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Abstract

Despite substantial investment and resource scaling in LLM deployments in the workflow,

many organizations are struggling to generate value. This paper investigates how to address this

bottleneck by exploring the key resources in LLM deployments and how effectively scaling these

resources can enable companies to generate value. Generating value depends on alignment

with organizational standards, especially those of key decision makers, since each organization

has unique strategic goals and misalignment can lead to extensive human review and rework.

Therefore, we measure the performance of LLMs using the alignment between LLMs’ outputs

and those of top experts. We partnered with a consulting company and deployed LLMs for

the quality check task. To obtain valid comparisons between top experts’ outputs and LLMs’

outputs, we designed a randomized field benchmark exercise to collect quality checks and

reasoning data from top experts. We then deployed the LLM using RAG and compared

its performance under different data types, data sizes, and model sizes. Our results show

that scaling reasoning data significantly elevates performance to a new height, resulting in
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an improvement of approximately 10.8 to 37.2 percentage points at its peak compared to

adding only the raw knowledge base. There is a power-law relationship between the number

of reasoning data points and performance improvement. Small models, when supplied with

reasoning data, can achieve higher performance than large models. Additionally, we show that

reasoning data work by providing information about patterns that distinguish between good and

bad reports. The information about these patterns can help LLMs learn quickly when the new

task contains similar patterns. This paper provides important implications for organizations to

generate value from LLM deployments.
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1 Introduction

Large language models (LLMs) have attracted significant attention for their potential to profoundly

affect the organizations and economic activities. Companies are rapidly deploying LLMs in their

workflows. Tully et al. (2025), for instance, reports that companies spent $37 billion on generative AI

in 2025, with a 3.2x year-over-year increase. Organizations typically scale data (i.e., organizational

knowledge bases) using techniques like finetuning or RAG (Retrieval-Augmented Generation), and

scale model size to improve performance (Ovadia et al. 2024, Tully et al. 2025). Despite this

substantial investment and resource scaling, many organizations are struggling to generate value

from their LLM deployments. For example, Challapally et al. (2025) shows there is a 95% failure

rate in enterprise LLM deployments. This issue remains underexplored in the literature because

of the difficulty in accessing comprehensive proprietary enterprise data. This paper investigates

the key resources in LLM deployments and how effectively scaling these resources can enable

companies to generate value.

AI progressed from a “reasoning period” to a “knowledge period,” and then to today’s “learning

period” (Russell and Norvig 2020, Zhou 2021). LLMs represent one of the pinnacles of this

data-driven learning era. However, they may have a critical flaw in reasoning (Dziri et al. 2023,

Berglund et al. 2024, Zečević et al. 2023). As Turing Award winner Yann LeCun noted, current

LLMs “don’t really understand the physical world... They can’t really reason and they certainly

can’t plan”1. This motivates us to revisit the roots of early AI: we may need to reconfigure LLMs

with human reasoning data in deployments. Reasoning data have also historically been important

for human learning (Chi et al. 1989, Hovland and Weiss 1953, Smoke 1933, Chi et al. 1994). For

example, learning to write by reading articles without knowing their quality is often less effective

than reading articles with knowing their quality (Schwartz and Bransford 1998). Learning is further

improved when feedback includes not only quality labels but also explanations of why the articles

are good or poor (Hattie and Timperley 2007).

LLM deployments rely on scaling costly resources. Companies may need significant effort to
1See https://lexfridman.com/yann-lecun-3-transcript/
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label their knowledge base, since a raw organizational knowledge base may be noisy and inaccurate.

Meanwhile, collecting experts’ reasoning data, which typically does not exist in current business

practices, is costly and time-consuming. Organizations need to decide not only what types of

data (knowledge base and reasoning data) to provide, but also how much data to collect and what

model size to deploy. Larger models may provide better performance. However, with the growing

shortage of GPUs and energy caused by the substantial computational demands of LLMs (Morales

2025), larger models can incur substantial costs and are difficult to deploy. This creates trade-offs

between scaling the labeled knowledge base, scaling reasoning data, and scaling model size in LLM

deployments.

Given the significant investment in these resources, it is important for organizations to un-

derstand the scaling of which resource provides the greatest return and how to combine them

optimally. Therefore, this paper examines how these resources (data types, data size, and model

size) contribute to the value generated from LLM deployments. As companies increasingly em-

bed LLMs into organizational workflows, generating value depends on aligning AI outputs with

organizational standards—especially those of key decision makers. Firms have their own specific

knowledge, standards, and strategic goals. If LLM outputs do not align with these standards, they

may require extensive human review and rework. This could also lead to a loss of trust. Accord-

ingly, we measure the performance using the alignment between LLMs’ outputs and those of top

experts who are key decision makers and represent best practices within the organization.2

We partnered with a consulting firm whose core service is delivering pricing benchmark and

negotiation strategy reports to clients. When the company receives clients’ requests for pricing

benchmarks, analysts conduct a pricing analysis and generate reports that include negotiation

strategies. These reports then undergo an internal quality check to ensure high quality. The quality

check is a critical task, because poor-quality reports can lead to the loss of clients who constitute

the firm’s primary revenue source. This task also requires a high level of expertise and is typically

performed by the firm’s top experts. This provides an ideal setting to investigate our research
2Since LLMs are typically used to directly finish knowledge work in the workflow, higher performance is associated

with greater value generated by LLM deployment.
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question.

Knowledge work is dynamic: knowledge workers continuously update their understanding as

new information emerges. In this setting, repeated finetuning can be costly and inflexible. As a

result, RAG has become a widely adopted approach in practice (Lin 2024, Tully et al. 2025). We

adopt RAG for the quality check task, which relies on a knowledge base composed of previously

delivered consulting reports in this setting. As discussed above, incorporating reasoning data from

experts is likely important, but such data need to be collected. We also need to collect quality check

results from top experts. This process, however, presents several challenges: experts rarely provide

reasoning data in current business because it is time-consuming; most firms do not retain records

of draft reports or historical quality check results; and collecting valid and unbiased quality checks

and reasoning data requires randomization.

To address this, we designed a randomized field benchmark exercise. We first generated a

set of reports using top-performing LLMs and then randomly assigned these reports to 10 top

experts for quality checks. We collected a total of 258 completed and valid quality checks and the

corresponding expert reasoning data.

We use the alignment between LLMs’ outputs and top experts’ outputs to measure the perfor-

mance of LLMs.3 To answer our research question, we vary data types, data size, and model size

when deploying LLMs for the same quality check task. Specifically, for the types of data, we prompt

the LLM under five conditions: no additional data; addition of the knowledge base; addition of the

knowledge base and labeled knowledge base; addition of the knowledge base, labeled knowledge

base, and reasoning data; and addition of reasoning data only. To assess the impact of data size,

we vary the number of data points included in the prompt from 2 to 64. Regarding model size,

we employ state-of-the-art open-source LLMs and select both large and small models from each

family: GPT-OSS (120B and 20B parameters), DeepSeek-R1 (671B and 8B), and Llama 3.1 (70B

and 8B). Finally, we use linear probability models to estimate the effects of these different data

types, data sizes, and model sizes on the performance of LLMs.
3In this paper, since we use alignment as the performance metric, we use the terms “alignment” and “performance”

of LLMs interchangeably.
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Our findings show scaling a raw knowledge base does not improve performance and scaling a

labeled knowledge base leads to better performance. Scaling the knowledge base and model size

can bring only limited improvements in performance. Scaling reasoning data can significantly

improve the performance of LLMs, resulting in an improvement of approximately 10.8 to 37.2

percentage points at its peak compared to adding only the raw knowledge base across different

models. Reasoning data push LLMs’ performance to a new height and there is a power-law

relationship between the number of added reasoning data points and performance. With reasoning

data, smaller models are able to achieve better performance than larger models.

