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Abstract

We present AgenticRAG, a practical agen-
tic harness for retrieval and analysis over en-
terprise knowledge bases. Standard RAG
pipelines place significant burden of grounding
on the search stack, constraining the language
model to a fixed candidate set chosen deep in
the retrieval process. Our approach reduces
this overdependence by layering a lightweight
harness on top of existing enterprise search in-
frastructure, equipping a reasoning LLM with
search, find, open, and summarize tools en-
abling the model to iteratively retrieve informa-
tion, navigate within documents, and analyze
evidence autonomously. On three open bench-
marks we observe substantial gains: 49.6% re-
call@1 on BRIGHT (+21.8 pp over the best em-
bedding baseline), 0.96 factuality on WixQA
(+13% relative improvement), and 92% answer
correctness on FinanceBench—within 2 pp of
oracle access to true evidence. Ablation studies
show that the most significant factor is the shift
from single-shot retrieval to agentic tool use
(5.9x improvement), while multi-query search
and in-document navigation contribute to both
quality and efficiency. We present various de-
sign choices in our agentic harness that were
informed by pre-production deployments. Our
results demonstrate its suitability for real-world
enterprise production environments.

1 Introduction

Standard retrieval-augmented generation (RAG)
pipelines follow a static retrieve-then-generate
paradigm (Lewis et al., 2020). In this design, the
search stack effectively determines the final candi-
date set the large language model (LLM) will see
and the model’s reasoning is constrained to that set.
Modern enterprise-grade search stacks are highly
optimized for scalability, latency, and multi-stage
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ranking pipelines built on inverted indexes, proba-
bilistic retrieval, and learned ranking models (Liu
et al., 2009; Nogueira and Cho, 2019; Thakur et al.,
2021). These systems excel at keyword and short
semantic queries and are strong for high-recall can-
didate generation. However, they are not designed
to resolve situational, multi-document, or analyt-
ically complex information needs—the kinds of
queries knowledge workers issue against dense cor-
pora such as technical manuals, compliance docu-
ments, and financial reports.

Real-world RAG systems (AzureAlSearch) at-
tempt to compensate for these limitations through
retrieval enhancement techniques such as HyDE
(Gao et al., 2023), multi-query reformulation
(Wang et al., 2023), and adaptive or iterative re-
trieval strategies (Trivedi et al., 2023; Jeong et al.,
2024). While these methods provide robustness to
query phrasing and higher retrieval coverage, they
largely preserve the same architectural assumption:
retrieval decisions are finalized before substantive
reasoning begins. The LLM still operates over
a fixed candidate set selected deep in the search
stack, without the ability to iteratively navigate
documents, synthesize evidence across sources, or
reassess results from a higher-level vantage point.

Recent advances in reasoning-capable language
models have demonstrated strong performance on
planning and iterative external tool use (Yao et al.,
2023; Schick et al., 2023). Rather than hard-coding
retrieval steps, we can empower the model itself
to drive the process—deciding what to search for,
which documents warrant deeper investigation, and
when sufficient evidence has been gathered. This
relaxes the pressure on the search stack: it only
needs to achieve good recall, while the model han-
dles the final precision from its broader context. We
present AgenticRAG, a practical harness that equips
a reasoning LLLM with four tools—search, find,
open, and summarize—layered on top of existing
enterprise search infrastructure. The search tool
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delegates to the underlying search stack for broad
candidate discovery, while find and open serve as
precision instruments that let the model drill into
candidate documents via in-document search and
full-content retrieval (with rolling window access).
To manage the growing context during long reason-
ing chains, the harness monitors token usage and
triggers the summarize tool when a threshold is
reached, allowing the model to consolidate its find-
ings while preserving key references. Our contribu-
tion is system-level: a lightweight inference-time
tool harness that requires no model fine-tuning,
custom embedding model, graph construction, or
corpus-specific preprocessing beyond indexing doc-
uments into the existing enterprise search backend.

We evaluate on three benchmarks spanning re-
trieval, enterprise QA, and financial document rea-
soning. Our approach achieves 49.6% recall@1 on
BRIGHT (+21.8 pp over the best embedding base-
line), 0.96 factuality on WixQA (+13% relative),
and 92.00% answer correctness on FinanceBench—
within 2 pp of oracle access. Our method is de-
ployed for pre-production evaluation, and learn-
ings from these deployments directly inform our
design choices. We provide detailed ablations an-
alyzing the contribution of each tool, the effect of
multi-query search, and model-level differences in
retrieval strategy.

2 Related Work

Retrieval-Augmented Generation (RAG) grounds
LLM generation in external corpora to mitigate
parametric memory limitations (Lewis et al., 2020;
Guu et al., 2020). Early approaches focused on
identifying relevant documents using sparse or
dense vector retrieval (Khattab and Zaharia, 2020;
Izacard and Grave, 2021) to enhance performance
on knowledge-intensive NLP tasks. As context
windows expanded, research shifted toward scal-
ing retrieval to trillions of tokens (Borgeaud et al.,
2022) and optimizing in-context learning (Ram
et al., 2023; Shi et al., 2023). Despite these ad-
vancements, standard RAG pipelines often struggle
with "long-tail" knowledge and can suffer from hal-
lucinations when retrieval fails (Mallen et al., 2023;
Gao et al., 2024). Furthermore, static "retrieve-
then-generate" paradigms lack the flexibility to
handle complex, multi-hop queries that require it-
erative information gathering (Jiang et al., 2023;
Press et al., 2023).

