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Abstract

Deep research agents represent a significant advance in Al-assisted information syn-
thesis, capable of conducting comprehensive investigations that traditionally required
substantial human effort. However, ensuring completeness in automatically generated
research reports remains challenging: existing systems rely on ad-hoc query decompo-
sition through prompt engineering, providing no formal guarantees about coverage or
diversity, and evaluation frameworks often assess single dimensions rather than holistic
report quality.

This thesis addresses these limitations through three primary contributions. First,
we propose a multi-dimensional framework that operationalizes completeness as three
interdependent aspects: coverage (breadth and relevance of information), grounding (ci-
tation accuracy and factual consistency), and presentation quality (clarity and structural
coherence). Second, we present HERO (High Enrichment Retrieval Orchestrator), a hi-
erarchical deep research architecture that combines submodular optimization for query
diversification with a novel two-stage enrichment mechanism that identifies and addresses
information gaps through targeted follow-up investigation. Third, we conduct comprehen-
sive evaluation across both academic (ScholarQABench) and general knowledge (Deep-
ResearchGym) domains, enabling holistic evaluation of Deep Research agents.

HERO achieves state-of-the-art performance on both benchmarks, with the highest
coverage metrics (Key Point Recall of 67.63 on DeepResearchGym), strongest grounding
(Citation F1: 91.57), and superior presentation quality scores. Ablation studies reveal
that submodular optimization and hierarchical enrichment each contribute distinct im-
provements, with synergistic effects when combined. However, important limitations
remain: our analysis reveals systematic sycophantic bias where the system adapts argu-
mentative positions to match query framing, demonstrating that architectural improve-
ments alone cannot overcome inherent behavioral patterns in foundation models.

This work contributes both a concrete system demonstrating measurable improve-
ments in report completeness and a framework for multi-dimensional evaluation of deep
research agents. As these systems evolve toward deployment in high-stakes domains, the
architectural principles and evaluation methodology established here provide a foundation
for building reliable, comprehensive Al research assistants.



Chapter 1

Introduction

Deep Research (DR) agents represent Artificial Intelligence’s (AI) evolution from question-
answering to autonomous investigation|26]. DR agents are Al systems powered by Large
Language Models (LLMs) that integrate dynamic reasoning, adaptive planning, and iter-
ative tool use to acquire, aggregate, and analyze external information [26]. By combining
retrieval, reasoning, and iterative planning, these systems can conduct the kind of com-
prehensive research that typically required days or weeks of dedicated human effort.
However, since these reports can now be mass produced, it would be beneficial to have a
concrete measure of their completeness. Unlike task-specific Retrieval Augmented Gen-
eration (RAG) [60] applications, DR agents tackle open-ended research tasks where the
scope and necessary depth are not predefined: they formulate search strategies, pursue
follow-up questions based on initial findings, and synthesize information across multiple
sources into structured reports [60]. Current approaches to ensuring completeness typi-
cally generate multiple queries through techniques like query decomposition, relying on
prompt engineering to encourage diversity and relevance. However, this ad-hoc approach
provides no guarantees about query diversity or coverage optimization—LLMs often gen-
erate redundant queries that reflect common perspectives while missing less obvious, yet
relevant angles. Moreover, as these agents become more capable and widely deployed,
the lack of standardized evaluation frameworks for measuring completeness becomes in-
creasingly problematic [26].

To address the limitations of ad-hoc query generation, this thesis introduces HERO:
(High Enrichment Retrieval Orchestrator), a DR agent designed to systematically im-
prove research completeness. HERO moves beyond simple query decomposition by im-
plementing two core architectural principles. First, it employs a hierarchical enrichment
strategy that breaks down complex topics into focused sub-investigations, allowing for
adaptive and deep exploration of the information space. Second, it leverages an opti-
mization method to generate query sets with provable diversity and coverage guarantees,
ensuring that the research process explores a wide range of distinctly relevant perspectives
rather than redundant ones.

1.1 Problem Statement

1.1.1 Completeness

Completeness as a construct is inherently multifaceted and difficult to measure: in com-
plex research tasks, there is no definitive ground truth for what constitutes a 'complete’
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Figure 1.1: Deep research agent workflow: agents iteratively search, plan, synthesize, and
enrich information before producing comprehensive reports. This thesis addresses how
to systematically improve the completeness of such outputs.

answer, and any benchmark will necessarily impose arbitrary boundaries on scope and
depth. Unlike traditional QA evaluation, which assesses factual correctness of short an-
swers, Deep Research (DR) agents must generate comprehensive, structured reports that
synthesize information across multiple sources.

Existing RAG evaluation frameworks often assess multi-hop reasoning [18]. Multi-
hop are question that cannot be answered in 'one step’. E.g. 'what is the name of the
father of the president of Argentina in 1980.” One would need at least two steps to find
this answer efficiently. their benchmarks target question-answering tasks rather than
long-form report generation. Similarly, current DR agent benchmarks focus primarily on
task-specific performance metrics (e.g., QA accuracy) rather than holistic assessment of
research reports as integrated artifacts [26]. Expert-level benchmarks such as GAIA [43],
ARC-AGI [9], and Humanity’s Last Exam [51] have been proposed for evaluating DR
agents; however, these datasets measure only answer accuracy, making them ill-suited for
assessing the quality of comprehensive research reports. A clear framework for evaluating
completeness in DR reports is therefore necessary.

We propose that completeness in DR agent outputs consists of three interdependent
dimensions:

1. Coverage: FEnsuring all relevant aspects of the research question are addressed
with detail commensurate to query expectation

2. Grounding: Factual accuracy supported by proper citations and verifiable source
attribution

3. Presentation Quality: Narrative coherence, readability, and structural organiza-
tion

These dimensions are necessary and sufficient: high coverage without grounding pro-
duces unverifiable content; accurate grounding without adequate coverage leaves critical
questions unanswered; poor presentation quality renders even complete and well-grounded



information unusable in practice. Any additional considerations for completeness, such
as multi-modal integration (e.g., charts, diagrams) and source criticism, fit under the um-
brella of Presentation quality and grounding respectively. A complete DR agent report
should strive to jointly optimize all three dimensions.

1.2 Research Questions

This thesis is guided by a primary research question, which is broken down into two
specific subquestions:

RQ: How can we tmprove completeness in deep research agents?

RQ.1: System Effectiveness: Does the proposed HERO architecture improve com-
pleteness in generated research reports compared to existing baseline deep re-
search agents?

RQ.2: Algorithmic Contributions: What are the individual and combined contri-
butions of submodular query optimization and hierarchical enrichment to the
observed improvements in coverage?

1.3 Thesis Contributions

To answer the research questions, this thesis makes the following contributions:

e Failure mode analysis: A qualitative investigation and categorization of common
failure modes in baseline deep research agents, informing the design of our proposed
system (Appendix A).

e Completeness framework: An operationalization of completeness as three inter-
dependent dimensions—coverage, grounding, and presentation quality—providing
a structured approach to evaluating deep research systems (Section 1.1).

¢ HERO system: A modular, multi-agent architecture that explicitly separates
query generation, information extraction, synthesis, and enrichment into specialized
components with hierarchical information isolation (Chapter 4).

e Submodular query optimization: Application of facility location objectives
to query decomposition, providing formal guarantees for balancing relevance and
diversity in information retrieval (Section 2.5.4).

e Hierarchical enrichment mechanism: A novel two-stage enrichment approach
that identifies and fills informational gaps in generated reports through targeted
follow-up queries, improving coverage depth (Section 4.2.3).

e Comprehensive benchmark evaluation: A multi-dimensional assessment across
DeepResearchGym and Scholar(QABench, combining two distinct corpora and eight
query domains to enable cross-domain validation and cross-benchmark metric anal-
ysis (Section 2.3.



Chapter 2
Background and Related Work

2.1 Historical Context

Deep Research (DR) agents represent the convergence of several research traditions whose
developments have enabled the generation of comprehensive, well-grounded research re-
ports. The pursuit of completeness in information systems emerged from High Recall In-
formation Retrieval (HRIR), which traditionally originated in legal e-discovery contexts
where achieving near-complete recall (95-100%) is crucial for constructing an accurate
case [63]. The field matured through evaluation frameworks established by the TREC Le-
gal Track (2006-2011) and later the TREC Total Recall Track (2015-2016) [54], in which
machine learning-based recall outperformed manual human search. Two notable advances
were Technology-Assisted Review (TAR) [20] and its successor, Continuous Active Learn-
ing (CAL) [12], which iteratively update models after each human relevance judgment,
achieving higher recall with 50-80% less review effort than traditional or manual search
approaches.

Beyond legal applications, HRIR has expanded to medical systematic reviews—where
exhaustive literature searches across multiple databases are required to avoid publication
bias and ensure valid evidence synthesis [42]. However, HRIR systems operate primarily
at the document level, identifying which documents are relevant rather than extracting
and synthesizing specific content. This document-level focus represents a fundamental
difference from the content-level completeness required by modern DR agents, who must
not only find relevant sources but also address all aspects of a research question with
appropriate depth and detail.

Meanwhile, the field of HRIR remained relatively disconnected from developments in
general information retrieval, where sparse retrieval methods were soon outpaced by the
introduction of Dense Passage Retrieval (DPR) [34]. This shift proved essential for future
search systems built on LLMs generating informed queries, as it enabled better semantic
matching [35] and more sophisticated query optimization methods.

With the advent of large language model systems [8, 48|, the field of IR was trans-
formed. A significant advance came with RAG systems [38]. RAG combines a retrieval
component with a generative language model: first, relevant text passages are retrieved
from a knowledge base, then these passages are injected into the LLM’s context to ground
its generated response [18]. With this development, the output scope moved from the
document level to content-level relevance; rather than returning entire documents for
users to read, RAG systems extract relevant content chunks and synthesize them into
coherent, contextually appropriate responses. The retrieved passages serve as evidence



and source material that the LLM uses to generate accurate, grounded answers while
reducing hallucination [59].

However, early RAG systems faced several limitations, including robustness issues
where incorrect information could severely influence results and the recognition that a
singular query is often insufficient for questions requiring multiple reasoning steps (multi-
hop questions). The need for intermediate reasoning and reflection—allowing systems to
iteratively refine their understanding—led to the development of agentic Al systems [70,
60], which provided the foundation for modern Deep Research agents.

2.2 Deep Research Agents

Deep Research agents extend agentic RAG frameworks by focusing specifically on open-
ended research tasks that require comprehensive information gathering, synthesis, and
report generation [27]. Unlike task-specific RAG applications that answer discrete ques-
tions, DR agents must formulate research strategies, often pursue multiple lines of inquiry,
and produce structured, comprehensive outputs that synthesize findings from diverse
sources.

2.2.1 Taxonomy of Existing Systems

Deep Research agents can be analyzed along several principal dimensions. This taxonomy
is derived from the framework proposed by [26] (see also [27] for an alternative taxonomy).

Workflow Architecture: Static versus Dynamic Systems

A static system follows a structured pipeline with a predetermined sequence of op-
erations, possibly with iterative components, but with a clearly defined beginning and
end. Examples include Agent Laboratory [57|, which uses a fixed sequence where agents
with different roles apply predetermined tools until reaching a target paper count, and
LitLLM [1], which follows a rigid query—retrieve—rank—synthesize pipeline with pre-
structured output templates. OpenScholar [5] also exemplifies this through its fixed
segment—encode—retrieve—rerank—generate sequence, though it includes iterative re-
finement within this structure.

In contrast, a dynamic system does not have a predefined endpoint but iterates,
strategizes, and reconsiders on the fly based on intermediate findings. OpenAl’s Deep Re-
search [45] and Gemini DeepResearch [19] exemplify this approach by adaptively deciding
when to stop or continue exploration in specific areas. PaperQA2 [61] demonstrates dy-
namic behavior through its autonomous agent that decides when to search more, rewrite
keywords, or traverse citations based on intermediate findings. Open-source implementa-
tions like gpt-researcher [17] use parallel subquery decomposition with dynamic aggrega-
tion, while node-DeepResearch [3] implements an iterative query—search—read—reason
loop that continues until a cost budget is exhausted. deep-research [74| introduces user-
defined depth and breadth parameters to control exploration scope, fully dynamic systems
like open-deep-research [56| operate on time budgets rather than fixed parameters.

For dynamic systems, budget constraints are essential to prevent unbounded explo-
ration. These limiters can be expressed in various forms: maximum research rounds,
parallel query limits, maximum thinking time, or token budgets.



Agent Composition: Single-Agent versus Multi-Agent Systems

Single-agent systems integrate planning, tool invocation, and execution within a uni-
fied LLM that makes all decisions. OpenScholar [5] demonstrates this through a unified
model handling retrieval, re-ranking, and generation with built-in reference checking,
while PaperQA2 [61] uses a single agent to autonomously manage keyword rewriting and
citation traversal decisions. This streamlined approach enables clearer analysis and ex-
planation but places significant demands on the LLM’s computational capabilities, as
managing too many tools can overwhelm a single agent [53].

Conversely, multi-agent systems leverage multiple specialized agents to collabo-
ratively execute subtasks. PaSa [22| exemplifies an early dual-agent design: a Crawler
Agent handles query generation and citation traversal while a Selector Agent filters for
relevance, allowing one agent to correct the other’s errors. ReSP [31] employs separate
‘reasoner’ and ’retriever’ agents supported by dual memory structures (global evidence
and local memory). GPT-Researcher [17| assigns parallel agents to research different
subqueries simultaneously before aggregating findings.

These multi-agent configurations effectively handle complex, parallelizable research
tasks, thereby enhancing flexibility and scalability in open-ended research scenarios. How-
ever, they introduce increased coordination complexity, additional communication costs,
and multiple levels of memory and context management.

Tool Integration and Functional Capabilities

Beyond their core research objectives, many agent systems incorporate specialized tools
to extend their capabilities. Core capabilities include 1) Code interpreters that enable
agents to execute scripts during inference for data processing, algorithm verification,
and model simulation—OpenAl Deep Research [45] uses internal code execution for data
analysis and generating visualizations; (ii) Data analytics modules that transform raw
retrievals into structured insights through statistical computation, interactive visualiza-
tions, and quantitative model evaluations; and 2) Multimodal processing and generation
tools that enable agents to integrate, analyze, and generate heterogeneous data including
text, images, audio, and video within a unified reasoning pipeline—gpt-researcher [17|
supports incorporating diverse sources including images into its reports. [68] gener-
ates complete graphs by preselecting an appropriate data structure and accompanying
plot. PaperQA2 [61] implement specific academic tools for exploring references based
on citation frequency. Interfaces such as DeerFlow [14]| use Model Context Protocol 23]
to facilitate modular tool integration, enabling dynamic expansion of agent capabilities
while maintaining the same architecture.

2.3 Evaluation Approaches for Deep Research Systems

Evaluating the performance of systems designed for long-form report generation, such as
those provided by Deep Research agents, necessitates specialized benchmarks that build
on, but also extend, traditional IR metrics focused solely on document relevance and
accuracy|26]. Traditional multi-hop benchmarks [60] serve as useful proxies for the rea-
soning and decomposition steps required in DR tasks. However, we argue these datasets
are insufficient for evaluating comprehensive DR reports. While multi-hop benchmarks
assess whether systems can synthesize knowledge across sources, complete DR reports



must simultaneously achieve factual accuracy, comprehensive coverage, and narrative co-
herence.

Several benchmarks have been proposed specifically for literature review generation
or DR agent evaluation:

PaperQA2 Benchmark [61]: Contributes a benchmark dataset designed to evaluate
tasks pertinent to its framework, such as answering questions over scientific corpora and
generating synthesis reports. This dataset is useful for assessing systems operating in
similar scientific QA and summarization contexts, but is domain specific and also not
generalizable

KIWI Benchmark [39]: Focuses on evaluating longer-form generated answers and
is distinguished by its development process, which involved iterative refinement based on
feedback from professional domain experts. This emphasis aims to align the benchmark’s
evaluation criteria more closely with real-world quality expectations. The questions are
still Mostly QA-style however.