We also demonstrate that reasoning data are effective because they include information about

which patterns constitute a good or bad report. When conducting a quality check, if the report

contains similar patterns to those found in the reasoning data, the LLM’s performance improves. We

next show that comments, rather than ratings, drive performance improvement, and that comments

about the content of the report, rather than comments about the style of the report, are the main

drivers. We also use LLMs to generate reasoning data using the report, quality check label, and

ratings as input. However, we find that the effect of adding LLM-generated reasoning data is much

smaller than that of adding expert-generated reasoning data. Upon further analysis, we observe

that many key points present in expert-generated reasoning are missing from the LLM-generated

reasoning. Conversely, LLM-generated reasoning often contains numerous points that are not

reflected in expert-generated reasoning.

This paper makes several primary contributions to the literature on AI at work. First, we

contribute to the body of research on how organizations can generate value from AI investments.

Existing reports show that significant LLM investment does not always generate returns. This paper

suggests there is a bottleneck in LLM deployment, which cannot be solved by only utilizing the

knowledge base, scaling the model, or increasing the amount of data. However, scaling reasoning

data can push performance to a new height. We also contribute to understanding the mechanisms

of how knowledge bases and reasoning data work in LLM deployments.

Second, we contribute to the literature on scaling laws in computer science by providing early
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field evidence on how performance can be scaled in organizational LLM deployments. We show

that adding reasoning data exhibits a power-law relationship with alignment, whereas the knowledge

base does not. We also demonstrate that smaller models can achieve higher performance than larger

models when scaling reasoning data.

Third, we contribute to the literature on AI alignment by extending the focus from aligning

AI with human values and intentions to a firm-level perspective: aligning AI with organizational

standards and strategic goals. We provide early field evidence on how different design choices can

impact LLM’s alignment with organizational standards.

These findings have important implications. First, companies are investing heavily in AI,

especially LLMs, in an effort to generate value from these technologies (Tully et al. 2025). However,

many studies highlight the existence of an AI productivity paradox (Brynjolfsson et al. 2021). Our

study provides managers with insights into how they can allocate resources in LLM deployments

to generate value. Reasoning data is an especially important resource for LLM deployments.

Our research also implies that tacit knowledge within organizations can be scaled by adding

reasoning data. Second, reasoning data from experts does not exist in current business practice.

While reasoning data significantly enhance the performance of LLMs, organizations must develop

processes to collect and integrate such data into their workflows. This may involve training

employees to document and formalize their reasoning during decision-making, or designing tools

that can capture expert reasoning during routine tasks. Third, our results show that increasing the

amount of reasoning data allows smaller models to perform better than larger models. This presents

two types of costs: the upfront cost associated with collecting reasoning data, and the continuous

marginal cost of using larger models, which require ongoing computational resources. Managers

need to consider this trade-off when making decisions about building LLMs.
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2 Literature Review

2.1 LLM Deployment at Work

Our paper is related to the literature on AI investment and value creation. Many studies have

examined how AI investments impact firm growth and other firm activities (Babina et al. 2024,

Brynjolfsson et al. 2021, Law and Shen 2024). With the advancement of generative AI and LLMs,

AI has significantly expanded its ability to assist with complex and knowledge-intensive work (Zhao

et al. 2024), such as interpreting natural language, summarizing complex technical documents,

generating content drafts (Dell’Acqua et al. 2023), answering domain-specific questions, assisting

in software engineering (Peng et al. 2023), and even offering strategic suggestions (Doshi et al.

2024). This drives companies to invest heavily in LLM deployment (Tully et al. 2025). Despite

these large investments, 95% of organizations are seeing zero return (Challapally et al. 2025).

Previous studies on broader AI adoption have called this phenomenon the AI productivity paradox

(Brynjolfsson et al. 2021). However, it remains underexplored in the literature how this bottleneck

can be addressed in LLM deployments, due to the difficulty in collecting comprehensive proprietary

enterprise data. This paper contributes to understanding the key resources that enable companies

to generate value from LLM deployments and the trade-offs between them.

A straightforward way to deploy LLMs is to use them out of the box. However, because

knowledge work requires deep and context-specific domain expertise, direct prompting of general-

purpose models is often insufficient in organizations (Ovadia et al. 2024). Organizations typically

use more advanced approaches such as RAG or fine-tuning. These approaches rely on a knowledge

base, which includes domain knowledge and contextual information. The knowledge base is

shaped by ongoing organizational activities (Argote and Ingram 2000). Recent surveys show that

although 60% to 70% of companies are customizing models using their knowledge base (databricks

2024, Tully et al. 2025), companies are still not getting a return on LLM investments. A survey

(Challapally et al. 2025) indicates that the core barrier to scaling is not infrastructure, regulation,

or talent—it is learning. Therefore, a knowledge base alone may not be sufficient to generate value
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from LLM deployments.

We look into the evolution of AI, which has progressed through three distinct paradigms

(Russell and Norvig 2020, Zhou 2021). The “reasoning period” (1950s–early 1970s) was based on

the hypothesis that machine intelligence could be realized through logical and symbolic reasoning

(Newell and Simon 1956). While early researchers successfully developed general-purpose problem

solvers for well-defined tasks, they soon encountered the combinatorial explosion and recognized

the limitations of pure logic when applied to ambiguous and complex environments.

This led to the transition into the “knowledge period” (mid-1970s–1980s). Researchers ex-

plicitly embedded systems with specialized, domain-specific information (Feigenbaum et al. 1977).

Although this era culminated in the widespread deployment based expert systems, the paradigm was

ultimately constrained by the large cost and difficulty of manually codifying tacit human expertise

into rules. Consequently, the field moves toward the current “learning period” characterized by

algorithms designed to learn probabilistic patterns and representations from vast datasets. This era

includes statistical machine learning (Mitchell 1997) and deep learning architectures (LeCun et al.

2015).

Modern LLMs represent the one of the pinnacles of this data-driven learning era. Neverthe-

less, a growing body of literature highlights a critical flaw: these models predominantly rely on

statistical correlations and next-token prediction rather than causal comprehension or robust logical

deduction (Dziri et al. 2023, Berglund et al. 2024, Zečević et al. 2023). Overcoming this bottleneck

necessitates revisiting the roots of early AI’s emphasis on reasoning and operationalizing it through

modern learning architectures. We may need to reconfigure LLMs with human reasoning data in

deployments to address this gap.

Also, drawing on the psychology literature, prior studies show that learning from both positive

and negative examples is more effective than learning from positive examples alone or from

examples without labels (Schwartz and Bransford 1998, Hovland and Weiss 1953, Große and

Renkl 2007, Smoke 1933) Providing explanations of why examples are correct or incorrect further

improves learning efficiency (Hattie and Timperley 2007, Chi et al. 1989, 1994). These insights also
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motivate the use of reasoning data to complement the knowledge base. Experts’ reasoning is often

shaped over years of experience through interactions with colleagues and the work environment.

Their reasoning includes managerial preferences, organizational standards, and ”side information”

(Alur et al. 2025). As a result, reasoning within organizations is rarely codified and is costly to

collect. This underscores the need to understand how reasoning data contribute—relative to the

knowledge base—to the value generated from LLM deployments, as well as the mechanisms behind

this.

2.2 LLM Alignment

AI alignment is a critical area of research that focuses on ensuring AI systems operate in accordance

with human values and intentions (Gabriel 2020, Ji et al. 2025). With the rapid advancement of

LLMs, alignment has become a highly active research topic. Early foundational studies focused on

training models to follow human instructions using human feedback (Ouyang et al. 2022, Bai et al.

2022). In this context, alignment refers to the process of modifying an LLM so that its predictions

and outputs are reliable, safe, and consistent with human expectations (Liu et al. 2024, Köpf

et al. 2023, Wang et al. 2023, Shen et al. 2023). Furthermore, recent economic and management

literature explores how to align LLMs with human economic preferences. Some studies treat LLMs

as simulated economic agents (Lu et al. 2025, Goli and Singh 2024, Kim et al. 2024, Brand et al.

2023, Arora et al. 2025, Horton 2023, Gao et al. 2025).

