 18.9 3.5 16.0 26.0
Qwen-7B-8k 19.6 34.1 20.4 12.5 7.5 2.0 15.5 15.9
+StruXGPT (ours) 22.3 37.0 254 14.7 8.2 2.5 17.5 18.2
ChatGLM3-6B-32k  43.3 51.7 544 449 40.4 2.0 99.0 47.9
+StruXGPT (ours)  44.6 52.1 57.2 47.6 40.1 4.0 99.5 49.3

Evaluated models. Following [3], we evaluate three representative large language models on
long context comprehension ability: LLaMA2-7B-4k [53], Qwen-7B-8k [2], and ChatGLM3-6B-
32k [67]], and extend the larger LLaMA2-13B-4k [S3] model. The four LLMs have a relatively similar
parameter capacity with different model architectures and window sizes. All the models to examine
are pre-trained chat models, and we just employ our StruXGPT to structurize the input contexts to
enhance those LLMs’ cognition capabilities. To ensure reproducibility and reduce uncertainty, greedy
search is adopted during LLM’s decoding process when generating responses. The accuracy between
models’ responses and ground-truth answers is measured by ROUGE-L and F1-score.

Experimental results. Tab.|l|suggests structurized contexts bring consistent improvements on almost
all 3 tasks and 7 subsets across the model architectures and window sizes. Specifically, structurization
leads to relatively greater improvement for the MultiDoc-QA subtask (with a 3% performance gain
on average), revealing the potential promotion of LLLMs’ multi-hop reasoning abilities. Despite
the negligible decline on the Musigue [54] subset (see Appendix [B.Z] for analysis), the advanced
ChatGLM3-6B-32k is also boosted, showing structurization’s efficacy for powerful models.

Comparison with other baselines. To further evaluate our structurization augmentation, we compare
our method against the typical summarization-based methods that also employ LLMs for context
augmentation. The results are presented in Appendix which further demonstrates our superiority
in highlighting the knowledge structure without loss of key information.

Investigating structurization from the atten-

Q: Who were the experts used for annotation?

tion perspective. Fig. [5|reveals how structuriza- - ~_
tion can aid LLM’s Cognition from the attention Vanilla Context 4~ =~ Structurized Context
perspective. Il’l particular, we compare the at- Pri\y’ac?/\po]‘iufx'z\rc lhc.dvoc’uxi\cnlsr\\ljwl1 l‘hi‘\‘;?u’\\ugc wkf ;‘xb.ufuvzhf Iv’ri\:u’}Q.r\

A disclose the ways in which a company dataset and its characteristics:
tention maps for the same tested LLaMA2-7B 1. Introduction to Privacy Policies. ...
model with different contexts as input. At the 3. [PRVAGYQA Dataset. .

.. R .. ... To identify legally sound answers, we 4. Data Collection Methodology.
position of the model’s first token prediction, We  ecuitseveespers with legal training o PrivacyQA comprises 35 mobile application

construct answers tof Turker questions. privacy policies collected from the Google

average the attention maps across the 32 atten- e ienity relevant ev

tion heads for each layer of LLaMA’s last 16 S i ils fone™ I s o e,
layers [72], and visualize the attention scores in s [FR LS coteeon BIBERS, ety and sl soundiess.
Fig.[5} Specifically, when handling vanilla con-

texts, LLaMA2-7B loses its focus on the target  4: A: Domain experts with legal training.
information of the experts. On the contrary, the . .

structurized context clearly presents the content F1gure 5: Attention maps on vanilla and structur-
structure of the introduced PrivacyQA dataset, 12¢d contexts for the same LLaMA2-7B. The sam-
and LLaMA?2-7B immediately grasps the target Ple comes from the QAsper subset.

aspect and its detailed descriptions of experts

with legal training. In this way, LLM’s cognition capability is successfully enhanced via context
structurization.

Play Store. [SEVERIEXpEHSVIlIEEE] training




4.2 Application on Exhaustive Hallucination Evaluation

Hallucination has raised wide attention in the community [70} 56]. In general, evaluating hallucina-
tions involves verifying atomic claims against supportive materials (e.g., Wikipedia passages [66}142]),
yet even advanced GPT-3.5-Turbo and GPT-4 cannot always accurately make the judge, as LLMs-
evaluators often struggle to extract relevant information due to the complexity of passage contexts.
We introduce how to improve LLM evaluators’ assessing ability by context structurization below.

Dataset setup. AtirScore [lg0] and Table 2: Hallucination Evaluation on AttrScore.

FactScore [42] datasets are adopted
for evaluation. We take the ArtrEval-

GenSearch test set with 245 exam- Evaluator Attr.  Contra. Extra. Average
ples from AttrScore, where each ex- GPT4 873  45.0 89.6 74.0
ample comprises a statement and its GPT-3.5-Turbo 612 206 533 450
reference passage, and is annotated Alpaca-13B 506 6.1 193 253
by Attributable (abbreviated as Attr),

Cintradictory (abbreviated as Con- Alpaca-78 07 86 36 210
tra.), and Extrapolatory (abbreviated LLaMA2-7B 51.5 9.1 20.1 26.9
as Extra.). FactScore collected 4,726 +StruXGPT (ours) 54.5 15.0 304 333
atomic claims/statements of people bi-

ographies generated by InstructGPT LLaMA2-708 709 311 74.1 58.7
(abbreviated as InstGPT), 5,426 by +StruXGPT (ours) 754 35.6 78.1 63.0
ChatGPT, and 5,888 by PerplexityAl  Gpr1.3.5.1106 720 304 717 580
(abbreviated as PPLAI). For eachin-— g/ xGpT (ours) 771 318 774 621
put sample, we leverage StruXGPT to

structurize the reference to identify its GPT-3.5-1106 + CoT 764 353 744 62.0
main aspects and detailed descriptions. +StruXGPT (ours) 78.9 429 74.5 65.4

The numerically ordered structure is
preserved, as displayed in Fig. [A3]
since we explicitly ask the evaluator to check the information along the structure for judgment.

Evaluated models. We mainly investigate the open-sourced LLaMA2-7B and LLaMA2-70B models
as the LLM-evaluator, and also explore the integration with the close-source GPT-3.5-Turbo-1106 [6]
via API access. The main results are presented in Tab. 2] We also report the results with Qwen models
on AttrScore and FactScore and the incorporation to more powerful GPT-4 in Appendix [B.4]

Experimental results. According to Tab.[2] our structurization brings significant enhancements to
both LLaMA2-7B and 70B models (for 6.4% and 4.3% on average, respectively). And the powerful
GPT-3.5 model also gains 4.1% (from 58.0% to 62.1%). Furthermore, we incorporate the Chain-of-
Thought (CoT) technique into the prompt template to clarify the evaluation steps (such as Carefully
read the claim and double-check the answer.) (denoted as “GPT-3.5-1106 + CoT”). After that, the
GPT-3.5 model immediately obtains an improvement of 4.0% (from 58.0% to 62.0%). Consequently,
on top of the advanced CoT prompt, our method further enhances the model to a higher accuracy of
65.4% on average, demonstrating our method’s compatibility with advanced prompting techniques.

4.3 Application on Passage-level Dense Retrieval

Retrieval-augmented generation (RAG) has been empirically validated to significantly bolster LLM’s
domain knowledge [29} 162], where precise document retrieval plays a vital role. We now investigate
how structurization can facilitate dense retrieval for BERT-like masking language models.

