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Abstract

Deploying LLMs for financial information re-
trieval demands accuracy, cost efficiency, and
reproducibility, yet most approaches require
expensive fine-tuning. PRISM is a training-
free framework that composes three deploy-
able modules (prompt engineering, in-context
learning, and a candidate refinement mod-
ule) with a boundary-condition study of multi-
agent coordination for financial document re-
trieval. On FiQA-2018, stacked reranking
and k-reciprocal encoding raise Recall@100
from 0.7783 to 0.8326. On FinAgentBench, a
Cohere-refined top-50 pool yields a higher ob-
served end-to-end NDCG@5, below this eval-
uation’s minimum detectable effect, while cut-
ting per-query cost by about 35%. Added
complexity does not always pay off: k-
reciprocal encoding stops helping once the
upstream stage is already high-recall, and
multi-agent coordination is not a default for
fine-grained chunk ranking. Matched pairs
that hold prompt, model, and exemplars fixed
lose 0.0702 and 0.0681 combined NDCG@5
to their single-path controls, and the whole
gap sits at the chunk stage. We release
an expert-annotated FinAgentBench evalua-
tion set, together with a label-robustness
sweep over 16 alternative ground-truth con-
structions, restoring a reproducible evalua-
tion path after the original evaluator went of-
fline. Without fine-tuning, PRISM placed third
on the official FinAgentBench private leader-
board (leaderboard basis, NDCG@5 0.71181),
reaches NDCG@10 0.6197 on FiQA-2018,
and 98% accuracy on FinanceBench. We
report per-query latency, token, and dollar
accounting across roughly 40 configurations,
present the quality–cost–latency Pareto fron-
tier, and introduce FACET, a transparent SLA-
specific scalarization for choosing among non-
dominated configurations. Code and dataset
are released at bit.ly/prism-ailens.

* Both authors contributed equally to this work.

1 Introduction

Financial information retrieval (IR) systems must
retrieve verifiable evidence from long documents
under cost and latency constraints (Zhu et al.,
2025; Zhao et al., 2024b). This is difficult
in production because relevance must be judged
across granularities, from full filings to passages,
while task-specific labels for fine-tuning are of-
ten unavailable. Large language model (LLM)-
based retrieval and Retrieval-Augmented Gener-
ation (RAG) offer training-free alternatives, but
their performance depends on interacting choices:
prompt design, in-context examples, candidate
refinement, context length, and model capac-
ity (Choi et al., 2025a; Sun et al., 2023). Existing
work provides limited deployment guidance on
which intervention to use, when it improves rank-
ing, and when it adds cost or complexity without
benefit. We address this gap with Prompt-Refined
In-Context System Modeling (PRISM), a training-
free financial IR framework and deployment-
oriented empirical study that evaluates prompt
engineering, in-context learning (ICL), candidate
refinement, and multi-agent coordination across
document, chunk, and passage ranking. Figure 1
summarizes the PRISM workflow. We also re-
annotate and release FinAgentBench labels to re-
store reproducible evaluation after the original
evaluator became unavailable (Choi et al., 2025b).
The main contributions of this work are:

1. We present PRISM, a training-free financial
IR framework evaluated on FinAgentBench,
FiQA-2018, and FinanceBench. It combines
three deployable modules, prompt engineering,
in-context learning, and a candidate refinement
module, with a boundary-condition study of
multi-agent coordination. The refinement mod-
ule stacks dense retrieval, commercial and late-
interaction rerankers, and k-reciprocal encod-
ing, improving FiQA-2018 Recall@100 and
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Figure 1: Overview of the PRISM framework. A query passes left to right through five stages. (1) Prompt
engineering encodes financial-domain priors and a relevance scaffold into the ranking instruction (1a), and ICL
exemplar retrieval prepends demonstrations from a separate training-split store (1b), never changing the candidate
set. (2) Candidate refinement queries the corpus for the current query and shrinks the candidate set through dense
retrieval, reranking, and optional k-reciprocal encoding. The two retrieval paths are drawn separately because they
query different indexes and move context in opposite directions (Section 4.2). (3) Prompt, exemplars, refined
candidates, and query are assembled and (4) ranked in a single LLM call, giving (5) the ranked output. Multi-
agent coordination replaces stage 4 when enabled; it is optional and is studied here as a boundary condition, not
as the recommended production path for chunk ranking (Section 5.3).

yielding a higher observed FinAgentBench
chunk NDCG@5, below this evaluation’s min-
imum detectable effect, while reducing per-
query cost by about 35%.

2. We release a systematically re-annotated Fi-
nAgentBench evaluation set with annotator-
agreement analysis (Kendall’s τb, RBO@5, Co-
hen’s κ) and a label-robustness sweep that re-
builds the ground truth 16 different ways and
re-scores all 40 configurations against each,
restoring a reproducible evaluation path after
the original evaluator became unavailable. Ev-
ery score we report is labeled with its evalua-
tion basis, re-annotated or leaderboard.

3. We attribute the module-level findings with
controlled comparisons rather than argument:
architecture-matched pairs holding prompt,
model, and exemplars fixed, query-level paired
bootstrap intervals, and minimum detectable
effects. Configurations whose intervals overlap
are not described as ordered.

4. We report the first per-query latency, token, and
dollar accounting on this benchmark, present
the quality–cost–latency Pareto frontier, and

summarize the deployment choice in a prac-
titioner decision table; FACET follows as a
transparent SLA-specific scalarization over the
non-dominated set, with raw axes alongside.

2 Related Work

LLMs for Ranking. LLMs are strong zero-shot
rankers, typically formulated pointwise, pairwise,
or listwise (Hou et al., 2024). Listwise methods
such as RankGPT balance effectiveness and effi-
ciency but are limited by input length and sensitive
to document order (Sun et al., 2023); TourRank
adds multi-stage grouping and a tournament strat-
egy for large candidate sets (Chen et al., 2025),
and pairwise ranking compares candidates directly
at linear complexity (Qin et al., 2024). We treat
these as related formulations and instead target
deployment-component ablations for long, dense
financial texts (Zhao et al., 2024a).
In-Context Learning (ICL). ICL adapts LLMs
through in-prompt examples without gradient
updates (Xie et al., 2022; Min et al., 2022).
Embedding-based ICL retrieval for financial IR is
underexplored when latency-sensitive applications
must allocate a fixed context budget between ex-
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amples and long-document evidence.
Retrieval and Reranking. Neural retrieval
pipelines pair a first-stage retriever with a
reranker; dense, sparse, late-interaction, cross-
encoder, and commercial rerankers are strong al-
ternatives to lexical baselines (Formal et al., 2021;
Santhanam et al., 2022; Nogueira and Cho, 2019;
Chen et al., 2024). Prior financial IR work has
largely benchmarked against BM25-style base-
lines, leaving the deployment value of stronger
modules unclear in production settings.
Rank Fusion and k-Reciprocal Encoding. Re-
ciprocal Rank Fusion combines ranked lists
through reciprocal-rank weights (Cormack et al.,
2009), while k-reciprocal encoding, first proposed
for person re-identification, refines candidates
through mutual nearest-neighbor structure (Zhong
et al., 2017; Qin et al., 2011), both without super-
vision. Further background is in Appendix A.1.

3 Datasets

We use three financial datasets covering comple-
mentary ranking granularities (document, chunk,
passage), task types (ranking, QA), and reasoning
demands (lexical matching, numerical analysis).
FiQA-2018 (Maia et al., 2018) is a financial opin-
ion QA dataset from BEIR (Thakur et al., 2021),
requiring passage reranking over short financial
texts. FinanceBench (Islam et al., 2023) tests
numerical-reasoning QA over SEC filings rather
than ranking. FinAgentBench (Choi et al., 2025b)
comprises 2023–2024 SEC filings from EDGAR
and supports two tasks: ranking five document
types (10-K, 10-Q, 8-K, DEF 14A, Earnings Tran-
scripts) by relevance, and ranking text chunks
within documents. It has 4,986 document-ranking
and 18,855 chunk-ranking training samples, and
a closed-source 200-example validation set cover-
ing both document and chunk ranking.

3.1 FinAgentBench Re-Annotation
The original evaluation dataset became unavail-
able after the competition (Kim et al., 2025), leav-
ing leaderboard-era results no longer reproducible
by the community. We address this gap by releas-
ing an open validation set in which three domain
experts label the document-ranking samples and
four label the chunk-ranking samples.
Inter-Annotator Agreement. For each task,
we measure pairwise agreement using Kendall’s
τb (Kendall, 1938), RBO@5 (Webber et al., 2010),

Table 1: Summary of the released FinAgentBench eval-
uation labels. Agreement is for the selected annota-
tor pair; validation compares all eligible configurations
with original private-leaderboard scores.

Task Experts Pair τb RBO@5 κ

Document ranking 3 1, 2 0.754 0.957 0.827
Chunk ranking 4 1, 4 0.582 0.730 0.649

Mean absolute NDCG@5 difference from original scores 0.0702
Ordering vs. leaderboard, ρ / τb (n = 34) 0.7800 / 0.6613

and Cohen’s κ (Cohen, 1960). Agreement is sub-
stantially higher for document ranking than for
chunk ranking (Appendix A.2). Table 1 summa-
rizes the selected pair per task; full pairwise agree-
ment is reported in Appendix Table 6.

Ground Truth and Release. We select the most
concordant annotator pair per task to reduce la-
bel noise from low-agreement annotators, merge
their rankings by Borda count, and validate the re-
sulting labels by re-scoring all configurations in
Appendix Table 23 against the new ground truth.
The re-scored results preserve the broad perfor-
mance pattern of the original private leaderboard
(Table 1); per-configuration deltas for every eligi-
ble run are in Appendix Table 5.

Evaluation Bases. Two bases appear in this pa-
per and no column mixes them. The leaderboard
basis is the score returned by the original evalua-
tor on its held-out private subset, and exists only
for configurations submitted before it went offline
(Appendix Tables 22 and 5). The re-annotated
basis re-scores released prediction files against
the released expert labels over the 200 document-
ranking and 199 chunk-ranking scoring queries.
The two differ in both label source and query sam-
ple, so their absolute values are not expected to co-
incide: across the 34 configurations carrying both,
the mean level shift is 0.070 while the ordering
is broadly preserved (Spearman ρ = 0.7800, p =
5.4×10−8; Kendall τb = 0.6613, p = 3.8×10−8).
We use that correlation to validate broad ordering
only, and do not read close configurations as or-
dered. Unless labeled otherwise, every FinAgent-
Bench number here is on the re-annotated basis.

Dataset Diagnostics. We conduct EDA on Fi-
nAgentBench, FiQA-2018, and FinanceBench to
characterize document-type heterogeneity, label
sparsity, and chunk-length variability across tasks.
These diagnostics motivate type-aware prompting,
selective ICL, and candidate refinement; full diag-
nostics are provided in Appendix A.4–A.6.
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4 PRISM

4.1 Prompt Engineering
Prompt engineering encodes financial-domain pri-
ors and output constraints into the ranking instruc-
tion. P1 supplies domain keyword hints and statis-
tical cues only; P2–P4 add a structured relevance
scaffold combining chain-of-thought decomposi-
tion, ReAct-style alternation, and tree-of-thought
multi-expert simulation, and P4 is P3 with stream-
lined instructions and terminology unified across
stages, so what separates them is output disci-
pline rather than length. Matched on model and
exemplars (GPT-5-mini, no ICL), the step that
carries the effect is adding the scaffold: P1 is
the weakest of the four on both evaluation bases
(Runs 2, 9, 12, 13; re-annotated 0.75758, 0.76648,
0.76287, 0.77668). Within the scaffolded set P4 is
the strongest on the re-annotated basis and within
0.0012 of the strongest on the leaderboard ba-
sis, so we standardize on it as the safest default.
This is a reliability claim rather than a per-prompt
gap, consistent with the best prompt form differing
by benchmark. Chunk scores also depend on the
document stage, since the chunk ranker only sees
chunks from the documents the first stage selected,
so prompt effects are read at the pipeline level.
Further analyses are in Appendix A.9 and A.19.

4.2 In-Context Learning Sample Retrieval
The ICL module retrieves semantically similar
training examples from a separate FAISS (John-
son et al., 2019) exemplar store and prepends them
as few-shot demonstrations. Exemplars are drawn
only from the training split, so no test label or test
candidate is ever used as a demonstration and an
exemplar cannot enter the candidate set for the
query it conditions. Implementation details and
shot-count sensitivity are in Appendix A.10.
Two retrievers, opposite roles. The ICL re-
triever and the candidate-refinement retriever of
Section 4.3 share TE3-S as a backbone but are not
redundant: the first queries the training-split ex-
emplar store and prepends demonstrations, leav-
ing the candidate set untouched, while the sec-
ond queries the corpus for the current query and
changes the candidate set. One adds context for
task adaptation, the other removes it for pool con-
struction, and the effects follow that difference:
ICL helps document ranking but not chunk rank-
ing, where exemplars consume context that candi-
date evidence needs, whereas refinement improves

the chunk path precisely by shrinking what the
LLM sees, so the two are complementary.