This paper extends the AI alignment literature by shifting the focus to alignment with organi-

zational stardards and expectations. There are several key reasons why this is important. First,

organizations have unique strategic goals and standards, which form the basis of their competitive

advantage. LLMs are increasingly embedded into more tasks, workflows, and even make decisions

autonomously. If companies use the same generic LLM without alignment, they may lose their

competitive advantage. Second, if LLM outputs deviate from organizational standards, it will

require significant review and rework. This may increase costs and reduce productivity. Third,

human experts typically work with LLMs. If their outputs are not aligned with organizational
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standards, it may reduce their trust in and adoption of LLMs.

2.3 LLMs and Scaling Law

LLMs are typically pre-trained on massive text corpora using self-supervised learning objectives.

A central theme in the development of LLMs is the scaling law—a set of empirical evidence that

describes how model performance improves predictably with increased scale in model parameters,

training data, and compute resources (Kaplan et al. 2020, Hestness et al. 2017, Hoffmann et al.

2022). Studies have shown that performance often improves following power-law relationships.

Recent attention has shifted to inference-time scaling, which focuses on enhancing performance

by increasing resources or context during model inference rather than during training (Snell et al.

2024). This field investigates how strategic allocation of compute at inference can yield significant

gains in areas such as reward modeling, RAG, and problem-solving (Liu et al. 2025b, Yue et al.

2024, Snell et al. 2024).

A key technique for deploying LLMs is RAG (Lewis et al. 2020). By retrieving knowledge from

external sources, RAG systems can generate outputs that are more accurate and aligned with domain-

specific needs. Recent work has started to explore how inference-time scaling operates within RAG

systems (Yue et al. 2024). Within organizations, RAG systems have enabled continuous learning

for LLMs, which would otherwise be expensive to achieve through methods like fine-tuning.

With the growing shortage of GPUs and power driven by the substantial computational demands

of LLMs, it becomes increasingly important to understand the relative gains of scaling models

versus scaling data when deploying LLMs in companies. In particular, a key question is whether

comparable or even superior performance can be achieved with smaller models. Another important

issue is understanding how effectively different types of data—such as the knowledge base and

reasoning data—can be scaled. Examining these trade-offs is crucial for understanding how to

generate value from LLM deployments in companies, but this topic remains underexplored in the

literature.
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3 Research Design

3.1 Institutional Background

Figure 1: Workflow of the Pricing Benchmark

We partnered with a consulting firm whose core service involves producing pricing bench-

mark and negotiation strategy reports for enterprise clients. These reports help clients evaluate

whether their current or proposed contracts are priced above market standards and identify potential

opportunities for cost reductions. Figure 1 illustrates the firm’s pricing benchmark workflow.

When the firm receives a pricing benchmark request, an analyst initiates the process by examin-

ing the client’s contract details and comparable transactions from the firm’s internal database. The

analyst then produces a draft written report that includes pricing benchmarks and recommended

negotiation strategies. To maintain high quality standards, a report is approved for delivery to the

client only after it passes this quality check. Most delivered consulting reports are subsequently

archived in the firm’s internal knowledge.

This setting provides an ideal context for our study for two reasons. First, consulting is a

highly knowledge-intensive industry in which both domain knowledge and reasoning are central

to producing high-quality outputs. Second, the quality-check task is typically performed by the

firm’s top experts, providing an ideal setting to measure the performance of LLMs by comparing

the output of LLMs with that of top experts.

Therefore, this paper deploys LLMs for the quality check task. Because this task requires deep

12



domain knowledge, an LLM used out of the box is unlikely to be effective. Based on the discussion

in the previous section, we adopt RAG rather than fine-tuning. In our setting, the knowledge

base consists of previously delivered consulting reports. However, reasoning data are not readily

available and must be collected.

To evaluate the performance of LLMs, we compare their quality check outputs to those of top

experts. However, there are some challenges. Most firms do not retain records of draft reports

or historical quality check results, as drafts are typically revised multiple times before delivery

and quality checks are often conducted informally—such as through conversations. Furthermore,

experts rarely provide reasoning data in current business practice (including during quality checks),

as this process is generally time-consuming. In addition, to obtain valid and unbiased quality checks

and reasoning data, it is crucial to implement randomization in the quality check process to mitigate

selection and expectation effects. To address these challenges and to enable credible comparisons

between the outputs of top experts and LLMs, we designed a randomized field benchmark exercise

that elicits both quality checks and associated reasoning data from top experts.

3.2 Quality Check Benchmark Exercise in the Field

Figure 2: Quality Check and Reasoning

To collect valid quality checks and reasoning data from experts, we first needed to generate

valid reports and then randomly assign them to top experts.
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3.2.1 Generating Reports

Since the delivered reports archived in the database are mostly positive samples, we needed to

use LLMs to generate the set of reports that experts would evaluate. The firm’s knowledge base

consists of 1,782 completed deals. Each deal in this sample represents a pricing benchmark request

for which the firm had previously delivered a report to a client. We began by drawing a random

sample of 100 historical deals from the firm’s knowledge base. Using these deals as the underlying

cases, we then produced alternative versions of consulting reports with LLMs.

For each of the 100 deals, we first used an LLM with direct prompting to generate reports. The

prompt included detailed deal information such as the client’s request, vendor, current proposed

price of products, and the fair market value as estimated by analysts. We then applied three distinct

prompt strategies to generate a total of 300 LLM-generated reports.4 We then fine-tuned an LLM

on the remaining 1,682 historical reports in the knowledge base. We used the same prompt as

before and applied the same three prompt strategies to generate another 300 reports. Combined

with the 100 original delivered consulting reports, the full set for the benchmark exercise consisted

of 700 reports—600 generated by LLMs and 100 written historically by analysts. A noteworthy

point is that reports generated by LLMs—particularly those produced using fine-tuned models—are

difficult for experts to distinguish from human-generated reports.

3.2.2 Quality Checks

The participant group performing quality checks consisted of five senior analysts and five execu-

tives5, each with extensive experience in pricing benchmarks and negotiation strategy evaluation.

To ensure that we collected valid and high-quality quality checks and reasoning data in our

field benchmark exercise, we implemented a randomization procedure. Each of the 700 reports

was randomly assigned to one of the top experts participating in the study. During assignment, we

deliberately avoided cases in which a report would be evaluated by a top expert who had previously
4We used the open-source LLM ranked highest in the benchmark at the time the report was generated.
5They are the most experienced experts in the consulting firm.
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analyzed or written the underlying deal, as such familiarity could unintentionally bias the quality

check. An expert who remembers the original context or their own earlier work might evaluate the

report more favorably, thereby distorting both the quality check and the reasoning data collected. We

also ensured that each top expert received a balanced mix of reports generated through the different

strategies—historical reports, direct-prompt LLM reports, and fine-tuned LLM reports—so that no

expert’s evaluation set disproportionately reflected any particular report type. In addition, for each

expert, the order in which reports appeared was randomized to avoid potential sequencing effects

such as fatigue, anchoring, or learning across evaluations.

To facilitate data collection, we developed an evaluation interface to capture the quality checks

and reasoning data. When a top expert logged into the interface, for each report assigned to them,

they were first shown the complete information for the deal, including the client name, vendor, the

client’s request, the date of the request, and the relevant information used for pricing benchmarking.

Immediately below this information, the interface displayed the report to be evaluated. After reading

the report, the expert proceeded to the quality check section and reasoning section.

The quality check question is ”Would you recommend providing these negotiation strategies

without modification to the client?” with response options of Yes, Indifferent, or No (see Figure 2).

The reasoning section included a set of ratings that asked experts to evaluate specific dimensions

of the report, such as the percentage of content that required modification and the estimated time

required to modify the report. Experts also rated the report on its financial outcome, relevance and

specificity, feasibility, innovativeness, clarity and comprehensibility, comprehensiveness, and the

overall quality of the report (see Appendix A). Following these ratings, the interface asked experts

to provide written comments explaining the reasoning behind their evaluation.