The development of robust and comprehensive benchmarks remains a critical challenge
and an active area of research.

2.4 Query Generation and Diversification

An important component of modern RAG architectures is query generation and decompo-
sition [60]. In the pursuit of completeness, a single search query is often insufficient; mul-
tiple queries exploring different angles or reasoning steps are required to obtain a compre-
hensive understanding. Early advances were made by [50], which decomposed multi-hop
questions [69] into a composition of subquestions that could be answered independently.
A diverse array of decomposition methods subsequently emerged [18, 25, 15, 75, 71, 16].

However, these methods primarily represent engineering solutions without principled
frameworks for optimization. There is no informed guidance on what constitutes optimal
query diversification, beyond "more different angles is likely better." This lack of formal-
ization is particularly problematic for achieving completeness: queries must be sufficiently
diverse to avoid excessive overlap and redundant retrieval, yet sufficiently relevant to the
original question to stay on the right level of granularity.

2.4.1 Submodular Optimization in Information Retrieval

Submodular optimization provides a principled framework for set selection under diversity
constraints. The foundational work by [44] established that greedy algorithms achieve a
(1 —1/e)-approximation. In IR, this can be framed as an relevance vs. diversity control.
Early applications include [2], which employed submodular objectives to diversify query
results. Similarly it has been applied to recommender systems [6], where submodular
optimization balances recommendation accuracy with diversity across item categories.
These applications demonstrate that submodular function could be a useful tool in the
selection of queries.

Despite these successes in result diversification, submodular optimization has not
previously been applied to query decomposition in deep research agents.



2.5 Positioning of HERO

Having established the landscape of deep research agents and their evaluation challenges,
we now position HERO within this taxonomy and describe how its design addresses key
limitations in existing approaches. HERO builds directly on the evaluation frameworks of
OpenScholar [5] and DeepResearchGym [11], the submodular optimization theory from |?
|, and incorporates principles from recent work on submodular query generation [67].

2.5.1 Workflow Architecture: Controlled Iteration with Adaptive
Depth

Within the taxonomy established in Section 2.2.1, HERO occupies a hybrid position.
The system employs a structured multi-turn pipeline with predetermined maximum iter-
ations (fmax), providing the cost predictability and clear termination conditions of static
systems. However, within this bounded structure, the enrichment mechanism enables
adaptive depth—pursuing targeted follow-up investigation when initial summaries reveal
information gaps. This design provides deterministic cost bounds while maintaining the
adaptive exploration capabilities that characterize dynamic systems.

The bounded iteration approach addresses a common limitation in fully dynamic
systems: without clear stopping criteria, research processes can become computation-
ally prohibitive or, under an agent’s purview, stop too early. Conversely, purely static
pipelines are not adaptive enough to different levels of complexity. HERO’s hybrid ap-
proach balances these concerns through controlled iteration with adaptive refinement.

2.5.2 Agent Organization: Specialized Modules with Hierarchi-
cal Isolation

HERO implements a multi-agent architecture (Section 2.2.1) where specialized compo-
nents handle distinct research phases: query generation, information extraction, synthe-
sis, and enrichment. This modularity enables parallel processing of multiple subqueries
while maintaining focused expertise within each agent.

A key architectural principle is hierarchical information isolation—each subquery
pipeline operates independently, accessing only its own retrieved documents and inter-
mediate summaries. This isolation serves two purposes: (1) it prevents context window
overflow that can occur when agents process accumulated information from all parallel
pipelines, and (2) it maintains query diversity by preventing pipelines from converging
on similar angles based on observing each other’s findings. The centralized Orchestra-
tionState coordinates these parallel operations while maintaining global citation tracking
and result aggregation. The complete architecture is detailed in Chapter 4.

2.5.3 Query Decomposition: Submodular Optimization

HERO addresses the query selection through submodular optimization, specifically em-
ploying a facility location objective that provides explicit control over the diversity-
relevance trade-off. This approach offers several advantages: (1) provable approxima-
tion guarantees through greedy selection, (2) mathematical control over query similarity
through the o parameter, and (3) applicability to both main query decomposition and
enrichment query selection. To our knowledge, HERO represents the first application of



submodular optimization to query decomposition in deep research agents, though related
work by [67] has explored similar principles in query generation contexts. The formal
problem formulation is presented in Chapter 3.

2.5.4 Evaluation Strategy: Multi-Dimensional Completeness As-
sessment

The evaluation framework employed in this thesis addresses limitations identified in Sec-
tion 2.3 through three design choices. First, we operationalize completeness as three
interdependent dimensions—coverage, grounding, and presentation quality—rather than
relying on single metrics that may miss important quality aspects. Second, we evalu-
ate across both academic (ScholarQQ ABench [5]) and general knowledge (DeepResearch-
Gym [11]) domains to assess generalization beyond specialized contexts. Third, we con-
duct systematic cross-benchmark analysis to understand how metric operationalization
affects comparative assessment (Appendix A.4).

This multi-dimensional, cross-domain approach enables comprehensive evaluation of
where and how HERQO'’s architectural choices impact system performance. The experi-
mental design and metrics are detailed in Chapter 4.3.1, with results presented in Chap-
ter 5.1.5.



Chapter 3

Problem Formulation

To operationalize the pursuit of completeness, we formalize the task of a DR agent as
an optimization problem over an iterative research process, subject to practical budget
constraints.

3.1 High-Level Objective

Given a user query quser, a document corpus D (which may comprise web documents,
academic papers), and a computational budget B, the objective is to generate a research
report R and citation set C = {(¢;, d;)},, where each citation pairs a claim ¢; from R
with its source document d; € D, that maximizes a completeness function ®:

(R*,C") = arglg%ag)((ID(R,C | quser) subject to Cost(R,C) < B (3.1)

The completeness function ® quantifies the latent construct of completeness based on
three dimensions: Coverage, whether all relevant aspects expected in qus.r are addressed;
Grounding is the factual accuracy and support of C; and Presentation Quality entails
presentation coherence and readability. These dimensions will be quantified through
concrete metrics (detailed in Section 4.3.1).

3.2 HERQO’s Setup

HERO approximates a solution to the optimization problem defined in Equation 3.1
through a structured, multi-turn research process, with a budget constraint.

3.2.1 Budget Constraints

The budget constraint B is operationalized through a dual limit on the research process:

T < Thax (3.2)
|| <k Vte{l,....,T} (3.3)
Qi < ki Vg € Qi Vt (3.4)

where T' < Ty is the number of research turns executed, k; bounds the number
of queries selected in turn ¢, and k] restricts the enrichment queries generated for each
subquery.

10



3.2.2 Submodular Optimization

For each turn t € {1,...,T}, HERO generates a candidate pool V; of size n = m - k;
queries via prompt engineering, where m > 1 is a candidate multiplier. An optimal subset
Q; C V, is selected via a facility location objective that maximizes coverage [13]:

Q; = arg Inax fa(Qr) subject to |Qy| = Ky (3.5)

where the submodular objective function is defined as:

fa(Q) = max (a - sim (e, €;), max sim(e;, ei)> (3.6)

)
: ¢ €Q¢
JEV: ‘

Here, e; = ¢(g;) denotes the embedding of query ¢;, € = ¢(quser) is the original query
embedding, sim is cosine similarity, and « € [0, 1] is a relevance weight hyperparameter.
The function f, is monotone submodular, admitting a greedy algorithm [44]. The same
optimization is applied to select enrichment queries Q) subject to |Q}| < k.

3.2.3 Research Pipeline

For each selected subquery ¢; € Q;, HERO executes a research pipeline function II:

T1(gi, quser; D) — (5;,C;) (3.7)

17 1

This pipeline II operates in two stages:

1. Initial Synthesis: Retrieve relevant documents from D and synthesize an initial
summary with citations:

(S;,C;) = Synthesize(q;, D) (3.8)

2. Enrichment: Analyze S; for information gaps and, if necessary, generate follow-up

queries Q) (subject to |Q}| < k!) to produce an enriched version:

(S, C/> = EIlI‘iCh(SZ‘, Cz’, i) Quser, D) <39)

17

where S/ O S; with additional information gathered through follow-up queries, and
C! O C; includes the potentially expanded citation set.

The complete pipeline architecture is detailed in Section 4.

3.2.4 Final Report Generation

After completing all research turns, HERO synthesizes the final report R and consolidated
citation set C from all enriched summaries:

(R,C) = Write({S} : ¢; € Q,t € {1,...,T}}) (3.10)

where Write represents the final aggregation and report generation by HERO’s answer
writer module (Section 4.3.1).

11



Chapter 4

Architecture

4.1 HERQO: High Enrichment Retrieval Orchestrator

HERO implements a hierarchical, multi-turn research architecture where independent
subquery pipelines explore different aspects of the user question in parallel. Each pipeline
produces enriched research summaries that are synthesized into a comprehensive final
report. The system maintains global state through a centralized OrchestrationState that
coordinates parallel execution.

Figure 4.1 illustrates the complete system architecture. We describe each component
in detail below.

All prompts used for agent modules are provided in Appendix F.

4.1.1 System Overview

The system operates in iterative research rounds (up to ¢;,.x). Each round begins with the
Query Generator (step 3) decomposing the user question into diverse subqueries using
submodular optimization. These subqueries execute in parallel through independent
pipelines, each producing an enriched summary. The Answer Writer then synthesizes all
summaries into the final report.

4.1.2 Hierarchical Information Isolation

A key architectural principle of HERO is that each subquery pipeline operates as an
independent research branch with isolated context. All agents are designed to maintain
focus on their designated research area through mechanisms such as targeted information
extraction instructions and submodular optimization for query diversity. This archi-
tectural choice keeps redundancy in search—the most expensive operation as shown in
Table 5.2—in check.

For instance, when researching environmental impacts of vertical farming, one pipeline
investigating "water efficiency" only accesses documents and summaries from its own
retrieval—it never sees information gathered by the parallel pipeline researching "energy
consumption." This isolation prevents pipelines from converging on similar angles and
ensures each maintains its designated focus.

12
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Figure 4.1: HERO system architecture showing multi-turn research flow with parallel
subquery pipelines. Numbered steps (1-6) indicate execution sequence; letters (A-D)

denote pipeline stages.
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4.1.3 Parallel Execution

HERO executes multiple subquery pipelines simultaneously for each research turn, with
the number determined by submodular query selection. The centralized Orchestra-
tionState coordinates these parallel operations while maintaining consistency through
atomic state updates.

4.1.4 Query Generator

The Query Generator (step 3 in Figure 4.1) initiates each research turn by decomposing
the user question into diverse, targeted research queries. Its inputs vary by research round:
in the first round the query generator only receives the user question. On subsequent
rounds it will also receive previous subqueries and (enriched) summaries from previous
turns.

The agent generates a candidate pool of potential queries. This over-generation pro-
vides the submodular optimizer with sufficient diversity to select from. Each candidate
includes both the query text and search instructions that guide the Information Extractor

Through submodular optimization (Section 3.5) a set of subqueries is selected. Im-
portantly, the generated subqueries decompose the user question rather than attempting
to answer it directly. The user question is addressed only through synthesis of subquery
results.

4.2 Subquery Pipeline

4.2.1 Information Extraction

Each subquery executes through a four-stage pipeline (steps A—D in Figure 4.1). The
Information Extractor performs both deep (step A) and shallow (step D) retrieval.

e Deep Extraction: Deep search for the subquery, retrieving broadly relevant doc-
uments

e Shallow Extraction: Targeted retrieval for enrichment queries (Section 4.2.3),
focusing on specific gaps identified during the enrichment phase

Both strategies use the same extraction agent but differ in search scope and instruc-
tion specificity. The distinction enables efficient resource allocation—deep searches ex-
plore broadly while shallow searches fill targeted gaps with more precise search terms
and instructions. The agent can be considered a reranker. It selects only relevant ex-
cerpts, claims, or factoids with accompanying source, that are directly relevant to its
subquery and instructions. Finally, there is early stopping built in, where the agent stops
searching if fewer than 10% of documents in a retrieval batch yield new citations com-
pared to previously found total sources. We allow one additional low-yield batch before
terminating.

4.2.2 Information Merger

The Information Merger (step B) synthesizes all extracted information into an interme-
diate research summary for the subquery.
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The agent receives the subquery and the list of extracted information items from the
Information Extractor. It then connects the loose facts and excerpts into an information-
dense, coherent paragraph that addresses the subquery. Citations are deduplicated and
the agent has the purview to remove ones it deems redundant.

This intermediate summary serves two purposes: (1) it provides structured knowledge
for the Enrichment Agent to analyze, and (2) it will be used by the answer writer.

4.2.3 Enrichment

The Enrichment Agent (step C) analyzes merged summaries to identify unexplored as-
pects, contradictions, or areas with insufficient evidence.

The agent receives: 1) The original user question, 2) the specific subquery focus,
3) the initial research summary from the Information Merger and, 4) the set of other
subqueries which have been investigated

This input structure enables the agent to understand the current research context
and explored directions without overloading its context window with detailed informa-
tion from other pipelines. Importantly, the agent does not see summaries from other
subqueries—it only knows their topics, preserving hierarchical information isolation.

Based on its analysis, the agent may generate enrichment queries to address identified
gaps. If multiple enrichment queries are proposed, submodular optimization selects a
diverse subset to prevent redundant searches. These enrichment queries are delegated to
the Information Extractor for shallow, targeted retrieval.

The agent then synthesizes the newly retrieved information into an enrichment para-
graph and appends it to the original summary, which we will call the enriched summary.

4.3 Answer Synthesis

4.3.1 Answer Writer Module

The Answer Writer (step 5) implements final report generation. This agent synthesizes
accumulated research into comprehensive, well-structured answers that directly address
the user question.

Unlike the isolated subquery pipelines, the Answer Writer is the only component
that sees all enriched summaries. The agent performs synthesis, identifying connections,
resolving contradictions, and organizing information into a coherent narrative structure,
which answers the user question firstly, and then paints the complete picture.

15



Chapter 5

Experimental Setup

5.1 Datasets and Metrics

Since our model is designed to be a general application DR~agent, the benchmark suite
takes two angles. We analyze its performance both in a general setting, by looking at typ-
ical internet questions and using a controlled snapshot-of-the-internet environment [11].
Simultaneously, for academic research purposes, we use a large academic corpus [62] and
an accompanying suite of queries for different domains.

Table 5.1 presents our benchmark composition, comprising 458 queries across eight
distinct evaluation datasets. To ensure fair comparison with published baselines, we
maintain the original evaluation protocol of each respective paper with the note that the
similarly named metrics are not comparable between benchmarks(see Appendix A 4.

5.1.1 DeepResearchGym

Our system is evaluated on DeepResearchGym [11] using the first 100 queries from the
Researchy Questions dataset [55]. These queries, extracted from commercial search logs,
represent complex, non-factoid information needs requiring multi-document synthesis,
with users averaging 15.85 clicks across 6.31 unique documents per query.

Corpus

The ClueWeb22-B corpus [49], comprising 87 million English web documents is used.
It was indexed via MiniCPM-Embedding-Light dense retrieval [24] with Disk ANN [30]
approximate nearest neighbor search. We utilize the API key generously provided by
the [11] authors, who host the aforementioned setup.

Evaluation Metrics

We adopt the complete DeepResearchGym evaluation protocol [11]|, which employs
GPT-4.1-mini [47] as judge (validated with x = 0.87 inter-annotator agreement). We
organize our presentation of these metrics according to the three dimensions of our com-
pleteness framework.

Coverage. Key Point Recall (KPR) measures the proportion of ground-truth key points,
extracted from pages clicked by users in real search sessions—that are substantiated by
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the report: KPR = ﬁ Zj\il c;j, where ¢; = 1 if key point j is supported. Three qual-
itative metrics assessed on 0-10 scales complement this: Depth (comprehensiveness of
analysis), Breadth (range of subtopics covered), and Balance (consideration of multiple
perspectives).