4.3 Candidate Refinement Module
The third module is a model-agnostic retrieve–
rerank–refine (3R) stage before the LLM ranker.
It compresses noisy candidate pools into smaller,
denser sets via an embedding retriever, a reranker,
and optional k-reciprocal encoding, reducing con-
text length while preserving relevance.
Embedding Retrieval. The first stage retrieves
candidates with text-embedding-3-small (TE3-S),
selected empirically in Appendix A.7.1. On
FiQA-2018, every refinement method receives the
same TE3-S top-1000 pool from the full 57.6K-
passage corpus. On FinAgentBench, each query
already has a few hundred associated chunks,
which are refined only for chunk ranking and
passed to the LLM as a top-k pool.
Reranking. The second stage rescores candi-
dates with cross-encoder, late-interaction, or com-
mercial rerankers. We compare Cohere rerank-
v4.0-fast (hereafter Cohere) (Cohere, 2026), Col-
BERTv2 (Santhanam et al., 2022), BGE-M3 Col-
BERT, BGE reranker V2 M3 (Chen et al., 2024),
and Jina reranker v3 (Sturua et al., 2025) under the
same candidate budget in Appendix A.7.2.
K-Reciprocal Encoding. The final stage applies
training-free k-reciprocal encoding (Zhong et al.,
2017). For L2-normalized embeddings, d(q, ci) =
2 − 2ê⊤q êci and the reciprocal set is R(q, k1) =
{ci ∈ N(q, k1) | q ∈ N(ci, k1)}. We encode
these mutual neighborhoods and blend their Jac-
card distance dJ with direct distance,

d∗(q, ci) = λd(q, ci) + (1− λ)dJ(q, ci),

then rerank candidates by ascending d∗. This stage
exploits complementary neighborhood structure
in large, sparse pools; our experiments (Ap-
pendix A.7) show it is not beneficial on small, ho-
mogeneous chunk sets; reranker-only pipelines are
better defaults for compact financial retrieval un-
der these observed conditions.

4.4 Multi-Agent System (MAS) Modeling
The fourth module studies MAS as a boundary-
condition analysis rather than a default production
recommendation. It belongs in the paper because
the negative result is only interpretable against
the rest of the framework: without matched non-
agentic controls there is nothing to attribute the
loss to. We test when role-specialized agents help
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coarse document routing and when agent hand-
offs cost quality at chunk granularity; architec-
tures A1–A4 are detailed in Appendix A.11. The
controlled comparison in Section 5.3 is run under
A4 with P4, so the resulting statement is scoped
to the tested A4 workflow and is not a claim about
multi-agent design in general.

5 Experiments

We evaluate four closed-source models (GPT-
4o-mini, GPT-4.1, GPT-5-mini, and GPT-5)
and four open-source models: DeepSeek-V4-
Flash (DeepSeek-AI, 2026), gpt-oss-120b (Ope-
nAI et al., 2025), grok-4-20-reasoning (xAI,
2026), and Llama-4-Maverick-17B-128E-
Instruct-FP8 (Meta AI, 2025), using OpenAI’s
text-embedding-3-small (TE3-S) and text-
embedding-3-large (TE3-L) (OpenAI, 2024) for
ICL retrieval. Our evaluation spans three datasets
chosen to cover complementary task character-
istics: FinAgentBench (document and chunk
ranking with SEC filings), FiQA-2018 (passage
reranking for financial QA), and FinanceBench
(factual QA requiring numerical reasoning).
PRISM’s training-free design allows adaptation
to other LLM providers and deployment settings
with minimal pipeline changes. Implementation
details are in Appendix A.12.

5.1 Evaluation Metrics
On FinAgentBench we use combined document-
and-chunk NDCG@5 as the primary metric,
matching the competition objective, and also re-
port MAP@5 and MRR@5. On FiQA-2018
we report NDCG@10 and Recall@100 under the
BEIR protocol (Thakur et al., 2021), measuring
top-ranked quality and reranking coverage respec-
tively. On FinanceBench we report factual QA ac-
curacy under oracle context.

5.2 Quantitative Results

5.2.1 FinAgentBench
All FinAgentBench scores in this section are on
the re-annotated basis (Section 3.1) unless labeled
otherwise; the full 40-configuration grid is in Ap-
pendix Table 23 and the document/chunk splits in
Appendix Table 24. Table 2 reports the configura-
tions the paper’s claims rest on, with query-level
paired bootstrap confidence intervals (10,000 re-
samples, document and chunk resampled indepen-
dently because their query sets are disjoint).

Leaderboard basis. On the original private
leaderboard, PRISM placed 3rd of all teams
with the competition-selected Run 19 submis-
sion (leaderboard basis, 0.71181 NDCG@5), and
repeated submissions of the same configura-
tion reached 0.71818 on the private subset (Ap-
pendix A.13.1). This made PRISM the highest-
ranked non-fine-tuned submission, trailing the
top fine-tuned system by 0.007 NDCG@5 on
our best observed private-subset run (0.71818 vs.
0.72497, both leaderboard basis). Runs 37–40
could not have been submitted: those models
were not available to us during the competition.
They are post-competition runs, evaluated only
on the re-annotated set and never on the origi-
nal private leaderboard, so they carry no original
score to compare against, and leaderboard and re-
annotated numbers are never compared directly.
Re-annotated basis. Run 19 scores 0.77468
here; several configurations score higher under
the new labels, and we track it only because
it was the submitted one. Under the Run 19
recipe, grok-4-20-reasoning (Run 39) reaches the
best combined NDCG@5 of 0.83721 and exceeds
the strongest GPT-5-family configuration (Run 18,
0.78421) by 0.0529 (95% CI [0.0331, 0.0727];
chunk Wilcoxon p = 9.7 × 10−10), holding un-
der 15 of 16 label constructions. DeepSeek-V4-
Flash (Run 37) reaches 0.80157, but its difference
from Run 18 is positive with a 95% CI includ-
ing zero (+0.0175, [−0.0084, 0.0424]) and holds
under only 9 of 16 constructions, so we place it
in the same quality band as the strongest GPT-
5-family run rather than above it, at roughly a
fifth of the cost of the GPT-5 runs with measured
cost ($0.0284 against $0.1448). Against Run 18
both models trade a little document accuracy for
a large chunk gain (−0.023 and +0.129 for grok-
4, −0.015 and +0.050 for DeepSeek; Appendix
Table 24), consistent with a long-context discrim-
ination advantage over the roughly 95.8k-token
chunk prompt; we treat it as a descriptive diag-
nostic rather than causal evidence.
Chunk ranking is the axis that separates config-
urations. Document ranking is effectively satu-
rated, reaching NDCG@5 up to 0.95573 (Run 40),
so the candidate-refinement module pays off on
the chunk task alone. Reranking alone is insuffi-
cient, as the best reranker-only setup with Cohere
reaches 0.5464 chunk NDCG@5, below PRISM’s
LLM ranker (Run 19, 0.61278). Feeding the
reranked pool to the LLM yields a higher observed
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Table 2: Configurations the claims rest on, using
bootstrap re-scores on the re-annotated basis with
query-level 95% CIs (10,000 resamples) over the
200 document-ranking and 199 chunk-ranking scor-
ing queries; the point estimates elsewhere use the 200-
query convention, so values differ in the fourth deci-
mal. Run 19 is the competition submission, not the
best row. Full grid in Appendix Table 23.

ID Configuration Combined NDCG@5 95% CI

39 grok-4-20-reasoning 0.8370 [0.8190, 0.8541]
37 DeepSeek-V4-Flash 0.8016 [0.7787, 0.8226]
18 strongest GPT-5 family 0.7841 [0.7637, 0.8044]
19 GPT-5, competition submission 0.7738 [0.7528, 0.7944]

Architecture-matched pairs (P4, GPT-5-mini, ICL held fixed)
16 vs. 33 single-path vs. A4 agentic +0.0702 [+0.0474, +0.0937]
17 vs. 34 single-path vs. A4 agentic +0.0681 [+0.0436, +0.0920]

chunk NDCG@5 while reducing cost. Hence,
reranking is most useful as a compression stage
for the LLM rather than as a standalone ranker.
We quantify this end to end in Section 5.4.

5.2.2 FiQA-2018

On FiQA-2018, the strongest evidence comes
from controlled stage-wise comparisons under the
same candidate pool. TE3-S reaches NDCG@10
0.5499 and Recall@100 0.7783; stacking rerank-
ing and k-reciprocal encoding raises Recall@100
to 0.8326 (Section 5.4). Against published
BEIR baselines (Thakur et al., 2021), GPT-5
PRISM reaches NDCG@10 0.6197 (Appendix
Table 25), a 78.59% gain over BM25+Cross-
Encoder (CE), and all four open-source models
with P4 outperform BM25+CE (full results in Ap-
pendix A.13.2). We note that the retrieval stages
alone are already competitive at the top of the
ranking on this dataset: Cohere reranking reaches
NDCG@10 0.6258 with no LLM in the loop (Ap-
pendix A.7.2), so on FiQA the LLM ranker con-
tributes candidate coverage rather than top-10 pre-
cision. Full results are in Appendix Table 27.

5.2.3 FinanceBench

As a secondary QA generalization check, we eval-
uate PRISM under oracle context (relevant pas-
sages provided). PRISM reaches 98% accuracy
(147/150) with P1, surpassing the GPT-5 oracle
baseline of 94% (141/150). This suggests that
prompt engineering transfers to numerical reason-
ing tasks, though it does not constitute a full re-
trieval evaluation, since passages are given, not re-
trieved. Full oracle, zero-shot, and open-source re-
sults are in Appendix A.13.3; full FinAgentBench
run-level ablations are in Appendix Table 23.

Table 3: Where the coordination penalty sits. Matched
on prompt, model, and ICL; re-annotated basis. Docu-
ment differences are not distinguishable from zero, and
the whole gap is at the chunk stage.

Matched pair Document NDCG@5 Chunk NDCG@5

Run 16 vs. Run 33 0.94594 vs. 0.95359 (p = 0.32) 0.59099 vs. 0.44364
Run 17 vs. Run 34 0.94950 vs. 0.95259 (p = 0.20) 0.55340 vs. 0.41476

5.3 Multi-Agent Coordination: A Matched
Comparison

Comparing an agentic run against Run 19 con-
founds architecture with prompt and model. We
therefore use two pairs matched on prompt, model,
and exemplars, leaving architecture as the only
difference: Runs 16 and 33 are both P4/GPT-5-
mini with ICL-5 on document and none on chunk,
and Runs 17 and 34 are both P4/GPT-5-mini with
ICL-5 on both stages. Run 32 is excluded as
prompt-mismatched. With those held fixed, the
single-path pipeline exceeds the A4 agentic one
by 0.0702 and 0.0681 combined NDCG@5 (Ta-
ble 2). Both differences are significant under a
paired query-level bootstrap at 10,000 resamples
and under a Wilcoxon signed-rank test on chunk
scores (p = 9.4 × 10−9 and 2.8 × 10−7), and
the two estimates agree to 0.002. Both differ-
ences stay positive under all 16 alternative label
constructions and the smaller never falls below
+0.035, so the result is not an artifact of how the
ground truth was built. Table 3 splits each pair by
stage: the whole gap is at chunk granularity, about
0.14 NDCG@5; documents favor the agentic run.

5.4 Candidate Refinement Results
The embedding backbone that defines the candi-
date pool and the reranker that rescores it are se-
lected in Appendix A.7; here we report the end-to-
end effect once the refined pool reaches the LLM
ranker, which is what directly determines ranking
quality, cost, and latency in deployment. Stacking-
order ablations are in Appendix A.8.

We now check whether the retrieval-stage gains
survive when the refined pool reaches the LLM
ranker. On FiQA-2018 (Appendix Table 15) every
pipeline sees the identical TE3-S top-1000 pool
per query at fixed cutoffs. Stacking the retrieval
stages raises Recall@100 from 0.7783 to 0.8326
and NDCG@10 from 0.5499 to 0.6333. Pass-
ing the refined pool to GPT-5 adds coverage (Re-
call@100 0.8115 to 0.8307) but not top-of-ranking
precision: NDCG@10 is 0.6243 against 0.6258
for Cohere alone and 0.6333 for Cohere→k-
reciprocal. On a corpus like FiQA the LLM ranker
therefore earns its cost only when coverage mat-
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Figure 2: Quality–cost–latency dominance over the
configurations with measured cost and latency (com-
bined NDCG@5, re-annotated basis, against USD per
query on a log axis; marker size grows with latency).
Five of 11 are non-dominated in this projection and six
on all three axes; the six filled markers are that three-
axis set, and the three highest FACET scores are all
Pareto-optimal.

ters more than the order of the first ten results.
The trade-off inverts on FinAgentBench chunk
ranking (Appendix Table 11, P4/GPT-5, ICL-
5). Refining to the top 50 with TE3-S→Cohere
gives the best chunk NDCG@5 (0.63408 against
a no-refinement baseline of 0.61278) while cut-
ting per-query cost by about 35% ($0.181 against
$0.278). Latency does not improve (146.3 s
against 136.7 s), because the added stages are not
offset by the shorter LLM context. We rest this
result on the cost reduction rather than the qual-
ity change: the numbers come from a single run
per configuration, and +0.021 chunk NDCG@5 is
below the 0.057 chunk-level minimum detectable
effect of this evaluation (Appendix A.15.4).