To address the brittleness of static pipelines, the

field has evolved toward Agentic patterns, where
autonomous agents (LLMs) dynamically orches-
trate the retrieval process (Singh et al., 2025; Oche
et al., 2025). Foundational work in agentic be-
haviors, such as ReAct (Yao et al., 2023) and
Toolformer (Schick et al., 2023), demonstrated
that LLMs could effectively wield external tools
to solve reasoning problems. This paradigm has
been formalized in systems like Self-RAG (Asai
et al., 2024) and Corrective RAG (Yan et al., 2024),
which employ self-reflection mechanisms to cri-
tique retrieved content and trigger fallbacks (e.g.,
web search) when necessary. Recent approaches
propose to integrate retrieval into planning: Plan-
RAG (Lee et al., 2024) and Search-ol (Li et al.,
2025) separate high-level planning from low-level
execution, allowing agents to decompose complex
queries into sub-tasks. Similarly, Search-R1 (Jin
et al., 2025) uses reinforcement learning to train
LLMs for autonomous search decisions. While
effective, many of these systems are designed for
open-domain search or require fine-tuning, rein-
forcement learning, or dedicated retrieval policies,
which makes them less directly applicable to propri-
etary enterprise corpora that cannot be exported for
training. They can also incur high latency and to-
ken costs due to recursive reasoning loops (Trivedi
et al., 2023).

Another critical limitation in standard RAG
is the "flattening" of documents into disjointed
chunks, which discards valuable structural priors
like headings and document boundaries. RAPTOR
(Sarthi et al., 2024) addresses this by recursively
clustering and summarizing text chunks into a tree
structure, enabling retrieval at varying levels of
abstraction. Similarly, HIQA (Chen et al., 2024)
constructs multi-document hierarchical contexts.
Graph RAG (Edge et al., 2024; Scaffidi et al., 2025)
approaches seek to build knowledge graphs from
documents to support query-focused summariza-
tion. While powerful for unifying knowledge (Pan
et al., 2024; Wang et al., 2024), graph construction
is often computationally prohibitive for dynamic
enterprise environments. In contrast, our Agen-
tic RAG harness is an inference-time system that
leverages a reasoning model with a "search" tool
(using a fast enterprise grade search stack) along-
side "find" and "open" tools for deeper information
gathering and reasoning. This positions the contri-
bution as a deployable system integration for en-
terprise file systems: it works with existing search
infrastructure, preserves document access controls,



and avoids extensive pre-computation or retraining.

3 Method

3.1 System Overview

We present an agentic RAG system for enterprise
document search and question answering over large
file systems. Unlike traditional single-pass RAG
pipelines, our system employs an iterative reason-
ing loop where a large language model (LLM) au-
tonomously decides when to search for documents,
drill into specific passages, and retrieve full content
before producing a final answer.

The system addresses several challenges in en-
terprise RAG: (1) multi-step reasoning: complex
queries require information from multiple docu-
ments, (2) context window constraints: accumu-
lated retrieval results must fit within LLM lim-
its, (3) grounded responses: answers must include
traceable citations to source documents, and (4)
multi-turn efficiency: follow-up queries should
reuse previously retrieved content rather than re-
executing redundant searches. Our architecture
supports multiple model families and reuses ex-
isting search infrastructure for the backend imple-
mentation of the retrieval tools. By lightweight,
we mean that the harness consists of four tools, re-
quires no model fine-tuning, no graph construction,
and no custom embedding index beyond the enter-
prise search stack already deployed for document
discovery. Overall the system comprises three main
components:

1. Agentic Loop: Orchestrates LLM-tool inter-
actions, bounded by maximum iterations.

2. Retrieval Tools: Three tools (search, find,
open) provide hierarchical access to enterprise
documents. A summarize tool for context
management during long reasoning chains.

3. Conversation State: Maintains message his-
tory, token accounting, and reference ID map-
pings that track documents across iterations.

3.2 Agentic Loop

The agent processes each query through a bounded
iteration loop (Figure 1). Each iteration, upon re-
ceiving the current conversation, the agent either
selects a tool to call and appends to the conversa-
tion, or returns the final answer with citations.
The loop terminates under two conditions: (1)
the model produces a text response, or (2) the iter-
ation count reaches maximum iterations (default:

User query
Conversation state |~ token = threshold > Context
messages, tokens, ¢ conversation with _ management
reference IDs fewer tokens force summarize tool
N
Agent
not enough 1 enough
[ information information
Retrieval tools Final answer
' ) + citations
find dox o
N

— loop
if iter. < max iter.

iter. = max iter.

Force final answer

+ citations
with available information

Figure 1: Agentic loop

15). When maximum iterations are reached without
a final answer, the agent issues a forced completion
request, requiring the model to respond using avail-
able information. If the token budget is exceeded
during execution, the agent triggers context man-
agement (Sec. 3.4) to free space and continues the
loop. For detailed algorithm, see Appendix A.1.

3.3 Retrieval Tools

The system provides three retrieval tools enabling
hierarchical document exploration (Table 1). The
agent decides which to invoke based on current
information needs.

Search performs enterprise-wide document dis-
covery by delegating to the existing enterprise
search stack. In the default configuration, the
model may issue up to five query reformulations in
one tool call. The tool returns up to 10 results per
query, each containing a snippet, title, filename, file
type, and other available metadata. Results from
multiple queries are combined and deduplicated.
Each result receives a unique reference ID (for-
mat: turnmsearchn) using a globally incrementing
counter, enabling subsequent find and open opera-
tions.

Find performs targeted in-document search
within a single document identified by its refer-
ence ID. Given a list of keyword patterns, lexical
matching is case-insensitive substring matching; an
optional semantic find mode can also be enabled.
The tool returns up to 2 matching passages per
pattern. Results are deduplicated by content and
truncated at a bounded token limit (~11k tokens).



Find is most useful when the model knows what
to look for, such as a revenue metric or a named
concept inside a long filing.

Open retrieves full document content in a fixed
line window. Each call returns a window of lines
(default: 1,800) starting from either the beginning
(line 0) or a specific line number chosen by the
agent, and a response header indicating the view-
ing range and total document length (e.g., "View-
ing lines [0-1799] of 3000 lines"). To access more
than one portion from a file, the model makes sub-
sequent calls with an explicit line number value.
This enables navigation through documents exceed-
ing the window size while keeping each response
bounded. Open is most useful when the model
knows where to read, such as context around a
table, section heading, or line-numbered preview.
The system prompt guides effective tool usage. See
Appendix A.2 for details.