Dataset setup. BEIR dataset [52] is a popular benchmark for evaluating dense retrievers’ zero-
shot effectiveness [39} 33]], where retrievers are trained on MS MARCQ’s passage-retrieval training
split [44] while directly tested on the BEIR benchmark without finetuning. We focus on our evaluation
of the 5 subsets from BEIR i.e., NFCorpus, FiQA, ArguAna, SciDocs, and SciFact.

Evaluated models. BERT [13]], SimLM [57]], and coCondenser [[16] are chosen for evaluation,
since they achieve state-of-the-art performance on MS MARCO’s development split. To convert
the structurized passages from our StruXGPT into natural languages, we eliminate the numerical
indicators (such as “1.”, “1.1”, efc.) and attach the description statements in the third layer with their
aspects. Fig.[A3]presents an example. We only structurize passages to enhance retrievers’ cognition,
and the queries remain unchanged. Following the literature, nDCG@ 10 results are reported in Tab.



Table 3: Performance on BEIR subsets. Retrievers are trained with MS MARCO corpus and
directly evaluated on BEIR without fine-tuning.

Retriever NFCorpus FiQA  ArguAna SciDocs SciFact Average
BERT 244 23.7 36.2 11.4 50.8 29.3
+StruXGPT (ours) 24.4 24.9 40.0 114 50.7 30.3
SimLM 222 17.3 342 11.7 48.2 26.7
+StruXGPT (ours) 229 19.8 34.6 11.7 52.7 28.3
coCondenser 28.2 22.8 40.5 12.8 55.6 32.0
+StruXGPT (ours) 28.8 23.5 434 13.1 56.8 33.1

Experimental results. Structurization boosts all three retrievers on most subsets, yielding a maximum
performance improvement of 4.5% on SciFact for SimLM. The results suggest that structurization
not only augments decoder-only generative LLMs with explosive parameters (at least 7B), but also
benefits encoder-decoder masked language models with constrained parameters (around 110M). It
implies that the patterning of linguistic and semantic structurization may be a fundamental mechanism
for enhancing language models, transcending distinctions in their architectural design and scale.

4.4 Evaluation of the Structurization Approach Itself

In this section, we assess various structurization methods through exhaustive experiments on five
approaches, including prompting Qwen-max with few-shot exemplars (serves as our teacher model),
few-shot Qwen-7B and LLaMA2-7B pre-trained chat models, and our fine-tuned Qwen-7B and
LLaMA2-7B (student) models. As introduced in Sec. [3.1] we use 200 validation cases and have the
five models generate 1,000 structurized outputs for analysis.

A good structurization should effectively deconstruct the vanilla input text to clearly identify its
knowledge structure, so as to facilitate LLM’s cognition. The resulting content should be faithful to
the original texts, neither dismiss the factual information nor fabricate statements or opinions that
do not exist. To this end, we revise four evaluation metrics to investigate the efficacy of different
structurization approaches, and the results are displayed in Tab. 4}

Table 4: Comprehensive comparison on structurization approaches.

LexicalEval HumanEval AppEval SemEval
Approach Model
recall?  precision?  completenessT  factuality?  anti-halluf AT bertscore
Qwen-max 0.63 0.68 4.58 4.49 4.57 +3.3 0.31
Few-shot Qwen-7B 0.56 0.67 3.77 3.67 3.96 -0.1 0.22
LLaMA2-7B 0.61 0.72 4.09 3.98 4.12 +0.3 0.24
. StruXGPT-7B-Q 0.63 0.67 4.41 4.36 4.48 +3.6 0.31
Fine-tuned g\ YGPT-7B.L  0.61 0.66 437 4.38 4.36 +2.8 0.30

Lexical evaluation (LexicalEval). We first leverage the widely-used ROUGE-L [34, [35| 25] to
assess recall and precision between structured content and original text. However, lexical metrics
from the methods, ranging from 0.6 to 0.7, inadequately reflect structurization quality where LLMs
will paraphrase the words but lexical scores miss the semantic consistency. For instance, a statement
pair “They adopt ROUGE” and “ROUGE is adopted” only receives a 0.33 fl-score for ROUGE-L.
Therefore, a crucial human evaluation is developed to obtain a trustworthy conclusion.

Human evaluation (HumanEval). We recruited 17 well-trained natural language annotators from
the PAI-iITAG platforrrE] to evaluate the structurization quality on a 0-5 scale across three dimensions:
completeness (ensuring no loss of information from the original text), factuality (accurate three-layer
deconstruction), and anti-hallucination (avoiding fabricated content). As annotating structurization

>An open platform at https://www.aliyun.com/product/bigdata/learn/itag


https://www.aliyun.com/product/bigdata/learn/itag

only involves linguistic and syntactic level judgments, annotators do not need professional expertise
to check the information of a given text itself. The detailed evaluation criteria are displayed in
Appendix [A.3] and we report the labeling results in Tab. 4]

The commercial Qwen-max shows a promising instruction-following and in-context learning ability,
generally scoring 4.5 at the three dimensions. However, the pre-trained 7B models from Qwen and
LLaMA?2 immediately decline the scores to below 4.0, as they struggle to understand the instruction
to build the three-layer structure and tend to hallucinate responses due to the limited model capacity.
More structurization examples can be found in Appendix [E.2] Notably, the fine-tuned StruXGPT-
7B-Q(wen) and StruXGPT-7B-L(LaMA?2) both obtain a 4.35 - 4.45 score on average. They inherit
97% of structurization capability from the Qwen-max teacher model, evidencing the effectiveness of
training a specialized 7B-parameter model for structurization to aid in efficiency and privacy.

Evaluation with downstream application (AppEval). Since our main motivation is to utilize
structurization to enhance LLM’s cognition, a further evaluation is conducted to investigate those
different structurization methods. Specifically, we compare how much improvement (A) those
methods can bring to downstream natural language processing applications. On the Qasper subset [12]
from LongBench [3]], we instruct an independent LLaMA?2-7B chat model for reading comprehension
with long-context structurized by different approaches. LLaMA2-7B receives a 19.6 Fl-score for QA
accuracy when taking the vanilla context as input, which serves as the baseline performance.

The evaluation results are displayed in Tab. [4] which are consistent with the human evaluation
presented above. In particular, the few-shot Qwen-max achieves an over 3% improvement in answer
quality, while the pre-trained 7B-parameter chat models fail to generate validated structurizations.
Meanwhile, our fine-tuned StruXGPT-7B-LLaMA and StruXGPT-7B-Qwen models bring com-
parable enhancements against the few-shot Qwen-max, emphasizing the efficacy of distilling the
structurization ability from giant teacher models to a more responsive and affordable student model.

Evaluation with semantic embedding (SemEval). At last, we explore the structurization quality
evaluation in the semantic embedding perspective, as a supplementary to lexical evaluation. Follow-
ing Zhang et al. [68]], we calculate the semantic similarity between original and structurized contents
with the embedding similarities, and the results in Tab. 4 show consistent measure against HumanEval
and AppEval with a much lower cost. Hence, BERTScore [68] can be further leveraged as an effective
and efficient quality-assessment tool for training-data filtering and structurization quality evaluation
to derive a better StruXGPT model. Sec. 4.6 presents some preliminary investigations.

Through the comprehensive evaluation of three protocols, we demonstrate the feasibility and efficacy
of training a specialized StruXGPT. It is more resource-friendly to deploy for efficiency and privacy,
meanwhile inheriting 97% of the ability from giant teacher models to perform structurization.