We collected a total of 258 completed and valid quality checks.6 Table 1 shows the distribution

of quality check results in our field benchmark exercise. It is noteworthy that 27.5% of human-

generated reports were rejected in the quality checks. This indicates that although all reports in

the knowledge base were delivered in the past, they may still receive a ”no” in the quality check
6The collected samples represent a sizable dataset, particularly given the high wages of these top experts, which

makes the cost of collecting these samples substantial.
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process.

Table 1: Distribution of Quality Check Results

Yes Indifferent No N

All 79 (30.6%) 58 (22.5%) 121 (46.9%) 258
Quality Checks by Senior Analysts 42 (29.2%) 45 (31.2%) 57 (39.6%) 144
Quality Checks by Executives 37 (32.5%) 13 (11.4%) 64 (56.1%) 114
Human-Generated Reports 26 (51.0%) 11 (21.6%) 14 (27.5%) 51
LLM-Generated Reports 53 (25.6%) 47 (22.7%) 107 (51.7%) 207

3.3 Deploying LLMs for Quality Check

Figure 3: Deploying LLMs for the Quality Check Task Using RAG

After collecting the full set of quality checks and accompanying reasoning data from top experts,

the next step is to examine how different types of data, the size of the data, and the size of the

model contribute to the performance of an LLM by comparing its outputs to those of top experts

for the same quality check task. The overall architecture is shown in Figure 3. Following the recent

literature on LLM deployment for knowledge-intensive tasks, we adopt RAG (Lewis et al. 2020).

In our design, the LLM receives the report to be quality-checked and is then prompted with

the same quality check question that top experts answered. We vary the information provided

to the LLM in order to evaluate how different types of data contribute to the training of the

LLM. Motivated by psychology literature discussed in the previous section, incorporating labeled
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Figure 4: Comparison Groups

knowledge base may make learning more efficient than relying on the knowledge base alone,

which consists mostly of positive examples; furthermore, incorporating reasoning data may further

enhance learning efficiency. Therefore, the LLM is prompted under five conditions (shown in

Figure 4): no additional data; the addition of the knowledge base; the addition of the knowledge

base and labeled knowledge base; the addition of the knowledge base, labeled knowledge base, and

reasoning data; and the addition of reasoning data.

To incorporate the knowledge base and reasoning data, we follow the inference-time scaling

literature in RAG (Yue et al. 2024) and vary the amount of data retrieved and added to the prompt.

We begin by computing embeddings for all 258 reports that were evaluated by top experts using the

Qwen3-Embedding-0.6B model7. We also compute embeddings for every report in the knowledge

base. To retrieve knowledge base data, we calculate the cosine similarity between the report

being evaluated and all reports in the knowledge base, and then select the most similar reports to

include in the prompt. To retrieve labeled knowledge base data or reasoning data, we compute

cosine similarity between the report being evaluated and the set of other reports for which top
7Qwen3-Embedding-0.6B is one of the top embedding models at the time we deployed the LLMs; see also its

ranking on the MTEB leaderboard at https://huggingface.co/spaces/mteb/leaderboard.
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experts provided quality checks, and then select the most similar reports along with their associated

reasoning. For all comparison groups other than the baseline (no data) group, we vary the amount

of additional data included in the prompt by setting 𝑘 to 2, 4, 8, 16, 32, or 64. For each 𝑘 , the

addition of data for each comparison group is as follows:

• Knowledge base: Add the top 𝑘 retrieved knowledge base data points.

• Knowledge base and labeled knowledge base: Add the top 𝑘/2 retrieved knowledge base

data points and 𝑘/2 retrieved labeled knowledge base data points.

• Knowledge base, labeled knowledge base, and reasoning data: Add the top 𝑘/2 retrieved

knowledge base data points and 𝑘/2 retrieved labeled knowledge and reasoning data points.

• Reasoning data: Add the top 𝑘 retrieved reasoning data points.

We also needed to select appropriate families of LLMs. Because all consulting reports, deal

information, and reasoning are sensitive proprietary data, all LLM models were deployed locally.

We therefore used state-of-the-art open-source LLMs that rank highly on public benchmarks. To

study how model size contributes to the performance of LLMs, we included both large and small

models from each LLM family. Specifically, we used GPT-OSS in 120B and 20B parameter

versions, DeepSeek-R1 in 671B and 8B versions, and Llama 3.1 in 70B and 8B versions.

After retrieving data and constructing the prompts, we apply the LLM to perform the quality

check for each report. We then evaluate the performance of the LLM by measuring the alignment

between top experts’ quality check results and the LLM’s quality check results for each report.

To analyze how different data and model sizes impact LLM’s performance, we estimate linear

probability models (LPMs) in which the dependent variable is the LLM’s alignment with top

experts in the quality check task. We use LPMs rather than nonlinear models such as logit because

the coefficients from LPMs can be interpreted directly as percentage-point changes in alignment.

We estimate the following linear probability model with report fixed effects for each model

family:
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𝐴𝑙𝑖𝑔𝑛𝑚𝑒𝑛𝑡𝑚𝑟𝑘 = 𝛽0

+ 𝛽1 𝐾𝐵𝑚𝑟𝑘

+ 𝛽2 𝐾𝐵 𝐿𝑎𝑏𝑒𝑙𝑒𝑑𝐾𝐵𝑚𝑟𝑘

+ 𝛽3 𝐾𝐵 𝐿𝑎𝑏𝑒𝑙𝑒𝑑𝐾𝐵 𝑅𝐷𝑚𝑟𝑘

+ 𝛽4 𝑅𝐷𝑚𝑟𝑘

+ 𝛽𝐿 𝐿𝑎𝑟𝑔𝑒𝑀𝑜𝑑𝑒𝑙𝑚𝑟𝑘

+ 𝛼𝑟 + 𝜀𝑚𝑟𝑘 . (1)

where the omitted category (𝑁𝑜𝐷𝑎𝑡𝑎) corresponds to the baseline condition in which no

additional data are included in the prompt. Each indicator variable reflects the type of data

provided to the LLM for model configuration 𝑚, report 𝑟, and retrieval size 𝑘 . Specifically, 𝐾𝐵𝑚𝑟𝑘

indicates that only knowledge base is included; 𝐾𝐵 𝐿𝑎𝑏𝑒𝑙𝑒𝑑𝐾𝐵𝑚𝑟𝑘 indicates that both knowledge

base and labeled knowledge base are included; 𝐾𝐵 𝐿𝑎𝑏𝑒𝑙𝑒𝑑𝐾𝐵 𝑅𝐷𝑚𝑟𝑘 indicates that knowledge

base, labeled knowledge base, and reasoning data are included; and 𝑅𝐷𝑚𝑟𝑘 indicates that only

reasoning data is included.

For all non-baseline specifications, 𝑘 ∈ {2, 4, 8, 16, 32, 64} denotes the total number of re-

trieved items included in the prompt. When multiple data types are used, the retrieved items are

divided evenly among the data types, as described previously. 𝐴𝑙𝑖𝑔𝑛𝑚𝑒𝑛𝑡𝑚𝑟𝑘 is a binary indicator

equal to one if the LLM’s quality check agrees with the top expert’s quality check on report 𝑟.

𝐿𝑎𝑟𝑔𝑒𝑀𝑜𝑑𝑒𝑙𝑚𝑟𝑘 indicates whether the large version of the model family is used. 𝛼𝑟 denotes report

fixed effects, and 𝜀𝑚𝑟𝑘 is the error term.
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4 Results

4.1 Knowledge Base vs. Reasoning Data

Table 2: The Effects of Adding Knowledge Base and Reasoning Data

Variable GPT-OSS Family DeepSeek-R1 Family LLaMA-3.1 Family

KB 0.018 0.010 -0.033
(0.011) (0.012) (0.036)

KB LabeledKB 0.031* 0.113*** 0.097***
(0.016) (0.010) (0.033)

KB LabeledKB RD 0.116*** 0.179*** 0.250***
(0.020) (0.012) (0.029)

RD 0.015*** 0.115*** 0.198***
(0.004) (0.010) (0.021)

LargeModel 0.021*** 0.038 0.025***
(0.003) (0.031) (0.010)

Report FEs Yes Yes Yes
R-squared (Overall) 0.118 0.254 0.295
Observations 12,900 12,900 12,900

Note: Use NoData as the reference group. The dependent variable is Alignment.
Significance stars: ∗𝑝 < 0.1, ∗∗𝑝 < 0.05, ∗∗∗𝑝 < 0.01.