3.4 Context Management

Since retrieval tools can load ~11k tokens from
files each time, the context window can be used
up quickly. To manage that, the harness monitors
token usage against a 128K-token threshold: it
emits an internal warning when the conversation
reaches 90% of the budget and forces summariza-
tion at the threshold. The summarize tool enables
the model to record current reasoning and desig-
nate which references to preserve. The system then
scans tool messages and removes content not asso-
ciated with preserved reference IDs, freeing tokens
while retaining cited evidence. This approach ex-
tends effective context capacity. See Figure 2 for
an example conversation history before and after
context management.

4 Experiment Setup

Our goal is to evaluate AgenticRAG in realistic
enterprise settings where knowledge workers is-
sue complex situational queries requiring multi-
step reasoning over large corpora of long, domain-
specific documents. To this end we adopt the
BRIGHT benchmark (Su et al., 2024) which con-
tains StackExchange questions spanning eight do-
mains. We choose to evaluate on the long-context
setting of BRIGHT, where documents correspond
to entire web pages rather than snippets and the
task is to retrieve the full relevant document(s) for
a given query. For our agentic setting, the full
BRIGHT web pages are converted to document
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Figure 2: Example conversation history with context
management via forced summarize tool call.

files and indexed into the same enterprise search
backend used by the search tool. Search returns
snippet previews with metadata and reference IDs,
and the find and open tools then access full doc-
ument content through those IDs. Standard pro-
tocol of using Recall@1 to measure relevance of
retrieved documents is adopted (Su et al., 2024).
We instruct the model in AgenticRAG to provide
relevancy scores for the citations it uses when pro-
ducing the answer, which induces a ranking over
documents for evaluation. We also test our method
on WixQA (Cohen et al., 2025), which targets
real-world support and troubleshooting enterprise
scenarios that require multi-document and multi-
step reasoning for procedural answers. We adopt
the same LLM based factuality metric defined in
WixQA. Finally, we run evaluations on the popular
FinanceBench (Islam et al., 2023) dataset, which
contains financial questions that require deep rea-
soning over large company financial documents.
Our metric here is answer correctness as a proxy
for accurate information retrieval, since questions
pertain to single documents. Detailed benchmark
descriptions, query set and corpus statistics are pre-
sented in Appendix B.

5 Results

5.1 Long-Context Retrieval on BRIGHT

Table 2 presents retrieval performance on the
BRIGHT benchmark, showing the best base-
line per category. Full results with all models
are in Appendix Table 9, including reasoning-



Table 1: Retrieval Tool Specifications

Tool Definition Input Output

SEARCH Discover relevant documents from  queries Snippets with reference ID and file
entire corpus metadata (<10 per query)

FIND Locate specific information from sin-  reference id, patterns Passages (<2 per pattern, <11k to-
gle document kens total)

OPEN Retrieve windowed full content from  reference id, line number (optional) ~ Line-numbered content (<1800

single document

lines)

Table 2: Long-context retrieval performance on unsplit web pages of StackExchange data from BRIGHT benchmark.
Scores are reported in recall@ 1. Best baseline per category shown; full results in Table 9.

Category Model Bio. Earth. Econ. Psy. Rob. Stack. Sus. Pony Avg.
Sparse BM25 107 154 10.7 8.4 7.4 222 107 54 11.4
Open-source Emb. Qwen 39.2  36.1 257 423 213 235 331 1.3 27.8
Proprietary Emb. Voyage 344 354 267 416 129 12.8 31.1 1.3 24.5
Reasoning Enhanced ReDI 284 224 212 320 198 363 21.7 - 26.0
Ours (AgenticRAG) GPT-5-mini 617 481 414 653 394 406 466 48 435
Lsearch, find, open, summ. Claude Sonnet 4.5  62.3 60.0 58.7 679 55.0 34.1 51.7 7.1 49.6

enhanced baselines such as LLM re-rankers over
BM25/SBERT and ReDI. Our agentic harness
equipped with search, find, open, and summa-
rize tools enables both Claude Sonnet 4.5 and
GPT-5-mini to achieve the highest recall@1 across
all eight benchmark splits compared to all base-
lines. With our AgenticRAG retrieval harness,
Claude Sonnet 4.5 achieves 49.6% average re-
call@1 (+21.8 pp over Qwen, the best embedding
model at 27.8%) and GPT-5-mini reaches 43.5%
(+15.7 pp). Gains are consistent across domains,
with the largest improvements in Economics (+33.0
pp), Earth Science (+24.6 pp), Robotics (+33.7
pp), and Psychology (+25.6 pp). Even with a vast
corpus of 5.65K long documents averaging 16K
tokens each, our method scales by leveraging tradi-
tional retrieval via the search tool, deeper reasoning
enabled by the open / find tools and effective con-
text window management by the summarize tool.
The best-performing reasoning-enhanced baseline,
ReDlI, uses a fine-tuned Qwen3-8B decomposition
and retrieval-fusion model and achieves 26.0% re-
call@1 in the BRIGHT long-document setting. Our
method outperforms it by +23.6 pp (via Claude)
and +17.5 pp (via GPT-5-mini). Static approaches
such as one-time query rewriting or LLM-based re-
ranking cannot match the iterative reasoning that
our harness provides, and the gap is evident across
all splits.
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Figure 3: Factuality performance on the WixQA Expert
Written dataset (N=200). Our agentic approach (red)
substantially outperforms BM25 (blue) and ES5 (green)
retrieval baselines across all generation models.

5.2 Enterprise QA on WixQA

Figure 3 presents factuality results on the WixQA
benchmark, which requires multi-document anal-
ysis to answer enterprise support questions. Se-
mantic embeddings alone fail to capture the cross-
document reasoning needed for these queries,
whereas the iterative search and reasoning enabled
by our harness excels. On the Expert Written split,
our method with GPT-5-mini achieves a factuality
score of 0.96, compared to 0.85 for ES retrieval and
0.83 for BM25—a 13% relative improvement over
the best baseline. We observe similar gains on the
Simulated split; see Appendix C.3 for details.

5.3 Financial Document QA on FinanceBench

Table 3 presents answer correctness on the Fi-
nanceBench dataset, which evaluates question an-



Table 3: Evaluation results on FinanceBench (N=150).