4.5 Ablation Studies on StruXGPT’s Establishment

This section studies two major factors of training a StruXGPT model: data quality and model capacity.

Using two few-shot examples is sufficient to collect high-quality training data. In this work,
we choose 2 in-context examples to prompt commercial LLMs (as a teacher) to generate data pairs
of raw/structurized texts to train our StruXGPT-7B model (as a student). We think it is enough for
teacher models to understand the structurization process and generate valid training samples, as the
2 examples respectively describe the 2 most common types of real-world text (i.e., with/without
existing indicators like “1.”, “2.”, etc), which is displayed in Appendix [E.2]

To further verify it, we investigate the number of in-context examples with two evaluation protocols (as
in Tab.[): AppEval (an improvement on Qasper subset with context structurization) and BERTScore
(semantic similarity with raw and structurized texts in the validation set). We also report the error rate
when parsing structurization results from the teacher model’s outputs (denoted as “FormatError”).

According to Tab.[5] 1-shot is apparently insufficient to illustrate structurization, while 2- and 3-shot
achieve comparable structurization quality under AppEval and BERTScore. Notably, 3-shot receives
a 2% lower FormatError than 2-shot, in trade for the increased inference cost (because of increased
few-shot samples). We argue that the 2% gap (around 400 samples) does not make a difference for
the final StruXGPT training, which can be verified in Appendix Therefore, we recommend users
to apply 3- or even more shots when prompting teacher LLMs if available, otherwise 2-shot is also a
good choice to balance the inference cost and structurization quality.



Table 5: Number of few-shot examples. Table 6: Parameter capacity of StruXGPT.

nShot AppEval BERTScore FormatError StruXGPT AppEval BERTScore FormatError
l-shot  +1.8 0.282 25.4% Qwen-1.8B  +2.7 0.299 5.0%
2-shot  +3.2 0.308 7.4% Qwen-7B +3.6 0.313 0.0%
3-shot +3.3 0.302 5.5% Qwen-14B +3.8 0.323 0.0%

StruXGPT-7B balances parameter capacity and structurization quality. As Qwen [2] provides
a series of models varying sizes, in Tab. [§] we implemented StruXGPT on Qwen-1.8B/7B/14B
respectively to investigate the relationship between model capacity and structurization quality.

Compared with the 7B model capacity, the smaller 1.8B model, despite its positive enhancement on
downstream applications, shows slight inferiority in both AppEval (+2.7 v.s. +3.6) and BERTScore
(0.299 v.s. 0.313), and presents 5% error rate when parsing structurization results. On the other hand,
the 14B model brings further improvement to BERTScore, (the structurization content is relatively
more faithful to original texts), but the boost on AppEval is insignificant. Hence, the 7B model is a
good trade-off between model capacity (training/inference efficiency) and structurization quality.

4.6 Utilization of Structurization Quality Assessment

As the structurization quality simultaneously influences StruXGPT’s training performance and
application improvements, this section investigates the quality assessment tool BERTScore (as
discussed in Sec.4.2) on StruXGPT’s training and inference stages, respectively.

On one hand, as the training data quality determines StruXGPT’s upper bound, we statistic the
BERTScore of the 22K training entries, and around 94.45% raw/structurized text pairs present
positive scores (normalized by the baseline score of 0.83, and a positive BERTScore presents a benign
similarity), demonstrating the high quality of our training data. Consequently, we eliminated around
5% of data with negative scores and trained another StruXGPT model, and the results in Tab.
indicate this part of data does not affect the final performance. According to Appendix[A.2] data
quantity may play a vital role in further improving our StruXGPT.

Table 7: Training data filtering. Table 8: Inference results filtering.
Training Data  AppEval BERTScore Context Declined Ratio  Overall Enhance
vanilla +3.6 0.313 vanilla 3.5% +3.6
filtered +3.4 0.316 filtered 3.0% +3.7

On the other hand, since poor structurization results can lead to suboptimal application performance,
we statistic the enhancement variance in the Qasper subset from LongBench [3] in Tab. [§] for
structurized context inputs. Our method merely causes degradation on 3.5% of samples (with
relatively lower structurization quality), but ultimately receives a +3.6 improvement overall test
samples. Furthermore, we filter out the structurization results with a low BERTScore (e.g., <0.05)
and take back the original context as input. In this way, the degradation can be alleviated (from 3.5%
to 3.0%), further improving the final enhancement to +3.7. The lower bound of our StruXGPT can
thus be ensured.

5 Conclusion and Discussion

This paper presents a novel concept of context structurization to enhance LLM’s cognition capability.
Extensive evaluations of various representative NLP tasks reveal the consistent enhancement across
language model’s architectural designs and capacity scales. We demonstrate the feasibility of distilling
the structurization ability from giant commercial LLMs into a responsive and private StruXGPT-
7B model, addressing the practicality problem. The limitation and future work are discussed in
Appendix [C| We hope this paper can bring new insights into how to build a more powerful and
reliable language model with human cognition and intelligence.
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A Implementation Details of Structurization

A.1 Implementation Details

The data to train our StruXGPT is carefully curated from two main aspects. First, to ensure diversity,
we randomly sample 15,000 passages from Wikipedia across various domains, whose token length
ranges from 1K to 3K. Then, we also supply round 15,000 statement passages from the domain-
specific model- and human-generated content, including the filtered CAMEL-AI [31], FiQA [40],
and MedQuad [4]] datasets. With Qwen-max API, we collect the structurized results and eliminate
the failed cases (usually due to internet inaccessibility and unexpected output format), resulting in
22,547 pieces of training data in total to derive our StruXGPT, and 200 test samples for evaluation.

StruXGPT is built upon LLaMA2- or Qwen-7B-chat models, which had been aligned to humans
with promising instruction-following capabilities with their prior knowledge. The 22,547 pieces
of input-output pairs are utilized to distill the structurization ability to StruXGPT via supervised
fine-tuning (SFT). Specifically, StruXGPT is trained with a constant learning rate of 5 x 10~ for
LLaMA and 1 x 105 for Qwen for 1 epoch. The batch size is 128, and other hyper-parameters
follow the default settings from Touvron et al. [S3] and Bai et al. [2]]. The training is resource-friendly,
which can be done on 8 NVIDIA V100 (16G) GPUs for 3.5 hours.

For all the inference experiments, we leverage 1-2 NVIDIA A100-80G GPUs for model deployment.

A.2 Additional Ablation Studies on Training Data

To further investigate the training sample size and its impact, we have conducted additional ablation
studies on StruXGPT’s training process, and report the question-answering capability enhancement
for the same LLaMA2-7B-Chat model on LongBench’s Qasper subset, as introduced in Sec.

Our results in Tab. [AT| reveal an interesting pattern: as
the training sample increases, StruXGPT first causes a
decline in the LLaMA2-7B model’s QA performance, and
then brings stable enhancement with larger training data

Table Al: Ablation on training samples.

Training Samples  Enhancement

(over 10K samples). We attribute this to the fact that we 2K -0.6
train StruXGPT for only one epoch in each experiment to 5K 13
prevent overfitting. Consequently, models trained with too 10K 2.6
few samples often exhibit subpar structurization quality, 15K 433

commonly resulting in information loss or hallucination,

which adversely affects downstream performance. 22K +36

Specifically, for the model trained with 2K samples, the

generated outputs frequently contain incorrect formatting and struggle to parse the three-tier structure
effectively. In these cases, we resort to using the original text as a fallback input for downstream
LLMs, which accounts for the somewhat lower performance drop (-0.6%) compared to the model
trained on 5K samples (-1.3%).