6 Feasibility & Reproducibility Analysis

6.1 Choosing a Configuration

Quality, latency, and cost do not reduce to one
number without a stated preference, so we present
the dominance structure first. Figure 2 plots the
frontier over the 11 configurations with measured
cost and latency: 6 are non-dominated, and that
is the set to choose from (Appendix A.16.6). Ta-
ble 4 names one operating point per constraint; the
rows are distinct operating points rather than an or-
dered recommendation. One reading needs stating
explicitly: FACET measures fit to a stated SLA
rather than quality, so the cheapest configuration
scores highest, and a practitioner with a hard con-
straint on one axis should read that raw column.
Module-level rules. Use the relevance scaffold

Table 4: Practitioner decision table. Distinct oper-
ating points under different constraints, not a rank-
ing. Run IDs match Appendix Table 23; models are
grok-4-20-reasoning, DeepSeek-V4-Flash, Llama-4-
Maverick-17B-128E-Instruct-FP8, gpt-oss-120b, and
GPT-5. NDCG@5 is combined, re-annotated basis; la-
tency (s) and cost are per query. Run 19 uses com-
bined document–chunk per-query accounting; post-
annotation Runs 37–40 retain their originally reported
latency and cost measurements.

Constraint Choose Lat. $/q NDCG FACET

Quality first 39, grok-4 48.9 0.1415 0.8372 1.221
Quality per $ 37, DeepSeek 18.5 0.0284 0.8016 2.349
Latency, Q>0.75 40, Llama-4 17.0 0.0133 0.7627 2.923
Lowest $/query 38, gpt-oss 15.4 0.0083 0.6582 3.195
Submitted run 19, GPT-5 84.6 0.1462 0.7747 1.042

(P2–P4), not the keyword-hint baseline (P1). Ap-
ply ICL to document ranking, not by default
to chunk ranking. Treat reranking as an LLM-
context compression stage rather than a stan-
dalone ranker, and add k-reciprocal encoding only
where upstream coverage is the bottleneck (Ap-
pendix A.8). Treat multi-agent coordination as a
boundary condition, not the production default for
chunk ranking, where matched pairs cost about
0.07 NDCG@5 against a single LLM call.

7 Conclusion
PRISM composes prompt engineering, in-context
learning, and candidate refinement without train-
ing, and studies multi-agent coordination as a
boundary condition. Matched on prompt, model,
and exemplars, the single-path pipeline beats the
tested A4 agentic workflow by 0.0702 and 0.0681
combined NDCG@5, entirely at the chunk stage,
so the simpler path is the default for fine-grained
ranking, and ICL pays off only at document gran-
ularity. The scaffold, not length, matters. Re-
finement improves FiQA-2018 Recall@100 and
yields a higher observed FinAgentBench chunk
NDCG@5, below this evaluation’s minimum de-
tectable effect, at about 35% lower cost. The
released evaluation set and robustness sweep re-
store a reproducible path, and the cost account-
ing and frontier make the trade-off readable. In
Table 4, the anchors are Run 39 (grok-4-20-
reasoning, 0.8372 combined NDCG@5 at USD
0.1415 and 48.9 s) and Run 37 (DeepSeek-V4-
Flash, 0.8016 at USD 0.0284 and 18.5 s). Their
95% intervals overlap (Table 2), so we do not or-
der them. PRISM is the top non-fine-tuned leader-
board entry, within 0.007 NDCG@5 of the best
fine-tuned one, and the cheaper anchor, at one fifth
the cost and 40% of the latency.

1680



8 Limitations

This section highlights the key limitations of
PRISM; Appendix A.17 discusses them in full.
Benchmark Reproducibility. The FinAgent-
Bench evaluation environment became unavail-
able following the competition’s conclusion, pre-
venting new submissions and independent replica-
tion of private-test scores. The organizers did not
disclose ground-truth labels for the public or pri-
vate test sets. As a result, the private-test competi-
tion scores (Appendix Table 22) cannot be repro-
duced using the original evaluator. Our ablation
experiments on the validation split remain repro-
ducible with the code we release upon acceptance,
and our expert re-annotated evaluation set (Sec-
tion 3.1) provides a community-accessible substi-
tute for the offline evaluator, enabling independent
re-evaluation of all 40 configurations in Appendix
Table 23 against a fixed public label set.
Scope of the MAS Result. The coordination
penalty is established for the tested A4 workflow
under P4, with two matched pairs (Section 5.3),
not for the full A1–A4 grid. The remaining ar-
chitectures were not run under P4, so we do not
claim that every multi-agent design loses at chunk
granularity. The earlier prompt-architecture asym-
metry, in which agentic runs used P1 while the
strongest non-agentic run used P4, no longer car-
ries the conclusion: Runs 33 and 34 are P4 un-
der A4 and matched to non-agentic controls on
prompt, model, and exemplars, so the compari-
son isolates architecture. Run 32 remains prompt-
mismatched (P4 on document, P1 on chunk) and is
excluded from the matched analysis; its low score
(0.54229) is reported in Appendix Table 23 but is
not evidence about coordination.
Domain Specificity. PRISM’s financial special-
ization lies in the SEC-filing prompt priors with
their keyword-frequency ratios, the financial ex-
emplar pool, and document-type routing. These
are inputs rather than architecture, so porting the
pipeline to legal or medical retrieval means re-
deriving priors and re-indexing exemplars with no
weights to retrain. We have not tested that and
do not claim it; every module-level finding in this
paper is scoped to financial IR, and cross-vertical
evaluation is the next step. The evidence is finan-
cial and we do not claim cross-domain generaliza-
tion, but the retrieval-design questions addressed
also arise beyond finance.
Chunk-Level Resolution and API Dependence.

The chunk task has a minimum detectable effect of
0.057 at 80% power, so differences smaller than
that are not resolvable by this evaluation and we
do not interpret them. Separately, training-free
operation is not infrastructure independence: ex-
act reproduction of API-served results depends on
endpoint availability and versioning, and commer-
cial endpoints are not stationary. We report exact
endpoint identifiers and per-run call timestamps,
and make the evaluation rather than the endpoints
reproducible by releasing the expert annotations,
source code, prompts, and configuration details.

Ethical Considerations

All datasets used in this work are publicly avail-
able and were obtained through official distribu-
tion channels. FinAgentBench (Choi et al., 2025b)
was released as part of an open Kaggle competi-
tion and contains excerpts of SEC filings, which
are public regulatory disclosures rather than per-
sonal data. FiQA-2018 is distributed through the
BEIR benchmark (Thakur et al., 2021), and Fi-
nanceBench (Islam et al., 2023) is publicly re-
leased for non-commercial research. No propri-
etary data were used. We release our expert an-
notations, that is, the labels we produced over the
public FinAgentBench validation split, rather than
a re-release of the underlying dataset, so the re-
lease is consistent with the original distribution
terms. The annotations, together with the scor-
ing, bootstrap, and label-robustness scripts, are re-
leased under CC BY 4.0; the underlying SEC ex-
cerpts remain under their original public-domain
status and are not redistributed by us. The annota-
tors are domain experts who consented to the use
of their judgments for this release; the labeled ma-
terial contains no personal or client data. Since fi-
nancial retrieval may influence high-stakes analy-
sis, PRISM is intended as an evidence-ranking aid
rather than an autonomous decision system, with
human review, access control, audit logging, and
checks that answers remain grounded in retrieved
evidence.
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A Appendix

This appendix provides implementation details,
extended results, and supporting analyses in the
same section order as the main paper.

A.1 Additional Related Work

Prompt Engineering. Recent studies have shown
that retrieval performance is highly sensitive to
how an LLM is instructed (Zhang et al., 2025b).
The initial breakthrough in few-shot learning
demonstrated that LLMs can perform tasks us-
ing in-context exemplars without gradient up-
dates (Brown et al., 2020). However, traditional
few-shot approaches struggled with complex rea-
soning tasks. This limitation was addressed by
Chain-of-Thought (CoT) prompting, which en-
hances reasoning by guiding LLMs through in-
termediate natural language reasoning steps (Wei
et al., 2022). The Reasoning and Acting (ReAct)
framework improves reliability by allowing LLMs
to plan and execute reasoning steps iteratively, re-
ducing hallucination (Yao et al., 2023b). Build-
ing on this, the Tree-of-Thoughts (ToT) frame-
work enables LLMs to explore and evaluate mul-
tiple reasoning paths (Yao et al., 2023a).
Agentic Information Retrieval. Agentic in-
formation retrieval represents a new paradigm
where LLM agents dynamically manage infor-
mation access through iterative cycles of obser-
vation, reasoning, and action, distinguishing it
from traditional IR architectures (Zhang et al.,
2025a). It is commonly implemented using multi-
agent systems (MAS), which coordinate special-
ized agents for reflection, planning, and tool use
to achieve collective intelligence and outperform
single-agent approaches (Singh et al., 2026). LLM
agents have also been applied to ranking tasks,
demonstrating that retrieval and ranking agents
can effectively coexist (Xu et al., 2025). Despite
its potential, agentic IR faces challenges in coor-
dinating complex MAS interactions, reducing the
high inference cost of LLMs, and evaluating dy-
namic agentic behaviors in financial retrieval.
Neural Retrieval and Reranking. First-stage
retrievers fall into three main families. Dense
bi-encoders embed queries and passages into a
shared space for approximate nearest-neighbor
search (Karpukhin et al., 2020), exemplified
by commercial models such as OpenAI text-
embedding-3 and the dense mode of BGE-
M3 (Chen et al., 2024). Learned sparse mod-

els such as SPLADE (Formal et al., 2021) and
the sparse mode of BGE-M3 retain the exact-
term-matching and inverted-index efficiency of
lexical methods while adding learned term ex-
pansion. Late-interaction models such as Col-
BERTv2 (Santhanam et al., 2022) store token-
level embeddings and match them at fine granular-
ity. A reranker then rescores retrieved candidates:
cross-encoders jointly encode the query and each
passage for higher accuracy at greater computa-
tional cost (Nogueira and Cho, 2019), while com-
mercial rerankers such as Cohere and Jina reranker
v3 (Sturua et al., 2025) offer strong off-the-shelf
alternatives.
Rank Fusion and Reciprocal Encoding.
RRF merges several ranked lists by summing
reciprocal-rank weights and can outperform indi-
vidual systems and learned fusion methods (Cor-
mack et al., 2009). k-reciprocal encoding,
introduced for person re-identification (Zhong
et al., 2017) and rooted in earlier k-reciprocal
nearest-neighbor retrieval (Qin et al., 2011),
instead refines a candidate set by exploiting
mutual nearest-neighbor relationships. Each item
is encoded from its k-reciprocal neighbors and
rescored under a Jaccard distance, promoting
candidates that are reciprocally close to the query
rather than merely close in one direction.

A.2 FinAgentBench Re-Annotation Details
Human-only annotation. We deliberately rely on
human experts alone and exclude LLMs from an-
notation because our retrieval pipeline itself uses
cross-encoders and LLMs; using LLM-generated
labels as ground truth would bias the evaluation
toward the systems under test and invite a circu-
larity objection.
Agreement levels. The selected chunk pair
reaches κ = 0.649, τb = 0.582, RBO@5 = 0.730
(Table 1), and we agree the remaining chunk pairs
are much lower. The structural reason is that
chunk ranking asks for a top-5 ordering out of the
few hundred topically related chunks each query
carries, so two experts who both locate relevant
material can still disagree on which five and in
what order. Document ranking has a small fixed
candidate set and correspondingly high agreement
(τb = 0.754, κ = 0.827). The principal MAS and
grok-versus-GPT-5 conclusions are configuration-
ordering claims, and the sweep in Appendix A.3
shows that those conclusions remain stable across
the tested ground-truth constructions.
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For ground-truth construction, we apply the
same objective rule to both FinAgentBench tasks:
select the annotator pair with the highest mean
agreement across Kendall’s τb, RBO@5, and Co-
hen’s κ, then merge the two reference rankings
by Borda count with ties broken by document or
chunk ID. This selects annotators 1 and 2 for doc-
ument ranking and annotators 1 and 4 for chunk
ranking. To validate the reconstructed labels, we
re-score the configurations in Table 23 against the
new ground truth. Table 5 shows that the re-
constructed labels preserve the broad performance
pattern of the original private-leaderboard scores.
Table 5: Validation of the re-annotated FinAgent-
Bench labels: new NDCG@5 vs. the original private-
leaderboard score. Runs 33–34 and 37–40 were not
evaluated on the original test set and are therefore ex-
cluded. Run IDs match Appendix Table 23.