Method Ans. Correct (%)

Traditional RAG 24.24
Agentic w. keyword search tools

Lpdfgrep,rga,linux cmd 32.71
Golden Evidence + GPT-5-mini

Loracle retrieval (full page) 94.00
Ours (AgenticRAG) GPT-5-mini

Lsearch, find, open, summ. 92.00
Ours (AgenticRAG) Claude Sonnet 4.5

Lsearch, find, open, summ. 91.78

swering over real-world financial filings. The re-
trieval corpus consists of 84 long financial docu-
ments averaging ~ 116K tokens each (~140 pages
per PDF). Our agentic approach with GPT-5-mini
achieves 92.00% correctness, substantially outper-
forming both traditional RAG (by 3.8 x) and more-
over, is more general than the agentic tool use base-
line of (Subramanian et al., 2026) (by 2.8 x), which
relies on keyword search tools like pdfgrep, rga,
and Linux commands. We also adopt a baseline
where the ground-truth full-page evidence is pro-
vided directly to GPT-5-mini, bypassing agentic re-
trieval entirely. This oracle setting achieves 94.00%
and establishes an upper bound on the model’s rea-
soning ability given perfect evidence. Our agentic
system is within 2 pp of this upper bound which
demonstrates its effectiveness. Between GPT-5-
mini vs Claude Sonnet 4.5, our harness is equally
effective.

5.4 Token Cost and Retrieval Efficiency

Table 4 quantifies the end-to-end token cost of
agentic retrieval. We measure total tokens con-
sumed across the full interaction, including model
thinking, tool-call arguments, retrieved tool results,
and final answer generation. On BRIGHT, Agenti-
cRAG averages 52.3K total tokens per query, com-
pared to 20.4K for Single-shot Search, a 2.6 to-
ken overhead. This cost yields a disproportion-
ate quality gain: Claude Sonnet 4.5 with Agenti-
cRAG reaches 49.6% recall@ 1, compared to 8.41%
for Single-shot Search, a 5.9 x improvement. Fi-
nanceBench is more expensive, averaging 114.8K
tokens per query and a 7.8 X ratio over single-shot
search, which reflects deep navigation over long
financial filings. This higher cost is paired with
92.00% answer correctness, close to the 94.00%
oracle evidence upper bound. Tool usage in Ta-
ble 5 further shows that the system operates well

within the 15-iteration budget, averaging 4.48-4.79
tool calls per query. The multi-query ablation pro-
vides a direct efficiency comparison: the full sys-
tem achieves comparable recall with 4.79 average
tool calls versus 6.79 without multi-query search,
a 29% reduction in tool calls.

5.5 Ablation Studies

Single-shot vs Agentic Retrieval. From Table 5
the most significant finding is the dramatic improve-
ment from single-shot search to full agentic tool
use. Single-shot search achieves only 8.41% re-
call@1 on average, while agentic tool use reaches
43.49 % with GPT-5-mini and 49.59% with Claude
Sonnet 4.5—representing 5.2 x and 5.9 x improve-
ments respectively. Notably, the proprietary search
stack behind our search tool trades off raw retrieval
quality for speed, immense scale, and availability
compared to the state-of-the-art embedding-based
retrievers in Table 2. However, these quality differ-
ences vanish when our agentic harness is employed
with a reasoning language model. The improve-
ment is consistent across splits (ref. Table 10).

Model Comparison and Tool Usage Patterns.
Claude Sonnet 4.5 achieves a +6.1 pp improvement
over GPT-5-mini, outperforming on seven of eight
splits (detailed per-split results in Appendix Ta-
ble 10). The two models exhibit distinct strategies
that reflect an exploration—exploitation trade-off.
Claude favors exploitation: it uses fewer search
calls (2.51 vs 3.39) but opens more documents
(1.54 vs 1.22) and relies more on semantic find
(0.42 vs 0.14, a 3x increase), going deeper into
candidate documents. GPT-5-mini favors explo-
ration: it issues more search calls with reformu-
lated queries rather than using in-document find,
casting a wider net across the corpus. In the
BRIGHT long-document setting, where queries
have only ~1.9 golden documents on average amid
a large corpus, relevant documents are sparse and
broad exploration often surfaces irrelevant results.

Failure Patterns. The main observed weakness
is broad multi-evidence retrieval, especially the
Pony split, where each query has ~6.9 gold
documents on average compared to ~1.9 across
BRIGHT overall. This setting rewards recovering
many related documents, whereas our harness is
optimized for coarse-to-fine navigation toward a
small number of high-value evidence sources. This
explains why Pony remains difficult for both of our
models despite large gains on scientific and tech-



Table 4: Total token usage comparison between AgenticRAG and Single-shot Search across BRIGHT splits and
FinanceBench. All values are averages per query (in thousands) and include system prompt, tool calls, tool results,
and any thinking tokens. Cost ratio is AgenticRAG total tokens divided by Single-shot Search total tokens.

Avg. Total Tokens (K) Cost
Dataset N AgenticRAG  Single-shot  Ratio
Biology 103 49.2 23.0 2.1x
Earth Science 116 52.9 18.7 2.8x
Economics 103 44.6 213 2.1x
Psychology 101 58.2 248 23X
Robotics 101 56.2 23.1 24x
Stack Overflow 117 55.7 15.8 3.5x
Sustainable Living 108 59.3 19.9 3.0x
Pony 112 42.6 176 2.4x
BRIGHT Avg. 861 523 204 2.6x
FinanceBench 150 114.8 147  7.8%

Table 5: Ablation study of agentic components averaged across all BRIGHT splits. Performance is measured by
recall (R@Xk), along with average tool usage and per-tool statistics. Per-split results are in Table 10.

Variant R@1 R@3 Avg. Tools Search Open Find Summ.
Single-shot Search 8.41+4.83  12.90+5.87 1 1 - - -
Claude Sonnet 4.5 49.59+7.79  64.20+7.13  4.484+0.26 2.51£0.19 1.54+0.15 0.42+0.11 0.01£0.02
GPT-5-mini 43.49+8.00 62.53+£7.23 4.79£0.71 3.39£0.55 1.224+0.25 0.14£0.08 0.0640.05
L w/o Summarize 43.344£8.07 63.85+£7.21 4.92+0.70 3.44+0.54 1.31+0.27 0.164+0.09 -

L w/o Semantic Find 46.34+7.97 64.44+£7.07 5.02£0.73 3.47£0.55 1.344+0.27 0.17£0.09 0.0640.05
L w/o Multi-query Search  44.84+8.08  62.30£7.26 6.79+0.70 4.38+0.57 2.16+0.27 0.24£0.11  0.03+0.04

nical splits where relevant documents are sparse.
The pattern suggests that future trajectory policies
should better detect broad evidence needs and shift
from depth-first document reading to wider cover-
age before final ranking.