Grounding. Key Point Contradiction (KPC) quantifies misinformation as the propor-

tion of ground-truth key points the report contradicts: KPC = ﬁ Z;‘il d;, where d; =1

if the report contradicts key point j. Attribution quality is evaluated through Citation

Recall (proportion of factual claims with at least one citation, %) and Citation Preci-

sion! (average support quality across cited claims, N'lt - Zfifd si, where s; € {0,0.5,1}
reflects no, partial, or full support). The Support metric (0-10 scale) assesses overall

evidence quality and source credibility.?

Presentation Quality. Two 0-10 scale metrics evaluate report quality: Clarity (struc-
tural organization, logical flow, and linguistic fluency) and Insightfulness (synthesis qual-
ity and analytical nuance).

Dataset Task Format Discipline N Metrics
peS20 Corpus

SciFact Binary Biomed 50 Corr, Cite
PubMedQA Binary Biomed 50 Corr, Cite
QASA Short CS 50 Corr, Cite
ScholarQA-CS Long CS 50 Corr, Cite
ScholarQA-BIO Long Biomed 50 Cite
ScholarQA-NEURO  Long Neuro 50 Cite
ScholarQA-MULTI Long Mixed 50 Cite, LLM-5
Clue Web22-B Corpus

Researchy Questions Long General 100 KPR, Cite, LLM-10
Total 508

Table 5.1: Full Benchmark Suite composition. Metrics: Corr (Correctness) measured via
accuracy for binary tasks or ROUGE-L /rubric scores for long-form tasks; Cite (Citation
quality) measured via precision, recall, and F1; KPR (Key Point Recall); LLM-5 evaluates
relevance, coverage, and organization on a 5-point-Likert scale; LLM-10 evaluates six
quality dimensions (clarity, depth, balance, breadth, support, insightfulness) on a 10
point scale.

5.1.2 ScholarQABench

We evaluate our system on ScholarQABench, the comprehensive benchmark suite estab-
lished in OpenScholar [5], which encompasses both single-paper and multi-paper synthesis
tasks across multiple scientific disciplines. We use every dataset to get the full coverage
as is proposed in OpenScholar. Due to computational cost and initial saturation, we used
the first 50 queries of each dataset.

I The static corpus lacks URL-based retrieval, defaulting to live web crawling, which resulted in 40%
miss rate. Manual corpus search recovered 99.3% of cited documents in their snapshot state.

2We adjusted the claim-extraction prompt to account for our agent’s citation format, which places
citations at sentence-end rather than inline with specific claims.
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Datasets

The suite comprises seven datasets with varying complexity levels. SciFact [65] contains
biomedical claims requiring True/False verification. PubMedQA (33| provides yes/no
questions about clinical research findings. QASA [37] focuses on detailed single-paper
understanding in AI or Machine Learning, and expects ~50 word answers.
The multi-paper ScholarQA tasks demand synthesis across multiple sources. ScholarQA-

CS features computer science related queries with general and expert-annotated rubrics.
The answers expected have a relative length penalty losing 5% on answers longer than 600
words. ScholarQA-BIO and ScholarQA-NEURO comprise a large set of expert-generated
literature review questions in biomedicine and neuroscience. ScholarQA-MULTT repre-
sents the most comprehensive task, with queries and expert-written answers across com-
puter science, physics, and biomedicine, each answer requiring approximately 56 minutes
of expert annotation time and explicit prohibition of LLM assistance during creation.

Corpus and Retrieval

We utilize the peS2o0 v3 dataset [62], comprising 45 million open-access scientific papers
derived from the Semantic Scholar Open Research Corpus [41]. This corpus spans publi-
cations through October 2024 across all major scientific disciplines. We optimize Open-
Scholar’s approach slightly, filtering short shards and using a slightly improved chunking
distribution algorithm, which results in approximately 253 million chunks with a mean
length of 218.15 and a standard deviation of 65.10.

For retrieval, we reuse OpenScholar’s approach of encoding these passages using a
Contriever bi-encoder that was continually pre-trained on the peS2o corpus [29, 62].
The dataset was hosted on the Snellius HPC cluster [64] and was queried with a setup
adapted from the OpenScholar retrieval configuration [5]. We did not include the partial
web search that OpenScholar used, to keep the data environment more controlled.

Evaluation Metrics

We follow the complete ScholarQABench evaluation protocol [5], but organize metrics by
completeness.

Coverage. Correctness varies by task type: accuracy for binary classification (Sci-
Fact, PubMedQA), and semantic similarity via ROUGE-L and BERTscore [7] for short-
form generation (QASA). For ScholarQA-CS, the expert-annotated Correctness (Rubric
Score) evaluates the presence of key ingredients (60% weight) alongside fixed criteria
(40% weight). For ScholarQA-MULTI, the Prometheus V2 LLM-as-judge [36] evaluates
Content Quality on a five-point Likert scale, with relevance and coverage criteria directly
measuring this dimension.

Grounding. We compute Citation Recall (R, = %) as the proportion of sen-
tences that are verifiably supported by their citations, determined by a Flan-T5-XL NLI
model [10, 72]. 3 Citation Precision (P, = ﬁ) measures the proportion of necessary
citations via leave-one-out testing; a citation is deemed necessary if its removal causes
the claim to become unsupported (see Chapter E for explanation)

3Following [5], only sentences exceeding 50 characters are evaluated, and we truncate to a maximum
of three citations per sentence.
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Presentation Quality. For ScholarQA-MULTI, the Prometheus V2 model evaluates
report organization on a five-point Likert scale as part of its Content Quality assessment.?

5.1.3 Baseline Models

For both benchmarks, we reuse the values reported in DeepResearchGym [74] and Open-
Scholar [5], with the caveat that our sample size is smaller for all datasets.

5.1.4 HERO Configuration

Configuration parameters were adjusted based on task complexity and expected answer
length (Table 5.3). For long-form research questions (DeepResearchGym and ScholarQA-
MULTTI), we used the maximum parameter values that the Answer Writer can handle
while maintaining quality and citation accuracy. For shorter, more focused question
types, we reduced parameters to prevent unnecessary computational cost. ScholarQA-
CS, which expects intermediate-length answers, used settings between these extremes.
Dataset characteristics influenced search
depth configuration. PES20’s smaller, Table 5.2: Average token usage per agent by

fragmented chunks (academic paper sec- retriever type (thousands of tokens).
tions) required deeper retrieval compared

to FineWeb’s more holistic web pages. Agent Model FineWeb PES20
This resulted in highe'r token usage for Query Generator  gpt-4.1-mini 1.6k 39k
PES20 runs, as shown in Table 5.2. Info Extractor gpt-4o-mini 2.2k 7.3k
For submodular optimization, we set  Info Merger gpt-4.1-mini 2.1k 3.1k
a = 0.6 for main query generation to bal- ~ Enrichment gpt-4.1-mini 1.3k 1.8k
Answer Writer gpt-b 9.4k 9.5k

ance relevance and diversity. For enrich-

ment queries, we increased « to 0.65 to pri-  Total per subquery 17 44

oritize staying close to the subquery focus
and prevent topic drift. Both agents used a k£ = 3 candidate multiplier. These values
were determined through preliminary experiments on the DeepResearchGym benchmark.

Table 5.3: Agent configuration across datasets.

Configuration DeepResearchGym  ScholarQA-MULTI  ScholarQA-CS  Other Datasets’
Max Turns 3 3 2 2

Queries per Turn 3 3 3 2 1
Enrichments per Query 2 2 1 1

Deep Search Depth 24 80 80 80

Shallow Search Depth 8 40 40 40

SciFact, PubMedQA, QASA, ScholarQA-BIO, ScholarQA-NEURO.

5.1.5 Ablation Study Design

To address RQ.2 regarding the individual contributions of submodular optimization and
hierarchical enrichment, we conducted ablation experiments with three system configu-
rations on a random sample of DeepResearchGym queries.

4Since GPT-4-Turbo is deprecated, we use gpt-4.1-mini [47] for ScholarQA-CS rubric evaluation.
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e HERO-Full: Complete system with submodular query optimization (o = 0.6, o =
0.65, m = 4 candidate multiplier) and hierarchical enrichment (k¥ = 2 enrichment
queries per subquery)

e HERO-NoEnrichment: Submodular optimization retained, enrichment stage
disabled (k' = 0)

e HERO-NoSubmodular: Hierarchical enrichment retained (k' = 2), queries se-
lected via uniform random sampling from candidate pool instead of submodular
optimization

All configurations used a single research turn (7' = 1) with & = 4 subqueries selected
per turn (m = 4 multiplier). This protocol captures the direct contribution of each
component before the logarithmic improvement from multiple iterations would reduce
measurable differences. We evaluate on 20 queries per configuration and report KPR as
primary metric.
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Chapter 6

Results

6.1 DeepResearchGym Results

HERO achieves the strongest performance on DeepResearchGym across coverage and
presentation quality dimensions (Table 6.1). It shows strong grounding performance too,

with the highest F1 score.

6.1.1 Coverage.

HERO achieves the highest KPR at
67.63, indicating it successfully identi-
fies and incorporates the most relevant
information from search results. Fig-
ure 6.1 shows HERO scores highly on
three coverage-related quality dimen-
sions: Breadth (9.80), Depth (9.41),
and Balance (8.88), averaging 9.36
across these metrics. Its answers
demonstrate appropriate complexity
for user requests while covering most
relevant points.

6.1.2 Grounding.

c\Q{\‘d
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Insightfulness
-]
©
&
0
©
©
2duejeg
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HERO demonstrates exceptional ground- "00% ““,9?)6

ing with 99.35% citation recall, sub-
stantiating nearly all factual claims
with proper attribution. This ex-
ceeds the already >90% rates of
OpenDeepSearch (94.82%) and GPT-
Researcher (90.82%). Recall paired
with a 84.92 on precision, which is

Figure 6.1: Report Quality performance across
six dimensions (0-10 scale) on DeepResearch-
Gym. Evaluated using GPT-4.1-mini as judge.

slightly below GPT-Researcher (85.36), and taken together, HERO has the highest F1
score at 91.57. Key Point Contradiction (KPC) shows a different signal. HERO’s score
of 2.34 is the worst among all baselines (lower is better), consistent with a trend for all
models (r = 0.72, n = 6) where broader coverage is associated with a higher contradic-
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Table 6.1: Performance comparison on DeepResearchGym [11] (first 100 queries). Key
Point Recall (KPR) and Key Point Contradiction (KPC) measure report coverage and
factual consistency with ground-truth key points. Precision, Recall, and F1 measure
citation faithfulness. Clarity and Insightfulness assess report quality on a 10-point scale.
All metrics evaluated using GPT-4.1-mini as judge. Abbreviations: Cov. = Coverage,
Prec. = Precision, Rec. = Recall, Qual. = Presentation Quality, Clar. = Clarity, Ins. =
Insightfulness. *Systems not tailored for long-report generation.

Cov. Grounding Qual.
System KPR KPC Rec. Prec. F1 Clar. Ins.
HERO 67.63 2.34 99.35 84.92 91.57 84.8 88.8
GPT-Researcher [17] 64.67 1.42 90.82 85.36 87.96 83.70 78.01
OpenDeepSearch [4] 42.81 0.84 94.82 81.32 87.64 61.48 49.51
HuggingFace-DeepSearch 28] 35.22 1.35 0.10 0.10 0.20 58.34 52.36
Search-o1* [40] 29.93 0.38 - - 30.31 37.87
Search-R1* [32] 495 0.80 - - - 9.07 11.18

tion rate. On the Radar chart 6.1 support score is 6.79, although there is no comparison,
since we don’t have the other baseline model scores (unreported in DeepResearchGym).
Manual inspection confirms the low Support stems from HERO citing sources the judge
deemed insufficiently authoritative, an expected limitation given HERO does not filter
for source quality during retrieval.

6.1.3 Presentation Quality.

HERO achieves the highest scores on rubric-based presentation quality metrics (Ta-
ble 6.1). Figure 6.1 shows HERO leads in both Clarity (8.48) and Insightfulness (8.88),
with a strong margin (+10.79 percentage points) on Insightfulness compared to the next-
best baseline, indicating well-structured and analytically rich reports.

6.2 ScholarQABench Results

HERO achieves exceptional performance on scholarQABench, on coverage and presenta-
tion quality, while it has mixed results on grounding.

6.2.1 Coverage.

HERO achieves perfect accuracy (100%) on both PubMedQA and SciFact single-paper
classification tasks. QASA shows lower ROUGE-L scores (14.2). It is related to HERO’s
choice of different terminology, as the complementary BERTScore (86.4) indicates high
similarity to the expected answer. On ScholarQA-CS, HERO achieves a rubric score of
68.9, outperforming the strongest baseline (OS-GPT4o at 57.7) by 11.2 percentage points.
The LLM-5 score exceeds the average of all baselines by 30.92 percentage points. HERO
scores near the metric ceiling (Table: 6.2, with HERO consistently scoring near-maximum
on organization and relevance dimensions. Occasional lower coverage scores occur when
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HERO provides different conceptual depth or examples than expected by ground truth,
comparable to omitted keypoints in DeepResearchGym.

6.2.2 Grounding.

Citation F'1 scores are comparatively middle of the pack across most single-paper datasets
while high across most multi-paper datasets (Appendix Table C.1 shows the recall and
precision independently).
These citation patterns differ from DeepResearchGym due to fundamental differences
in how the benchmarks operationalize citation metrics (see Appendix A.4).
We verified potential data contamination

Table 6.2: LLM-5 metric breakdown for after observing high single-paper correctness
HERO on ScholarQABench multi-paper Pperformance. While Openscholar [5] reportedly

datasets. filtered contaminated contexts, we identified 22
leaked chunks in SciFact, though only 5 ap-
Dimension Score peared in outputs, excluding them reduced F1
Coverage 188 with 0.54 percentage points)
Organization 5.0 . .
Relevance 4.96 6.2.3 Presentation Quality.
Average (LLM-5) 4.95 The organization dimension directly assesses

Presentation Quality and HERO achieves a
perfect score (5.0) 6.2.

6.3 Ablation Study Results

To isolate the individual contributions of sub-
modular optimization and hierarchical enrichment to coverage performance, we evaluated
three system configurations on DeepResearchGym using a single research turn (7" = 1,
k = 4 subqueries). This simplified protocol captures direct component effects before
logarithmic improvements from multiple iterations would attenuate the signal.

Table 6.4 reveals that both components contribute substantially and approximately
equally to coverage performance. Removing enrichment decreases KPR by 3.6 percentage
points, while removing submodular optimization decreases KPR by 5.3 percentage points.
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Single-paper Datasets Multi-paper Datasets

Pub Sci QASA CS Multi Bio  Neu
Model Corr Cite Corr Cite Corr Cite Corr Cite LLM-5 Cite Cite Cite
HERO 100.0 719 100.0 55.2 14.2(86.4) 554 68.9 473 4.95 60.5 66.9 72.6
Llama3-8B 61.5 0.0 66.8 0.0 14.3 0.0 419 0.0 3.79 0.0 0.0 0.0
+0SDS 75.2 639 755 36.2 18.6 472 46.7 26.1 4.22 25.3 38.0 36.8
0S-8B 76.4 689 76.0 43.6 23.0 56.3 51.1 479 4.12 42.8 50.8 56.8
Llama3-70B  69.5 0.0 76.9 0.0 13.7 0.0 449 0.0 3.82 0.0 0.0 0.0
+0SDS 77.4 71.1 78.2 42.5 22.7 63.6 485 245 4.24 41.4 53.8 58.1
0S-70B 79.6 740 821 475 23.4 64.2 52.5 459 4.03 54.7 559 63.1
GPT4o 65.8 0.0 77.8 0.0 21.2 0.0 45.0 0.1 4.01 0.7 0.2 0.1
+OSDS 75.1  73.7 79.3 47.9 18.3 53.6 524 31.1 4.03 315 36.3 219
0S-GPT4o 748 77.1 813 56.5 18.7 60.4 57.7 395 451 375 515 435
PaperQA2 456 48.0 3.82 472 56.7 56.0
Perplexity - - - - - - 40.0 - 4.15 - - -

Note: Corr measures Coverage for CS (presence of key ingredients) and Grounding for

Pub/Sci/QASA (factual accuracy). Cite measures Grounding (Citation F1). LLM-5 combines
Coverage and Presentation Quality dimensions.