A.3 Human Evaluation

Criteria. A good structurization should effectively deconstruct the vanilla input text to clearly identify
its knowledge structure, and the structurized results should be faithful to the original texts, neither
dismissing the factual information nor fabricating statements or opinions that do not exist. Therefore,
we devise three dimensions to evaluate the structurization quality, and each of the dimensions can be
scored from O to 5 (higher is better). The detailed criteria are displayed in Fig. and the annotating
screenshot is provided in Fig.[A2]

Instruction. The full annotation instruction is displayed below:

Assess the quality of structured outputs produced by different sources, and evaluate whether the structured output
is sufficiently “good” by using a score ranging from O to 5. To clarify what constitutes a “good” structured result,
please consider and score the following aspects, with each aspect also scoring from O to 5.

Scoring Criteria: Please see Fig.[AT]

Payment. The payment for annotators is 2,000¥ in total, which is higher than the minimum wage in
our country.
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Score Completeness Factuality Anti-Hallucination
The core content information is . . .
. . .. The structure is clear and standard The content is consistent to the
largely retained with the omission of . . . .. .
5 L . with appropriate granularity as original text, with no
2-3 descriptive clauses or adverbials Lo A
. expected. fabrications/hallucinations.
permitted.
The hierarchical structure is retained
but with minor formatting issues,
There is an omission of 20% of i e .
y such as extraneou's spaces or line The overall content is faithful, but it
sentences or the absence of breaks; granularity is generally .
4 . . . : . H includes a few expanded sentences
introductory and concluding suitable, with occasional instances of . .
. . .. not present in the original text.
overview/summary paragraphs. a subsection containing only one
description or exceeding seven
descriptions.
Poor structure: lack of
aspect/description numbering,
There exist considerable omissions of i . . .
excessively long qspect name, or Considerable content is fabricated,
sentences or paragraphs are present, overly short description sentences . .
3 s . . . such as offering additional large
or each paragraph lacks 40% of its (lists of words); Inappropriate . - .
. sections of *‘suggestion" text.
sentences. granularity: all sentences attached to
one aspect, or dividing each sentence
into a separate aspect.
Extensive information loss is evident, The l‘{asm structure is preserved, l?ut Severe repetition or meaningless
. . there is a frequent lack of numbering .
2 with more than half of the original . . phrases are present, significantly
and non-compliance with . .
sentences removed. . . L reducing the quality of the result.
hierarchical organization.
The majority of information is Chaotic structure: content is Essentially nonsensical, with only a
1 omitted, with only a few key words | organized without any adherence to few words or phrases retained from
or sentences preserved. hierarchical structure. the original text.
0 If the content is empty or completely hallucination, give it a score of 0.

Figure Al: Detailed descriptions for human evaluation criteria on structurization quality.
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Figure A2: Screenshot for human evaluation.
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B

B.1

Details for Structurization Applications

Structurization Examples

Fig. [A3] provides several examples of how to structurize the long-form context for downstream
applications, including reading comprehension in Sec. @.I} hallucination detection in Sec.[#.2] and

passage retrieval in Sec.[4.3]

Structurized Context

This passage talks about the PrivacyQA
dataset and its characteristics:

1. Introduction to Privacy Policies. ...

2. Privacy Policy Misuse and ...

3. PrivacyQA Dataset.

4. Data Collection Methodology. PrivacyQA
comprises 35 mobile application privacy
policies collected from the Google Play Store
Seven experts with legal training provide
answers to Turker questions.

Instruction

Q: Who were the experts used for annotation?

Response

A: Domain experts with legal training.

Reading Comprehension

Structurized Context

The life and career of director George Cukor:
1. Early life and background

1.1 Cukor was born on the Lower East Side of
Manhattan, the younger child and only son of...

1.2 His parents selected his middle name in honor of
Spanish-American War hero George. .
2. Career milestones

2.1 Cukor won the Academy Award for Best Director
for "My Fair Lady" (1964), which was ...

2.2 He continued to work into the 1980s

Instruction

Judge: Cukor won the award for Best Director. True or
False?

Response

A: True. George Cukor won the Academy Award for
Best Director for "My Fair Lady" (1964).

Hallucination Detection

Structurized Context

DNA methylation in human PBMCs.

**Role of DNA methylation**: DNA
methylation plays a significant role in human
health and disease processes.
**Technological advancements
technological advancements have
improved the accuracy and.....
**Whole-g bisulfite ses ing**:
Using the whole-genome bisulfite sequencing at

ecent
ficantly

24.7-fold coverage (12.3-fold per strand)

Instruction

Query: What s the role of DNA methylation
in human health and diseases?

Response

A: Matched.

Document Retrieval

B.2

Figure A3: Examples to leverage the structurized results for downstream aookucatuibs

Details for Context-based Question-Answering on LongBench

Detailed dataset description. To focus on the investigation of context structurization, we choose 7
subsets from LongBench across single-document QA, multi-document QA, and synthetic QA tasks
in English, and the remaining Chinese subsets or code-orientated tasks are eliminated:

* Single-Doc QA. For single-document QA, we take two subsets from LongBench: (1)

Qasper [12], featured by question-answering over NLP technical papers and annotated by
NLP practitioners; (2) MultiFieldQA, manually curated from multiple data sources and anno-
tated by Ph.D. students. MultiFieldQA contains 150 Context-Question-Answer triplets to test,
and Qasper and other adopted subsets include 200 pieces of test samples respectively.

Multi-Doc QA. Multi-document QA requires LLMs to extract and combine information from
multiple documents to derive the answer, which is generally more challenging than single-doc
QA. We take three multi-hop QA datasets: (1) HotpotQA [65]], containing 2-hop questions
written by native speakers given two related paragraphs; (2) 2WikiMultihopQA [22], involving
up to 5-hop questions synthesized through manually designed templates on Wikipedia passages;
and (3) MuSiQue [54], carefully composed with up to 4-hop reasoning on an increased number
of supporting and distracting context evidence.

Synthetic QA. We employ two extra synthetic tasks to test LLM’s long-context handling ability
on specific scenarios and patterns: (1) PassageCount, requiring models to count the number of
unique passages from a shuffled passages pool; and (2) PassageRetrieval, randomly choosing
one of 30 passages to obtain its summarization with GPT-3.5-Turbo, and asking tested LLMs to
determine the original passage with which the summarization is crafted.

Performance analysis on MuSiQue. On the LongBench dataset [3], ChatGLM-3-32K [67] receives
a slight decline (around 0.1%) on the MuSiQue subset [54] when taking structurized contexts as
input. The main reason is that MuSiQue is too complicated. It requires up to 4-hop reasoning on
manually paraphrased questions on a large amount of supporting and distracting context evidence. For
ChatGLM-3-32K that has already achieved a considerable cognition ability, context structurization in
the inference stage is temporally unable to bring significant advances in such a complex scenario.
Next, we will delve into developing methodologies for training LLMs to capture the intrinsic structure
of context, unlocking structurization’s potential in enhancing LLMs on more complicated NLP tasks.
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B.3 Comparison with Aspect- and Query-Based Summarization

Aspect-Based Summarization (ABS) and Query-Based Summarization (QBS) are classical context
augmentation methods in the NLP literature, which aims to gradually extract important information
from lengthy text data based on pre-defined aspect list or user-input queries. The summary that
contains key information will be integrated into context inputs to augment tested LLMs to generate
reliable responses, rather than lost in irrelevant sentences in the original lengthy inputs. We take ABS
and QBS as the comparative baseline to further evaluate the efficacy of our proposed structurization
augmentation strategy.