Component Contributions. We ablate individ-
ual components using GPT-5-mini to understand
their contributions. The most notable finding con-
cerns multi-query search. In the default config-
uration, the model can issue up to 5 queries in
parallel within a single search tool call, with results
de-duped and presented together. Restricting the
system to single-query search (w/o Multi-query
Search, 44.84%), where the model issues only one
query per search call but receives the same num-
ber of results, achieves comparable recall@1 to the
full system but at the cost of increased tool usage—
6.79 average tool calls compared to 4.79 for the
full system, with notably more search operations
(4.38 vs 3.39) and document opens (2.16 vs 1.22).
This suggests that multi-query search improves ef-
ficiency by finding relevant documents with fewer
iterations. Detailed analysis of these ablations is
provided in Appendix C.2.

Findings from Pre-Production Deployments In
our pre-production evaluation we identified sev-
eral design choices that guide the model toward
more optimal trajectories: (1) Surfacing docu-
ment metadata in search results like title, file-
name, and file type helps the model disambiguate
semantically similar snippets and avoid redun-
dant searches; (2) Line-numbered document pre-
views lets the model anchor on specific content
and jump to relevant sections in successive open
calls; (3) Candidate reference retention after
summarization in the context window enables the
model to go deeper on promising candidates via
open/find, rather than restarting retrieval with re-
formulated queries.(4) Having a switcher route
complex, multi-intent queries to our agentic rag
harness for deeper analysis. Simple queries are
routed to traditional rag for faster answers. This is
vital for the tradeoff between user experience, cost,
model availability. We have good early signals of
this being effective and we continue to pursue this
hybrid approach.

6 Conclusion

We presented a practical harness for AgenticRAG
that equips reasoning language models with search,



find, open, and summarize tools to autonomously
retrieve and reason over large enterprise corpora.
Across three benchmarks, our approach achieves
49.6% recall@1 on BRIGHT (+21.8 pp over
the best embedding baseline), 0.96 factuality on
WixQA (+13% relative), and 92.00% answer cor-
rectness on FinanceBench—within 2 pp of oracle
access. Token analysis shows that these gains re-
quire a moderate 2.6 x token overhead on BRIGHT
relative to single-shot search, while delivering a
5.9x recall@1 improvement. These results demon-
strate that our harness effectively extracts the value
of reasoning models for enterprise information re-
trieval tasks requiring deep, multi-step reasoning.
Future work will focus on large-scale deployment,
budget-aware routing between traditional and agen-
tic RAG, deeper failure analysis, ablations over
iteration and window-size budgets, and optimizing
retrieval trajectories for fast iterative reasoning via
fine tuning.
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A Method Details
A.1 Agentic Loop Algorithm

Detailed agentic loop algorithm is shown in Algo-
rithm 1.
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Algorithm 1 Agentic Loop

Require: user_query, max_calls, token_threshold
Ensure: Formatted answer with citations

1: conversation.add(user_query)

2: for i = 1 to max_calls do

3 if tokens(conversation) > token_threshold then
4 MANAGECONTEXT( ) > Force summarize
5: end if
6: response <— LLM(conversation, tool_schemas)
7: if response.has_tool_calls then
8 for each tool_call in response.tool_calls do
9 result <— EXECUTETOOL(tool_call)
10: conversation.add(tool_call, result)
11: end for
12: else
13: return FORMATANSWER (response.text)
14: end if
15: end for

16: return FORCEFINALANSWER( )

A.2 System Instructions for Tool Use
Overall instructions include:

* Search before answering when uncertain.

* Progressively explore using find or open when
snippets are insufficient.

* Reuse previous results rather than performing
search again.

* Cite every time when information is used from
tool outputs.

When to use search:

* Primary search tool across enterprise corpus.
* First choice for any work-related query.
* When users reference current/changing in-

formation, enterprise-specific terms, or
acronyms.
* To verify details rather than making assump-
tions.
When to use find:

* In-document pattern search for relevant files
from search results.

* When search results do not give enough de-
tails.

* To get a focused view of a result in relation to
certain terms.

When to use open:

* Windowed full content retrieval for relevant
files from search results.

* When search results snippets are insufficient.

* To pull in more content from the most promis-
ing results.

* Can open multiple search results.

* Option to choose a line number close to the
relevant content.

B Dataset Details

B.1 BRIGHT Benchmark

We adopt the BRIGHT benchmark (Su et al., 2024),
which is designed to capture realistic enterprise
scenarios of information retrieval. BRIGHT de-
rives queries from StackExchange posts, reflecting
human-authored, highly situational and domain-
specific information needs. For each query, the cor-
pus contains positive documents cited in top-voted
answers and verified by human annotators, as well
as negative documents collected via search engine
retrieval. The corpora is normalized web content
(e.g., Wikipedia pages, blogs, and reports). This
construction has shown to yields realistic retrieval
pools with substantial semantic overlap between
relevant and irrelevant documents. We choose to
evaluate on the long-context setting of BRIGHT,
where documents correspond to entire web pages
rather than snippets and the task is to retrieve the
full relevant document(s) for a given query. Our
experiments span eight domains: Biology, Earth
Science, Economics, Psychology, Robotics, Stack
Overflow, Sustainable Living, and Pony. These
domains cover a broad range of scientific, tech-
nical, and professional areas commonly encoun-
tered in enterprise information retrieval. Across
domains, corpora contain hundreds to thousands of
documents, with average document lengths ranging
from several thousand to over 40k tokens. Queries
themselves are also non-trivial in length, with av-
erage query sizes exceeding 100 tokens in most
domains and reaching several hundred tokens in
technical domains such as Robotics and Stack Over-
flow. Benchmark statistics are detailed in Table 6.
We follow the standard evaluation protocol of the
BRIGHT benchmark and report Recall@1 for long-
context document retrieval.