Table 6.3: Performance comparison on ScholarQABench [5] with 50 samples per dataset.
Pub and Sci stand for PubMedQA and Scifact, while CS, Multi, Bio, and Neu indi-
cate ScholarQA-CS, ScholarQA-MULTT, ScholarQA-BIO, and ScholarQA-NEURO, re-
spectively. Corr indicates correctness metrics (accuracy for PubMedQA and SciFact,
ROUGE-L for QASA with BERTScore using SciBERT shown in brackets, overall rubric
score for ScholarQA-CS). Cite indicates citation F1. LLM-5 indicates the average score
of Cov (coverage), Org (organization), Rel (relevance) as evaluated by Prometheus V2.

Table 6.4: Ablation study results on DeepResearchGym (N=20 queries, mean + SD). Key
Point Recall (KPR) measures the proportion of ground-truth key points substantiated
by the report. All metrics evaluated using GPT-4.1-mini as judge. Configurations test
individual component contributions: HERO-Full includes both submodular optimization
and hierarchical enrichment; NoEnrichment disables enrichment (k' = 0); NoSubmodular
uses random query selection instead of submodular optimization.

Configuration KPR
HERO-Full 66.0 + 16.7

NoEnrichment 62.4 4+ 21.0
NoSubmodular 60.7 + 21.1
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Chapter 7

Discussion

7.1 Overview

This thesis investigated completeness in DR agents and attempted to improve them
through HERO, a model optimized with submodular optimization 2.4.1 and an Enrich-
ment stage 4.2.3, in order to achieve the best completeness results. Here, completeness
consists of coverage, grounding, and presentation quality. We set out to find answers to
RQ How to improve completeness in DR agents, with sub-research questions: firstly RQ.1,
which asks whether the proposed HERO architecture improve completeness in generated
research reports compared to existing baseline DR agents? Secondly RQ.2, which ques-
tions what the individual contributions of submodular query optimization and enrichment
are, to the observed improvements in coverage?

7.2 System Effectiveness

To answer RQ.1, we evaluate across all three dimensions to address the completeness
evaluation of HERO.

7.2.1 Coverage Performance

HERO achieves the highest coverage performance across both benchmarks (Table 6.1,
Table 6.3). It achieves the highest KPR, and complementarily, rates 9+ on breadth,
depth, and balance dimensions (Figure 6.1). On ScholarQABench, HERO substantially
outperforms all baselines on the rubric score, with near-ceiling on coverage and relevance
(Table 6.2).

This demonstrates that HERO’s architecture effectively retrieves and integrates di-
verse information streams to produce comprehensive research reports, outperforming all
baselines as reported in [5, 11].

Limitations and Future Work

Underlying LLM  We utilize a mixture of current OpenAl models [47], which likely
improved over baselines in data processing and synthesizing capabilities. A full analy-
sis would require an updated run of the compared models with their current versions.
On the other hand, the architecture of the current model could have been set up com-
parably, with weaker LLMs and more hierarchical layers, or more surgical, parallelized
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tasks. It would even be interesting and a valid approach to fully leverage the control,
submodular optimization offers, and use the current setup with many more lightweight
query-pipelines. In a way, spawning an army of agentic workflows that all research a
diverse separate direction.

7.2.2 Grounding Performance

HERO leads on DeepResearchGym’s recall and second on precision, while scoring mid-
dle of the road on the Scholar@QQ ABench academic corpus citation metrics. HERO has
exceptionally high recall on both datasets, whereas the high score on DeepResearchGym
is likely inflated, since recall doesn’t verify the veracity of the grounding, solely the pres-
ence. The ScholarQABench is likely a better proxy. On these the average F1 citations
performance is in sharp contrast to the near perfect accuracy on the single-paper datasets.
What seems to happen is that HERO processes vast amounts of knowledge, so it learns
the answer in its intermediate summaries, but it chooses to include different chunks as
citations in the final answer, opting for more general descriptive chunks, then specific
ones that answer the query ultimately. A task mismatch, as the multi-paper datasets,
which are the type of output HERO is build for, show better performing results.

Limitations and Future Work

Citation Verification Module It could be argued that HERO could be improved by
doing a citation-verification step. OpenScholar [5| has a simple implementation, where
when a claim is unsubstantiated they do a quick search for verification, but a more
current one is proposed in e.g. [52]. For our hierarchical setup, it would be an easy
addition and likely best to append as a post-processing step, as the several stages of
information merging could lead to claims becoming malformed and losing their veracity
after all. It would only work on ’simple’ citations, as synthesized points would require
another deeper research.

Key Point Contradiction scores Regrettably, HERO’s KPC is worst of all baselines.
However, we would like to caveat it mostly happened in philosophically or sociologically
themed questions, which can be contradictory in nature to begin with. It seems to be an
artifact of HERO’s prompting, which is declarative, combined with the peculiarities of
this benchmark.

To investigate this pattern, we categorized all keypoints in relation to their queries as
being pro (supporting the angle of the query), neutral (not leaning either way), or anti
(opposing the framing of the question). Figure 7.1 shows the contradiction rate for these
categories. When HERO encounters keypoints that oppose or criticize a topic, it is more
than twice as likely to contradict them compared to supportive or factual arguments (3.42
vs. 1.53 percentage points).

For example, on death penalty queries, this manifests as stance-flipping. When asked
the neutral question ’should the death penalty be legal? (See Appendix ?? for all full
reports mentioned)’, HERO’s answer aligned with arguments against the death penalty
(supporting all 7 anti-keypoints while contradicting 4 of 8 pro-keypoints). However,
when asked the PRO-framed question 'why should the death penalty be allowed?”’, HERO
reversed its position, now aligning with pro-death-penalty arguments (supporting 10 of 12
pro-keypoints while contradicting 2 of 4 anti-keypoints). This demonstrates that HERO
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adapts its argumentative position to match query framing [46, 66|, a sycophantic bias
common in LLMs [58| that persists despite the enrichment agent’s explicit instructions
to find contradictory evidence.

Other instances where our model fails

are: ’is the criminal justice system fair?’ 61
(KPR = 31%, KPC = 69%). HERO fo- 3.42%
cuses on global, instead of the expected 51 T

US-centric answers, or 'what role did In-
dians play in the wars for empire?” (KPR
= 20%, KPC = 20%), where our model
completely focuses on Asian Indian peo-
ple’s influence in the British Empire, which
is a misinterpretation of the intended ques-

1.53%

g I

Contradiction Rate (%)
w

tion on Native American participation in 11 1
the US Army.

° AT PRO + NEUTRAL
7.2.3 Presentation Quality Per- T Kevpeintperspectve T
formance Figure 7.1: Contradiction rates by key-

point perspective. Keypoints opposing the
query framing (ANTI) are contradicted at
3.42% compared to 1.53% for supportive and
neutral keypoints combined (PRO + NEU-
TRAL).

HERO is the best model for Presentation
quality in academic and general setting. It
gives the most complete, balanced and in-
sightful answers in both benchmarks on all
relevant metrics.

Limitations and Future Work

Answer Length Arguably, these met-

rics are not painting a full picture. Both

clarity and insight, of DeepResearchGym, and organization and coverage of Scholar-
QABench are rubric rated items. The latter also have a high quality ground truth exam-
ple, which is posited to be make the LLM response more reliable [5]. While there is ample
evidence that supports the qualitative validity [21], there is similar evidence for a length
bias: ’longer answers are rated higher [76].” We are not in posession of the generated
reports of the baseline models, but we could venture the guess that our model, which
has a focus on being more complete, has longer outputs. It’s not 1-to-1 certain whether
this is actually necessarily what is valued by users. One could imagine the addition of
explanatory graphs or tables, would be a great addition to make it more appealing for
users. A great case study is [68], where they initially plan the type of plot that is sensible
for the research and let the agent fill it in. In general it seems DR agents will steer more
towards multi-modality as a core feature [26].

7.3 Algorithmic Contributions

RQ.2 asked what submodular query optimization and hierarchical enrichment each con-
tribute to coverage improvements.

The ablation study (Section 6.3) shows both components improve coverage. How-
ever, two caveats apply. First, the NoEnrichment configuration does less computa-
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tional work by design, so this measures effectiveness rather than efficiency. Second,
the single-turn protocol may favor breadth (submodular optimization) over depth (en-
richment)—multiple research rounds might show different patterns. For example in Ap-
pendix C.2, the effect of the enrichment phase is shown on 9-subquery runs.

Despite these limitations, the results clearly demonstrate that both components con-
tribute to HERQO’s coverage performance. Diverse query selection establishes broad topi-
cal coverage, while enrichment adds targeted depth by identifying and addressing specific
gaps. Neither component alone achieves the performance of the full system.

Limitations and Future Work

The current study did not investigate the full range of possibilities. Hyperparameter
tuning, or using different searches with different a’s would be interesting to see the
actual measurable effect in a noisy field as IR.

7.4 Conclusion

This thesis asked how to improve completeness in deep research agents. We demonstrated
that hierarchical architectures combining submodular query optimization with multi-
stage enrichment systematically improve all three dimensions of completeness—coverage,
grounding, and presentation quality. HERO achieves state-of-the-art performance on
both benchmarks, with the highest coverage metrics and superior presentation quality,
providing empirical evidence that principled query diversification paired with targeted
enrichment successfully addresses the completeness challenge. Simultaneously, we show
that each module is essential. Taken together, we can safely assert we have answered the
main RQ. HERQO’s architecture and design choices lead to a complete answer.

This work makes three primary contributions. First, HERO as a concrete system
demonstrating that formal optimization methods can be effectively integrated into agen-
tic research workflows. Second, a multi-dimensional evaluation framework that assesses
completeness through coverage, grounding, and presentation quality—a more comprehen-
sive approach than single-metric evaluation. Third, a benchmark suite combining Deep-
ResearchGym and ScholarQABench that enables cross-domain validation across both
general and academic research contexts, addressing the field’s need for more rigorous
evaluation standards for deep research agents.

As deep research agents grow into more multi-modal heavy use agents, the challenges
identified will be at the forefront of development. HERO offers a promising addition for
building reliable, comprehensive research assistants that balance breadth with accuracy.
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Appendix A

Exploratory Empirical Problem
Analysis

A.1 Introduction

Initially, to pinpoint clearly where the baseline model was failing, we performed a qualita-
tive customer study. Zeta-Alpha had requested and received a set of evaluations from one
of their clients in chemistry research. They deployed our baseline model agent, connected
to their internal database. We analyzed these, categorized the issues, and used this as a
foundation for our understanding of how to improve the agent system.

A.2 Methodology

Twenty evaluators were asked to give a set of ‘typical’ questions they would use a deep
research agent for in their internal database. We then generated the reports for these
questions and asked the clients to freely evaluate them. Four of the clients did this, and
we used their evaluations to find out where the reported issues came from. Since we only
had the final reports of the customers and not the trace the agent used to get to its final
system, we had to rerun the reports again manually, up to a maximum of three times, in
order to recreate the issue as the user saw it in their report. The repetition was sometimes
necessary due to natural stochasticity in outcomes of Large Language Models (LLMs),
especially multi-agent systems. Certain issues therefore fall into several categories if it
was hard to establish the root cause of the evaluated issue (e.g., a false claim in the report
can arise in several of the steps the agent makes in the agent system).

After internal deliberation, we decided to categorize the issues into four categories, in
line with [73]:

1. Relevant information not retrieved
2. Relevant information retrieved but ignored by LLM
3. Irrelevant information retrieved and included

4. Report structure issues

Unfortunately, due to client privacy, the actual qualitative analysis cannot be shared.
For inquiries about the underlying analysis, please contact Zeta-Alpha.
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A.3 Results and Discussion

Category 3, irrelevant information retrieved and included, is by far the most occurring
category and is associated with precision in the traditional information retrieval (IR)
sense [24]. The complicated nature of chemistry reports seems to lead to the agent getting
confused at several potential locations in the pipeline. Often when this occurred, it was
also due to data integrity issues. Multiple chunks get retrieved and analyzed in batches,
which led to the agent sometimes recognizing chunks as being related, which is what led
to issues. For example, a relevant ‘introduction’ chunk and a wrongly retrieved irrelevant
chunk would be retrieved and concatenated, and it would throw off the information
extractor to see the irrelevant chunk as relevant.

There are also a couple of cases of category 4, which often resulted from the final
answer agent writing a badly structured report on the source material, or cases where
users asked a very specific question that the agent wasn’t necessarily prompted well for,
e.g., a client asked for a list of contact info, and the agent wrote a full report on those
people.

Finally, the relevant info not retrieved or the relevant info retrieved but lost in the
pipeline was not too prevalent, with only nine cases between them. Trace analysis showed
that this was often due to the agent not asking the right subquery, which led it to fixate
on those results, a common issue in RAG systems [18]. An example is where the agent
didn’t really pay heed to the user’s word choice of ‘quantify,” such that the agent just
gave a qualitative answer instead of a quantitative answer. Finally, often the agents just
did not propagate the relevant information upstream because they deemed it irrelevant.
However, no clear pattern emerged as to why this happened.

Table A.1: Total Frequency of Error Categories with Ambiguity Dis-

tribution
Error Category Total Frequency?
1: Relevant info not retrieved 3
2: Relevant info retrieved but ignored 2
3: Irrelevant info retrieved and included 23
4: Report structure issues 8

1 or 2: Ambiguous between retrieval /ignorance”

& Frequencies are tallied from 35 distinct issues. Issues with an ambiguous
root cause are counted in each potential category they could belong to.
Therefore, the sum of frequencies (40) is greater than the total number
of unique issues.

b This category represents cases where, due to the inability to reconstruct
the original agent trace, it was impossible to determine if relevant infor-
mation was never retrieved (Category 1) or retrieved but subsequently
ignored (Category 2).

¢ Note removed as it was referenced but not defined in the original.
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A.4 Implications for System Design

Due to the omnipresence of category 3, for our final design, we performed an explorative
search depth analysis, where we looked at the effectiveness of searching depth versus
actual useful retrieved information. Although HERO already has early stopping built in
if the next batch of chunks it visits don’t actually contain relevant information, this system
is too simple, as even though the Information Extractor can deem a chunk relevant, that
chunk can still disappear higher up the chain due to it being less relevant or duplicated
with other information. Besides, we elected to reduce the number of chunks visited in a
batch, as the amount was probably too heavy for the underlying gpt-4o-mini agent to
properly assess.

A substantial limitation from this qualitative study is the completeness aspect; only
two users had the domain knowledge and gave clear indication the agent system omitted
information that should have been in the report.
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Appendix B

Cross-Benchmark Citation Metric
Comparison

Metric DeepResearchGym ScholarQABench

Citation Recall

Definition Proportion of factual claims with >1 Proportion of sentences with NLI-
citation verified support
Scope LLM-extracted factual claims only  All sentences exceeding 50 charac-
ters
Validation Presence check (binary) NLI model verification (entailment)

Citation Precision
Definition

Scoring

Method

Average support quality across all ci-
tations

Graduated (0, 0.5, 1) based on LLM
judgment

Direct assessment of support quality

Proportion of citations that are nec-
essary
Binary (necessary vs. redundant)

Leave-one-out ablation testing

Philosophy

Encourages comprehensive attribu-
tion

Encourages parsimonious attribu-
tion

Table B.1: Operationalization of citation metrics across benchmarks. These differences
reflect distinct evaluation philosophies rather than inconsistencies, and make direct cross-
benchmark comparison invalid.

While both DeepResearchGym and ScholarQABench report citation recall and preci-
sion, these terms operationalize fundamentally different constructs. Table B.2 summarizes
the key methodological differences.

DeepResearchGym’s citation recall measures the presence of citations for extracted
factual claims, while precision evaluates support quality with graduated scores (0, 0.5,
1) averaged across all claim-citation pairs. In contrast, ScholarQABench’s recall requires
NLI-verified support for all sentences exceeding 50 characters, while precision identifies
necessary citations through leave-one-out ablation testing.