We investigate ABS and QBS on five document-QA subsets in LongBench [3]]. Specifically, as the
pre-defined aspect list is unavailable for each passage in LongBench, we turn the traditional ABS to
input-agnostic paragraph-based summarization to lengthy paragraphs, where the prompt template
is: Summarize the following text with no more than three sentences. Passage: {text}; Summary: .
For QBS, the prompt template focuses on specific queries: Summarize the following text to answer
the query with no more than three sentences. Query: {query}; Passage: {text}; Summary:. The
{text} and {query)} are placeholders, and the output summaries are respectively concatenated to form
the augmented passages as inputs. We report the performance variance of the same test model (i.e.,
LLaMAZ2-7B-Chat [53]]) when taking vanilla, summarized, and our structurized passages as inputs to
answer the same given questions, as displayed below (due to the space limitation, we merely report
the averaged enhancement on the five subsets).

Table A2: Comparison with ABS and QBS on subsets of LongBench.

DataAug Qasper MultifieldQA  HotpotQA  2WikiMQA  Misque  Average

- 19.5 34.6 304 273 10.7 24.5
ABS 15.6 249 29.1 27.7 8.5 21.2
QBS 214 30.1 31.2 27.5 13.1 24.7
Ours 23.1 35.9 32.7 299 134 27.0

Based on Tab.[A2] we observed that ABS, without guidance from pre-defined aspects lists or user-
input queries, failed to preserve critical information, and led to performance declines in four out of
the five subsets. Conversely, QBS, with user query guidance, achieved improvements in the Qasper,
HotpotQA, and Musique subsets. However, substantial information loss during the summarization
process resulted in decreased performance on the MultiFieldQA subset. In contrast, our structured
approach delivered consistent improvements across all subsets, demonstrating its efficacy.

In addition, ABS and QBS are applicable for passage-based question-answering tasks but do not
extend well to other tasks such as hallucination assessment, where every piece of information counts
and should not be summarized. Our approach is task-agnostic, highlighting the generalizability.

B.4 Additional Experiments for Hallucination Evaluation

Qwen models as the LLM evaluators. In Sec.[4.2in the manuscript, we mainly study structurization
with LLaMA2 and GPT-3.5-Turbo on the AttrScore benchmark. For a thorough comparison, this
section provides the investigation of employing another series of models, i.e., Qwen-7B and Qwen-
72B [2], on AttrScore and FactScore datasets to further demonstrate our method’s efficacy. Results
are presented in Tab. [A3]and Tab.[A4] respectively.

For the 7B- and 72B-parameter Qwen evaluators, structurization can immediately improve judgment
accuracy on both AttrScore and FactScore datasets. The smaller Qwen-7B model receives a more
significant enhancement, along with a nearly 10% improvement in all metrics (except the Attr. criteria
in Tab. [A3) on the two datasets. It indicates smaller LLMs may be more reliant on structurization to
enhance their cognitive and information-seeking capabilities than large-scale LLMs. Simultaneously,
the larger Qwen-72B evaluator also witnesses a considerable improvement with a 3%-4% increase.
In particular, based on the structurized references, Qwen-72B achieves a competitive evaluation
performance against GPT-3.5-Turbo on the FactScore benchmark, and even slightly outperforms
GPT-4 on the Contra. criteria in AttrScore. Those results substantiate the effectiveness of leveraging
structurization to further enhance powerful language models with considerable size capacities.
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Table A3: Results on AttrScore evaluation. Table A4: Results on FactScore evaluation.

Method Attr.  Contra.  Extra. Method InstGPT ChatGPT PPLAI
GPT-4 87.3 45.0 89.6 GPT-4 - - -
GPT-3.5-Turbo  61.2 20.6 53.3 GPT-3.5-Turbo 87.5 80.2 65.8
Alpaca-13B 50.6 6.1 19.3 LLaMA-65B 54.6 42.1 36.1
Alpaca-7B 50.7 8.6 3.6 InstLLaMA-7B 80.1 67.1 55.1
Qwen-7B 60.9 11.6 34.2 Qwen-7B 68.5 50.8 40.8
+Ours 61.9 25.9 44.4 +Ours 79.2 64.8 46.0
Qwen-72B 75.8 37.7 77.6 Qwen-72B 86.9 75.2 60.5
+Ours 77.8 47.5 80.2 +Ours 89.0 79.4 61.8

Incorporation with GPT-3.5/4 models and CoT techniques. In Sec.[4.2] we the popular chain-of-
thought (CoT) technique for prompt augmentation on the advanced GPT-3.5-Turbo model on the
AttrScore [66] benchmark, where Tab.[A3]is a simply copy of the experimental results. Our method
presents comparable performance against CoT, and achieves better enhancement after integrating
with CoT, illustrating the compatibility and extensibility to more advanced strategies.

Consequently, Tab.[A6| further presents the incorporation of our StruXGPT with the more powerful
GPT-4 model and the CoT technique, showing consistent benefits for powerful GPT-3.5 and GPT-4
models, either with or without the CoT strategy. The experiments and discussions further validate the
effectiveness of our StruXGPT approach.

Table AS: Integration with GPT-3.5 and CoT. Table A6: Integration with GPT-4 and CoT.

Method At Contra. Extra. Avg. Method At Contra. Extra. Avg.
- 72.0 304 71.7 580 - 86.2 433 883 726
+Ours 77.1 31.8 774 621 +Ours 87.6 48.3 89.7 752
+CoT 76.4 353 744 620 +CoT 88.8 48.9 89.7 758
+CoT+Ours  78.9 429 745 654 +CoT+Ours  88.5 52.8 90.3 77.2

B.5 Comparison with Other Augmentation Methods

Besides the summarization-based and prompting-based augmentation methods (in Appendix and
Appendix [B.4]respectively), here we also compare our structurization approach with AdaptLLM [[7],
which developed several domain-specific LLMs (in BioMedicine, Finance, and Low) via the proposed
reading-comprehension training technique. The experimental results are presented in Tab. [A7]

Table A7: Comparison with AdaptLLM on various domain benchmarks.

Domain Subset Metric Baseline  AdaptLLM Ours
Medicine | PubMedQA Acc 59.6 63.3 63.0
Finance ConvFinQA EM 29.2 41.5 36.5
Law SCOTUS mic-F1/mac-F1 | 28.3/10.8  30.0/17.8  30.6/15.6
General BoolQ Acc 55.7 53.9 58.2

Accordingly, our method can also boost the Llama-7b baseline for 3%-7% without training, while
AdaptLLM requires costly continual training of the baseline model on each domain corpus. In particu-
lar, for the general reading comprehension task, AdaptLLM-Fin does not introduce significant boosts,
while AdaptLLM-Bio/Law even cause performance drops, which is mainly because AdaptLLM’s
domain-adaptation tuning will harm the general capability more or less. In contrast, our method
does not alter the baseline model, but only structurizes the input context to enhance LLM’s cognition
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ability on downstream tasks, showing stable and consistent improvements (e.g., a 2.5% increase on
BoolQ). Although our final performance is slightly inferior to the domain-specialized AdaptLLM,
our generalizability emphasizes the contribution of our work, as we bring consistent enhancement
across downstream domains and cause no degradation on general tasks.