Tables 2 report the effects of adding different types of data on LLM’s performance across

model families. The results show that adding knowledge base, which mainly consists of positive

samples, does not significantly improve performance compared to providing no additional data.

However, performance increases by 3.1 percentage points (weakly significant) in the GPT-OSS

family, 11.3 percentage points in the DeepSeek-R1 family, and 9.7 percentage points in the Llama-

3.1 family when both the knowledge base and labeled knowledge base are included. This suggests

that providing labels helps LLMs achieve higher performance. When knowledge base, labeled

knowledge base, and reasoning data are all provided, performance improves even further, resulting

in gains of 11.6 percentage points, 17.9 percentage points, and 25.0 percentage points in the GPT-

OSS, DeepSeek-R1, and Llama-3.1 families, respectively. Table 11 uses the addition of knowledge

base and labeled knowledge base as the reference group to show the incremental effect of reasoning

data, revealing that adding reasoning data further boosts performance by 8.6 percentage points in
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GPT-OSS, 6.6 percentage points in DeepSeek-R1, and 15.3 percentage points in Llama-3.1. These

improvements are substantial, especially since the regressions pool cases with both small 𝑘—where

improvements are typically modest—and large 𝑘 , in which the gains are much greater. Finally,

when reasoning data are added without quality check labels, the effect is smaller and different

across different models, indicating that labels are necessary for reasoning data to be effective.

4.2 Impact of Model Size and Data Size

We first examine the impact of model size. Table 2 shows that large models achieve slightly higher

performance than small models in deploying the LLM, with increases of 2.1 percentage points

for the GPT-OSS family and 2.5 percentage points for the Llama-3.1 family, but the effect is not

significant for the DeepSeek-R1 family.

Table 3: The Effects of Number of Added Data Points on Alignment (GPT-OSS Family)

Variable KB KB LabeledKB KB LabeledKB RD RD

log(k + 1) 0.004 0.004 0.030*** 0.003***
(0.004) (0.003) (0.004) (0.001)

LargeModel 0.004 0.021*** 0.044*** 0.004**
(0.003) (0.005) (0.005) (0.002)

Report FEs Yes Yes Yes Yes
R-squared (Overall) 0.020 0.047 0.212 0.018
Observations 4,128 4,128 4,128 4,128

Note: The dependent variable is Alignment. Significance stars: ∗𝑝 < 0.1, ∗∗𝑝 < 0.05, ∗∗∗𝑝 < 0.01.

We then examine the impact of data size. In the literature on scaling laws, model performance

often follows a power-law relationship with increases in data size. Guided by this insight, we first

test whether a similar pattern emerges when adding more knowledge base data and reasoning data.

To investigate this, we take the logarithm of the number of added data points plus one, log(k + 1),

and regress the performance of the LLM on this transformed variable. Below is the regression

equation:
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Alignment𝑚𝑟 = 𝛽0 + 𝛽1 log(𝑘𝑚𝑟 + 1) + 𝛽𝐿 LargeModel𝑚𝑟 + 𝛼𝑟 + 𝜀𝑚𝑟 (2)

We estimate the regression for each comparison group, where 𝑘 = 0 (the NoData baseline) is

always included in every regression. Here, log(𝑘𝑚𝑟 + 1) is the log-transformed count of added data

points.

Table 3 summarizes these results. We find that the coefficient for scaling reasoning data is

statistically significant, whereas the coefficient for scaling knowledge base data is not. Specifically,

increasing the number of data points in the KB LabeledKB RD group by 1% increases performance

by 0.030 percentage points in the GPT-OSS family, while a 1% increase in the RD group raises

performance by 0.003 percentage points.

(a) GPT-OSS 120B (b) GPT-OSS 20B

Figure 5: The Effect of Adding 𝑘 Data Points on Alignment of LLMs (GPT-OSS Family)

To investigate whether performance improvements plateau as more data are added, we replaced

the continuous measure of log(k+1) with a series of dummy variables corresponding to each value

of 𝑘 . Below is the regression equation:
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Alignment𝑟 = 𝛽0 +
∑︁
𝑘

𝛽𝑘𝐷𝑘,𝑟 + 𝛼𝑟 + 𝜀𝑟 (3)

We run the regression for each comparison group and model, with NoData always used as the

reference group. Here, 𝐷𝑘,𝑟 are dummy variables indicating each value of 𝑘 (the number of data

points added).

We then plot the coefficients of the dummies. In this analysis, the x-axis represents 𝑘 (in log

scale) and the y-axis represents the coefficients. As illustrated in Figure 5 and Figure 7, adding

reasoning data (KB LabeledKB RD group) enables LLMs to achieve substantially higher perfor-

mance compared to adding only knowledge base and labeled knowledge base data (KB LabeledKB

group). This results in an improvement of approximately 10.8 to 37.2 percentage points at its

peak compared to adding only the raw knowledge base across different models. The performance

improvements peak between 16 and 32 added data points.

We also find that for all groups, performance drops after reaching its peak. This decline is likely

attributable to the long-context limitations of LLMs, as existing literature documents that model

performance deteriorates when the prompt becomes excessively long (Liu et al. 2025a). Since the

quality check task is inherently complex and the consulting reports are typically lengthy, adding

too many data points rapidly pushes the prompt toward the model’s context limit, thereby reducing

performance.

To jointly illustrate the effects of model size and data size, we plot the average alignment at

each value of 𝑘 for both large and small models in Figure 6 and Figure 8. The results demonstrate

that a small model supplied with reasoning data (KB LabeledKB RD group) can achieve higher

performance than a large model without reasoning data (KB LabeledKB group). Furthermore, the

addition of reasoning data elevates the model’s performance to a new height.

In summary, this section demonstrates that the labeled knowledge base can achieve higher

performance than the knowledge base. Furthermore, reasoning data significantly improve the
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Figure 6: Average Alignment of LLMs when Adding 𝑘 Data Points (GPT-OSS Family)

performance of LLMs, elevating performance to a new height, with the effect becoming larger as

more data points are provided. Notably, when supplied with reasoning data, smaller models are

able to achieve higher performance than larger models.

5 Mechanisms

The previous section demonstrated the important role that reasoning data play in deploying LLMs.

In this section, we seek to understand the underlying mechanisms through which both the knowledge

base and reasoning data contribute to the training of LLMs.

5.1 Why Does the Knowledge Base Not Work?

In Table 1, the human-generated reports used for quality checks are randomly sampled from past

delivered reports. Notably, 27.5% of these reports are rejected by experts, and 21.6% receive an

indifferent evaluation. This indicates that the knowledge base contains a significant proportion of

low-quality reports, introducing considerable noise for the LLM to learn from. This is an important

reason why the knowledge base alone does not substantially improve performance.

To obtain more robust results, we investigate whether varying the composition of the knowledge

base leads to significant differences in performance. First, we randomly sample half of the reports
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in the knowledge base five separate times, using each subset as the knowledge base to train the

LLM via RAG as before. We then compare the performance across these different subsets.

Next, we test whether incorporating more recent reports into the knowledge base can enhance

the LLM’s performance, under the assumption that newer reports may better reflect the current

standards of the company. To do this, we divide the knowledge base into the newest 50% of reports

and the oldest 50%, using each as the knowledge base to deploy the LLM with RAG in the same

way, and compare their respective performances.