ID New NDCG@5 Orig. NDCG@5 Difference
Doc. Chunk Total

Non-Agentic Workflow

1 0.93857 0.62470 0.78164 0.66666 0.11498
2 0.93288 0.58229 0.75759 0.66628 0.09131
3 0.93288 0.62470 0.77879 0.66328 0.11551
4 0.93857 0.58229 0.76043 0.66966 0.09077
5 0.93857 0.60145 0.77001 0.67353 0.09648
6 0.93288 0.59386 0.76337 0.67021 0.09316
7 0.93152 0.62470 0.77811 0.66088 0.11723
8 0.93288 0.60145 0.76717 0.67014 0.09703
9 0.93152 0.60145 0.76649 0.66774 0.09875

10 0.94469 0.62470 0.78470 0.66673 0.11797
11 0.94469 0.58229 0.76349 0.66973 0.09376
12 0.94800 0.57774 0.76287 0.69019 0.07268
13 0.94955 0.60382 0.77669 0.68895 0.08774
14 0.93935 0.61278 0.77607 0.70575 0.07032
15 0.95227 0.60290 0.77759 0.70977 0.06782
16 0.94594 0.59099 0.76847 0.69325 0.07522
17 0.94950 0.55340 0.75145 0.68252 0.06893
18 0.94891 0.61952 0.78422 0.71446 0.06976
19 0.93658 0.61278 0.77468 0.71818 0.05650

Agentic Workflow

20 0.92290 0.34595 0.63443 0.57276 0.06167
21 0.92794 0.35419 0.64107 0.58234 0.05873
22 0.56826 0.47162 0.51994 0.51518 0.00476
23 0.94440 0.27232 0.60836 0.55256 0.05580
24 0.56614 0.47448 0.52031 0.53400 -0.01369
25 0.94522 0.50183 0.72353 0.66291 0.06062
26 0.69962 0.28918 0.49440 0.49782 -0.00342
27 0.94464 0.46326 0.70395 0.63654 0.06741
28 0.93987 0.49024 0.71506 0.62775 0.08731
29 0.94144 0.43765 0.68955 0.62771 0.06184
30 0.94710 0.41686 0.68198 0.62294 0.05904
31 0.94685 0.36115 0.65400 0.59906 0.05494
32 0.95272 0.13185 0.54229 0.55757 -0.01529

Hybrid Workflow

35 0.92929 0.61278 0.77104 0.70685 0.06419
36 0.95036 0.61278 0.78157 0.69439 0.08718

Average NDCG@5 Difference 0.07020

A.3 Label Robustness of the Re-Annotated
Set

Section 3.1 builds the released ground truth from
the most concordant annotator pair per task. This
appendix reports what happens to the paper’s con-

Table 6: Pairwise inter-annotator agreement among do-
main experts on FinAgentBench.

Annotator pair Kendall τb RBO@5 Cohen’s κ

Document ranking (3 experts)

Annot. 1 Annot. 2 0.7540 0.9567 0.8270
Annot. 1 Annot. 3 0.6520 0.9347 0.7335
Annot. 3 Annot. 2 0.7420 0.9541 0.8095

Chunk ranking (4 experts)

Annot. 1 Annot. 4 0.5822 0.7296 0.6485
Annot. 1 Annot. 2 0.2408 0.4926 0.2603
Annot. 2 Annot. 4 0.1015 0.5141 0.1142
Annot. 3 Annot. 1 0.1364 0.4886 0.1459
Annot. 3 Annot. 2 0.1721 0.4678 0.1943
Annot. 3 Annot. 4 0.2174 0.5276 0.2317

clusions when that choice is varied. We rebuild
the ground truth 16 different ways using only the
annotators of Table 6 and re-score all 40 con-
figurations against each. The constructions are:
Borda over all annotators and majority vote on
top-5 membership (2); the remaining document
pairs and chunk pairs, that is, all

(
3
2

)
and

(
4
2

)
pairs

other than the two the pair rule selected (7); and
every annotator alone, 3 for document and 4 for
chunk (7).

Table 7 gives the per-construction outcome and
Figure 3 plots it. Ordering against the reported
labels stays between Spearman 0.812 and 0.998
with median 0.972. Run 39 is top-ranked under 15
of 16 constructions, grok-4-20-reasoning outranks
every GPT-5 configuration under 15 of 16, and the
best non-agentic configuration exceeds the best
agentic one under 16 of 16. The two architecture-
matched differences of Section 5.3 are positive un-
der 16 of 16, and the smaller of the two never falls
below +0.035. The single exception on the grok-
4 and top-run claims comes from a ground truth
built on one individual rater rather than on a pair.
DeepSeek-V4-Flash exceeds the strongest GPT-5-
family configuration under 9 of the 16 construc-
tions, which is why that comparison is stated with-
out a superiority claim in Section 5.2.1.

A leave-one-annotator-out check rebuilds the
ground truth from every subset that drops one
rater. Both principal findings hold in 6 of 6
subsets with ordering correlation at least 0.951,
and Run 39 remains top-ranked in all of them;
DeepSeek again does not hold throughout.

The candidate-refinement robustness statement
is limited to FiQA, where it is measured with pub-
lic qrels and therefore does not depend on Fi-
nAgentBench annotator selection; we do not use
this analysis to make a FinAgentBench candidate-
refinement label-robustness claim.
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Table 7: Per-construction label robustness. Each row rebuilds the FinAgentBench ground truth a different way and
re-scores all 40 configurations against it. ∆16,33 and ∆17,34 are the architecture-matched differences of Section 5.3;
both stay positive throughout. Re-annotated basis.

Ground-truth construction Spearman vs. reported Top run Run 39 Run 37 ∆16,33 ∆17,34

Borda over all annotators 0.969 39 0.8281 0.7914 0.0706 0.0654
Majority vote on top-5 membership 0.966 39 0.8067 0.7719 0.0704 0.0664
Document pair (A1, A3) 0.989 39 0.8373 0.8008 0.0629 0.0631
Document pair (A2, A3) 0.983 39 0.8363 0.8009 0.0619 0.0616
Chunk pair (A1, A2) 0.964 39 0.7600 0.7413 0.0632 0.0689
Chunk pair (A1, A3) 0.974 39 0.7805 0.7399 0.0704 0.0673
Chunk pair (A2, A3) 0.929 39 0.6764 0.6593 0.0646 0.0592
Chunk pair (A2, A4) 0.933 39 0.7552 0.7375 0.0625 0.0628
Chunk pair (A3, A4) 0.975 39 0.7662 0.7378 0.0805 0.0693
Document annotator A1 alone 0.998 39 0.8339 0.7967 0.0684 0.0665
Document annotator A2 alone 0.992 39 0.8345 0.7968 0.0653 0.0632
Document annotator A3 alone 0.943 39 0.8268 0.7889 0.0586 0.0582
Chunk annotator A1 alone 0.991 39 0.8198 0.7831 0.0534 0.0598
Chunk annotator A2 alone 0.812 39 0.6442 0.6299 0.0353 0.0401
Chunk annotator A3 alone 0.906 15 0.6601 0.6355 0.0679 0.0672
Chunk annotator A4 alone 0.986 39 0.8481 0.8152 0.0757 0.0689

0.01 0.00 0.01 0.02 0.03 0.04 0.05
 combined NDCG@5

chunk single A3
chunk pair A2 + A3

chunk single A2
chunk pair A3 + A4

majority vote, top-5
chunk pair A1 + A2

doc single A3
chunk pair A1 + A3
chunk pair A2 + A4

Borda, all annotators
doc pair A2 + A3
doc pair A1 + A3
chunk single A1

doc single A2
doc single A1

chunk single A4

positive in 15 of 16

grok-4 (Run 39)  best GPT-5

0.00 0.02 0.04 0.06 0.08 0.10
 combined NDCG@5

positive in 16 of 16

best non-agentic  best agentic
(group level)

0.00 0.02 0.04 0.06 0.08
 combined NDCG@5

both positive in 16 of 16

matched pairs, prompt/model/ICL fixed
(architecture only)

Run 16  Run 33
Run 17  Run 34

Every conclusion survives how the ground truth is built (16 alternative label constructions, all 40 configurations re-scored against each)

Figure 3: Conclusions under the 16 alternative label constructions. Left: Run 39 (grok-4) minus the best GPT-5
configuration, positive in 15 of 16. Middle: best non-agentic minus best agentic, positive in 16 of 16. Right: the
two architecture-matched pairs with prompt, model, and ICL held fixed, positive in 16 of 16.

Label Robustness. Because chunk agreement is
much lower than document agreement, the con-
clusions must not depend on which annotators the
pair rule selected. We therefore rebuilt the ground
truth 16 different ways from the annotators in Ap-
pendix Table 6 and re-scored all 40 configurations
against each: Borda over all annotators and major-
ity vote on top-5 membership (2); the remaining 2
document and 5 chunk pairs (7); and each anno-
tator alone (7). The matched-pair agentic penalty
stays positive in 16/16 constructions and 6/6 leave-
one-annotator-out subsets, MAS stays below the
best non-agentic run in 16/16, and grok-4 outranks
every GPT-5 configuration in 15/16, with order-
ing correlation against the reported labels between
0.812 and 0.998 (median 0.972). The one claim

that does not survive is DeepSeek-V4-Flash ex-
ceeding the strongest GPT-5-family configuration,
which holds under only 9 of 16; we state that
comparison without a superiority claim through-
out. Per-construction scores are in Appendix A.3.

A.4 EDA on FinAgentBench

Table 8: Distribution of FinAgentBench document
types across ranked positions in the document-ranking
split.

Doc. Type Rank 1 Rank 2 Rank 3 Rank 4 Rank 5

10-K 2402 1546 507 207 324
Earnings 1360 726 948 893 1059
10-Q 554 1558 1427 866 581
8-K 97 407 1091 1808 1583
DEF 14A 573 749 1013 1212 1439

Document Ranking Data Analysis. We first
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Table 9: Top 6 keywords appearing in queries where the respective document type was retrieved at Rank 1 in
FinAgentBench. The ratio indicates the frequency of the keyword relative to the entire corpus.

DEF 14A 10-K 10-Q 8-K Earnings
Keyword Ratio Keyword Ratio Keyword Ratio Keyword Ratio Keyword Ratio

dependency 88.40% evolved 40.98% quarter 20.00% compensation 95.45% asked 87.68%

concentration 88.24% recurring 40.57% recurring 6.29% burn 41.74% questions 86.56%

exist 87.73% ratio 39.40% evolved 6.12% award 41.74% metrics 78.26%

risks 80.51% time 39.22% time 5.99% manage 41.54% customer 74.62%

market 60.77% reporting 38.19% ratio 5.97% availability 40.60% guidance 52.97%

share 57.12% period 36.01% revenue 4.02% share 27.21% offered 52.80%

conduct a systematic evaluation across all docu-
ment types in the document-ranking split of Fi-
nAgentBench. Table 8 summarizes the distri-
bution of document types across ranking posi-
tions. Documents such as 10-K and 8-K ap-
pear more frequently near the top and bottom of
the rankings, respectively, suggesting that infor-
mation density and relevance vary across docu-
ment types. Table 9 shows the six most frequent
keywords found in Rank 1 documents for each
type, revealing distinct lexical signatures across
filing categories. These differences in vocabulary
concentration across document types highlight the
need for adaptive retrieval strategies, which in-
spired PRISM. Further details are provided in Ap-
pendix A.4.1.
Chunk Ranking Data Analysis. We conducted
a frequency analysis to better understand chunk-
level characteristics in the dataset. As shown in
Figure 4, relevant chunks are generally more infor-
mation dense than irrelevant ones. The wider in-
terquartile range (IQR) and higher maximum val-
ues, along with the long-tail distribution, suggest
that adaptive retrieval methods are needed to han-
dle substantial variability in chunk length. The rel-
atively small proportion of relevant chunks high-
lights the fine-grained and selective nature of fi-
nancial retrieval. Our EDA shows that relevant an-
swers are concentrated in specific document types
and in a minority of information-dense chunks, re-
quiring models to reason over and manage large
variations in chunk length.

A.4.1 Document Ranking Keyword Analysis

Table 9 reveals distinct keyword concentration
patterns across SEC filing types. DEF 14A filings
are dominated by high-ratio keywords such as de-
pendency (88.40%) and concentration (88.24%),
while 8-K filings focus more on compensation-
related terms (95.45%). 10-Q filings, by contrast,
contain notably lower keyword ratios, reflecting

greater variation in language use. The spread be-
tween these extremes indicates that certain doc-
ument types carry more distinctive language pat-
terns than others, which can be exploited to guide
retrieval, and these patterns informed the design of
our domain-specific prompt priors and agent rout-
ing logic.

A.4.2 Chunk Ranking Data Analysis with
Word Count

We repeated the frequency analysis on chunk word
counts as a tokenizer-independent check. As
shown in Figure 5, the distributions mirror the
token-count results in Figure 4, confirming that the
length variability reported above is a property of
the text rather than an artifact of the tokenizer.

A.5 EDA on FiQA-2018

FiQA-2018 contains 57,638 documents and 648
queries with 1,706 relevance judgments. With
only 2.96% of the corpus labeled as relevant and
a sparsity of 99.99%, FiQA-2018 exhibits the ex-
treme label sparsity characteristic of real-world
retrieval tasks. Most queries have fewer than
three relevant documents, with average query and
document lengths of 11 and 133 tokens, respec-
tively. This characteristic places strong empha-
sis on semantic understanding over lexical over-
lap, disadvantaging keyword-based models such
as BM25 when queries and documents share lim-
ited surface-form vocabulary. Dense retrieval
models are better suited to this task because they
capture latent semantic relevance beyond exact
term matching.