C Limitation and Future Work

Training-time aggregation. This paper mainly investigates structurization during LLM’s inference
stage. Despite the universal enhancement across language models and NLP tasks, structurization has
not yet fully tapped into its potential. Specifically, developing methodologies for training LLMs to
capture the intrinsic structure of context and extrinsic correlations among training corpus presents an
unresolved challenge in the field. We will delve into this problem in our future work.

Inference efficiency. We acknowledge that the introduced inference cost is a common limitation
for the methods adopting LLLMs for data augmentation, which depends on computing resources and
the optimization techniques employed. Here we conduct extra experiments with the competitive
augmentation methods (i.e., ABS and QBS in Appendix[B.3) for an in-depth comparison on the Long-
Bench [3]] dataset for question-answering evaluation. Besides, we also investigate the AttrScore [66]]
dataset for hallucination evaluation to assess the impact of input length and output length, as well as
the model size. The inference time, measured in seconds per sample, is calculated on an NVIDIA
A100 GPU with VllmE]acceleration (except for the LLaMA2-70B model, which demands at least
two A100 GPUs for deployment).

Table A8: Time cost analysis for reading comprehension in LongBench.

DataAug Enhancement Task-Agnostic ~ Extra Cost  Total Cost
- +0.0 v - 0.7s
ABS -33 v 2.7s 3.4s
QBS +0.2 X 2.5s 3.2s
Ours +2.5 v 2.9s 3.6s
T Ours + SoT +2.5 v 1.2s 1.9s

LongBench contains input passages with an average length of 14K tokens (computed with the
LLaMAZ2 tokenizer), which burdens the cost for all the data augmentation methods. According to
Tab.[A8] only the task-specific QBS can bring a positive enhancement of 0.2% on average, which is
negligible compared with the 2.5% boost by our task-agnostic structurization approach. However,
the LLM-based data augmentation methods generally introduce an extra 2.5-2.9 seconds cost. To
alleviate this problem, we have recently noticed a new decoding acceleration technique named
Selection-of-Thought (SoT) [45]], which is also motivated by the aspect-based thinking and writing
process of humans and is naturally compatible with our structurization process. With the 2.39x speed
up and negligible quality decrease (denoted as “t Ours + SoT”), the extra cost of our method can be
further reduced to an acceptable 1.2 seconds, which we believe makes it more practical.

Table A9: Time cost analysis for hallucination evaluation in AttrScore.

LLM-Evaluator Enhancement Total Cost Extra Cost (%)

LLaMA2-7B +0.0 1.4s -
+Ours +6.4 3.5s 150%
LLaMA2-70B +0.0 17.6s -
+Ours +4.3 19.7s 12%

AttrScore requires a relatively longer output length (with a detailed explanation for hallucination
evaluation), and the vanilla time cost increases compared to LongBench. According to Tab.[A9] our

Shttps://github.com/vllm-project/vilm

20



structurization earns a 6.4% gain on the average hallucination evaluation accuracy (detailed values
are shown in Tab. [2), in trade of the 1.5x increased time cost for the vanilla LLaMA2-7B evaluator.
As the base evaluator is scaled up to a larger LLaMA2-70B model, our method merely introduces
12% extra cost (2.1s) and still gains a considerable enhancement of 4.3%. Our method showcases
more advantages by incorporating larger base models.

Performance on General Evaluation Benchmarks As our method focuses on context structurization
to enhance LLM’s cognition ability, for the tasks where no context is provided, our method may not
bring significant enhancement and even get worse. The commonly used MMLU benchmark [21] is a
typical scenario, where LLMs are asked to answer questions without context references but requiring
their parametric knowledge (learned during large-scale pre-training), and context structurization does
not help. If we insist on structurizing the question alone and feeding it into LLM’s inputs, the model
may be disturbed by the introduced information from StruXGPT and generate wrong answers. As
shown in Tab. our method causes a slight 0.1% decrease (measured by OpenCompass protocoﬂ)
when taking LLaMA2-7B-Chat [53] as the baseline model.

Table A10: Evaluation on general benchmarks.

Model MMLU BBH
LLaMA2-7B-Chat 4593 3047
+Ours 45.84 31.30

On the other hand, we have also tested another common benchmark, BBH [49]], which is designed to
evaluate LLMs’ reasoning capability when dealing with several logical sentences/statements. In this
case, our method can adapt well to highlight the logical relations and boost LLM’s reasoning abilities
by 0.8%.

In conclusion, we suggest users apply structurization to long-form or logically complex contexts,
while taking the original question as inputs when there is no context provided.

D Broader Impacts

We discuss the positive and negative societal impacts as follows:

Positive Societal Impacts. Through the innovative approach of context structurization, this work
significantly enhances the comprehension abilities of Large Language Models (LLMs), leading
to more effective and efficient applications in various sectors such as education, healthcare, and
customer service. Avoiding the need for larger models, it not only curtails the environmental impact
associated with training sophisticated Al systems but also democratizes access to cutting-edge Al
technologies. This fosters a broader base for innovation and empowers smaller entities with the tools
to contribute meaningfully to technological advancement. Moreover, our method, rooted in human
cognitive processes, promises to enrich human-AlI collaboration, paving the way for solving complex
societal issues by leveraging Al’s improved problem-solving capabilities.

Negative Societal Impacts. On the flip side, the advances made through structurization bear potential
risks, including the augmentation of disinformation campaigns and the creation of more sophisticated
deepfakes, which could undermine trust in digital content. The enhanced capabilities of LLMs
might also be co-opted for intrusive surveillance, raising substantial privacy and ethical dilemmas.
Furthermore, the inherent biases in training data could be deepened, potentially automating and
perpetuating social inequalities. The concentration of advanced Al technologies in the hands of a
few could limit competition and place immense power over information dissemination with those
entities, while increasing reliance on Al for critical decision-making could inadvertently erode
human analytical skills over time. To mitigate these concerns, it is essential to establish rigorous
ethical standards and robust oversight mechanisms that govern the deployment of LLMs, ensuring
transparency and accountability in their use. Furthermore, active research and the implementation of
bias detection, correction frameworks, and the development of media literacy programs are crucial

https://github.com/open-compass/opencompass
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steps to preemptively address the potential misuse, privacy violations, and societal impact of these
advanced Al systems.

E Prompt Examples for Structurization

E.1 Prompt Templates

Fig.[A4]displays the few-shot prompt template to query giant commercial LLMs to execute structur-
ization. We first introduce the instruction for structurization (including the task definition and output
formats), then provide two representative examples to further illustrate the process. The first example
in Fig.[A3]tells the model to focus on the existing numerical or enumeration indicators to assist in
constructing the aspect-description structure. The second example in Fig.[Ag|teaches the model to
automatically summarize the aspects and attach their corresponding descriptions from the raw text
sequences. Finally, in Fig.[A4] we ask commercial LLMs to structurize the input_statement from
user input as expected.