B.2 WixQA Benchmark

WixQA targets procedural, long-form queries that
require multi-step reasoning and specialized enter-
prise vocabulary, closely matching real-world sup-
port and troubleshooting scenarios. We utilize both
the subsets in WiXQA for our experiments: Expert
Written, containing authentic customer queries with
step-by-step answers authored and validated by hu-
man domain experts, and Simulated, derived from
multi-turn user—chatbot interactions and curated
into single-turn queries with expert-validated pro-
cedural correctness. A defining characteristic of
WixQA is its multi-article dependency, where an-



Table 6: Dataset statistics for the BRIGHT benchmark (Su et al., 2024) long-context splits used in our evaluation.

Split #Query #Docs AvgQueryLen AvgDocLen Avg# Gold Docs
Biology 103 524 115.2 9,422.4 1.3
Earth Science 116 601 109.5 27,312.3 1.6
Economics 103 516 181.5 11,896.4 1.1
Psychology 101 512 149.6 12,411.7 1.1
Robotics 101 508 818.9 14,998.2 1.1
Stack Overflow 117 1,858 478.3 40,759.7 1.1
Sustainable Living 108 554 148.5 12,077.7 1.2
Pony 112 577 102.6 1,361.0 6.9
Total/Avg 861 5,650 263.0 16,279.9 1.9

Table 7: Dataset statistics for the WixQA (Cohen et al., 2025) benchmark (median values).

Dataset #Query # Query Tokens # Answer Tokens Multi-Article %
ExpertWritten 200 19 172 27%
Simulated 200 12 50 14%

swering a query may require retrieving and synthe-
sizing information from multiple documents. All
queries are grounded in a shared enterprise-scale
knowledge base of 6,221 domain-specific help ar-
ticles, making WixQA well suited for evaluating
agentic RAG that must coordinate retrieval and rea-
soning over complex, multi-document enterprise
corpora. Datasets statistics are presented in 7

B.3 FinanceBench

Table 8: FinanceBench (Islam et al., 2023) data statis-
tics.

uments (averaging ~143 pages and ~117K tokens
per PDF), which is representative of enterprise do-
mains where knowledge workers routinely work
with dense, information-heavy manuals, reports,
and regulatory filings. Corpus statistics are pre-
sented in Table 8. The evaluation metric we use is
answer correctness. LLM as a judge is used for this
process and manual review of the results is also
conducted.

C Additional Results
C.1 Full BRIGHT Retrieval Results

Table 9 presents the complete retrieval results on
the BRIGHT benchmark across all baseline mod-

C.2 Detailed Ablation Analysis

Statistic Value

# Queries 150 els.
# Ground docs 84

Avg. # pages / doc 143

Avg. # tokens / doc 116,715

Total tokens 9,804,065

FinanceBench (Islam et al., 2023) is a human-
evaluated benchmark consisting of financial ques-
tions over public company filings (10-K, 10-Q, 8-K,
and earnings reports in PDF form). Questions span
metrics-generated and domain-relevant categories:
metrics-generated questions target specific finan-
cial line items or ratios that require the model to
locate the relevant data in the document and often
perform a calculation, making them straightfor-
ward to verify since each has a single unambiguous
answer. Domain-relevant questions require deeper
financial reasoning, such as identifying drivers of
margin changes or assessing capital intensity. Each
query pertains to a single document. We choose
this benchmark because of the large size of its doc-

Table 10 provides per-split ablation results across
all BRIGHT domains. Removing the summariza-
tion tool (w/o Summarize, 43.34% avg recall@1)
has minimal impact, indicating that this component
is rarely needed for the retrieval task. Removing se-
mantic find (w/o Semantic Find, 46.34%) slightly
improves average recall @1, likely because the lexi-
cal find fallback is sufficient for most in-document
searches and removing the semantic option reduces
latency, allowing more search iterations within the
same compute budget.

C.3 WixQA Simulated Results

As shown in Figure. 4, on simulated questions with
expert validated ground truth answers i.e. Simu-
lated split of WixQA, our method achieves 0.94
factuality, compared to 0.77 for both E5+GPT-40



Table 9: Full long-context retrieval performance on unsplit web pages of StackExchange data from BRIGHT
benchmark. Scores are reported in recall@]1.

Bio. Earth. Econ. Psy. Rob. Stack. Sus. Pony Avg.

Sparse models

BM25 10.7 154 10.7 8.4 7.4 222 10.7 5.4 114
Open-sourced embedding models
BGE 164  27.7 20.9 11.6 109 13.3 16.9 04 14.8
Inst-L 246 299 13.1 203 129 15.0 25.4 3.9 18.1
SBERT 256  34.1 189 158 109 15.0 18.0 1.2 17.4
E5 299 363 262 467 173 14.5 322 1.1 25.5
SFR 30.3 37.0 243 477 173 14.5 35.0 2.0 26.0
Inst-XL 21.5 31.0 13.1 205 139 15.0 20.1 6.0 17.6
GritLM 375 403 257 344 1738 20.1 324 0.0 26.0
Qwen 39.2  36.1 257 423 213 23.5 33.1 1.3 27.8
Proprietary embedding models
Cohere 31.5 34.5 189 205 99 15.8 152 0.8 18.4
OpenAl 32.1 31.4 238 342 119 10.7 26.3 0.0 21.3
Voyage 344 354 267 41.6 129 12.8 31.1 1.3 24.5
Google 309 380 219 307 129 19.2 25.7 0.3 22.4
Reasoning enhanced methods
Claude-3-Opus (BM25) 26.8 13.5 134 282 79 28.2 11.8 - 18.5
GPT-4 (BM25) 26.8 15.8 102 30.7 59 26.5 9.7 - 17.9
DeepSeek-R1 (BM25) 26.8 20.0 144 302 149 33.3 10.6 - 21.5
ReDI (BM25) 284 224 212 320 19.8 36.3 21.7 - 26.0
Claude-3-Opus (SBERT) 34.8 31.6 21.8 158 8.9 15.8 16.6 - 20.8
GPT-4 (SBERT) 37.7 353 19.9 183 124 11.5 22.6 - 22.5
DeepSeck-R1 (SBERT) 356 34.8 16.0 15.3 8.9 15.0 19.9 - 20.8
ReDI (SBERT) 36.2 328 228 208 109 16.2 22.2 - 23.1
Our Agentic methods (search/find/open)
GPT-5-mini 61.7 48.1 414 653 394 40.6 46.6 4.8 43.5

Claude Sonnet 4.5 62.3  60.0 587 679 550 341 517 71 49.6




Table 10: Per-split ablation study of agentic components on BRIGHT. Performance is measured by recall (R@k),
along with average tool usage and per-tool usage statistics.