Figure 6 shows the distribution of relevant doc-
uments per query. The majority of queries have
fewer than 3 relevant documents, with a median
of 2 and a mean of 2.63. Despite this concentra-
tion, the distribution has a long tail extending up
to 15 relevant documents for certain queries, in-
dicating significant variability in query complex-
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Figure 4: Token count distribution for relevant and irrelevant chunks in the FinAgentBench chunk-ranking split.

ity. The narrow IQR between Q1 and Q3 confirms
that most queries target specific, focused informa-
tion. This fine-grained relevance pattern requires
retrieval models to discriminate precisely between
relevant and irrelevant content within a vast corpus
of financial documents.

A.6 EDA on FinanceBench
FinanceBench contains 150 questions grounded in
documents across four types: 10-K (112), 10-Q
(15), 8-K (9), and Earnings Transcripts (14), span-
ning 32 unique companies. These document types
exhibit distinct lexical signatures and clearly dif-
ferent document structure: 10-K reports concen-
trate heavily on company- and industry-specific
vocabulary, while Earnings Transcripts show the
most diverse vocabulary, reflecting broader ana-
lyst Q&A session patterns. This intra-corpus di-
versity means that a retrieval strategy optimized
for one document type may systematically under-
perform on others, underscoring the need for type-
aware retrieval approaches. These differences in-
formed the construction of our type-specific agent
prompts; top keywords by document type are
shown in Table 10.

Table 10 presents the top 6 keywords for each
of the four document types in the corpus. The
analysis reveals distinct lexical patterns. 10-
K reports exhibit highly concentrated, company-
and industry-specific vocabulary (98–99%), with
terms such as athletic and sport reflecting sec-
tor specialization. 10-Q and 8-K filings show
strong concentration (74–98%) with specialized

financial and procedural terminology. Earnings
Transcripts demonstrate the most diverse vocab-
ulary (36–58%), with comparative terms such as
twentieth and recalculate, reflecting the broader
conversational patterns of analyst Q&A sessions.
These distinct lexical profiles reinforce the need
for retrieval strategies tailored to specific docu-
ment types, and directly informed the construction
of our type-specific agent prompts.

A.7 Candidate Refinement Module Details
Operating on L2-normalized embeddings, where
cosine ranking coincides with Euclidean ranking
on the unit sphere, we define the base distance be-
tween a query q and candidate ci as

d(q, ci) = ∥êq − êci∥22 = 2− 2 ê⊤q êci , (1)

and let N(q, k1) be the set of k1 candidates with
the smallest d(q, ·). The k-reciprocal neighbor set
keeps only mutual neighbors,

R(q, k1) =
{
ci ∈ N(q, k1) | q ∈ N(ci, k1)

}
.
(2)

To recover true matches that fall just outside the
top k1 due to variation, we apply local expansion
using a smaller neighborhood k2 = ⌊k1/2⌋, merg-
ing in a neighbor’s reciprocal set only when the
two sets overlap substantially,

R∗(q, k1) = R ∪
⋃

cj∈R
|R∩Rj | ≥ 2

3
|Rj |

Rj . (3)
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Figure 5: Word count distribution for relevant and irrelevant chunks in the FinAgentBench chunk-ranking split.

Table 10: Top 6 keywords by document type in FinanceBench; ratios show corpus-relative frequency.

10-K 10-Q 8-K Earnings
Keyword Ratio Keyword Ratio Keyword Ratio Keyword Ratio

securely 99.00% mun 98.61% accession 96.55% twentieth 58.90%

restatement 99.00% min 85.71% chargeable 80.00% fragrance 43.33%

athletic 99.00% noncompensation 83.13% survivorship 77.27% recalculate 42.31%

george 98.99% aum 80.95% abstain 77.27% translational 40.24%

budgetary 98.99% logged 80.77% unbudgeted 74.36% eighteenth 40.00%

sport 98.99% nettable 80.00% bailiwick 73.85% shasta 36.21%

Writing R ≡ R(q, k1) and Rj ≡ R(cj , k2) for
brevity, each query/candidate is then encoded as a
sparse vector over the candidate pool, where mem-
bership in R∗ is softened into a Gaussian (expo-
nential) weight so that nearer reciprocal neighbors
count more,

Vq,ci =

{
e−d(q,ci), ci ∈ R∗(q, k1),

0, otherwise.
(4)

The contextual distance between q and ci is the
Jaccard distance between their encoded neighbor
vectors,
Table 11: End-to-end effect of the candidate-
refinement module on FinAgentBench chunk ranking
under PRISM settings. Cost and latency are per query.

Pipeline NDCG@5 MAP@5 MRR@5 $/query Lat. (s)

Baseline (Run 19) 0.61278 0.48092 0.83758 0.2778 136.7
TE3-S (top 100) 0.61839 0.47800 0.84358 0.2336 192.0
TE3-S (top 75) 0.61298 0.46744 0.83908 0.2214 171.9
TE3-S (top 50) 0.61070 0.45060 0.82450 0.1845 142.4
TE3-S→Cohere (top 75) 0.62418 0.47302 0.84450 0.2146 177.6
TE3-S→Cohere (top 50) 0.63408 0.48719 0.85042 0.1813 146.3
TE3-S→Cohere→k-recip (top 50) 0.60976 0.46944 0.81925 0.1812 148.6

Table 12: Embedding comparison on FiQA-2018 top-
1000 pool.

Retriever Recall@100 Recall@200 Recall@300 NDCG@10 MAP@10 MRR@10

TE3-S 0.7783 0.8423 0.8775 0.54988 0.36847 0.51945
BGE-M3 (dense) 0.7088 0.7800 0.8086 0.52972 0.33316 0.50064
BGE-M3 (sparse) 0.5133 0.5838 0.6242 0.36922 0.20623 0.32929
SPLADE-v3 0.6683 0.7301 0.7615 0.49281 0.30611 0.45961
BM25 0.3590 0.4223 0.4652 0.22782 0.11652 0.19854

Table 13: Embedding backbone selection on Fi-
nanceBench (150 QA). Cells show correct answers
(accuracy %) under shared-store conditions with
prompt P4, ICL-9.

Embedding GPT-5 gpt-oss-120b DeepSeek-V4-Flash grok-4-20-reasoning Llama-4-Maverick-17B-128E-Instruct-FP8

TE3-S 136 (90.7) 136 (90.7) 109 (72.7) 142 (94.7) 86 (57.3)
Cohere embed-english-v3.0 136 (90.7) 130 (86.7) 106 (70.7) 144 (96.0) 90 (60.0)
Cohere embed-v4.0 135 (90.0) 131 (87.3) 108 (72.0) 134 (89.3) 86 (57.3)

dJ(q, ci) = 1−
∑N

j=1min
(
Vq,cj , Vci,cj

)
∑N

j=1max
(
Vq,cj , Vci,cj

) , (5)

which is small when q and ci share many highly
weighted reciprocal neighbors, i.e. they are close
not only directly but also through common neigh-
bors (multi-hop similarity). The final distance lin-
early blends the direct and contextual signals,

d∗(q, ci) = λ d(q, ci) + (1− λ) dJ(q, ci), (6)
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Figure 6: Distribution of relevant documents per query in FiQA-2018.

Table 14: Reranker comparison on the FiQA-2018 TE3-S top-1000 pool.

Method Recall@100 Recall@200 Recall@300 NDCG@10 MAP@10 MRR@10

Cohere rerank-v4.0-fast 0.8115 0.8587 0.8940 0.6258 0.4370 0.6028
BGE reranker v2 m3 0.7439 0.8061 0.8483 0.5431 0.3465 0.5114
BGE-M3 ColBERT 0.7270 0.7960 0.8366 0.5401 0.3467 0.5120
ColBERTv2 0.6690 0.7474 0.7928 0.4747 0.2865 0.4338
Jina reranker v3 0.6497 0.7692 0.8209 0.4218 0.2244 0.3759

with λ ∈ [0, 1], and candidates are re-sorted in
ascending d∗.
Role of each variable. Equation (1)’s d(q, ci)
is the direct semantic distance from the embed-
ding model. The L2 normalization makes it order-
equivalent to cosine similarity. The reciprocity
condition q ∈ N(ci, k1) in Eq. (2) is the core ro-
bustness mechanism: it discards candidates that
lie near q but whose own neighborhoods do not
contain q (e.g. hub passages that are generically
close to everything), keeping only genuinely mu-
tual matches. The two neighborhood sizes trade
recall against precision:

• k1 sets how many candidates are eligible as
reciprocal neighbors. A larger k1 admits

Table 15: End-to-end effect of the candidate-
refinement module on FiQA-2018 (TE3-S top-1000
pool).

Pipeline Recall@100 NDCG@10 MAP@10 MRR@10

TE3-S 0.77830 0.54988 0.36847 0.51945
TE3-S→Cohere 0.81150 0.62580 0.43704 0.60276
TE3-S→Cohere→GPT-5 0.83066 0.62426 0.43550 0.60122
TE3-S→Cohere→k-recip 0.83260 0.63333 0.45002 0.60058

more candidates (higher recall, more noise);
a smaller k1 is stricter (higher precision, risk
of dropping true matches). Our implementa-
tion also allows an asymmetric query-side k1,
letting the query use a different neighborhood
width from the candidates.

• k2 = ⌊k1/2⌋ controls local expansion
(Eq. (3)); the 2

3 overlap threshold guards
against merging unrelated neighbor sets, so
expansion recovers near-miss true matches
without injecting noise.

• The exponential weighting in Eq. (4) con-
verts hard set membership into soft weights,
so the Jaccard overlap in Eq. (5) emphasizes
the closest shared neighbors rather than treat-
ing all neighbors equally.

• λ in Eq. (6) balances the embedding/reranker
score against neighborhood consensus: λ→1
trusts the direct distance alone, while λ →
0 relies entirely on reciprocal-neighborhood
overlap. Intermediate values let contextual
consensus promote true positives that the
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single-vector distance underranks.

Stage ordering. Because reranking and k-
reciprocal encoding are independent operations,
we ablate their composition to quantify the con-
tribution of each and the effect of order. Re-
sults across FiQA-2018 and FinAgentBench (Ap-
pendix A.7.2 and Appendix A.8) show that
the benefit of k-reciprocal encoding is dataset-
dependent, motivating 3R’s modular, swap-in de-
sign.

A.7.1 Embedding Backbone Selection
The retrieve stage is a dense retriever whose re-
call upper-bounds everything downstream. We
compare text-embedding-3-small (TE3-S) against
open dense, sparse, and late-interaction retriev-
ers on FiQA-2018 and against Cohere embed-
english-v3.0 and embed-v4.0 on FinanceBench,
under identical pools and cutoffs. TE3-S attains
the highest first-stage recall and ranking quality
on FiQA (Appendix Table 12), and supplies the
most consistent downstream QA accuracy across
five LLM backbones on FinanceBench (Appendix
Table 13). We therefore adopt it as the default first-
stage retriever, since it generalizes across retrieval-
centric and answer-centric tasks and across model
families, so one backbone serves both paths.

A.7.2 Reranker Comparison and Selection
We compare Cohere rerank-v4.0-fast, Col-
BERTv2, BGE-M3 ColBERT, BGE reranker v2
m3, and Jina reranker v3 on the same TE3-S pool
for FiQA-2018 (top-1000 of the 57.6K-passage
corpus; Appendix Table 14) and FinAgent-
Bench chunk ranking (Appendix Table 16).
On FinAgentBench, refinement applies only to
chunk ranking, since document ranking uses
no embeddings and each query already arrives
with a few hundred candidate chunks that the
reranker compresses to the top ≤100. One pattern
holds across both datasets: reranker quality is
decisive and weak rerankers degrade perfor-
mance. Only Cohere improves over the TE3-S
first stage on both recall and ranking, raising
FiQA Recall@100 from 0.7783 to 0.8115 and
NDCG@10 from 0.5499 to 0.6258, and reaching
the best reranker-only Recall@50 of 0.8725 and
NDCG@5 of 0.5464 on FinAgentBench. The
others generally fall below the embedding base-
line on recall, pushing relevant candidates below
the cutoff instead of promoting them. Reranker

selection, not merely its presence, is the design
decision, and we adopt Cohere as the default.

A.8 K-Reciprocal Encoding & Stacking
Order

The refine stage, k-reciprocal encoding, is a geo-
metric, training-free step that reorders candidates
by mutual-neighborhood consensus rather than
by new semantic signal. We study k-reciprocal
alone, both stacking orders with each reranker
(reranker→k-recip and k-recip→reranker), and
how the benefit depends on corpus size.

On the large FiQA corpus (Table 19), k-
reciprocal encoding is consistently beneficial
when applied after a reranker, and the after order
dominates the before order. It recovers recall that
weaker rerankers discard, lifting Jina reranker v3
from 0.6497 to 0.7809 Recall@100, ColBERTv2
from 0.6690 to 0.7520, and BGE reranker v2
m3 from 0.7439 to 0.7896 while still adding to
the strongest reranker, taking Cohere rerank-v4.0-
fast from 0.8115 to the best overall 0.8326 Re-
call@100 (NDCG@10 0.6333). On a large pool
with many near-neighbors, geometric consensus
thus supplies complementary signal, dispropor-
tionately helping weak rerankers but still improv-
ing the strong one.