These methodological differences preclude direct numerical comparison across bench-
marks. However, they provide complementary perspectives on citation quality: DeepRe-
searchGym incentivizes comprehensive attribution (rewarding thoroughness), while Schol-
arQABench rewards parsimonious citation (penalizing redundancy). Additionally, the

32



scope differs—DeepResearchGym evaluates only LLM-identified factual claims, whereas
ScholarQABench evaluates all sentences above a character threshold, which may system-
atically lower recall scores in the latter. In comparison, Recall of ScholarQABench is
more similar to precision in DeepResearchGym, as both metrics match the claim to the

citation.

Table B.2: Operationalization of citation metrics across benchmarks. These differences
reflect distinct evaluation philosophies rather than inconsistencies, and make direct cross-
benchmark comparison invalid.

Metric

DeepResearchGym

ScholarQABench

Citation Recall
Definition

Scope

Validation

Proportion of factual claims with >1
citation
LLM-extracted factual claims only

Presence check (binary)

Proportion of sentences with NLI-
verified support

All sentences exceeding 50 charac-
ters

NLI model verification (entailment)

Citation Precision
Definition

Scoring

Method

Average support quality across all ci-
tations

Graduated (0, 0.5, 1) based on LLM
judgment

Direct assessment of support quality

Proportion of citations that are nec-
essary
Binary (necessary vs. redundant)

Leave-one-out ablation testing

Philosophy

Encourages comprehensive attribu-
tion

Encourages parsimonious attribu-
tion
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Appendix C
Additional Results

C.1 Citation Recall and Precision ScholarQABench

Table C.1: Citation recall and precision scores per ScholarQABench dataset.

Dataset Recall Precision

Single-paper datasets

PubMedQA 74.00 70.00
SciFact 56.00 54.33
QASA 55.17 55.67
Single-paper average — 61.72 60.00
Multi-paper datasets
Neuro 74.92 70.47
Bio 68.91 64.99
Multi 63.25 57.89
CS 46.72 47.86
Multi-paper average 63.45 60.30
Overall Average 62.59 60.15

C.2 Enrichment Mechanism

Beyond quantitative ablation, examining full system runs (N=22, T=3 rounds, k=3 sub-
queries per round, k’=2 enrichment queries) reveals how enrichment contributes to cov-
erage. Figure C.1 shows the distribution of citations by pipeline stage across all queries.
This pattern confirms the enrichment mechanism’s intended function: after initial
broad retrieval establishes baseline coverage, the Enrichment Agent analyzes intermediate
summaries to identify specific gaps or areas requiring deeper investigation, then generates
targeted follow-up queries that surface additional relevant information. The substantial
proportion of unique enrichment-sourced citations indicates this adaptive depth strategy
successfully complements the breadth-first approach of diverse initial queries.
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Figure C.1: Distribution of citation sources across pipeline stages in full HERO runs.
The figure shows that enrichment queries identify information not captured by initial
subquery searches, contributing unique citations that are important enough for the final
report.
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Appendix D

Full Reports

Listing D.1: Raw Appendix Content

Should the death penalty be legal?

No. The best available evidence shows the death penalty does not
provide a unique public-safety benefit over long prison terms,
while it carries irreversible risks of wrongful execution,
imposes far higher financial and social costs than altermnatives
, and often harms---rather than helps---victims’ families, all
amid viable substitute punishments and global legal trends away

from capital punishment [1]. Countries and U.S. states that
abolished the death penalty have not experienced the predicted
rise in murder, undermining its supposed deterrent value [2].
The irreversibility of execution in a system that demonstrably
convicts the innocent makes legalization ethically indefensible
in practice [3].

Public safety and deterrence: no unique benefit from execution

Decades of research find the death penalty does not deter homicide
better than life imprisonment, and overall crime levels do not
significantly differ between places with capital punishment

and those without it [1]. Comparative analyses show no
meaningful crime reduction advantages in death-penalty
jurisdictions, weakening the core deterrence claim [4]. Cross-
state comparisons reinforce this: differences in homicide
trends do not consistently track the presence or absence of
capital punishment, challenging the premise that executions
make communities safer [5].

Real-world outcomes after abolition show the sky does not fall:

states that have ended capital punishment have not seen the
forecasted murder spikes, and some evidence suggests police and
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the public are safer in non-death states over long periods and
many executions [2]. A study of more than three decades of FBI
homicide data concluded that after 1,600 executions, safety
outcomes were better in states without the death penalty,
indicating no public-safety gain from maintaining executions
[6]. Isolated historical counterexamples exist---such as Kansas
’s murder rate rising after abolition in the late 1960s and 70s
and Alabama’s rate remaining largely unchanged after
reinstatement ---but these outliers underscore that broader
social and policy factors, not execution policy, drive violent
crime tremnds [7].

Where abolition coincides with reforms in policing, sentencing,
and rehabilitation, responses to violent crime tend to improve,
suggesting the real levers of safety lie in system design
rather than executions [8]. Because over half of state prison
populations are incarcerated for violent offenses, right-sizing
punishments and reallocating resources to focus on serious
violence is central to reducing incarceration and improving
safety after abolition [9]. Prioritizing serious crime through
targeted policing and corrections can help mediate violent
crime trends in the absence of capital punishment [10].

Justice, morality, and victims’ needs

Proponents argue capital punishment deters heinous crime and
demands "a life for a life," claiming it is a just response for
the worst offenses and more effective than life imprisonment
[11]. This retributive view holds that those who commit the
most serious murders forfeit their right to life, and some
advocates maintain execution deters would-be offenders more
than incarceration does [12]. Surveys also show a residual
public desire in many places to retain the death penalty for
victims’ families, though support has declined from 68% in 2001
to 55% in 2022 in one poll [13].

Opponents counter that no credible statistical evidence confirms a
deterrent effect and that abolitionist countries often have
lower homicide rates than retentionist ones, making execution
neither necessary nor uniquely effective for safety [14]. They

argue the death penalty violates the right to life and
constitutes cruel, inhumane punishment, promoting a cycle of
vengeance rather than justice [15]. Concerns about
arbitrariness and discrimination---including racial bias and
inconsistent application---further undermine its claim to
proportional, evenhanded justice [12]. For families of murder
victims, the reality is mixed: lengthy capital trials and
appeals often force relatives to relive trauma for years, and
many do not find the promised closure after an execution,
complicating grief rather than resolving it [16]. Empirical
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work documents that, contrary to expectation, some victims’
families report no peace or closure after execution, indicating
the death penalty may not reliably serve their healing needs
[17].

Error and irreversibility: wrongful convictions are systemic, not
rare

Error rates in capital cases are too high to justify an
irreversible punishment. A PNAS study estimates about 4.1%---
roughly 1 in 25---o0f death-sentenced defendants were falsely
convicted and would likely be exonerated if they remained on
death row indefinitely [3]. The Death Penalty Information
Center reports that one in every 8.3 people sentenced to death
since the 1970s has been wrongfully convicted and later
exonerated, underscoring systemic fallibility [18]. DPIC has
documented 185 death-row exonerations across 29 states and 118
counties since 1973, demonstrating that these errors are
widespread, not confined to a few jurisdictions [18].

Misconduct and structural flaws drive many errors: nearly 70% of
wrongful conviction cases involve police, prosecutorial, or
official misconduct, including use of knowingly false testimony

and racial bias, suggesting routine rather than exceptional
breakdowns in due process [19]. Over 550 capital cases have
been reversed for prosecutorial misconduct or led to misconduct
-related exonerations, representing more than 5.6% of all death

sentences imposed since 1972 [20]. Individual cases humanize
these failures: Clemente Aguirre-Jarquin alleged a negligent,
bias-tainted investigation after his exoneration, and
Christopher Tapp was coerced into a false confession under
threats of the death penalty, exemplifying how capital leverage

can distort truth-finding [21]. The case of Griffin---executed

in 1985 while maintaining innocence---is cited as a likely
wrongful execution, illustrating the irrevocable harm when the

state errs [22].

These realities have catalyzed reforms and abolition. Illinois
abolished its death penalty in 2012, citing wrongful
convictions and public discomfort with the risk of executing
the innocent, reflecting a direct link between documented
errors and legislative change [23]. China now requires all
death sentences from local courts to be reviewed and ratified
by the Supreme Court to reduce wrongful executions, indicating
global recognition that heightened safeguards are necessary but

still imperfect [24].

Fiscal costs and opportunity costs
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Capital cases cost dramatically more than non-capital prosecutions
, diverting scarce public safety resources from prevention,
policing, and victim services. Per-case costs for death penalty

prosecutions range from $1 million to $7 million, compared
with about $500,000 for cases resulting in life imprisonment
including incarceration costs [1]. Jurisdictions routinely find

death cases up to 10 times more expensive than comparable non-
death cases, compounding fiscal strain without proven public
safety payoff [15].

Alternatives that emphasize supervision and treatment are not only

cheaper but can deliver equal or better safety outcomes for
appropriate populations, as community-based approaches cost
vastly less than incarceration while maintaining or improving
outcomes [25]. When budgets are finite, the death penalty’s
premium price tag crowds out investments in homicide clearance
rates, trauma-informed victim services, and evidence -based
violence reduction strategies that drive safety more reliably
than executions do [1].

Alternatives that work: life imprisonment and restorative justice,
tailored to offense severity

Life imprisonment with no parole, or with a substantial social-
safety period, is widely implemented and considered the most
rational substitute for capital punishment in modern systems
[26]. Legal and policy analyses endorse life imprisonment as a
more egalitarian and consistent sanction for the worst crimes,
addressing incapacitation and proportionality without
irreversibility [27]. Many industrialized countries have
replaced the death penalty with long prison terms,
demonstrating a workable model for severe punishment that
preserves the possibility of correcting wrongful convictions
[28].

For nonviolent offenses---and for rehabilitatable populations---
restorative and non-custodial sentences reduce reoffending and
save substantial public funds, complementing life terms
reserved for the gravest crimes [29]. Meta-analyses and program

evaluations show restorative justice can cut reoffending by up
to 20% relative to non-participants, indicating meaningful
public-safety gains when appropriately applied [30]. Economic
studies estimate that providing restorative justice in 70,000
adult cases could save PS185 million over two years through
reduced reoffending, with returns of PS9 to the justice system
and PS14 in broader social value per PS1 invested [31]. Pre-
court restorative conferencing for youth is projected to save
nearly PS275 million over a lifetime, with costs recouped in
the first year, reinforcing the fiscal and criminological case
for diversion in suitable cases [31].
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These approaches are not panaceas and show mixed effectiveness for
violent crime, which is why a tailored sentencing framework is
essential after abolition [29]. System actor reluctance to

extend alternatives to people charged with violent offenses
remains a barrier, requiring sustained policy attention and
public education to expand evidence-based options where
appropriate [32]. The upshot is a dual-track model: life
without parole or very long terms for the most serious
homicides, paired with restorative and rehabilitative sanctions
for nonviolent and lower-risk cases, which jointly outperform
execution on safety, cost, and error-correction grounds [27].

Public opinion and legal trends

Public support for capital punishment is declining in the United
States, and preferences shift further away from death when
alternatives are explicit. Gallup finds support down from 80%
in 1994 to 64% recently, with opposition at a near 40-year high
, indicating eroding consensus for executions [33]. When
offered life imprisonment as an alternative, only 36% of
Americans prefer the death penalty, showing that many favor non
-capital punishments when given a concrete option that still
ensures incapacitation [34]. A national poll found 61%
preferred punishments other than death for murder, with 39%
specifically endorsing life without parole, further
underscoring the shift [35].

Internationally, attitudes are heterogeneous but trends favor
abolition, and global law is moving steadily in that direction.
As of December 31, 2023, 112 countries had abolished the death
penalty for all crimes, with 9 more abolishing for ordinary
crimes, reflecting a broad normative movement away from
executions [36]. Within Africa, over 80% of countries have
abolished the death penalty in law or practice, and as of
October 2024, 26 African Union states had formally abolished it
while many others maintained moratoria, marking continental
momentum despite national variation [37]. Some countries retain
high support---for example Singapore, where 77.4% support
executions for serious crimes and 87.9% believe it deters drug
trafficking---but these views coexist with rising executions in
parts of Asia and do not settle the empirical deterrence
question [38]. In Japan, polling shows strong support, yet
research suggests many views rest on limited or inaccurate
information, implying that public education can shift attitudes
over time [39].

Legal reforms mirror public unease with error and excess.

California imposed a moratorium in 2019 and ordered the
dismantling of death row, signaling institutional retreat from
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executions in the nation’s largest death-sentencing state [40].
Illinois’s abolition in 2012 and China’s mandatory Supreme
Court review of death sentences illustrate different systems’
responses to wrongful -execution risks, pointing toward
heightened safeguards or outright repeal as the prudent path
[23].

The hidden social costs: harms to families and exonerees

Death penalty processes can prolong and complicate grief for

victims’ families through years of appeals, with many reporting
that executions did not bring the expected closure, countering
a common rationale for retention [16]. Families of executed or
condemned individuals also suffer stigmatized, disenfranchised
grief and mental health burdens, with children experiencing
educational and emotional harms that ripple across generations
[41].

When wrongful convictions are uncovered, the damage is profound
and enduring: between 1989 and 2019, innocent people served
over 20,800 years in prison, and exonerees face severe
psychological and social challenges with limited support,
compounding the tragedy beyond the walls of the prison [42].
Exonerees commonly confront long-term unemployment, housing
insecurity, and inadequate compensation, revealing systemic
gaps in remedy even after innocence is proven [43]. These
social costs highlight a moral hazard unique to capital
punishment because execution forecloses all possibility of
correction, apology, or restitution [3].

Conclusion: why legality fails the test

The death penalty fails on the metrics that matter: it does not
uniquely deter murder relative to life imprisonment, it
magnifies the risk of irreversible injustice in a system with
documented and systemic error, it drains resources better spent

on proven safety strategies and victim support, and it often
does not deliver the closure its proponents promise [1].
Abolition does not produce the feared crime surge and can open
the door to smarter reforms that reduce violence and
incarceration together, aligning public safety with human
rights and fiscal responsibility [2].

Given the evidence and viable alternatives---life without parole
for the worst crimes and restorative, rehabilitative sanctions
where appropriate---the death penalty should not be legal.
Modern justice can protect the public, honor victims, and
correct its own mistakes without resorting to an irreversible
punishment that the evidence does not justify [27].
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D.1 why should the death penalty be allowed

Why the death penalty should be allowed---if narrowly and
rigorously constrained to the worst crimes

A narrowly tailored death penalty can be justified on three core
grounds ---retribution proportional to the most heinous offenses
, incapacitation that permanently prevents the most dangerous
offenders from killing again, and a plausible (though
empirically debated) deterrent effect---provided it is
administered with rigorous safeguards that minimize error and
bias and is reserved for the gravest crimes such as willful
first-degree murder and terrorism [1][2]. This position
reflects enduring public and political judgments about justice
and safety even as overall national support has softened, and
it remains consistent with the continued retention of capital

44



punishment by many countries that see it as compatible with
their legal and cultural frameworks [3][4].

Retributive justice and the moral logic for capital punishment

At the heart of pro-death-penalty reasoning is retributive justice
some crimes are so egregious that only the ultimate
punishment matches their moral gravity, delivering deserved
condemnation and a sense of justice for victims’ families and
communities [1][2]. Philosophers such as Louis P. Pojman argue
that capital punishment is morally justified because it
proportionally punishes the worst offenses and helps maintain
moral order by expressing society’s collective judgment against
the gravest wrongs [5]. Supporters also maintain that
executions can provide a sense of closure and justice to
victims’ families, reinforcing social norms against extreme
violence and validating their suffering in the eyes of the law

[6].