To ensure completed and faithful structurization on long-form input statements (usually with thou-
sands of tokens), we provide two detailed exemplars in Fig.[A5]and Fig.[A6|for commercial LLMs’
few-shot learning. However, these two exemplars take a considerable context length, which may
even confuse the distilled StruXGPT-7B with a smaller size capacity. We thus remove the examples
in StruXGPT-7B’s prompt template, as StruXGPT-7B has learned how to perform structurization
as desired and the functionality of those examples is negligible. Specifically, the ezample_1 and
example_2 (with their introductions) are removed for both efficiency and efficacy.

E.2 Structurization Examples

In this section, we present several structurization examples from different models as discussed in
Sec. [3]in the manuscript. Given an input statement about Facebook’s stock, Fig. shows that
Qwen-max produces a factual and faithful structurization result with the help of few-shot exemplars.
It clearly identifies the main aspects of the original statement, and attaches the corresponding
descriptions into each aspect. On the contrary, Fig. indicates the smaller pre-trained 7B-size
Qwen and LLaMA?2 models failed to follow the instructions to produce qualified structurizations.
There exists a fabricated “Note” content in Qwen-7B’s response. Meanwhile, LLaMA2-7B is even
unable to follow the desired format, and information like “Facebook doesn’t sell anything tangible”
is missing. Fig.[A9demonstrate the effectiveness of our fine-tuned 7B-parameter StruXGPT model,
which is able to structurize the input statement as expected, with comparable performance to the giant
Qwen-max model with over 200B-size.

22



You are a helpful NLP assistant
Help me rephrase a given statement to identify:
(1) a summary of the statement's scope, which should generally be a noun phrase with a few words.

(2) a list of main aspects on which the statement is discussing. Each main aspect should be a noun or noun phrase
The aspect list should be precise and concise to conclude the statement, and the number of aspects should be limited

(3) an enumeration of descriptive sentences regarding each aspect above, which display the details of those aspects.
Each description sentence must be completed and faithful to the original statement. You should NOT remove any
descriptive segment in this layer

Given an original statement, the rephrased structure should strictly follow this format:

## Statement's scope:
""" [generally a noun phrase]

## Statement's main aspects and corresponding descriptions:

1. [the first aspect of the statement]
1.1 [a descriptive sentence corresponding to this aspect]
1.2 [a descriptive sentence corresponding to this aspect]
1.3 [another descriptive sentence, if necessary]

2. [the second aspect of the statement]
2.1 [a descriptive sentence corresponding to this aspect]
2.2 [another descriptive sentence, if necessary]

3. [another aspect of the statement, if necessary]

Here is an example to illustrate how to rephrase an input statement as the desired structure. Pay attention to

numerical or enumeration indicators, like "1. ', '2. ', '"(1) ', '"(2) ', "=, etc.

{example 1}

Here is another example to illustrate how to rephrase an input statement as the desired structure. When there are no
explicit words indicating the statement's scope and main aspects, please use a few words to precisely summarize the
scope as well as the main aspects. Then you may carefully attach the descriptive sentences to each main aspect.

{example_2}

Now summarize the "scope" of the following statement with a few words, and then rephrase the input statement to its
"main aspects" and "corresponding descriptions” in the numerically ordered format strictly

Note that the aspect list should be precise and concise to conclude the statement, and the number of aspects should
be limited.

Each description sentence must be completed and faithful to the original statement, and you should NOT remove any
descriptive segment in this layer

# Input:
{input statement}

# Output:

Figure A4: Prompt template for few-shot structurization.
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# Input:

Comprehensive prevention measures for malignant diseases in the rice seedling stage are as follows:

1. Choose disease—free seeds. Do not leave seeds in diseased fields and nearby rice fields. Choose healthy rice and
eliminate diseased, dead, and injured rice.

2. Seed disinfection. Before sowing, soak the seeds with 25% 100g (Xibok) EC 3000 times liquid for 1 to 2 days, or
take 20 grams of 17% Dexinging wettable powder for every 6 kilograms of rice seeds. Soak the seeds in 8 kg of water
for 60 hours.

3. Deal with diseased rice straw. Do not cover germinated or dry seedlings with diseased straw.

# Output:

## Statement's scope:
The comprehensive prevention measures for malignant diseases in rice seedling

## Statement's main aspects and corresponding descriptions:

1. Choose disease—free seeds
1.1 Do not leave seeds in diseased fields and nearby rice fields.
1.2 Choose healthy rice and eliminate diseased, dead, and injured rice.
2. Seed disinfection
2.1 Before sowing, soak the seeds with 25% 100g (Xibok) EC 3000 times liquid for 1 to 2 days.
2.2 An alternative is taking 20 grams of 17% Dexinging wettable powder for every 6 kilograms of rice seeds.
2.3 Soak the seeds in 8 kg of water for 60 hours.
3. Deal with diseased rice straw
3.1 Do not cover germinated or dry seedlings with diseased straw.

Figure AS5: The first example for few-shot structurization.
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#‘ Input:

The water absorption curve of rice after soaking is an unimodal curve. The inflection point of the curve is the peak
period of water absorption. The relationship between rice water absorption and time is non-linear and can be
expressed by the following formula: a*t+b=c, where a, b, and ¢ are constants. Under different humidity conditions,
the change in the water absorption rate of rice with time is basically similar, that is, the water absorption rate is
between 0 and the point d inflection, and the rate of change accelerates over time. After the inflection point, the
increase in water absorption gradually stabilizes. The changing rules of water absorption and moisture content of
rice are similar, but under different humidity conditions, the relationship between water absorption of rice and
moisture content is different. When the moisture content is low, the water absorption of rice increases as the
moisture content increases. When the moisture content is high, the increase in water absorption of rice gradually
stabilizes. There are three obvious steps for rice seeds to absorb water: First, at the beginning of water absorption,
the water content of the seeds gradually increases, and the water absorption rate slowly increases. Second, during
the peak water absorption period, the water absorption rate increases rapidly. Third, in the later stage of water
absorption, the water content of seeds slowly increases, and the water absorption rate increases. The water
absorption rate of rice seeds is closely related to temperature. In general, water absorption increases as
temperature increases. The relationship between water absorption and temperature can be expressed as: unsaturated
water absorption (%) = 14.289T-10.719 (where T is temperature)

# Output:

## Statement's scope:
"7 characteristics of soaking rice seeds to absorb sufficient water

## Statement's main aspects and corresponding descriptions:

1. The water absorption curve

1.1 The water absorption curve of rice after soaking is an unimodal curve.

1.2 The inflection point is the peak period of water absorption.

1.3 The relationship between rice water absorption and time is non—linear, which can be expressed by a*t+b=c,
where a, b, and ¢ are constants.
2. Rice water absorption as time changes

2.1 Under different humidity conditions, the change in the water absorption rate of rice with time is basically
similar.

2.2 The water absorption rate is between 0 and the point d inflection.

3.3 The rate of change accelerates over time

2.3 After the inflection point, the increase in water absorption gradually stabilizes.
3. Relationship between rice water absorption and moisture content

3.1 The changing rules of water absorption and moisture content of rice are similar

3.2 Under different humidity conditions, the relationship between water absorption of rice and moisture content
is different.

3.3 When the moisture content is low, the water absorption of rice increases as the moisture content increases.

3.4 When the moisture content is high, the increase in water absorption of rice gradually stabilizes.
4. Three stages for rice seeds to absorb water

4.1 At the beginning of water absorption, the water content of the seeds gradually increases, and the water
absorption rate slowly increases.