The picture inverts on FinAgentBench (Ta-
ble 18). As each query is already paired with a
few hundred topically related chunks that are fil-
tered to ≤100, the candidate set is small and se-
mantically homogeneous, leaving little geometric
structure for k-reciprocal encoding to exploit. No
stacking configuration exceeds the reranker-only
Cohere rerank-v4.0-fast result (cf. Table 16), and
stacking often harms it: applying k-reciprocal af-
ter Cohere rerank-v4.0-fast drops NDCG@5 from
0.5464 to 0.2829, as the geometric encoding re-
orders an already well-ordered, semantically tight
set. The guidance is therefore corpus-dependent:
stack k-reciprocal after a strong reranker for large,
sparse corpora, but rely on the reranker alone for
small, pre-filtered candidate sets, where the extra
stage adds cost without accuracy gain.
Where the crossover is. Not a single num-
ber, but a measurable predictor: how much re-
call the upstream stage leaves behind. Across
the rerankers in Tables 19 and 18, the gain from
adding k-reciprocal falls monotonically as the up-
stream stage’s own Recall@100 rises, as Table 17
shows. Two corpora cannot fix a threshold, but
they do show what the threshold would be track-
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Table 16: Reranker comparison on FinAgentBench chunk ranking.

Method Recall@25 Recall@50 Recall@75 NDCG@5 MAP@5 MRR@5

Cohere rerank-v4.0-fast 0.7850 0.8725 0.9088 0.5464 0.4070 0.7632
BGE reranker v2 m3 0.5975 0.7600 0.8675 0.3211 0.2330 0.5197
BGE-M3 ColBERT 0.6500 0.7875 0.8838 0.3115 0.2155 0.5113
ColBERTv2 0.5825 0.7500 0.8675 0.2928 0.2053 0.5218
Jina reranker v3 0.7200 0.8250 0.8888 0.4508 0.3071 0.6692

ing. This is why the effect tracks corpus size, and
it makes the guidance concrete rather than replac-
ing it. FiQA’s top-1000 pool is large and sparse,
so a reranker still leaves relevant passages behind
and k-reciprocal recovers some of them. FinA-
gentBench pairs each query with a few hundred
topically related chunks already filtered to ≤100,
where Cohere reaches Recall@50 = 0.8725 (Ta-
ble 16) against Recall@100 = 0.8115 on FiQA
(Table 14), so it is better covered at a tighter cut-
off and has less headroom left. So the answer we
can give is a test rather than a threshold: measure
the upstream stage’s recall at your operating cut-
off, and add k-reciprocal only if it is leaving rel-
evant candidates behind and a downstream ranker
will re-order its output. Corpus size remains the
right rule of thumb, and this is the quantity a prac-
titioner can check directly on their own pool in-
stead of guessing where the size boundary falls.
Table 17: The gain from adding k-reciprocal encoding
declines monotonically as upstream recall rises. FiQA-
2018 TE3-S top-1000 pool, Recall@100.

Upstream reranker Recall@100 alone + k-recip Gain

Jina reranker v3 0.6497 0.7809 +0.131
ColBERTv2 0.6690 0.7520 +0.083
BGE-M3 ColBERT 0.7270 0.7910 +0.064
BGE reranker v2 m3 0.7439 0.7896 +0.046
Cohere rerank-v4.0-fast 0.8115 0.8326 +0.021

When to add k-reciprocal encoding. Corpus
size is the usual rule of thumb, but the quantity
it tracks is directly measurable: how much re-
call the upstream stage leaves behind. Across the
five rerankers on the same FiQA pool, the gain
from adding k-reciprocal falls monotonically as
the upstream stage’s own Recall@100 rises, from
+0.131 at 0.6497 (Jina v3) to +0.021 at 0.8115
(Cohere), passing through +0.083, +0.064, and
+0.046 (Appendix Tables 19 and 18). FinAgent-
Bench sits at the saturated end of that same rela-
tionship rather than in a separate regime: its chunk
pools arrive filtered to ≤100 and Cohere reaches
Recall@50 of 0.8725 there, so adding the stage in-
stead drops reranker-only chunk NDCG@5 from
0.5464 to 0.2829. The guidance is therefore a test

rather than a threshold: add k-reciprocal only if
the upstream stage is still leaving relevant can-
didates behind at your operating cutoff and a
downstream ranker will re-order its output. For
FinAgentBench-like pre-filtered pools, use Co-
here refinement alone, at the price of roughly 10 s
of added latency per query.

A.9 Different Prompt Versions

The non-agentic prompt templates are designed
for single LLM workflows, where the model in-
dependently performs the complete ranking pro-
cess using structured system instructions. These
prompts emphasize logical consistency, domain
alignment, and interpretable reasoning. For
document ranking, the progression moves from
domain-guided heuristics to combined reasoning
frameworks. For chunk ranking, prompts evolve
from a pure ReAct framework to integrated multi-
strategy approaches. Specifically, the prompt iter-
ations are as follows:

• P1: For document ranking, introduces
domain-specific keyword hints and statis-
tical cues to guide relevance assessment.
For chunk ranking, employs a ReAct-style
framework that interleaves internal reason-
ing with action steps, requiring the model to
think step-by-step before outputting ranked
indices.

• P2: For document ranking, enhances P1

with detailed statistical keyword associations
(e.g., word frequency ratios per document
type) to improve discriminative power. For
chunk ranking, combines Chain-of-Thought
(CoT), ReAct, and Tree-of-Thought (ToT)
strategies, introducing multi-expert simula-
tion where three analysts reason collabora-
tively and prune incorrect paths.

• P3: Adopts a unified multi-strategy frame-
work for both document and chunk rank-
ing, integrating CoT decomposition, ReAct
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Table 18: Stacking k-reciprocal encoding with rerankers on FinAgentBench chunk ranking (TE3-S top-100).
Method Recall@25 Recall@50 Recall@75 Recall@100 NDCG@5 MAP@5 MRR@5

TE3-S→k-recip (only) 0.5925 0.7850 0.8875 0.9325 0.28638 0.20450 0.44708

k-reciprocal → reranker (before)

TE3-S→k-recip→Cohere rerank-v4.0-fast 0.7713 0.8575 - - 0.54171 0.40515 0.75558
TE3-S→k-recip→BGE-M3 ColBERT 0.6625 0.8075 - - 0.31584 0.21854 0.52108
TE3-S→k-recip→BGE reranker v2 m3 0.5975 0.7863 - - 0.32410 0.23556 0.52400
TE3-S→k-recip→Jina reranker v3 0.7188 0.8250 - - 0.44356 0.30575 0.64333
TE3-S→k-recip→ColBERTv2 0.5888 0.7488 - - 0.29552 0.20675 0.52258

reranker → k-reciprocal (after)

TE3-S→Cohere rerank-v4.0-fast→k-recip 0.6625 0.8725 - - 0.28286 0.20215 0.44825
TE3-S→BGE-M3 ColBERT→k-recip 0.6313 0.8113 - - 0.28828 0.20427 0.46533
TE3-S→BGE reranker v2 m3→k-recip 0.6288 0.8013 - - 0.29497 0.20388 0.45925
TE3-S→Jina reranker v3→k-recip 0.6338 0.8138 - - 0.29448 0.20833 0.47100
TE3-S→ColBERTv2→k-recip 0.5988 0.8088 - - 0.29540 0.21052 0.47683

End to end pipeline

TE3-S (top-100)→GPT-5 0.6938 0.8263 0.8888 0.9325 0.61839 0.47800 0.84358
TE3-S (top-75)→GPT-5 0.6938 0.8263 0.8888 - 0.61298 0.46744 0.83908
TE3-S (top-100)→Cohere rerank-v4.0-fast (top-75)→GPT-5 0.7850 0.8725 0.9088 - 0.62418 0.47302 0.84450
TE3-S (top-50)→GPT-5 0.6938 0.8263 - - 0.61070 0.45060 0.82450
TE3-S (top-100)→Cohere rerank-v4.0-fast (top-50)→GPT-5 0.7850 0.8725 - - 0.63408 0.48719 0.85042
TE3-S (top-100)→k-recip→Cohere rerank-v4.0-fast(top-50)→GPT-5 0.7713 0.8575 - - 0.60976 0.46944 0.81925

Table 19: Stacking k-reciprocal encoding with rerankers on FiQA-2018 (TE3-S top-1000).

Method Recall@100 Recall@200 Recall@300 NDCG@10 MAP@10 MRR@10

TE3-S→k-recip (only) 0.7824 0.8484 0.8839 0.53021 0.34970 0.48821

k-reciprocal → reranker (before)

TE3-S→k-recip→Cohere rerank-v4.0-fast 0.8140 0.8687 - 0.62853 0.44082 0.60662
TE3-S→k-recip→BGE-M3 ColBERT 0.7520 0.8356 - 0.54163 0.34939 0.51403
TE3-S→k-recip→BGE reranker v2 m3 0.7690 0.8490 - 0.54820 0.35141 0.51668
TE3-S→k-recip→Jina reranker v3 0.7755 0.8595 - 0.49708 0.28377 0.45946
TE3-S→k-recip→ColBERTv2 0.7160 0.8114 - 0.48290 0.29042 0.43978

reranker → k-reciprocal (after)

TE3-S→Cohere rerank-v4.0-fast→k-recip 0.8326 0.8743 - 0.63333 0.45002 0.60058
TE3-S→BGE-M3 ColBERT→k-recip 0.7910 0.8247 - 0.56720 0.38213 0.53533
TE3-S→BGE reranker v2 m3→k-recip 0.7896 0.8332 - 0.58122 0.39079 0.55393
TE3-S→Jina reranker v3→k-recip 0.7809 0.8132 - 0.58378 0.38692 0.55994
TE3-S→ColBERTv2→k-recip 0.7520 0.7826 - 0.48667 0.29597 0.44702

End to end pipeline

TE3-S→Cohere rerank-v4.0-fast→GPT-5 0.8307 0.8566 - 0.62426 0.43550 0.60122

alternation, and ToT multi-expert simulation.
Emphasizes explicit step-by-step reasoning
with domain-specific hints for financial con-
cepts.

• P4: Refines the P3 framework with stream-
lined instructions and consistent terminology
across document and chunk ranking tasks,
maintaining the combined CoT, ReAct, and
ToT reasoning strategies.

The prompts differ in a specific way: P1 sup-
plies domain keyword hints and statistical cues
only, while P2 to P4 add a structured relevance
scaffold combining CoT decomposition, ReAct al-
ternation and ToT multi-expert simulation. P4 is
P3 with streamlined instructions and terminology
unified across the document and chunk stages, so
the difference between them is consistency and
output discipline, not length or verbosity.

Matched on model and ICL, GPT-5-mini at both
stages with no exemplars, Table 20 reports the four
prompts on both evaluation bases. The explana-
tion therefore has two parts. The step that carries
the effect is adding the scaffold: P1 is the weak-
est of the four on both evaluation bases. Within
the scaffolded set, P4 is the strongest on the re-
annotated set and within 0.0012 of the strongest on
the original leaderboard, which is why it is stan-
dardized for the later experiments: it is the only
prompt that is at or near the top on both bases, so
it is the safest default rather than a large win. We
state the claim at that strength, as reliability rather
than as a per-prompt gap, which is also consistent
with the observation that the best prompt form dif-
fers by benchmark.

We also make explicit a dependency that is easy
to miss: chunk scores depend on the document
stage, because the chunk ranker only sees chunks
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from the documents the first stage selected. That
is why prompt effects are discussed at the pipeline
level rather than attributed to the chunk prompt
alone.
Table 20: Prompt variants matched on model and ICL
(GPT-5-mini at both stages, no exemplars), on both
evaluation bases. Combined NDCG@5.

Prompt Run Re-annotated Original private

P1 2 0.75759 0.66628
P2 9 0.76649 0.66774
P3 12 0.76287 0.69019
P4 13 0.77668 0.68895

The complete prompt templates for document
ranking (Table 43) and chunk ranking (Table 44)
are provided in Appendix A.19.

A.10 In-Context Learning Retrieval Details

The FAISS index is built offline from the training
split: each query–document/chunk pair is embed-
ded using OpenAI text-embedding-3-small, and
all embeddings are stored with their ground-truth
rankings. At inference time, the k nearest neigh-
bors of the incoming query are retrieved by co-
sine similarity and formatted as ordered few-shot
demonstrations prepended to the system prompt.
The resulting prompt is therefore dynamic, adapt-
ing to the semantic characteristics of each user
query rather than relying on a static template. ICL
exemplar count k was varied from 5 to 15 in ab-
lation experiments. Beyond k = 5, chunk rank-
ing performance degraded due to context overload,
whereas document ranking benefited from k = 5
shots with no gain from additional examples.