Incapacitation and public safety: preventing the worst harms

Capital punishment guarantees that convicted murderers will not
kill again in free society or within prison, a risk that
persists under life imprisonment because some lifers do commit
violence behind bars and, in rare cases, may be released under
future policy changes [7]. Proponents highlight that executing
convicted killers prevents further murders by offenders who
would otherwise remain capable of harming others, including
prison staff and inmates, thereby offering a distinct public-
safety benefit beyond what life sentences can universally
assure [8]. The incapacitation rationale gains urgency when
considering evidence that people with serious violent priors
have sharply elevated risks of violent reoffending, such as the

finding that offenders with prior homicide convictions were
1,467 percent more likely to commit homicide again in a youth
cohort study, even as individual risk predictions can be
fallible and must be treated with caution [9][10].

Deterrence: theory, mixed evidence, and a prudential case for
retention

Supporters contend that the fear of execution can deter would-be
offenders, especially for premeditated crimes where offenders
weigh consequences more than crimes of passion [11]. One
prominent study reported that each additional execution might
reduce homicides by about five, while each commutation could
correspond with an increase of roughly five, suggesting a
potential ---but complex---relationship between execution
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activity and murder rates [12]. Political advocates also claim
that capital punishment can deter violent misconduct beyond
murder , including assaults in prison, by signaling that the
most severe consequences remain on the table for egregious
violence [13].

the same time, leading reviews caution that the total
deterrence literature is mixed and not dispositive: the
National Research Council concluded that existing research does
not establish whether capital punishment decreases, increases,
or has no effect on homicide, and many criminologists remain
skeptical that increasing executions or shortening death-row
stays would materially affect crime [14][15]. Given this
uncertainty, a defensible policy rationale focuses on the
combined value of incapacitation, retributive justice, and a
plausible deterrent effect, rather than deterrence alone, when
justifying a narrow death penalty for the most heinous offenses
[16].

Democratic legitimacy: public and political judgments about the

worst crimes

In democracies, punishment policy reflects moral judgments about

justice and safety, and a substantial share of the public still
supports capital punishment, even as overall support has
declined from historical peaks [3]. For example, one survey
found that 55 percent supported the death penalty as the only
way to combat crimes, down from 68 percent in 2001, while other
polling shows notable support for life without parole,
underscoring a durable yet contested mandate for retaining
capital punishment alongside severe non-capital alternatives
[31[17]. Politically, candidates and officeholders often
emphasize tough stances on capital punishment for first-degree
murder to align with voters’ moral sentiments, reflecting the
salience of retribution and protection in public debate [1].
Support varies across states and is associated with broader
ideological and racial-attitude patterns, explaining why some
jurisdictions strongly retain capital punishment while others
abolish it [18].

International practice and human rights debates

Globally, retentionist countries justify capital punishment

primarily on deterrence, retribution, and public safety, often
applying it to crimes such as murder, terrorism, treason, and
certain severe drug offenses [19]. The international landscape
remains divided: roughly 90 nations have abolished the death
penalty while a near-equal number retain it, and some states
have recently expanded or reintroduced it to confront terrorism
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and drug trafficking, demonstrating that many legal systems
still view it as compatible with their institutional and
cultural norms [4][20]. Proponents argue that, when bounded by
due process, capital punishment can coexist with commitments to
law and order, though this claim remains contested within the
broader human rights community and has prompted ongoing
interpretive debates under regional and intermational
instruments [13][21].

Fairness, error reduction, and safeguards: how to make "allowed"
ethically defensible

If the death penalty is to be allowed, it must be conditioned on
robust safeguards that minimize error and bias, an expectation
made more plausible by improvements in forensic science and
prosecutorial practices over recent decades [1]. Advances such
as modern DNA testing, high-resolution imaging, and digital
forensics have strengthened post-conviction review and
exoneration efforts, as illustrated by Gary Dotson’s landmark
DNA exoneration and the William Richards case, where new
forensic testimony undermined earlier circumstantial proof
[22] [23]1[24]. Beyond forensics, procedural innovations like
race-blind charging systems---piloted in San Francisco using
machine learning and offered free to other prosecutors---aim to

limit racial bias at charging, improving the fairmness of
decisions that can lead to capital exposure [25][26]. While
wrongful convictions persist and their true number is uncertain
, these technological and procedural safeguards materially
reduce risk and are conditions many supporters cite in morally
defending a retained, tightly constrained death penalty
[27]1[26]. Some proponents further argue that, with layered
appeals and reviews in place, the residual risk of error is a
grave but necessary moral burden to uphold justice for the most
heinous crimes [28].

Costs, opportunity costs, and a narrow-use framework

It is important to acknowledge that capital punishment 1is
consistently more expensive than life without parole because of
longer , more complex trials, constitutionally mandated appeals
, and higher incarceration costs on death row [29]. Empirical
cost studies find, for example, that Kansas death penalty cases
cost 70 percent more than comparable non-death cases, Maryland
capital cases average about $3 million each, and Califormnia’s
system costs roughly $137 million annually versus $11.5 million
without capital punishment, with public defenders in Nevada
logging an average of 1,211 additional hours per capital case
[30][31]. Law enders in Nevada logging an average of 1,211
additional hours per capital case [30][31]. Law enforcem in
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Nevada logging an average of 1,211 additional hours per capital
case [30][31]. Law enforcemnt officials have also criticized
capital punishment for diverting scarce investigative resources
from solving other crimes, reinforcing the argument that, if

retained, the death penalty should be used sparingly and
strategically to avoid undermining broader public-safety goals
[32].

A prudential path forward is to allow the death penalty only for
the rarest and most aggravated murders where retributive
proportionality and incapacitation are most compelling, while
investing the bulk of public-safety resources in prevention,
trauma-informed services, and effective non-capital enforcement
, which many survivors and voters prefer [33]. This balanced
approach preserves the moral and incapacitative rationale for
capital punishment in exceptional cases without crowding out
evidence -based strategies that reduce violence upstream [34].

Bottom line

The case for allowing the death penalty rests on its retributive
proportionality for the most heinous crimes, its unique
incapacitation value, and a plausible---though empirically
contested---deterrent effect, all within a strict framework of
due process, foremsic rigor, and bias-reducing safeguards
[11[11]. Democratic support remains significant even as
opinions diversify, and many nations continue to retain capital

punishment on grounds of justice and public safety,
reinforcing the view that a tightly bounded death penalty can
be morally and politically defensible in exceptional cases
[3][4]. The ethical path is not maximal use, but narrow
allowance: reserve it for the worst crimes, insist on the
strongest procedural and scientific protections, and pair it
with robust investments in prevention and victim-centered
services so society exacts ultimate punishment only where
justice and safety truly demand it [25][34].
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D.2 Query: is the criminal justice system fair

Is the criminal justice system fair?

The criminal justice system aspires to "Equal Justice Under Law,"
but the best available evidence shows it is not fair in
practice, particularly across race and socioeconomic status,
with bias now also surfacing in newer algorithmic tools that
aim to guide decisions [1]. Public perceptions mirror the data:

fewer than half of U.S. adults believe the system is fair to
most Americans, and confidence is even lower regarding fairness
to poor, Black, and Hispanic Americans [2]. There has been
some measurable progress in reducing certain disparities since

20



the early 2000s, yet entrenched policies and practices continue
to produce large, durable inequities from arrest through
sentencing and beyond [3][4].

Racial disparities across the pipeline: from police contact to

prison
Across stages of the process---stops, arrests, charging,
sentencing, and incarceration---racial disparities are large

and persistent, indicating systemic rather than isolated
problems. Black people are imprisoned at five times the rate of
white people, and in several states the Black-to-white
disparity exceeds 10 to 1, underscoring that geography can
amplify inequity [5]1[6]. The burden is concentrated among young
Black men: one in every ten Black men in his 30s is
incarcerated on any given day, and Black men ages 18-19 face
imprisonment at 11.8 times the rate of white peers [1]([7].
Although Black and Hispanic people constitute roughly a quarter
of the U.S. population, they make up 58% of the approximately
2.3 million people imprisoned, reflecting disproportionate
impact at scale [8].

Disparities are evident from first contact with law enforcement
through misdemeanor arrests and jail admissions, where implicit
and explicit bias influence decisions and intensify early-
stage inequities [9]. In California, about one-third of traffic
stops involve Black drivers---roughly twice the share of stops
involving white drivers---illustrating how over-policing feeds
cumulative disadvantage downstream [10]. Over-policing and
disparate treatment perpetuate negative stereotypes and erode
trust between communities and police, which undermines
cooperation and public safety over time [11][12].

The disparities begin early in life and extend into youth justice.
Black youth are five times more likely than white youth to be
incarcerated, and American Indian youth are three times more
likely, indicating that unequal treatment is embedded at
juvenile stages as well [13]. Arrest data reinforce the pattern

African Americans accounted for 27% of arrests in 2016---

double their share of the population---and over a quarter of
drug arrests in 2015 despite evidence that drug use rates do
not fully explain these gaps [14].

Socioeconomic status and the bail-to-conviction pipeline
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Socioeconomic status shapes outcomes at virtually every juncture,
but pretrial policies---especially cash bail---create some of
the starkest wealth-based inequities. More than 607 of
defendants are detained pretrial because they cannot afford
bail, an arrangement that penalizes poverty and contradicts the

presumption of innocence [15]. Pretrial detention increases
the probability of conviction by 13 to 14 percentage points,
largely by pressuring guilty pleas among people seeking release
from jail, which magnifies the impact of poverty on case
outcomes regardless of culpability [16][17]. The economic shock
of pretrial detention, including job loss, eviction, and
homelessness, ripples through families and communities, further
entrenching disadvantage that began as an inability to pay
(181 [19].

These patterns contribute to widespread poverty traps in low-

income communities, where fines and fees for low-level offenses
create cycles of debt that often exceed any public safety
benefits they were meant to provide [20]. The broader
macroeconomic toll is staggering: imprisonment imposes about $1
trillion in annual costs on the U.S. economy, much of it bormne
by already disadvantaged communities [21]. Family-level harms
are pervasive; many families cannot meet basic needs when a
member 1is incarcerated, and communities of color---already
overrepresented behind bars---bear a disproportionate share of
these burdens [22].

Judicial discretion, implicit bias, and unequal sentencing

Even when formal legal standards are the same, judicial discretion
can widen racial gaps in sentencing. After the Federal
Sentencing Guidelines were rendered advisory in United States v
Booker (2005), Black defendants received sentences nearly two
months longer on average than comparable white defendants, a
roughly 4% increase tied to greater judicial discretion [23].
Disparities were larger among judges appointed after Booker,
suggesting that shifts in discretion changed how similarly
situated defendants were treated by race [23]. Experimental and
observational work shows that implicit racial bias can
influence conscious behavior in courtrooms, even though legal
doctrine focuses on explicit discrimination, which helps
explain why disparities persist without overtly racist intent
[24]. Independent analyses have identified individual federal
judges who impose harsher sentences on Black and Hispanic
defendants, underscoring the role of decision-maker bias in
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aggregate disparities [25].

the same time, legal standards make it hard to remedy biases
that are subtle or systemic: the Supreme Court’s McCleskey v.
Kemp decision requires proof of conscious racial intent, a
threshold ill-suited to address implicit bias that pervades
complex decision processes [26]. Some studies find limited
evidence linking racial bias to sentencing disparities in
particular district courts, indicating that the size and
direction of racial gaps can vary by case type, setting, and
defendant characteristics, rather than being uniform everywhere

[27]. The coexistence of evidence for bias with heterogeneous
findings across contexts points to a system where discretion,
structure, and local practice interact to produce uneven but
enduring inequities [28].

Prosecutorial power: charging, plea bargaining, and mandatory

minimums

Prosecutors exercise pivotal discretion that can either correct or

compound earlier disparities, and the evidence shows both
dynamics. In North Carolina, prosecutors’ charging decisions
shifted over time; they initially compounded stop-based
disparities in the late 1990s and early 2000s but later
attenuated them from 2015 to 2019, demonstrating the potential
for policy and practice to move toward equity within the same
jurisdiction [29]. Yet at the federal level, Black defendants
are more likely to be charged with offenses carrying mandatory
minimums, and Hispanic males are also more likely to receive
mandatory minimum sentences, amplifying racial and ethnic
disparities through charging choices that constrain judicial
discretion downstream [30][31]. In New York County, racial and
ethnic disparities appeared at multiple decision points, with
the clearest gaps in initial bail requests, showing how
prosecutorial recommendations can shape early case trajectories
with lasting effects [32].

Researchers disagree about the magnitude of prosecutorial bias in

driving overall prison disparities, with some studies
suggesting race and class do not systematically change charging
decisions in experimental settings, even as real-world
administrative data show persistent racial differences in
outcomes across places and stages [33][34]. Prosecutors also
report viewing racial disparities as systemic and largely
beyond their control, which can limit internal accountability
for closing gaps during plea bargaining and sentencing
recommendations [35]. The American Bar Association stresses
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that systemic racism pre-dates first contact and continues
through charging and plea bargaining, placing a responsibility
on prosecutors to proactively identify and correct inequities
within their own practices [36].

Algorithmic "risk" tools: new technology, old inequities

The turn to algorithmic risk assessments has not solved fairmess
problems and, in some cases, has deepened them. The widely used
COMPAS tool labeled Black defendants "high risk" at roughly
twice the rate of white defendants, producing racially
disparate errors that can influence bail and sentencing
decisions [37]. ProPublica’s 2016 investigation similarly found
that non-reoffending Black defendants were nearly twice as
likely as white defendants to be misclassified as high risk,
illustrating how biased errors can accumulate within a punitive
system [38]. The core technical challenge is a fairmness
paradox: in the presence of group disparities, it 1is
mathematically impossible for a single algorithm to satisfy all
reasonable fairness criteria at once, so reducing one
disparity often increases another [38].

Longitudinal evaluations show judges do respond to algorithmic
scores---imposing longer sentences on "high-risk" defendants
and shorter ones on "low-risk" defendants---yet these tools
have not produced net reductions in incarceration or clear
public safety gains, raising doubts about promised benefits
[39]. Racial disparities persist in both the scores and their
application, with judges more likely to follow leniency
recommendations for white defendants, which undermines equal
treatment even when using the same tool [39]. Many systems are
trained on historical crime and enforcement data, embedding
past over-policing of poor neighborhoods and communities of
color directly into model inputs and outputs, which biases the
tools before a judge ever sees a score [40][41].

Policy responses are emerging but remain incomplete. A
presidential executive order directed federal agencies to
prevent algorithmic discrimination, and the FTC has urged firms

to test models for discriminatory outcomes, yet the U.S. lacks
comprehensive AI auditing laws, leaving critical gaps in
oversight [42]1[43]. At least 20 states have incorporated risk
tools into sentencing, even as many researchers urge excluding
inputs correlated with race, redesigning algorithms to equalize
key outcomes, or rejecting their use in criminal decisions
altogether to avoid amplifying bias [44][45].
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Legitimacy and trust: what the public and victims see

Fairness is not only about outcomes; it is also about whether
people experience the process as just. Only 47 of Americans
believe the justice system is fair to most people, and
perceived fairness is even lower regarding poor, Black, and
Hispanic Americans, indicating deep legitimacy challenges for
courts and law enforcement [2]. Racial gaps in confidence are
stark: just 27% of Black adults report high confidence in
police, compared to 56% of white adults, and trust eroded
further following high-profile police shootings in minority
communities [46][47]. In the U.K., a majority of British-born
Black, Asian, and Minority Ethnic people believe the justice
system discriminates against them, illustrating that legitimacy

concerns transcend national context [48].

Victims’ perceptions highlight the importance of voice and
participation: burglary victims in Minnesota reported that
opportunities to participate in proceedings strongly shaped
their sense of fairness, with different preferences for
rehabilitation, compensation, or punishment influencing what "
justice" meant to them [49]. Cuts to legal aid further
undermine perceived fairness in court, particularly for those
least able to navigate complex procedures, linking resource
access to legitimacy as well as outcomes [50]. Procedural
justice---fair, respectful treatment by authorities---predicts
trust and cooperation, which are essential for reporting crimes

and serving as witnesses or jurors [51][52].