4.2 During the peak water absorption period, the water absorption rate increases rapidly.

4.3 In the later stage of water absorption, the water content of seeds slowly increases, and the water absorption
rate increases.
5. Relationship between water absorption rate and temperature

5.1 The water absorption rate of rice seeds is closely related to temperature.

5.2 Water absorption generally increases as temperature increases.

5.3 The relationship can be expressed as: unsaturated water absorption (%) = 14.289T-10.719 (where T is
temperature)

Figure A6: The second example for few-shot structurization.
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Source Statement {

The amount of hype and uneducated investors/speculators driving its prices up. Just by that, I would say its prices
are inflated. Bear in mind that Facebook doesn't sell anything tangible. They can go down as fast as they went up.
Most of their income is ad-based and single-product oriented, and as such highly dependent on usage and trends
(remember MySpace?). Having said that, all the other "classic" valuation techniques are still valid and you should
utilize them.

}

Qwen_max's Output {
## Statement's scope:
" “Valuation concerns for Facebook due to hype and lack of tangible products

## Statement's main aspects and corresponding descriptions:

1. Hype and uneducated investors/speculators
1.1. The amount of hype and uneducated investors/speculators is significant, which drives up the prices.
1.2. This suggests that the current prices are inflated based on this factor alone.
2. Lack of tangible products
2.1. Facebook doesn't sell any tangible goods, making its value potentially unstable.
2.2. Prices can drop rapidly, similar to their rate of increase.
3. Ad-based income and dependency
3. 1. Most of Facebook's income is ad-based and focused on a single product.
3.2. Their revenue is highly dependent on usage trends and popularity (citing the decline of MySpace).
4, Classic valuation techniques
4.1. Despite these concerns, traditional valuation methods remain valid for assessing Facebook's value.
4.2. It's recommended to utilize classic valuation techniques when evaluating the company.

Figure A7: An example for source inputs and structurized results from few-shot Qwen-max.

Qwen_7B's Output {
## Statement's scope:
" “market analysis of Facebook stock

## Statement's main aspects and corresponding descriptions:

1. Influence of hype and uneducated investors on stock prices

1.1 The amount of hype and uneducated investors driving its prices up leads to an inflated valuation of Facebook
stock.

1.2 The price increase can be unstable, as the company's value is dependent on user growth and trends.
2. Evaluation of Facebook's business model

2.1 Facebook's revenue is primarily generated through advertising and is highly dependent on user behavior and
trends.

2.2 Their income is single—product oriented, so they are vulnerable to changes in market conditions.

Note: The original statement was quite long and complex. It discusses the influence of hype and uneducated investors
on stock prices, before moving on to an evaluation of Facebook's business model. The scope of the statement includes
the analysis of Facebook stock, but it could be more precise by narrowing it down to just "stock prices." This is why
the first part of the rephrased structure includes the phrase "market analysis of Facebook stock." In the second part,
I identified two main aspects: the influence of hype and uneducated investors on stock prices, and the evaluation of
Facebook's business model. Fach aspect is further divided into several descriptive sentences that are faithful to the
original statement.

}

LLaMA2_7B's Output f{
Scope:
"""The reasons behind the high valuation of Facebook

Main Aspects and Corresponding Descriptions:
1. The influence of hype and uneducated investors/speculators
1.1 Just by that I would say its prices are inflated.
1.2 Facebook's reliance on ad-based and single-product-oriented income exposes it to market trends and usage.
2. Dependence on usage and trends
2.1 Remember MySpace?
3. Validity of alternative valuation techniques
3.1 Having said that, all the other "classic" valuation techniques are still valid and you should utilize them.

Figure A8: Corresponding structurization results from few-shot Qwen-7B and LLaMA2-7B.
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StruXGPT_7B_Qwen's Output {
## Statement's scope:
" "The valuation of Facebook's stock considering unpractical factors =

## Statement's main aspects and corresponding descriptions:

1. Price inflation due to hype and inexperienced investors/speculators.
1.1. The vast amounts of hype surrounding Facebook's stock drive its prices up.
1.2. This suggests that the materiality of its assets is not justified.
2. Facebook's financial stability and potential for volatility.
2.1. Facebook doesn't sell any tangible goods.
2.2. They can decline as rapidly as they have grown.
2.3. The majority of its income comes from advertising and a single product model, making it highly dependent on
usage trends and fashion (parallels with MySpace's decline).
3. Validity and application of valuation techniques.
3.1. All traditional valuation methods are still applicable to Facebook's stock.
3.2. Investors are advised to utilize these techniques despite the platform's unique situation.

StruXGPT_7B_LLaMA's Output {

## Statement's scope:

" "Misconceptions about the market value of Facebook based on uneducated sentiment and issues related to its business
model” ™~

## Statement's main aspects and corresponding descriptions:

1. Hype and uneducated investors
1. 1. The amount of hype around Facebook is driving up its price.
1. 2. Uneducated investors/speculators are also contributing to the inflated prices.
2. Income dependence
2.1. Over 50% of Facebook's income comes from advertisements.
2.2. A significant portion of Facebook's revenue is reliant upon usage and trends.
3. Business model volatility
3.1. The company does not sell any tangible products, hence its value is inherently volatile.
3.2. As such, gains can be just as quick as they were achieved.
4. Classic valuation techniques
4. 1. Despite hype and business unpredictability, other "classic" valuation techniques remain applicable to assess
its market value.
4.2. They should continue to be utilized for a comprehensive assessment of Facebook's worth.

Figure A9: Corresponding structurization results from our fine-tuned StruXGPT-7B-Qwen and
StruXGPT-7B-LLaMA.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: We accurately made the claims to reflect the paper’s contributions and scope
in Sec.[1l

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: We have discussed the limitation of our work in Appendix
Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory Assumptions and Proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]
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Justification: This paper does not involve theorems.

Guidelines:

The answer NA means that the paper does not include theoretical results.

All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

All assumptions should be clearly stated or referenced in the statement of any theorems.
The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental Result Reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: We have provided the experimental details in Sec. d Appendix [A] and Ap-
pendix

Guidelines:

The answer NA means that the paper does not include experiments.
If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer: [Yes]
Justification: Please refer to https://github.com/alibaba/struxgpt,
Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental Setting/Details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: We have provided the experimental details in Sec. 4] Appendix [A] and Ap-
pendix [B]
Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

 The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment Statistical Significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: We show consistent improvements across three datasets with various models
in Sec.[dl

Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).
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8.

10.

« It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

» For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
Experiments Compute Resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: We reported the compute resource requirements in Appendix [A.T]
Guidelines:

* The answer NA means that the paper does not include experiments.

 The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code Of Ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: The research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics.

Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).
Broader Impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]
Justification: We discussed the broader impacts of our method in Appendix [D}
Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.
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11.

12.

» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [Yes]
Justification: Please refer to https://github.com/alibaba/struxgpt.
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: All our experimental data and models are open source and obtainable.
Guidelines:

* The answer NA means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

 For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

32


https://github.com/alibaba/struxgpt
paperswithcode.com/datasets

13.

14.

15.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

New Assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]
Justification: Please refer to https://github.com/alibaba/struxgpt,
Guidelines:

» The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and Research with Human Subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [Yes]
Justification: Please refer to Appendix [A.3]
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional Review Board (IRB) Approvals or Equivalent for Research with Human
Subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)

approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]

Justification: We only hire annotators to label the structurization quality, as introduced in
Appendix which does not involve research with human subjects.

Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

¢ For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
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