ICL retriever against candidate-refinement re-
triever. They are not redundant: the two share
TE3-S as an embedding backbone but query dif-
ferent indexes and act at different points in the
pipeline (Table 21). The distinction is visible em-
pirically, because the two have opposite effects on
the same stage. ICL improves document rank-
ing but is not the default for chunk ranking, since
exemplars consume the context chunk evidence
needs. Candidate refinement shortens chunk in-
put by shrinking the pool the LLM sees: on FinA-
gentBench chunk ranking, TE3-S to Cohere top-
50 yields a higher observed NDCG@5 (0.63408
vs. 0.61278) and reduces cost from USD 0.2778 to
USD 0.1813 per query (Appendix Table 11). One
adds context, the other removes it, and the results
follow that difference.

Table 21: The two retrievers in PRISM share an em-
bedding backbone but query different indexes and act
at different points.

ICL retriever Candidate-refinement retriever

Index queried training-split exemplar store document or chunk corpus for the current query
Output few-shot demonstrations prepended to the prompt candidates to be ranked
Changes the candidate set? no yes
Role task adaptation pool construction and context compression

A.11 Multi-Agent System Architecture
Details

This section provides comprehensive implemen-
tation details for the Multi-Agent System (MAS)
modeling architectures used in PRISM, including
the document ranking workflow and four chunk
ranking variants (A1–A4). All architectures are il-
lustrated in Figure 7.

A.11.1 Agent Definitions

We adopt a state-graph framework implemented
using LangGraph (LangChain, 2023), where each
agent is an LLM instance with a specialized sys-
tem prompt defining its role and scoring crite-
ria. Document ranking employs a fixed configu-
ration: a Question Analyzer that extracts key en-
tities and intent from the query, followed by five
Document Expert agents (one per SEC filing type:
10-K, 10-Q, 8-K, DEF 14A, and Earnings Tran-
scripts) that score documents based on domain-
specific relevance criteria. For chunk ranking,
we define specialized agents including: Finan-
cial Analyst (evaluates quantitative metrics and fi-
nancial data), Risk Analyst (assesses operational
and regulatory risks), Evidence Extractor (iden-
tifies concrete supporting facts), Contextual Rea-
soner (evaluates explanatory content), and filter-
ing agents such as Quick Filter and Noise Re-
mover.

A.11.2 Interaction Process

Agents communicate through a shared state graph
where each node represents an agent and edges
define information flow. In a typical workflow:
(1) input chunks are passed to filtering agents that
assign preliminary relevance scores; (2) filtered
candidates flow to scoring agents that indepen-
dently evaluate chunks on a 1–10 scale based on
their specialized criteria; (3) scores are aggregated
through weighted averaging or voting to produce
final rankings. The graph topology determines
whether agents operate in parallel (simultaneous
scoring) or sequentially (pipeline filtering). All
agent prompts are provided in Table 46.
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A.11.3 State Management and Information
Flow

All MAS architectures maintain a shared state
graph implemented through LangGraph’s State-
Graph abstraction. Information flows through the
graph according to predefined edges connecting
agent nodes. Parallel agents (e.g., scoring agents
in A1) execute simultaneously without inter-agent
communication, reducing coordination complex-
ity. Sequential pipelines (A2, A3) enforce strict
ordering where downstream agents only receive
filtered candidates from upstream stages, creating
potential bottlenecks if early filtering is overly ag-
gressive. The state contains the input data, inter-
mediate outputs, and aggregated results.

A.11.4 Run-Level Findings and Deployment
Implications

After defining the document agents, chunk-
ranking variants, and LangGraph information flow
above, we summarize how these MAS designs be-
have empirically. The ablations show that agentic
workflows are constrained by model capacity and
graph depth. With GPT-4o-mini, deeper chunk-
ranking pipelines perform poorly: A2 reaches
0.51994 combined NDCG@5 (Run 22) and A3

reaches 0.52031 (Run 24), indicating that filter-
ing and scoring errors compound across sequential
stages. Scaling the same A3 design to GPT-5-mini
raises combined NDCG@5 to 0.72353 (Run 25),
showing that MAS requires sufficiently capable
agents to maintain coherent intermediate outputs.

Hybrid workflows further clarify where MAS is
useful. Configurations that keep agentic reason-
ing at the document level but use a non-agentic
chunk ranker perform strongly, reaching 0.77104
(Run 35) and 0.78157 (Run 36). This supports the
deployment recommendation in the main text: use
MAS selectively for coarse document-level rout-
ing or reasoning, but prefer simpler single-model
or lightly coordinated designs for chunk ranking,
where latency, token cost, and false-negative filter-
ing risk are higher.

A.11.5 Document Ranking Workflow
The document ranking workflow (Figure 7a) fol-
lows a two-stage architecture designed to handle
heterogeneous financial document types with spe-
cialized domain expertise. The workflow begins
with a Question Analyzer agent that processes the
user query to extract key entities and classify the
query relevance to the corresponding agents’ ex-

pertise. This structured analysis is then distributed
to five parallel Document Expert agents, each spe-
cialized in a specific SEC filing type:

• 10-K Expert: Evaluates annual reports, fo-
cusing on comprehensive financial state-
ments, business operations, and risk factors
disclosed in Form 10-K filings.

• 10-Q Expert: Assesses quarterly reports, pri-
oritizing interim financial performance, man-
agement discussion and analysis (MD&A),
and quarterly updates.

• 8-K Expert: Analyzes current reports for ma-
terial events, corporate announcements, and
time-sensitive disclosures.

• DEF14A Expert: Reviews proxy statements
for governance information, executive com-
pensation, and shareholder proposals.

• Earnings Transcript Expert: Evaluates earn-
ings call transcripts for management com-
mentary, forward guidance, and analyst Q&A
insights.

Each document expert scores documents on
a 0–4 scale based on relevance to the ana-
lyzed query intent. Scores are then aggregated
through weighted averaging, where weights are
determined by document type relevance to the
query category provided by the question analyzer.
This parallel scoring approach ensures domain-
appropriate evaluation while maintaining compu-
tational efficiency, as document experts operate si-
multaneously without sequential dependencies.

A.11.6 Chunk Ranking Workflow Variants
The chunk ranking workflows (Figures 7b–7e)
represent four architectural variants with progres-
sively simplified designs, each exploring different
trade-offs between reasoning depth, error propa-
gation, and computational cost.
A1: Direct Scoring Ensemble (Figure 7b) im-

plements a single-stage parallel scoring approach
with four domain-expert agents operating simulta-
neously:

• CEO Agent: Evaluates strategic relevance
and high-level business implications.

• Financial Analyst: Assesses quantitative
metrics, financial ratios, and numerical evi-
dence.
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• Operations Manager: Focuses on operational
details, business processes, and execution as-
pects.

• Risk Analyst: Identifies risk factors, uncer-
tainties, and potential adverse impacts.

Each agent independently scores all candidate
chunks on a 1–10 scale according to its specialized
criteria. Final rankings are determined through
simple averaging of the four scores. This archi-
tecture minimizes pipeline depth to reduce error
accumulation and analyzes chunks from different
perspectives.
A2: Three-Stage Deep Pipeline (Figure 7c) im-

plements the most complex workflow with three
sequential stages designed for sequential filtering
and specialized evaluation:

1. Noise Removal Stage: A Noise Remover
agent filters out clearly irrelevant chunks
(boilerplate text, legal disclaimers, table frag-
ments) to reduce downstream computational
burden.

2. Candidate Selection Stage: A Candidate Se-
lector agent performs secondary filtering, re-
taining only chunks with potential relevance
based on keyword matching and semantic
proximity.

3. Ensemble Scoring Stage: Four specialized
agents score the filtered candidates:

• Relevance Scorer: Direct query-chunk
semantic alignment.

• Contextual Reasoner: Evaluates ex-
planatory content and contextual com-
pleteness.

• Evidence Extractor: Identifies concrete
supporting facts and data points.

• Diversity Agent: Ensures ranking diver-
sity to avoid redundant information.

While this deep architecture aims to progres-
sively refine candidates, our experiments reveal it
suffers from over-filtering and cascading errors,
where early-stage false negatives cannot be recov-
ered in later stages, leading to degraded recall per-
formance.
A3: Two-Stage Balanced Pipeline (Figure 7d)

simplifies A2 by reducing to two stages while
maintaining filtering benefits:

1. Quick Filtering Stage: A Quick Filter agent
performs lightweight relevance assessment,
applying looser thresholds than A2’s Noise
Remover to preserve recall.

2. Specialized Scoring Stage: Three focused
agents evaluate filtered chunks:

• Relevance Scorer: Query-chunk align-
ment assessment.

• Contextual Reasoner: Contextual ade-
quacy and explanatory quality.

• Evidence Extractor: Concrete evidence
identification.

This architecture balances pipeline depth with
stability, reducing error propagation risks while
maintaining some computational efficiency gains
from preliminary filtering.
A4: Minimal Two-Agent System (Figure 7e)

represents the simplest viable MAS configuration
with direct parallel scoring by two complementary
agents:

• Financial Analyst: Focuses on quantitative
evidence and financial metrics.

• Risk Analyst: Evaluates qualitative risk fac-
tors and uncertainties.

By eliminating filtering stages and reducing agent
count, it minimizes interaction complexity and er-
ror propagation pathways. This minimalist design
performed comparably to or better than deeper ar-
chitectures in our experiments, as reduced error
propagation outweighs ensemble benefits.

A.11.7 Prompt Engineering for Agent Roles
Each agent receives a specialized system prompt
defining its role, evaluation criteria, and output
format. For document ranking, expert prompts
specify document-type-specific relevance factors.
For chunk ranking, scoring agents receive detailed
rubrics mapping scores 1–10 to specific evidence
characteristics. Filtering agents use binary deci-
sion criteria with explicit instructions to prefer re-
call over precision. All agent prompts are pro-
vided in Table 45 and Table 46.

A.11.8 Aggregation and Ranking Logic
Score aggregation varies by architecture. Sim-
ple averaging is used in chunk ranking where all
agents have equal weight. In document ranking,
we implement weighted averaging where weights
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(a) Document ranking workflow (b) A1: Direct scoring ensemble

(c) A2: Three-stage deep pipeline (d) A3: Two-stage balanced pipeline

(e) A4: Minimal two-agent system

Figure 7: Multi-Agent System architectures for PRISM. (a) Document ranking workflow. (b)–(e) Chunk ranking
variants.
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reflect agent reliability and query-dependent rele-
vance. Final rankings are produced by sorting can-
didates by aggregated score in descending order,
with ties broken by original retrieval rank.

A.12 Implementation Details

A.12.1 Model Provider Selection
Experiments used an Azure-hosted API deploy-
ment for enterprise access control and repro-
ducibility, with all models accessed through the
Azure ecosystem. This deployment setting mo-
tivated our focus on OpenAI GPT models as
the closed-source model family, while the open-
source models assess PRISM’s generalizability
beyond a single model family. Beyond operational
accessibility, OpenAI’s models remain among the
most benchmarked proprietary LLMs on financial
tasks (Bigeard et al., 2025), offering strong reli-
ability as a baseline. The exact versions of the
eight foundation models used in our experiments
are provided below:

1. GPT-4o-mini: gpt-4o-mini-2024-07-18

2. GPT-4.1: gpt-4.1-2025-04-14

3. GPT-5-mini: gpt-5-mini-2025-08-07

4. GPT-5: gpt-5-2025-08-07

5. DeepSeek-V4-Flash

6. gpt-oss-120b

7. grok-4-20-reasoning

8. Llama-4-Maverick-17B-128E-Instruct-FP8

The retrieval pipeline was implemented using a
FAISS vector store with two OpenAI embed-
ding backbones: text-embedding-3-small (TE3-
S) and text-embedding-3-large (TE3-L). Multi-
agent workflows were constructed with Lang-
Graph (v1.0.3), and all models were accessed
through the OpenAI Python SDK (v2.3.0).

A.12.2 LangGraph Selection
LangGraph was selected to manage multi-agentic
workflows due to its modular design, strong com-
munity support, and active maintenance. As a
widely adopted framework, it provides a stable
and extensible foundation for orchestrating com-
plex agent interactions with precise control over
information flow. Its high degree of customizabil-
ity enables flexible integration with diverse tools,
APIs, and models, making it adaptable to various

use cases. Additionally, its emphasis on maintain-
ability and observability supports both rapid pro-
totyping during development and scalable deploy-
ment in production. These factors make Lang-
Graph a suitable choice for orchestrating complex
MAS financial reasoning pipelines while ensuring
long-term sustainability in both research and ap-
plied settings.

A.12.3 Prompt Selection in Agentic
Workflow

We fixed the prompt version to P1 for both chunk-
and document-ranking tasks in all agentic work-
flow experiments to ensure controlled and inter-
pretable results. This allowed us to isolate the ef-
fects of architectural modifications, ensuring that
any performance differences could be attributed
to changes in agent coordination rather than con-
founded by prompt variation. Furthermore, sys-
tem prompts in a multi-agent setup serve dis-
tinct roles across agents, and later prompt ver-
sions contain more complex instructions that do
not generalize well across heterogeneous agent re-
sponsibilities. For example, in Run 32, perfor-
mance deteriorated when applying the P4 prompt
to the document-ranking task, as the increased rea-
soning complexity introduced confusion among
agents. Similarly, attempting to use P4 for chunk-
ranking tasks in the hybrid workflow revealed
practical constraints as the expanded prompt fre-
quently exceeded token limits due to the large
chunk sizes. For these reasons, we maintained
a consistent and lightweight prompt configuration
while experimenting with different agentic archi-
tectures, ensuring comparability, scalability, and
clarity in performance attribution. This setup in-
troduces a prompt asymmetry, since most agen-
tic experiments use P1 while the best non-agentic
result uses P4. That asymmetry is why the pa-
per’s multi-agent conclusion does not rest on those
runs: Runs 33 and 34 apply P4 under A4 and
are matched to non-agentic controls on prompt,
model, and exemplars, so the comparison in Sec-
tion 5.3 isolates architecture. Run 32, which is
P4 on document and P1 on chunk, is prompt-
mismatched and is excluded from that analysis.