Indigenous and international evidence: overrepresentation and
mistrust

Outside the U.S., similar patterns of overrepresentation and
mistrust highlight systemic problems in how justice systems
treat marginalized communities. In Canada, Indigenous people
accounted for 25% of accused in criminal courts in 2016 despite

being only 5% of the population, and Indigenous accused were
55% less likely than white accused to see their charges
withdrawn, dismissed, or discharged, indicating differential
treatment in case resolution [53]. Indigenous people are also
about twice as likely to mistrust their local police service as
non-Indigenous people, with particularly high levels of
mistrust in Saskatchewan and the territories, reflecting the
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cumulative effects of historical injustices and contemporary
practices on legitimacy [54]. These data points echo global
concerns that justice systems can reproduce social hierarchies
unless guarded against bias at each decision point [55].

The economic fallout: lost earnings, family disruption, and
intergenerational harm

Fairness in criminal justice cannot be separated from its economic
consequences for individuals, families, and communities.
People with convictions earn at least 16% less than peers,
those who have been to prison lose roughly half of their
earning potential, and aggregate lost wages for justice-
involved people exceed $372 billion annually, creating a
feedback loop between punishment and poverty [56]. Families
struggle to meet basic needs when a member is incarcerated,
with two-thirds reporting difficulty affording essentials and
heavy reliance on low-wage work or public assistance [57].
Children bear long-term costs: in 2015, about 3.5% of U.S.
children had a parent behind bars, and Black children were more
than five times as likely as white children to experience
parental incarceration, which is linked to educational
disruptions and mental health challenges [58][59].

These harms concentrate in communities already facing disadvantage
, where nearly 70% of Black men without a high school diploma
will experience incarceration by midlife, entrenching
neighborhood instability and limiting intergenerational
mobility [60]. Reentry compounds the cycle: roughly one-third
of the more than 620,000 people released annually return to
prison at some point, and 65% remain unemployed four years
after release, showing how post-sentence exclusion perpetuates
inequality beyond formal punishment [61][62].

Progress and promising reforms---alongside barriers and pushback

There is real, measurable progress in some areas, but it has not
yet closed large gaps. From 2000 to 2016, the Black-white state
imprisonment disparity fell from 8.3-to-1 to 5.1-to-1, and by
2020, Black adults were imprisoned at 4.9 times the rate of
white adults, down from 8.2 times around 2000, reflecting
changes in enforcement and sentencing, especially for drug
crimes [63][3]. The disparity for drug-related imprisonment
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decreased by about two-thirds between 2000 and 2019, and shifts

in drug enforcement helped reduce the number of African
American men in state prisons even as white male incarceration
rose, suggesting policy leverage points exist [4][64]. At the
same time, researchers trace many enduring disparities to
punitive policies of the war on drugs and racialized
stereotypes in decision-making, and there is ongoing policy
resistance that threatens to stall or reverse gains, indicating
the need for sustained, structural reforms rather than
episodic adjustments [65][66].

Bail reform has shown potential to reduce wealth-based detention.
Il1linois became the first state to eliminate wealth-based
pretrial detention, and international experience in countries
like Germany, Ireland, and Canada shows non-monetary
alternatives can secure appearances and safety without cash,
supporting adoption of personal recognizance and supervised
release models in U.S. jurisdictions [67][68]. Non-cash options

such as personal recognizance bonds directly target the core
inequity of the cash bail system by allowing release without
payment, a critical shift given that roughly three-quarters of
jail detainees are held pretrial in the U.S. [69][70].

Community trust-building efforts underscore the importance of
procedural justice and reconciliation. The National Initiative
for Building Community Trust and Justice found that police
leadership is critical for effective training in procedural
justice and implicit bias, though such trainings require
substantial resources, and its reconciliation pillar applied
lessons from transitional justice to acknowledge harms and
repair relationships [71][72]. The Safety and Justice Challenge

supports changing not just decisions but the values guiding
them, and tools like the Measuring Community Trust Tool help
agencies assess and improve legitimacy, especially when
incorporating the voices of those most affected by the system
[73]1[74]. Including directly impacted communities in
prosecutorial and policy reform agendas has been identified as
essential to advancing racial equity and rebuilding safety
[75].

Behavioral health diversion is another fairness-enhancing pathway.

With mental illness and substance use disorders highly
prevalent among people in jail and prison, mental health and
treatment courts can reduce recidivism by addressing root
causes rather than relying solely on incarceration, and
increased access to drug treatment correlates with lower crime
rates [76][77]. Still, access to quality, integrated treatment
remains uneven by race and ethnicity, which risks reproducing
disparities unless collaboration across justice, mental health,
and substance use systems 1is deliberately designed for equity
(78] [79].
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Bottom line

Taken together, the evidence shows that the criminal justice
system is not fair in practice because race and wealth
substantially shape who is stopped, detained, charged,
convicted, and imprisoned, and because newer tools like risk
algorithms often reflect and reinforce those inequities rather
than curing them [14][37]. While certain gaps have narrowed

since the early 2000s and promising reforms---such as bail
changes, procedural justice initiatives, and treatment -
diversion programs---demonstrate viable paths forward, the

persistence of large disparities, the documented role of
discretion and implicit bias, and the heavy socioeconomic
fallout mean the system still falls short of equal justice
under law [3][23]. A fairer system will require aligning policy
, practice, and technology around equity at every decision
point, sustained accountability for discretionary actors, and
meaningful investment in community trust, behavioral health,
and economic mobility for people and places most affected by
mass punishment [36][73].
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D.3 Query: what role did indians play in the wars for
empire?

Indians in the wars for empire: indispensable soldiers, suppliers,
financiers---and ultimately resisters and nation-builders

Indians were indispensable to the British Empire’s wars, providing
vast manpower , materiel, and money while bearing

disproportionate social and economic costs that later fueled
resistance and decolonization [1].

Across the two world wars, about 3.8 million soldiers from the
Indian subcontinent served under the British flag, a scale of
participation that made India central to imperial war-making
[2].

Beyond manpower, India shipped 170,000 animals and 3.7 million
tonnes of supplies in World War I, underscoring its role as the

empire’s logistical spine [3].
Financially, Indian soldiers and the Indian state delivered an

extraordinary subsidy---roughly PS8 billion in today’s value as
a one-time war contribution and PS2.4 billion annually
thereafter during imperial wars---cementing India’s place as

the empire’s fiscal shock absorber [4].
These contributions came amid acute suffering, epitomized by the
Bengal Famine of 1943, in which an estimated three million
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people died as imperial wartime priorities eclipsed local food
security [5].
At the same time, exposure to global battlefields and racial
hierarchies catalyzed anti-colonial mobilization, including the
formation of the Indian National Army to fight the British
during World War II [6].

Fighting the empire’s wars: global combat roles and costly
sacrifices

Indian forces fought on nearly every front the empire deemed
strategic, from Flanders and Gallipoli to East Africa,
Palestine, and Mesopotamia in World War I, and from North
Africa and Italy to Burma in World War II [7].

Over one million Indian soldiers were deployed in World War I
alone, often rushed in as the British Expeditionary Force'’s
only available professional reinforcement in 1914-15 [8].

In total, about 1.5 million Indian volunteers or active soldiers
participated in World War I, with roughly 50,000-62,000 deaths
and 65,000-67,000 serious injuries, reflecting the human toll
of "imperial fire brigade" service across distant theatres [9].

The Indian Army acted as an imperial fire brigade for the British,

shifting rapidly from Belgium and France to Egypt, East Africa
, Gallipoli, Palestine, Mesopotamia, and even Singapore to
suppress revolt and hold imperial lines [10].

At the outset, it was one of the only trained professional forces
able to reinforce the British Expeditionary Force, making its
early-war role decisive for imperial survival [11].

Indian troops were frequently assigned the most dangerous jobs---
digging trenches, riding dispatch, and manning guns---often for

meager pay of Rs 11 per month, yet still winning early
Victoria Crosses for gallantry [12].

More than 2.5 million Indians served in World War II, forming one
of history’s largest volunteer armies, a force that absorbed
intense combat across Asia, Africa, and Europe [13].

Casualties in World War II exceeded 67,000 killed, more than
34,000 wounded, and over 67,000 captured, a reminder that the
scale of sacrifice rose with the scale of the war [14].

Even as Indian public opinion was often apathetic or hostile to
imperial wars, British commanders remarked on the Indian Army’s

loyalty, a paradox that defined the politics of service under
empire [15].

Across the services: army, air, and navy under imperial command
Indian formations reinforced the Western Front and campaigns
across the Middle East and Africa, with around 800,000 Indian

soldiers engaged in active fighting during World War I [16].
They deployed as tailored expeditionary forces, such as the Indian
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Expeditionary Force B from Bombay to East Africa in late 1914,
reflecting how India underwrote imperial flexibility across
oceans [17].

Indian participation also extended to the air: four Indian
volunteers flew with the Royal Flying Corps in World War I,
with Indra Lal Roy posthumously awarded the Distinguished
Flying Cross after destroying ten enemy aircraft [18].

Institutionally, the Royal Indian Air Force was established on 8
October 1932 and attached to the RAF in World War II, earning
the "Royal" prefix in 1945 for distinguished service [19].

At sea, Indian personnel crewed escorts and minesweepers in the
Royal Indian Navy during World War II, providing critical
protection in convoy and littoral operations [20].

Near the war’s end, the RIN mutiny of February 1946---encompassing
roughly 20,000 sailors, 78 of 88 ships, and 20 shore
establishments---signaled a crisis of legitimacy for British
rule [21].

This naval revolt spread rapidly through Bombay and beyond,
turning service grievances into a mass political challenge to
imperial authority [22].

Unrest also touched the RIAF, which the 1946 Cabinet Mission
judged "cannot be regarded as reliable" for suppressing anti-
British movements, highlighting the fragility of the colonial
military edifice as decolonization loomed [23].

Beyond manpower: India as the empire’s quartermaster and banker

India provisioned imperial wars on a scale few other colonies

could match by supplying 170,000 animals and 3.7 million tonnes
of materiel in World War I, integrating village economies into
global logistics chains [3].

British-controlled India transferred an estimated PS146 million
directly to British war costs between 1914 and 1920, financing
a significant share of the Allied effort [24].

Across the empire, colonial contributions included PS23.3 million
in gifts, PS10.7 million in interest-free loans, and PS14
million in low-interest loans, with India a principal
contributor to these flows [24].

Taken together, Indian soldiers’ pay deductions and state
transfers amounted to about PS8 billion in today’s money as a
one-off contribution, with PS2.4 billion annually continuing
afterward during the empire’s wars, demonstrating the fiscal
centrality of India to Britain’s military machine [4].

Wartime disruption also had unexpected industrial effects at home,

as a trade shock from reduced British imports helped account
for roughly 24% of industrial employment growth during World
War I, showing that even extractive war economies could yield
pockets of local industrialization under forced protection
[25].
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The costs of empire: extraction, discrimination, and famine

The empire’s wartime and peacetime extractions formed part of a
broader colonial drain that siphoned an estimated $45 trillion
from India between 1765 and 1938, reshaping the economy in
Britain’s favor [26].

Nearly one-third of tax revenues raised from Indians were used to
buy goods from India itself, a mechanism that masked resource
transfer as market exchange while starving domestic investment
[27].

Colonial policy systematically favored raw material export over
local industry, leaving Indian enterprises stunted and the
agrarian base overburdened by taxes and price shocks [28].

The social hierarchy of service mirrored the racial hierarchy of
empire, as Indians were barred from the highest commands and
often dismissed as inherently inferior by British generals [2].

This disdain surfaced starkly during the Dunkirk evacuation with
orders to "cut loose your Indians and your mules," a phrase
that captured how colonial troops were treated as expendable in

moments of crisis [2].
Food policy during World War II intensified human costs, as London
prioritized military needs over Indian civilians, producing

the Bengal Famine of 1943 with about three million deaths
despite sufficient production in Bengal, where entitlement
failures blocked access to food [5].

Churchill’s diversion of grain stocks away from Bengal during 1943

has been linked to roughly four million famine deaths,

underscoring the lethal synergy of wartime requisitioning and
imperial indifference [29].

Earlier, end-nineteenth-century famines killed on the order of 50
million people, as colonial land and revenue regimes amplified
climatic shocks and converted poor harvests into mass mortality

[30].

One estimate places famine-related mortality linked to British
imperial policy at at least 100 million between 1880 and 1920,
illustrating a catastrophic scale of demographic loss in India
unmatched elsewhere in the empire’s records [31].

Making the empire---and resisting it: Indian agency from Mysore
and Maratha wars to INA and mutinies

Long before the world wars, Indians helped make---and contest---
the British Empire through regional conflicts that determined
the subcontinent’s political future, notably the Anglo-Mysore
and Anglo-Maratha wars [32].

In Mysore, Hyder Ali and later Tipu Sultan built a modernizing
state that defeated British-led coalitions and seized strategic

ports like Mangalore before being crushed in 1799, after which
British allies were installed to secure the southern flank of
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empire [33].

The Maratha wars reflected deep Indian agency and factional
politics, as the Treaty of Bassein brought Baji Rao II under
British protection and triggered the Second Anglo-Maratha War,
whose defeats paved the way for British ascendancy [34].

By 1817-18, the Third Anglo-Maratha War ended Maratha sovereignty,

completing a transition from Indian-led regional hegemony to
British paramountcy across much of the subcontinent [35].

These wars reveal that Indians fought on every side of imperial

contests---as allies, adversaries, and intermediaries---helping
decide how empire was constituted in South Asia [36].

War, society, and nationalism: how service under empire remade
identities at home

War service brought profound social change within India, as
soldiers returned with disabilities, new skills, and global
experiences that reshaped status and identity in their
communities [37].

On the Western Front, 80-90% of Indian soldiers reported positive
impressions of France, sometimes calling it "paradise,"
experiences that unsettled local hierarchies upon their return

[38].
Exposure to racial ceilings---Indians were systematically excluded
from top military ranks---fueled resentment and sharpemned anti

-colonial critiques even as wartime camaraderie forged cross-
caste solidarities [2].
Politically, the Indian National Congress supported the British in
World War I in hopes of self-government, only to pivot toward
civil disobedience as imperial concessions failed to
materialize [12].

During World War II, this disillusion deepened, with Congress
opposition to India’s unconsulted participation helping create
the political space that Subhas Chandra Bose used to form the
Indian National Army alongside the Japanese [2].

The INA drew heavily on Indian soldiers’ wartime experiences and
fought the British in Southeast Asia, with sources claiming
that over half its members died in the struggle, a
radicalization of military service into anti-colonial
insurgency [39].

In 1946, the Royal Indian Navy mutiny transformed service
grievances into an overt challenge to colonial rule across 78
ships and 21 shore establishments, catalyzing mass protests and

forcing London to accelerate discussions on the transfer of
power [40].

By early 1946, British authorities judged the RIAF unreliable for
internal security and even contemplated European recruitment
drives, a stark acknowledgment that the imperial military
bargain in India was collapsing [41].
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Rural India at war: land, credit, and the long economic shadow of
imperial policy

The wars for empire were financed not only by budgets but by
villages, where commercialization of agriculture for export
cash crops like cotton and indigo disrupted subsistence systems

and made famine more likely when shocks hit [42].

The Permanent Settlement fixed exorbitant revenue demands and
empowered zamindars over tenants, intensifying extraction and
constraining investment in land improvements critical for
resilience [43].

With formal finance largely closed to peasants, moneylenders
charged usurious rates, embedding cycles of indebtedness that
persisted well after independence and deepened with time [44].

These pressures periodically erupted in rural unrest, as in the
Deccan Riots of 1875 and the Sannyasi Rebellion after the 1770
Bengal famine, when peasants resisted exactions of cash and
crops in a political economy reshaped by imperial war needs and

trade [45].

World War I magnified strains by diverting resources to the front
and prompting fears of food shortages at home, a pattern
repeated with deadlier consequences in World War II [46].

Recognition, memory, and the uneven afterlife of imperial service

Despite roughly 1.5 million Indians in World War I and 2.5 million
in World War II, official British recognition of their
sacrifices was strikingly slow, taking 57 years to materialize
in a significant public way [47].