Variant R@1 R@3 Avg. Tools Search Open Find Sum.
Bio.

Single-shot Search 10.88+5.70  14.63+6.55 1 1 - - -

Claude Sonnet 4.5 62.34+8.33 80.47£7.19 4.36+0.28 2.12+0.20 1.724+0.14 0.52+0.12 0.01£0.02

GPT-5-mini 61.72£8.66  88.28£5.53  4.544+0.78 3.46+0.60 0.98+0.25 0.09£0.06 0.02+0.03

L w/o Summarize 58.16£8.59 83.33+£6.68 4.52+0.80 3.38+0.57 1.06+0.30 0.07£0.05 -
L w/o Semantic Find  59.43+842 86.53+6.31 4.494+0.71 3.32+0.57 1.114+0.28 0.04£0.04 0.02+0.03
L w/o Multi-query 60.35£8.86 85.44+6.40 6.63+£0.80 4.34+0.64 2.20+0.30 0.09£0.07 -

Earth.
Single-shot Search 7.35+4.48  13.62+6.09 1 1 - - -
Claude Sonnet 4.5 60.01+7.38 78.51£5.99 4.54+0.25 2.284+0.19 1.70£0.14 0.54%+0.12 0.01£0.02
GPT-5-mini 48.104£8.02  72.06+7.30 5.06+0.78 3.52+0.60 1.36+0.27 0.124+0.07 0.07£0.05

L w/o Summarize 48.44+8.33  72.66+6.93 4.88+0.69 3.36+£0.55 1.41+0.27 0.11+0.07 -
L w/o Semantic Find  56.10+7.87  75.93£6.25 4.994+0.74 3.41+£0.56 1.384+0.28 0.14£0.09 0.06+0.04
L w/o Multi-query 54.43£7.73  75.00£6.61 6.81+0.71 4.30+0.58 2.2840.27 0.20£0.10 0.03+0.04

Econ.
Single-shot Search 17.39+7.61 21.7448.15 1 1 - - -
Claude Sonnet 4.5 58.744+9.47 68.28+8.74 4.50+0.24 2.3740.15 1.624+0.16 0.50+0.13 0.01+0.02
GPT-5-mini 41.4149.60 67.684+9.09 3.65+0.69 2.524+0.51 1.04+0.27 0.06+£0.06 0.03£0.03

L w/o Summarize 45.96+9.85 72.224+8.84 4.07+0.79 3.05£0.63 0.90+0.26  0.124+0.10 -
L w/o Semantic Find  46.00£9.50 67.50£9.25 3.97+0.77 2.99+0.58 0.86+0.25 0.05£0.05 0.07+0.07
L w/o Multi-query 42.2749.54  67.53£9.28 6.32+£0.70  4.00+£0.59 2.20+0.29 0.124+0.07 -

Psy.
Single-shot Search 4.884+4.27 6.95+5.24 1 1 - - -
Claude Sonnet 4.5 67.86+8.93 83.57£6.99 4.0840.24 2.08+0.17 1.624+0.15 0.37£0.11 0.01+£0.02
GPT-5-mini 65.261+8.95 78.84+£7.89 3.87+0.68 2.82+0.54 0.86+0.23 0.07+0.06 0.12£0.07

L w/o Summarize 58.954+9.47 81.26+£7.63 3.97+0.65 2.89+0.50 1.03£0.27 0.04+0.04 -
L w/o Semantic Find  65.26£9.21  83.89+£6.89 4.36+0.76 2.89+0.53 1.294+0.31 0.05£0.05 0.12+0.07
L w/o Multi-query 67.06+9.42 80.04£8.04 6.51£0.77 4.08+0.65 2.27£0.33 0.13+0.08 0.02+0.03

Rob.
Single-shot Search 10.20+6.12 15.31£7.14 1 1 - - -
Claude Sonnet 4.5 54.95+9.41 71.29+8.66 4.92+0.33  2.97+0.22 1.54£0.16 0.41%0.12 -
GPT-5-mini 39.39+9.34  60.61+£9.34  5.22+0.75 3.65+0.56 1.44£0.29 0.13+0.09 -

L w/o Summarize 39.80+£9.18 63.27+£9.44  5.13£0.69 3.54+0.56 1.46+£0.29 0.13+0.07 -
L w/o Semantic Find  43.68+9.74  65.26£9.21 5.63+0.78 3.78+0.59 1.61+0.30 0.22£0.12  0.02+0.03
L w/o Multi-query 46.944+9.69 65.824+9.44 6.95+0.68 4.62+0.58 2.09+0.25 0.2440.10 -

Stack.
Single-shot Search 7.2844.61  12.14+6.07 1 1 - - -
Claude Sonnet 4.5 34.05£8.19 43.53+8.62 4.76+0.28 3.31+0.26 1.07£0.15 0.36+0.11  0.02+0.02
GPT-5-mini 40.62+8.71  53.1248.93  6.03+0.76  4.88+0.65 0.85+0.18 0.254+0.15 0.05£0.05

L w/o Summarize 37.84+£8.56 54.95+9.01 6.71£0.75 5.11£0.64 1.26+£0.21 0.34+0.15 -
L w/o Semantic Find = 41.524+8.71 54.02+£8.93  6.62+0.78  5.20+0.66 1.18+£0.21 0.194+0.10  0.05+0.04
L w/o Multi-query 33.77+£8.55 43.42+8.77 7.93£0.71 6.25+0.63 1.24£0.19 0.43+0.21 -