Table 4: The Effect of Adding Knowledge Base Samples (GPT-OSS Family)

Variable Sample 1 Sample 2 Sample 3 Sample 4 Sample 5

AddingData 0.009 0.017* 0.011 0.014 0.009
(0.010) (0.009) (0.010) (0.009) (0.010)

LargeModel 0.000 0.002 -0.000 0.013* 0.003
(0.006) (0.007) (0.007) (0.007) (0.007)

Report FEs Yes Yes Yes Yes Yes
R-squared (Overall) 0.016 0.032 0.018 0.036 0.019
Observations 4,128 4,128 4,128 4,128 4,128

Note: The dependent variable is Alignment. Significance stars: ∗𝑝 < 0.1, ∗∗𝑝 < 0.05,
∗∗∗𝑝 < 0.01. For each column, the reference group is NoData. AddingData = 0 if it is
NoData and 1 if data are added as indicated in the column.

Table 5: The Effect of Adding Knowledge Base Samples from Different Time Periods (GPT-OSS
Family)

Variable Older Knowledge Base Newer Knowledge Base

AddingData 0.010 0.012
(0.008) (0.011)

LargeModel -0.001 0.009
(0.006) (0.006)

Report FEs Yes Yes
R-squared (Overall) 0.016 0.030
Observations 4,128 4,128

Note: The dependent variable is Alignment. Significance stars: ∗𝑝 < 0.1,
∗∗𝑝 < 0.05, ∗∗∗𝑝 < 0.01. For each column, the reference group is NoData.
AddingData = 0 if it is NoData and 1 if data are added as indicated in the column.

Table 4 shows that different samplings of the knowledge base do not significantly affect the
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performance of the LLM. Similarly, as seen in Table 5, using a knowledge base consisting of either

older or newer reports does not result in significant differences in performance. Taken together,

these findings suggest that the knowledge base may include a substantial number of low-quality

reports across both time periods, which introduces noise and makes it challenging for LLMs to

effectively learn from the data.

5.2 Why Do Reasoning Data Work?

5.2.1 Rating vs. Comment

Table 6: The Effect of Adding Different Types of Reasoning Data (GPT-OSS Family)

Variable KB LabeledKB KB LabeledKB KB LabeledKB KB LabeledKB
Ratings Comments RD

AddingData 0.029* 0.044*** 0.080*** 0.114***
(0.015) (0.017) (0.017) (0.020)

LargeModel 0.021*** 0.047*** 0.048*** 0.044***
(0.005) (0.009) (0.008) (0.005)

Report FEs Yes Yes Yes Yes
R-squared (Overall) 0.081 0.132 0.193 0.257
Observations 4,128 4,128 4,128 4,128

Note: The dependent variable is Alignment. Significance stars: ∗𝑝 < 0.1, ∗∗𝑝 < 0.05, ∗∗∗𝑝 < 0.01. For
each column, the reference group is NoData. AddingData = 0 if it is NoData and 1 if data are added
as indicated in the column. We also run a regression using KB LabeledKB Ratings as the reference
group, which shows that KB LabeledKB Comments can significantly improve alignment compared to
KB LabeledKB Ratings.

We next aim to understand why reasoning data work. When we provide the LLM with reasoning

data, it receives two components. The first is a set of ratings on different dimensions of the report.

The second is a text comment, which explains in detail why the expert made that particular quality

check. To isolate the contribution of each component, we vary the conditions and provide the LLM

with only ratings or only comments, and then compare their performance. One difference between

ratings and comments is that ratings are relatively generic. For example, ratings might assess

feasibility but do not explain why or in which respects a strategy is feasible or not. In contrast,
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comments are more detailed and explain why each strategy is good or bad.

Table 6 uses the first column, which shows the effect of adding only the knowledge base and

labeled knowledge base compared to no additional data, as the baseline. Building on this, the second

column incorporates ratings in addition to the baseline, resulting in only a small improvement in

alignment (from 2.9 percentage points to 4.4 percentage points). In contrast, the third column adds

comments to the baseline, leading to a much larger improvement (from 2.9 percentage points to 8.0

percentage points), which is close to the effect of adding both ratings and comments together (11.4

percentage points). These results suggest that the detailed and specific comments are the primary

factor driving the effect of adding reasoning data.

5.2.2 Similar Patterns

Table 7: Regression of alignment on the average similarity between the comment of the current
report and the comments of the added reports (GPT-OSS family)

Variable KB LabeledKB RD

AvgSimilarity 0.737***
(0.140)

Large Model 0.050***
(0.006)

Report FEs Yes
R-squared (Overall) 0.629
Observations 3,612

Note: The dependent variable is Alignment. Significance stars: ∗𝑝 < 0.1, ∗∗𝑝 < 0.05, ∗∗∗𝑝 < 0.01.

Next, we investigate why these comments improve the LLM’s performance. A potential

mechanism is that these comments directly provide information about patterns of good and bad

reports, unlike the knowledge base, where LLMs must identify patterns themselves. Therefore,

the reasoning data will be more effective if the patterns described in the comment resemble those

present in the testing report (the report the LLM is quality checking); we use the comment on the

testing report as an indicator of these patterns (since the comment will mention which patterns make

this a good or bad report). For each testing report, we calculate the average similarity (ranging from
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Table 8: More Similar Comments vs. Less Similar Comments (GPT-OSS family)

Variable KB LabeledKB KB LabeledKB KB LabeledKB KB LabeledKB
LessSimilar MoreSimilar Comments
Comments Comments

AddingData 0.029* 0.040** 0.058*** 0.080***
(0.015) (0.017) (0.014) (0.017)

LargeModel 0.021*** 0.039*** 0.052*** 0.048***
(0.005) (0.009) (0.008) (0.008)

Report FEs Yes Yes Yes Yes
R-squared (Overall) 0.081 0.112 0.157 0.193
Observations 4,128 4,128 4,128 4,128

Note: The dependent variable is Alignment. Significance stars: ∗𝑝 < 0.1, ∗∗𝑝 < 0.05, ∗∗∗𝑝 < 0.01. For
each column, the reference group is NoData. AddingData = 0 if it is NoData and 1 if data are added
as indicated in the column. We also run a regression using KB LabeledKB LessSimilar as the reference
group, which shows that KB LabeledKB MoreSimilar can significantly improve alignment compared to
KB LabeledKB LessSimilar.

0 to 1) between the comment on the testing report and each of the comments from the reasoning

data, and we use this average similarity to predict the LLM’s performance. Table 7 shows that the

average similarity strongly predicts the LLM’s performance: when the average similarity increases

from 0 to 1, alignment increases by 73.7 percentage points on average. This indicates that when the

comments from the added reasoning data provide information about patterns found in the testing

report, the LLM’s performance will improve.

We further verify this mechanism. For each testing report, we calculate the similarity between

the comment on the testing report and each of the comments from the added reasoning data. We

then divide the added comments into two groups: “MoreSimilarComments,” which includes only

the top 50% most similar comments to the testing report’s comment, and “LessSimilarComments,”

which includes the bottom 50% most similar comments. For each group, we compare the impact

of adding the data on alignment. As shown in Table 8, the LessSimilarComments group yields

only a small improvement compared to not adding comments, whereas the MoreSimilarComments

group achieves a much larger improvement, closer to the effect of adding all comments. This result

indicates that reasoning data benefit LLMs mainly by providing information about patterns of good

or bad reports, and that the largest gains occur when these patterns are relevant to the report under
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review. In Appendix E, we provide additional evidence supporting this mechanism.

5.2.3 Comments About the Content of the Report vs. Comments About the Style of the

Report

To further investigate what type of content in comment contribute to the performance improvement,

we examine whether comments about the style of the report or the content of the report are more

effective. For each comment, we split it into sentences and use a top open source model (GPT-OSS

120B) to classify each sentence as relating to style, content, or both. We then construct two groups:

for the CommentsAboutStyle group, we add only those sentences classified as about style to the

reasoning data prompt; for the CommentsAboutContent group, we add only the sentences classified

as about content. As shown in Table 9, adding comments about the content of the report leads to a

larger improvement in alignment than adding comments about the style of the report. This suggests

that the content of the comments is the primary factor driving the effect of adding comments.