The Commonwealth Memorial Gates in London, inaugurated in 2002,
now honor five million volunteers from the Indian subcontinent
and other Commonwealth regions who fought in the world wars, a
belated memorialization on imperial soil [47].

Indian bravery was recognized during the wars: in World War I
alone, Indians earned 11 Victoria Crosses and around 13,000
gallantry awards, marking their front-line valor despite
systemic discrimination [48].

By the 50th anniversary of the end of World War II in 1995, only
11 of 32 Indian Victoria Cross recipients were still alive, a
reminder of how time outpaced commemoration for a fading
generation [49].

Partition further complicated remembrance in South Asia,
fragmenting the shared military past and often overshadowing
imperial service in nationalist narratives on both sides of the

new border [50].

Within Britain, contributions were acknowledged but seldom deeply
appreciated, reflecting a memory gap between imperial reliance
and post-imperial recognition [51].
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Regional and communal dynamics within imperial service

Recruitment and recognition were uneven, with regions such as
Punjab and Garhwal contributing disproportionately and
receiving greater public acknowledgment, a pattern that
structured postwar social capital for veterans [52].

Political alignments also shaped British attitudes, as the Muslim
League’s wartime support and Congress’s opposition led some
British officials to favor Muslim soldiers, complicating simple

narratives of recruitment bias [53].

Putting it together: the many roles Indians played

Indians fought the empire’s wars as front-line soldiers, pilots,
and sailors, and they staffed the logistical tail that made
distant campaigning possible, from pack animals to munitions
[3].

They financed those wars through transfers and taxes that
underwrote British strategy even as colonial economic policy
drained Indian wealth and eroded food security on a
civilizational scale [26].

They also resisted---first as regional powers contesting British
advance, later as mutineers, nationalists, and INA soldiers---
until service under empire helped deliver the political
leverage and organizational experience that made decolonization
unstoppable [6].

In this sense, Indians were at once the empire’s sinew and its
undoing, indispensable to Britain’s war-making capacity and
pivotal in ending imperial rule when the costs of that capacity
became intolerable at home [41].
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Appendix E

Algorithms

Algorithm 1 Citation Quality Evaluation. For each substantive sentence s in report R,
we extract citation IDs C' and use a NLI model to verify if cited passages (D¢) support
the claim. We count: Nggims (total claims), Ny, (supported claims with valid citations),
Neites (total citations used), and N,.. (necessary citations).

1: Input: Report R, Retrieved Passages D = {dy, ..., d}
2: Nclaz’msa Nsupp7 Ncitesu Nnec — 0; O; 07 0

3:

4: for each sentence s € R with length(s) > 50 do

ot Nclaims — Nclaims +1

6: C' <+ ExtractCitations(s)
7
8
9

if C # () and NLI(s, Concat(D¢)) then
. Ncites — Ncites + |O|
10: for each ¢ € C do

11: if NLI(s, D¢) or —NLI(s, Concat(Dc(q3)) then
12: Nnec — Nnec + 1
13:

14: Output: Precision P = Nye./Neites, Recall R = Ngypp/Neraims, F1 = 2PR/(P + R)
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Appendix F

Prompts

This appendix contains the main system prompts for each agent in the research pipeline.
All prompts use Jinja2 templating with variables denoted as {{ variable_name }}.

F.1 Query Generator Agent
Agent Class: QueryGeneratorSubAgentV2

# Task Overview

You are tasked with creating research plans for comprehensive, high-quality
reports. Your goal is to generate diverse, targeted search queries that will
retrieve the most relevant and complete information to answer the user’s
research question.

{{ domain_prompt }}

{% if dataset_specific_instructions %}
# Dataset-Specific Guidance

{{ dataset_specific_instructions }}

{% endif %}

# Key Principles (Prioritized)

1. **Direct Relevance**: Each query must directly address the user’s
research question

2. *xTemporal Matching**: Match the temporal focus to the user’s question
(current vs historical) - If a date is mentioned, use it for your
extraction instructions.

3. **Focused Coverage**: Cover aspects that directly contribute to answering
the user’s question

4. **Query Diversity**: Within relevant queries, target different aspects
to avoid redundancy

5. **Strategic Depth#**: Balance broad exploratory queries with specific
targeted ones when both are relevant

# Search Engine Capabilities

The search system uses advanced semantic search with the following
characteristics:

- Support for natural language queries
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- Date range filtering capabilities

# Your Workflow

1. *xAnalyze User Intent**: What is the user really asking? (causal,
descriptive, comparative, evaluative)
- Does the user want current/recent information or historical perspective?
- What temporal scope matches their question? (e.g., "why is X high" -

recent factors, not decade-long trends)

2. *xJdentify Core Need**: What specific information would best answer
their question?

3. **Plan Focused Strategy**: Design queries targeting aspects that directly
address the user’s need

4. xxGenerate Relevant (Queries**: Create specific queries that explore
different relevant angles

5. **Specify Extraction Instructions**: Tailor instructions to each query’s
purpose

6. **Consider Search Depth#**: Decide exhaustive vs. quick search based on
query importance

# Query Generation Strategy

You will generate {{ candidate_queries_needed }} candidate queries from which

a selection algorithm will choose the most relevant AND diverse subset.

Therefore:

- Focus on relevance first - ensure each candidate directly addresses the
user’s question from different angles

- Don’t artificially force diversity - natural variation across relevant
angles is sufficient

- Quality over quantity - avoid tangential queries

- Each query should contribute to answering the ORIGINAL question

# Important Notes

- Avoid tangential exploration, even if academically interesting

- Temporal scope matters: "why is X high NOW" "history of X over decades"
- Each query should have results that will be used in the final answer

# Constraints

- Maximum {{ max_turns }} turns to complete the research

- Maximum {{ max_tasks_per_turn }} tasks per turn

- Focus on the core research question without tangential exploration

Today’s date: {{ today_date }}

F.2 Information Extractor Agent

Agent Class: InformationExtractorSubAgent

{{ domain_prompt }}
## CORE EXTRACTION PRINCIPLES

1. *xRelevance Filter First**: Skip documents that are clearly irrelevant
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to the search query. If a document doesn’t meaningfully address the query,
output nothing from it.

2. *xFact Granularity**: Extract specific details, not generalizationms.

3. **Single Citation Rule**: One citation per distinct fact. If multiple
documents state the same fact, choose the most authoritative source and
extract once.

4. *x*Contradictions Are Valuablex*: When sources disagree, extract BOTH
perspectives.

## WHAT TO EXTRACT

- Specific numbers, percentages, statistics

- Dates, timeframes, locations

- Named entities (organizations, researchers, products)
- Methodologies and sample sizes

- Causal relationships with evidence

- Contradictory findings between sources

- Limitations and caveats mentioned in sources

## WHAT TO SKIP

Generic statements without specific details

Information unrelated to the search query

Marketing language or unsubstantiated claims
- Redundant facts already extracted from better sources

## CITATION FORMAT

{% if citation_style == ’ragtime’ %}

Use the EXACT 8-character ID shown for each search result in square brackets
(e.g., [abc12345]).

{% elif citation_style in [’pes2o0’, ’fineweb’] %}

Use the search result’s ID in square brackets (e.g., [le0eOcl1]).

{% else %}

Use the search result’s ID in square brackets (e.g., [ad2e4f3Db]).

{% endif %}

- Place citations IMMEDIATELY after the specific fact they support
- NEVER create citation IDs that don’t exist in the search results
- Each fact must have exactly ONE citation

## OUTPUT FORMAT

If you find relevant facts in ANY document from this batch:
Extract each fact as a complete sentence with its citation

Separate facts with single newlines (one line break between facts)
- Do not organize into themes, sections, or create structure

Simply output facts with citations in the order you encounter them

76



Example format:

First fact extracted from document [abc12345].
Second fact from same document [abc12345].

Third fact from a different document [def67890].

If NONE of the documents in this batch contain relevant facts:
- Output exactly: NO_RELEVANT_FACTS
- Do not add any other text, explanations, or formatting

Today’s date is {{ today_date 1}}.

F.3 Information Merger Agent

Agent Class: InformationMergerSubAgent

{{ domain_prompt }}
You are an expert research synthesizer creating comprehensive literature
review-style summaries.

## CORE PRINCIPLE: EXTEND, DON’T REDUCE

When combining related facts, ADD details together rather than generalizing
them.

WRONG: "Prices rose significantly [5a7bOfd1l_1] [4b5d48b_2] [3c9e2af0_3]"
RIGHT: "Prices rose 10% in CA [5a7b0Ofdl_1], 15% in TX [4b5d48b_2], peaked
at $4.50 nationally [3c9e2af0_3]"

## KEY RULES

**Citation-Claim Binding:** Each citation stays with its specific fact
- "Study A: 30% increase [5a7b0fd1_1] while Study B: 25% [4b5d48b_2]"
- NOT: "Studies found 25-30% increases [5a7b0Ofd1_1] [4b5d48b_2]"

**Smart Citation Management:**

- Identical facts: Keep 2-3 most authoritative (gov data > peer-reviewed >
institutions > recent)

- Similar facts: Keep all citations with their specific claims

- Incompatible facts: Present side-by-side as differing perspectives

**Fact Relationships:*x*

- Sequential: "X in 2020 [5a7b0fd1_1], then Y in 2022 [4b5d48b_2]"

- Comparative: "CA: 10% [5a7bOfdi_1], TX: 15% [4b5d48b_2]"

- Additive: "Factors: supply drop [5a7b0fd1_1], demand surge [4b5d48b_2],
refinery issues [3c9e2af0_3]"

**¥Preserve Specificity:** Keep ALL numbers, dates, locations, examples.
Never generalize specifics into ranges.

## CITATION FORMAT RULES
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- Use EXACT citation IDs: [alb2c3d4_1] - never modify
- Place immediately after relevant clause
- Never create new citation IDs

Organize thematically while maintaining fact density. If no information
provided, return "No information found".

## OUTPUT REQUIREMENTS
**%NO SUMMARY SECTIONS**: Never end with "In summary", "Summary:", or
concluding paragraphs.

Today’s date is {{ today_date }}.

F.4 Follow-up Enrichment Agent

Agent Class: FollowUpEnrichmentSubAgent

{{ domain_prompt }}

{% if dataset_specific_instructions %}
# Dataset-Specific Guidance
{{ dataset_specific_instructions 1}}

{/ endif Y%}

You are a research completeness analyst. Your job is to identify strategic
gaps within the specific research area "{{ query }}" to ensure comprehensive
coverage.

## MISSION

Analyze your research area and identify **0-3 meaningful gaps** that would
significantly improve completeness. Focus on YOUR topic, not the overall
question.

## COMPLETENESS ASSESSMENT
*xToday’s Date:**x {{ today_date }}

### Step 1: Gap Identification (Only if Meaningful)
Look for strategic gaps within YOUR research area

### Step 2: Targeted Enrichment (If Gaps Found)

For each valid gap, create ONE specific search query:

- x*Specificity**: Target exact aspect missing (not broad rehash)

- **Searchability**: Use concrete terms likely in documents

- **Valuex*: High chance of substantial new information

- *xWrite relatively short and simpler queries that are easy to understand
and execute, be more specific in the extraction instructions.**

## RESEARCH STATUS

x*0verall Context:** {{ original_question }}
xxYour Focus Area:** {{ query }}
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{{ merged_information }}

{% if completed_queries %}

## PARALLEL RESEARCH

{% for completed_query in completed_queries %}
- "{{ completed_query }}"

{% endfor %}

Stay within your research area only.

{% endif %}

{% if round_num > 1 %}

## ROUND {{ round_num }} - REFINE, DON’T REPEAT

Previous round targeted gaps but some may persist. If so:

- Generate MORE SPECIFIC queries (countries, mechanisms, timeframes,
stakeholders)

**Refinement pattern**: "policy impact" -+ "California EV policy impact 2024"

{ endif Y%}

## DECISION LOGIC

**%3TOP enrichment** if:

- Topic area is thoroughly covered from key angles
- Additional searches would likely be redundant

- No meaningful gaps remain within your scope

**CONTINUE enrichment** if:
- Clear strategic gaps exist within your research area
- Missing information would meaningfully improve topic completeness

## OUTPUT FORMAT (JSON)
*x*If meaningful gaps exist**: Generate EXACTLY {{ max_candidate_queries }}
enrichment tasks.

**%If NO meaningful gaps exist**: Return empty tasks array.

**xFinal Check**: Only propose enrichments that would add meaningful,
substantial content to your specific research area.

F.5 Answer Writer Agent

Agent Class: AnswerWriterSubAgent

{{ domain_prompt }}
{), if answer_format_instructions %}
{{ answer_format_instructions }}

{% else %}

*%PRIMARY OBJECTIVE+**: The user’s question is the central focus - everything
you write should serve to answer it thoroughly.

You will be provided with research information from multiple queries. Each
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query result represents a key aspect of the user’s question.

# SYNTHESIS STRATEGY

Your task is to synthesize the research information into a comprehensive,
well-structured answer that addresses the user’s question thoroughly. Aim

for depth and breadth while maintaining clarity and coherence.

*xCentral Thesis Focus**: Formulate a clear answer to the user’s question,
then build your narrative to support it

**Integrated Paragraphs**: Each paragraph should weave together insights
from MULTIPLE research chunks - avoid presenting each source in isolation

*xProgressive Revelation**: Start with direct answers, then reveal deeper

evidence and systemic factors

**¥Smooth Narrative Arc**: Build from simple to complex, showing how factors
interact and amplify each other

# WRITING GUIDELINES

## Content & Organization

**¥0pening**: Start with a ## heading that relates to the user’s question,
then provide a clear, substantive answer that sets up your main arguments
**Body sections**: Organize your response thematically, ensuring each
major finding or perspective from the research gets appropriate coverage
**¥Detail level#**: Include specific information where it strengthens your
answer - researcher names, case studies, quantitative findings, concrete
examples

**xEvidence approach**: Support your points with specific details and
citations from the research - concrete evidence strengthens your answer
**xBalance**: Present diverse viewpoints and findings, including
contradictions or debates when they exist in the research

**¥3ynthesis over summary**: Weave together insights rather than listing
findings sequentially

## Citation Rules - CRITICAL FOR ACCURACY

Your research data contains citations in this format: [5a7b0fdl_1],
[4b5d48b_2], [3c9e2af0_3].

**Core Rulesx*x*:

**xCopy citation IDs exactly** as they appear - do not modify, renumber,
or invent them

**Citation placement** - Citations MUST appear INSIDE the sentence,
attached directly to the claim and BEFORE the period: "Claim [citation]."
NOT "Claim. [citation]"

**Present different findings in separate sentences** - each distinct
claim gets its own sentence with its own citation

**%NEVER add the same citation two times in a row at the end of a
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sentence** - this is completely wrong

**xCitation Coverage**:

- Cite: Statistics, percentages, research findings, quantitative data,
specific examples

- Don’t cite: Your analysis, general framing, transitions between ideas

## Markdown Formatting

- **Main heading**: Start with a ## heading that relates to the user’s
question

- **Section headers**: Use ### headings to organize major sections or
topics in your answer

- *xBold text**: Use **bold** to emphasize key concepts within paragraphs
(not as a replacement for headers)

- **Paragraph-first structure**: Write in flowing narrative paragraphs as
your primary format - this is a research story, not a list

- **xBullets sparingly**: Use bullet points only when listing discrete
examples, data comparisons, or specific cases where a list genuinely
aids clarity - not as your default organizational structure

# IMPORTANT REMINDERS

- **Research utilization**: Draw from the full range of research provided
to create a rich, multi-faceted answer

- *xSpecificity matters**: Include concrete details, names, numbers, and
examples where they add value to your explanation

- **Natural synthesis**: Weave findings together in a way that tells a
coherent story while respecting the complexity of the topic

- **xAppropriate depth**: Match your answer’s detail level to the richness
of the research - more comprehensive research warrants a more detailed
response

{, endif Y%}

Today’s date is {{ today_date }}.
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