Sus.
Single-shot Search 8.87£5.51  18.284+7.26 1 1 - - -
Claude Sonnet 4.5 51.65+8.97 69.15+£8.19 4.48+0.21 2.32+0.15 1.72£0.14 0.4440.11 -
GPT-5-mini 46.65+9.19 73.45+£8.13 5.01£0.65 2.98+0.45 1.884+0.33 0.09£0.06 0.0640.05

L w/o Summarize 53.25£9.22  7691£7.54 5.17£0.71 3.13+£0.47 1.91+0.34 0.13£0.10 -
L w/o Semantic Find = 55.53+9.16  75.83+7.96 5.39+0.67 3.14+0.45 2.02£0.33 0.15+0.09  0.08%0.06
L w/o Multi-query 50.53£9.54 76.47£8.02 7.25+0.61 4.06+0.51 2.924+0.27 0.23£0.10 0.04+0.05

Pony
Single-shot Search 0.4040.35 0.5240.46 1 1 - - -
Claude Sonnet 4.5 7.12+1.63  18.79+2.67 4.22+0.29 2.62+£0.19 1.36+0.12 0.254+0.10 -
GPT-5-mini 4.79+1.54 6.20£1.63  4.93+0.58 3.31+045 1.35£0.22 0.27£0.11 -
L w/o Summarize 4.34+1.38 6.16+£1.63  4.89+0.56 3.09+0.42 1.45+0.21 0.35+0.18 -

L w/o Semantic Find ~ 3.19+1.18 6.58+£1.76  4.72+0.63  3.00+£0.44 1.22+0.22  0.50%0.17 -
L w/o Multi-query 3.34£1.27 4.66£1.51 592+0.63 3.35+£041 2.07£0.23 0.50+0.17 -




WixQA Benchmark — Simulated

Query:
1. i | . .
0 == BMzr;eme% Agentic 094 "What is Coca Cola's FY2021 COGS % margin? Calculate what was asked

0943 6 | by utilizing the line items clearly shown in the income statement."
E l
=08 077 076 077
2 4 o4 074 075 ITERATION 1: search (initial exploration)
g 0.7

Input: queries = [*Coca Cola FY2021income statement annual report’,

0566
B 063 P "
‘Coca Cola 2021 financial statements cost of goods sold",
0 6 "Coca Cola 2021 10-K annual report"]
B Output:
0.5 T T T T

I
1 on _AO -“."\ -“."\ turnisearch0: COCACOLA_2021.10K.pdf [v relevant]
C\a\,\de 3 it 20 Fast T el Ao W fcal -5 snippet: “Consolidated Net Income 9,804... Year Ended December 31, 2021..."
Ge! turnisearchi: COCACOLA_2022_10K.pdf [wrong year]
: turnisearch2: ULTABEAUTY_2023Q4_EARNINGS.pdf [not relevant]
Generation Model turnisearch3: BESTBUY_2024Q2.10Q.pdf [not relevant]
turnisearch4: COSTCO_2021.10K.pdf [not relevant]
. . . . turnisearch18: COCACOLA_2021.10K.pdf [v duplicate]
Figure 4: Factuality performance on the WixQA Sim-

(Found correct document on first search!)

ulated dataset. The performance gap between agentic
retrieval and traditional methods is even larger on syn- l
thetic questions that require more complex reasoning.

ITERATION 2: open (get document content from beginning)

Input: reference_id = “turnisearch0"

line_number = (none, start from beginning)
and E5+Claude 3.7. The improvement is even more ouput:
. . . ref_id: turnisearchO Viewing lines [0 - )] of ~! lines.
pronounced on this dataset, with a 22% relative 010, 032312025 T oo Compary
. . . . . . L1: UNITED STATES SECURITIES AND EXCHANGE COMMISSION

gain. This suggests that agentic retrieval is partic- 1708t ofwingond

ularly effective when questions require more com- (come statament ot yt sl i this window)

plex reasoning or multi-hop information gathering. )
ITERATION 3: find (locate income statement with COGS data)

C.4 Example Conversation e icos e, s of gods 0 et peatig rvenses’ 60587
Output:

Figure 5 shows an example conversation from the :
FinanceBench. o SOLIOATED STATENENTS O WCONE

YYear Ended December 31, 2021 2020 2019
Net Operating Revenues 38,655 33,014 37,266
Cost of goods sold 15,357 13,433 14,619 .."

Passage 2 (line ~2200):
"Gross Profit 23,298 19,58122,647 .."

(Found exact location of income statement!)

l

ITERATION 4: open (navigate to income statement section)

Input: reference_id = “turnisearch0"
line_number = 2175 (jump to financial statements section)

Output:

ref_id: turnisearchO Viewing lines 2174 - 3974] of ~5000 lines.

L2175: THE COCA-COLA COMPANY AND SUBSIDIARIES
L2176: CONSOLIDATED STATEMENTS OF INCOME
L2177 (In millions except per share data)

L2178:

L2179: Year Ended December 31, 20212020 2019
L2180:
L2181: Net Operating Revenues 38,655 33,014 37,266
L2182: Cost of goods sold 15,357 13,433 14,619
L2183:
L2184: GROSS PROFIT 23,298 19,581 22,647

L3974: [end of window]

ITERATION 5: FINAL ANSWER

*Based on the Coca-Cola Company's FY202110-K filing, | can now calculate
the COGS % margin as requested.

From the Consolidated Statements of Income for Year Ended Dec 31, 2021:

* Net operating revenues: $38,655 million
* Cost of goods sold (COGS): $15,357 million

Calculation:

COGS % margin = (Cost of Goods Sold + Net Operating Revenues) x 100
COGS % margin = ($15,357 + $38,655) x 100

Coca-Cola's FY2021 COGS % margin is 39.7% [citeturnlsearch0]

Alternatively, viewing from a Gross Profit perspective:

* Gross Profit = $23,298 million

* Gross Profit Margin = 60.3%

* Therefore, COGS % margin = 100% - 60.3% = 39.7% [citeturnisearch0]"

Figure 5: Example conversation from FinanceBench.
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