Table 9: Comments about style of the report vs. comments about content of the report (GPT-OSS
family)

Variable KB LabeledKB KB LabeledKB KB LabeledKB KB LabeledKB
CommentsAbout CommentsAbout Comments

Style Content

AddingData 0.029* 0.044** 0.072*** 0.080***
(0.015) (0.017) (0.018) (0.017)

LargeModel 0.021*** 0.039*** 0.039*** 0.048***
(0.005) (0.010) (0.010) (0.008)

Report FEs Yes Yes Yes Yes
R-squared (Overall) 0.081 0.111 0.154 0.193
Observations 4,128 4,128 4,128 4,128

Note: The dependent variable is Alignment. Significance stars: ∗𝑝 < 0.1, ∗∗𝑝 < 0.05, ∗∗∗𝑝 < 0.01. For each
column, the reference group is NoData. AddingData = 0 if it is NoData and 1 if data are added as indicated
in the column. We also run a regression using KB LabeledKB CommentsAboutStyle as the reference group,
which shows that KB LabeledKB CommentsAboutContent can significantly improve alignment compared to
KB LabeledKB CommentsAboutStyle.
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5.2.4 Expert-Generated Reasoning vs. LLM-Generated Reasoning

LLMs can also be used to generate reasoning data, raising the question of whether LLM-generated

reasoning data can be as effective as expert-generated reasoning data. To investigate this, we first

use the LLM to generate the reasoning data: for all 258 quality-checked samples, we provide the

report, quality check result, and rating to the LLM and prompt it to generate reasoning data for

each report. We then use these LLM-generated reasoning data to deploy the LLM and compare its

performance with that of the LLM deployed using expert-generated reasoning data.

Because the expert-generated reasoning data are mostly one paragraph in length, we consider

two conditions when generating LLM-based reasoning data: one where the response length is

explicitly limited to a single paragraph, and another where there is no length restriction. For both

conditions, we use the following prompt: ”You are provided with a negotiation strategy report, the

quality check result from a top expert, and their ratings on different dimensions of the report. You

need to generate the reasoning behind the expert’s quality check result.” For the one-paragraph

condition, we modify the prompt to specify: ”You need to generate the reasoning behind the

expert’s quality check result in one paragraph.” We use a top open-source model (GPT-OSS 120B)

to generate the LLM-generated reasoning data.

From Table 10, we can see that the effect of adding LLM-generated reasoning data is much

smaller than the effect of adding expert-generated reasoning data, and only slightly larger than the

effect of not adding reasoning data (KB LabeledKB group). This suggests that LLM-generated

reasoning data is not as effective as expert-generated reasoning data. For robustness, in Appendix

G, we use a top commercial model (Gemini 3 Pro) to generate LLM-generated reasoning data and

find consistent results.

We continue to investigate why LLM-generated reasoning data is not as effective as expert-

generated reasoning data. We use an LLM (GPT-OSS 120B) to compare the differences between

expert-generated reasoning and LLM-generated reasoning. Specifically, we use the LLM to decom-

pose both expert-generated and LLM-generated reasoning into individual points, and then count the

number of points that appear in expert-generated reasoning but not in LLM-generated reasoning, as
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Table 10: The Effect of LLM-generated Reasoning (GPT-OSS family)

Variable KB LabeledKB KB LabeledKB KB LabeledKB KB LabeledKB
LLMReasoning LLMReasoning Comments

OneParagraph

AddingData 0.029* 0.050*** 0.043** 0.080***
(0.015) (0.018) (0.017) (0.017)

LargeModel 0.021*** 0.027** 0.018 0.048***
(0.005) (0.011) (0.011) (0.008)

Report FEs Yes Yes Yes Yes
R-squared (Overall) 0.081 0.110 0.090 0.193
Observations 4,128 4,128 4,128 4,128

Note: The dependent variable is Alignment. Significance stars: ∗𝑝 < 0.1, ∗∗𝑝 < 0.05, ∗∗∗𝑝 < 0.01. For
each column, the reference group is NoData. AddingData = 0 if it is NoData and 1 if data are added as
indicated in the column. We also run a regression using KB LabeledKB LLMReasoning as the reference
group, which shows that KB LabeledKB Comments can significantly improve alignment compared to
KB LabeledKB LLMReasoning.

well as the number of points that appear in LLM-generated reasoning but not in expert-generated

reasoning. We show the distribution of the number of such points in Figure 9 and Figure 10. The

results show that many points in expert-generated reasoning are not covered by LLM-generated

reasoning, suggesting that LLMs are not able to capture those important patterns mentioned by

experts. Furthermore, LLM-generated reasoning is likely to contain a large number of points that

are not covered in expert-generated reasoning. These points are likely to create noise and may

make it difficult for the LLM to learn from them.

6 Discussions and Conclusion

In summary, our findings show that when deploying LLMs, scaling the labeled knowledge base

can achieve higher performance than scaling the raw knowledge base. Scaling reasoning data can

significantly improve the performance of LLMs, elevating performance to a new height, and their

effect becomes greater as more data points are added. With reasoning data, smaller models are able

to achieve the performance of larger models. We also show that reasoning data are effective because

they include information about which patterns constitute a good or bad report. When conducting a
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quality check, if the report contains similar patterns to those described in the reasoning data, the

LLM’s performance improves.

These findings have important implications. First, companies are investing heavily in LLMs but

are failing to generate value from these investments. Our findings suggest that there is a bottleneck in

LLM deployment, which cannot be solved by only utilizing the knowledge base, scaling the model

size, or scaling the data size. However, scaling experts’ reasoning data can push performance

to a new height. Second, while reasoning data significantly enhance the performance of LLMs,

organizations must develop processes to systematically collect and integrate such data into their

workflows. This may involve training employees to document and formalize their reasoning during

decision-making, or designing tools that can capture expert reasoning during routine tasks. Second,

our results show that increasing the amount of reasoning data allows smaller models to perform

better than much larger models. This presents two types of costs: the upfront cost associated

with collecting and documenting reasoning data, and the continuous marginal cost of using larger

models, which require ongoing computational resources. Managers need to consider this trade-off

when making decisions about deploying LLMs.
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Appendix

A Quality Check and Reasoning Questions

The following questions were used in the experts’ quality check benchmark exercise.

1. Recommendation: Would you recommend providing these negotiation strategies without

modification to the client?

A. Yes

B. Indifferent

C. No

2. Percentage to be Modified: What percentage of the content still needs to be modified?

A. No modifications required (0%)

B. Minor modifications needed (<10%)

C. Some modifications needed (10%–30%)
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D. Significant modifications required (30%–60%)

E. Rewrite (>60%)

3. Time to Modify: How much additional time do you expect to spend modifying the content

before sharing strategies with the client?

A. 0

B. 15m

C. 30m

D. 45m

E. 1h

F. 2h

4. Financial Outcome: How confident are you that the negotiation strategies, as written, would

deliver the target savings?

(Scale: 1 = Low, 5 = High)

5. Relevance and Specificity: How relevant and specific are the negotiation strategies?

(Scale: 1 = Low, 5 = High)

6. Feasibility: How would you rate the feasibility of the negotiation strategies?

(Scale: 1 = Low, 5 = High)

7. Innovativeness: How innovative are the negotiation strategies?

(Scale: 1 = Low, 5 = High)

8. Clarity and Comprehensibility: How would you rate the clarity and comprehensibility of

the negotiation strategies?

(Scale: 1 = Low, 5 = High)
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9. Comprehensiveness: How comprehensive are the negotiation strategies?

(Scale: 1 = Low, 5 = High)

10. Overall Quality: How would you rate the overall quality of the negotiation strategies?

(Scale: 1 = Low, 5 = High)

11. Comment: Please provide additional comments about the negotiation strategies above.
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B Prompt Construction

Below we present the prompt text used for the AI knowledge worker.
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Task: Act as a world-class IT spend management consultant and analyst with more than 20 years of

experience. Your specialized focus lies in validating price competitiveness, optimizing licensing

agreements, aligning stakeholders within IT procurement teams, quantifying cost savings, and

formulating effective negotiation strategies to drive substantial value for businesses. Please

complete the task below.

Your team has generated a negotiation strategy report for your company’s client who is purchasing

from a vendor. Your task is to evaluate the quality of the report.

(Conditional Additional Information, depending on the experimental setting):

• Knowledge Base: You are provided with the related past reports, which were recommended

and sent out to clients in the past. Please learn from these to better evaluate the current

report.

• Labeled Knowledge Base or Reasoning Data: You are provided with the past evaluation

results for these reports. Please learn from these to better evaluate the current report.

The report to be evaluated is shown below.

[Text of the report to be evaluated]

Please evaluate it by answering the below question.

1. Recommendation: Would you recommend providing these negotiation strategies without

modification to the client?

• A. Yes

• B. Indifferent

• C. No

42



C The Effects of Adding Knowledge Base and Reasoning Data

(KB LabeledKB as the Reference Group)

Table 11: The Effects of Adding Knowledge Base and Reasoning Data (KB LabeledKB as the
Reference Group)

Variable GPT-OSS Family DeepSeek-R1 Family LLaMA-3.1 Family

NoData -0.031* -0.113*** -0.097***
(0.016) (0.010) (0.033)

KB -0.013 -0.103*** -0.130***
(0.010) (0.010) (0.012)

KB LabeledKB RD 0.086*** 0.066*** 0.153***
(0.010) (0.006) (0.014)

RD -0.016 0.002 0.101***
(0.014) (0.010) (0.026)

LargeModel 0.021*** 0.038 0.025***
(0.003) (0.031) (0.010)

Report FEs Yes Yes Yes
R-squared (Overall) 0.054 0.024 0.112
Observations 12,900 12,900 12,900

Note: The dependent variable is Alignment. Significance stars: ∗𝑝 < 0.1, ∗∗𝑝 < 0.05, ∗∗∗𝑝 < 0.01.
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D Impact of Data Size and Model Size (DeepSeek-R1 Family

and Llama-3.1 Family)

(a) DeepSeek R1 671B (b) DeepSeek R1 8B

(c) Llama-3.1 70B (d) Llama-3.1 8B

Figure 7: The Effect of Adding 𝑘 Data Points on Alignment of LLMs (DeepSeek-R1 Family and
Llama-3.1 Family)
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(a) DeepSeek R1 Family

(b) Llama 3 Family

Figure 8: Average Alignment of LLMs when Adding 𝑘 Data Points (DeepSeek-R1 Family and
Llama-3.1 Family)
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E Can Large Models Better Utilize Knowledge Base and Rea-

soning Data?

Table 12: The Effects of Adding Knowledge Base and Reasoning Data (with LargeModel Interac-
tion) (GPT-OSS Family)

Variable KB KB LabeledKB KB LabeledKB RD

AddingData -0.020 0.077*** 0.183***
(0.016) (0.014) (0.015)

LargeModel 0.037** 0.037** 0.037**
(0.017) (0.017) (0.017)

AddingData × LargeModel 0.037*** -0.005 -0.010
(0.010) (0.011) (0.013)

Report FEs Yes Yes Yes
R-squared (Overall) 0.041 0.184 0.348
Observations 12,384 12,384 12,384

Note: The dependent variable is Alignment. Significance stars: ∗𝑝 < 0.1, ∗∗𝑝 < 0.05,
∗∗∗𝑝 < 0.01. For each column, the reference group is NoData. AddingData = 0 if it is
NoData and 1 if data are added as indicated in the column.

We examine whether the effectiveness of adding the knowledge base and reasoning data differs

across model sizes. Larger models may have greater capacity to interpret and utilize retrieved

data. To test this, we add interaction terms between the LargeModel indicator and the variable

AddingData, which is 1 if any type of data is being added. Each column in Table 12 represents the

addition of a different type of data.

Table 12 demonstrates that large models are better able to utilize the knowledge base, as indicated

by the significant effect sizes of adding the knowledge base: 3.7 percentage points for KB compared

with small models. In contrast, the effect of further adding labels and reasoning data is similar

for both small and large models. These findings suggest that when provided with knowledge base,

LLMs must still learn from examples and identify patterns of good and bad reports—a process in

which larger models may have an advantage due to their greater capacity. However, when reasoning

data are added, they directly provide information about patterns of what constitutes a good or bad

report, allowing even smaller models to utilize this information effectively.
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F Does the Style of the Comments Matter?

Next, we examine whether the improvement in performance comes solely from the content of the

comments, or if the style of the comments also plays a role. While the content of the comments

provides information about why a report is good or bad, it is possible that the writing style of the

company’s experts could help the AI knowledge worker learn more effectively. To investigate this,

we use an LLM to remove the style from the comments, retaining only their keywords, and then

compare performance when only content (not style) is present.

The prompt we use is: ”Remove the style from the following text and only keep the main content

without changing the meaning of the text.”

Table 13: The Effect of Removing the Style of the Comments (GPT-OSS Family)

Variable KB LabeledKB KB LabeledKB KB LabeledKB
CommentsWithoutStyle Comments

AddingData 0.029* 0.076*** 0.080***
(0.015) (0.017) (0.017)

LargeModel 0.021*** 0.038*** 0.048***
(0.005) (0.011) (0.008)

Report FEs Yes Yes Yes
R-squared (Overall) 0.081 0.160 0.193
Observations 4,128 4,128 4,128

Note: The dependent variable is Alignment. Significance stars: ∗𝑝 < 0.1, ∗∗𝑝 < 0.05,
∗∗∗𝑝 < 0.01. For each column, the reference group is NoData. AddingData = 0 if it is NoData
and 1 if data are added as indicated in the column.

Results in Table 13 show that after removing the style, the effect of adding comments remains

similar to the effect when comments are added without style removal. This suggests that the content

of the comments is the primary factor driving the effect of adding comments.

G LLM-Generated Reasoning by Gemini 3 Pro

For robustness, we also examine the effect of adding LLM-generated reasoning data using Gemini 3

Pro, which is a leading commercial model. Table 14 shows that the effect of adding LLM-generated
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reasoning data with Gemini 3 Pro is similar to that of adding LLM-generated reasoning data with

GPT-OSS 120B, both of which are less effective than expert-generated reasoning data.

Table 14: The Effect of LLM-generated Reasoning using Gemini 3 Pro (GPT-OSS family)

Variable KB LabeledKB KB LabeledKB KB LabeledKB
LLMReasoningGemini Comments

AddingData 0.029* 0.056*** 0.080***
(0.015) (0.019) (0.017)

LargeModel 0.021*** 0.035*** 0.048***
(0.005) (0.010) (0.008)

Report FEs Yes Yes Yes
R-squared (Overall) 0.081 0.125 0.193
Observations 4,128 4,128 4,128

Note: The dependent variable is Alignment. Significance stars: ∗𝑝 < 0.1, ∗∗𝑝 < 0.05,
∗∗∗𝑝 < 0.01. For each column, the reference group is NoData. AddingData = 0
if it is NoData and 1 if data are added as indicated in the column. We also run
a regression using KB LabeledKB LLMReasoningGemini as the reference group, which
shows that KB LabeledKB Comments can significantly improve alignment compared to
KB LabeledKB LLMReasoningGemini.

H Distribution of the Number of Points in Expert-Generated

Reasoning and LLM-Generated Reasoning
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(a) One-paragraph restriction (b) No length restriction

Figure 9: Distribution of the number of points appearing in expert-generated reasoning but not
in LLM-generated reasoning. Note: On average, the expert-generated reasoning contained 3.21
points, while the LLM-generated reasoning contained 10.79 points with no length restriction and
9.37 points with a one-paragraph restriction.

(a) One-paragraph restriction (b) No length restriction

Figure 10: Distribution of the number of points appearing in LLM-generated reasoning but not
in expert-generated reasoning. Note: On average, the expert-generated reasoning contained 3.21
points, while the LLM-generated reasoning contained 10.79 points with no length restriction and
9.37 points with a one-paragraph restriction.
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