A.13 Quantitative Results

A.13.1 FinAgentBench
Full per-run grid. Table 23 is the complete con-
figuration grid, moved here from the main text so
that the main narrative carries only the decision-
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Table 22: FinAgentBench leaderboard results.
Rank Team NDCG@5 Score (Private) Code Released Fine-tuning

1 memex 0.72497 N/A Yes
2 Yuzhen Hu 0.72328 N/A Yes
3 Ours 0.71181† On acceptance No
4 rlawnsxo 0.70601 N/A N/A
5 currio 0.70195 N/A N/A
6 kaggleslasher 0.69985 N/A N/A
7 Gautam Jajoo 0.69774 N/A N/A
8 RagTag 0.69173 N/A N/A
9 ART YOUNG 0.69162 N/A N/A

10 liangjiang chen 0.69081 N/A N/A

†Score from the submission selected during the competition.
Our best observed score across repeated runs of the same

configuration (Run 19) is 0.71818 (Appendix A.15).

relevant comparisons. All NDCG@5, MAP@5,
and MRR@5 values in it are on the re-annotated
basis (Section 3.1); leaderboard-basis scores for
the subset of configurations that have them are in
Table 5. Runs 37–40 are post-competition runs
and exist on the re-annotated basis only.

Table 22 reports the final private-subset leader-
board rankings. The top three methods show a
small performance gap relative to the remaining
teams. The memex team’s solution employed a
pool-of-experts of five different LLMs for pre-
filtering and 65 agents for chunk retrieval and
reranking, with an embedding model fine-tuned
for 30 epochs on FinAgentBench training data.
The second-ranked Yuzhen Hu team’s solution
used three MiniLM models fine-tuned separately
for document retrieval, chunk retrieval, and cross-
encoder reranking. In contrast, PRISM is training-
free and relies on off-the-shelf LLMs with engi-
neered prompts and lightweight multi-agent coor-
dination. The performance gap between PRISM
and the top two fine-tuned approaches (∆ ≈
0.005–0.007 NDCG@5 on the private subset) is
modest and reflects the expected trade-off of for-
going task-specific fine-tuning.

A.13.2 FiQA-2018

Table 26 reports the traditional baselines, and Ta-
ble 27 provides the full FiQA model-by-prompt
breakdown, including zero-shot and ICL results.

Examining the prompt design progression re-
veals nuanced performance patterns. P1, which
employs a straightforward prompting strategy, es-
tablishes a strong baseline with GPT-5 achiev-
ing 0.6130 NDCG@10 and 0.8045 Recall@100.
P2, which integrates key contextual information,
demonstrates comparable performance of 0.6095
NDCG@10 and 0.8094 Recall@100 with GPT-5,
suggesting that additional context maintains effec-
tiveness while potentially offering enhanced inter-
pretability. P3, which utilizes Chain-of-Thought
(CoT) reasoning, achieves the highest NDCG@10

of 0.6197, indicating that structured reasoning par-
ticularly benefits ranking precision at top posi-
tions. Interestingly, P4, which refines P3 with
streamlined instructions and stricter output for-
matting while maintaining the combined CoT, Re-
Act, and ToT strategies, shows slightly lower per-
formance of 0.6070 NDCG@10, suggesting that
its more constrained output structure is less well
aligned with FiQA’s passage reranking format
than P3’s more expressive reasoning scaffold.

The impact of ICL varies significantly by model
capability, revealing important insights for practi-
cal deployment. ICL proves particularly beneficial
for models with more limited reasoning capabili-
ties, as evidenced by GPT-4.1’s consistent perfor-
mance gains across all prompts (e.g., 23.5% im-
provement in NDCG@10 for P1). This occurs
because ICL provides concrete demonstrations of
task structure and expected reasoning patterns, ef-
fectively compensating for limited inherent rea-
soning capacity. In contrast, GPT-5 shows only
marginal variation with ICL (ranging from small
declines to small gains depending on prompt),
while GPT-5-mini is consistently hurt by ICL on
FiQA (e.g., P1: 0.5565 to 0.5171, P4: 0.5269 to
0.4615), suggesting that for capable models the in-
context examples consume context budget without
providing proportional guidance benefit on this
passage-level task. This differential ICL sensi-
tivity suggests that smaller or less capable mod-
els can be substantially enhanced through careful
example selection, while more advanced models
require task-specific validation before activating
ICL.

The open-source model evaluations using P4

further validate PRISM’s generalizability beyond
a single model family. All four models sub-
stantially outperform the BM25+CE baseline un-
der both zero-shot and ICL-5 conditions, with
NDCG@10 ranging from 0.552 to 0.583, trail-
ing GPT-5 by a modest margin. Notably, gpt-oss-
120b achieves the strongest open-source result of
0.5833 NDCG@10 under ICL-5, approaching the
performance of GPT-5-mini. The effect of ICL
across these models is consistent but marginal,
with ICL-5 yielding small improvements over
zero-shot across all four models, suggesting
that they already possess sufficient instruction-
following capacity to perform the reranking
task without extensive demonstration examples.
The relatively uniform performance across archi-
tecturally diverse models, spanning mixture-of-
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Table 23: Ablation studies of document and chunk ranking configurations across different workflows, scored
against our re-annotated evaluation set. Run 19 is shown in bold because it is the configuration submitted during
the competition, not because it is the highest-scoring run here.

ID Document Ranking Configuration Chunk Ranking Configuration Agentic Configuration Total Scores

Prompt Model ICL/Embedding Prompt Model ICL/Embedding Doc. Agent Chunk Agent NDCG@5 MAP@5 MRR@5

Non-Agentic Workflow

1 P1 GPT-4.1 N/A P1 GPT-4.1 N/A N/A 0.78163 0.70815 0.91392
2 P1 GPT-5-mini N/A P1 GPT-5-mini N/A N/A 0.75758 0.69190 0.90284
3 P1 GPT-5-mini N/A P1 GPT-4.1 N/A N/A 0.77879 0.70778 0.91517
4 P1 GPT-4.1 N/A P1 GPT-5-mini N/A N/A 0.76043 0.69228 0.90158
5 P1 GPT-4.1 N/A P2 GPT-5-mini N/A N/A 0.77001 0.69818 0.91263
6 P1 GPT-5-mini N/A P3 GPT-5-mini N/A N/A 0.76337 0.69812 0.90734
7 P2 GPT-5-mini N/A P1 GPT-4.1 N/A N/A 0.77811 0.70686 0.91641
8 P2 GPT-5-mini N/A P1 GPT-5-mini N/A N/A 0.76716 0.69781 0.91387
9 P2 GPT-5-mini N/A P2 GPT-5-mini N/A N/A 0.76648 0.69688 0.91512
10 P3 GPT-5-mini N/A P1 GPT-4.1 N/A N/A 0.78470 0.70724 0.91641
11 P3 GPT-5-mini N/A P1 GPT-5-mini N/A N/A 0.76349 0.69137 0.90409
12 P3 GPT-5-mini N/A P3 GPT-5-mini N/A N/A 0.76287 0.69142 0.91079
13 P4 GPT-5-mini N/A P4 GPT-5-mini N/A N/A 0.77668 0.71053 0.92225
14 P4 GPT-5-mini N/A P4 GPT-5 N/A N/A 0.77607 0.72303 0.91754
15 P4 GPT-5 N/A P4 GPT-5 N/A N/A 0.77758 0.72024 0.91566
16 P4 GPT-5-mini ICL-5/TE3-S P4 GPT-5-mini N/A N/A 0.76846 0.70326 0.91063
17 P4 GPT-5-mini ICL-5/TE3-S P4 GPT-5-mini ICL-5/TE3-S N/A 0.75145 0.68958 0.89650
18 P4 GPT-5-mini ICL-5/TE3-S P4 GPT-5 N/A N/A 0.78421 0.72223 0.91529
19 P4 GPT-5 ICL-5/TE3-S P4 GPT-5 N/A N/A 0.77468 0.71981 0.91629

Agentic Workflow

20 N/A GPT-4o-mini N/A N/A GPT-4o-mini N/A A1 0.63443 0.60910 0.77267
21 P1 GPT-4o-mini N/A P1 GPT-4o-mini N/A A1 0.64106 0.61049 0.78100
22 P1 GPT-4o-mini N/A P1 GPT-4o-mini N/A A2 0.51994 0.55245 0.71429
23 P1 GPT-5-mini N/A P1 GPT-5-mini N/A A2 0.60836 0.58235 0.71917
24 P1 GPT-4o-mini N/A P1 GPT-4o-mini N/A A3 0.52031 0.55441 0.73021
25 P1 GPT-5-mini N/A P1 GPT-5-mini N/A A3 0.72352 0.67801 0.88679
26 P1 GPT-4o-mini N/A P1 GPT-4o-mini N/A A4 0.49440 0.52616 0.63596
27 P1 GPT-5-mini N/A P1 GPT-5-mini N/A A4 0.70395 0.65719 0.85388
28 P1 GPT-5-mini ICL-5/TE3-S P1 GPT-5-mini ICL-5/TE3-S A4 0.71505 0.66283 0.86816
29 P1 GPT-5-mini ICL-10/TE3-S P1 GPT-5-mini ICL-10/TE3-S A4 0.68954 0.64463 0.82759
30 P1 GPT-5-mini ICL-10/TE3-L P1 GPT-5-mini ICL-10/TE3-L A4 0.68198 0.63658 0.83562
31 P1 GPT-5-mini ICL-15/TE3-L P1 GPT-5-mini ICL-15/TE3-L A4 0.65400 0.61208 0.78917
32 P4 GPT-5-mini ICL-10/TE3-S P1 GPT-5-mini ICL-10/TE3-S A4 0.54229 0.52599 0.61554
33 P4 GPT-5-mini ICL-5/TE3-S P4 GPT-5-mini N/A A4 0.69861 0.64794 0.84533
34 P4 GPT-5-mini ICL-5/TE3-S P4 GPT-5-mini ICL-5/TE3-S A4 0.68368 0.63129 0.81529

Hybrid Workflow

35 P4 GPT-5-mini N/A P4 GPT-5 N/A A3 N/A 0.77104 0.71613 0.91504
36 P4 GPT-5-mini N/A P4 GPT-5 N/A A4 N/A 0.78157 0.72115 0.91754

Open-Source Models

37 P4 DeepSeek-V4-Flash ICL-5/TE3-S P4 DeepSeek-V4-Flash N/A N/A 0.80157 0.74708 0.94612
38 P4 gpt-oss-120b ICL-5/TE3-S P4 gpt-oss-120b N/A N/A 0.65819 0.63978 0.83319
39 P4 grok-4-20-reasoning ICL-5/TE3-S P4 grok-4-20-reasoning N/A N/A 0.83721 0.77711 0.97604
40 P4 Llama-4-Maverick-17B-128E-Instruct-FP8 ICL-5/TE3-S P4 Llama-4-Maverick-17B-128E-Instruct-FP8 N/A N/A 0.76274 0.71905 0.92175

experts, dense, and reasoning-specialized designs
indicates that PRISM’s prompt-driven approach is
robust to underlying model architecture.

Overall, all PRISM configurations maintain
higher Recall@100, with GPT-5 results con-
sistently near or above 0.80, demonstrating
strong retrieval coverage, while improvements in
NDCG@10 highlight enhanced precision in rank-
ing highly relevant documents at top positions,
a critical capability for practical information re-
trieval systems.

A.13.3 FinanceBench
Table 28 summarizes the oracle setting, and Ta-
ble 29 provides the full FinanceBench evaluation-
mode breakdown and open-source model compar-
ison.

An important observation emerges regarding
prompt complexity and task alignment. While
P4 shows slightly lower performance in rerank-
ing tasks, it maintains competitive performance in
QA settings, with GPT-5 Oracle achieving 97.33%
accuracy (146/150). This suggests that optimal
prompt design is indeed task-dependent, as we
observed in the reranking experiments. Simpler
prompts (P1) often match or exceed more com-
plex variants, indicating that the structured reason-

ing scaffolding beneficial for nuanced ranking de-
cisions may be less critical for direct factual re-
trieval tasks inherent to question-answering.

The limited utility of ICL in FinanceBench can
be attributed to its task-specific characteristics, in
contrast to its more substantial benefits in rerank-
ing tasks. FinanceBench queries require find-
ing specific answers within individual documents
rather than comparing multiple candidates, mak-
ing similarity-based ICL selection less effective
at retrieving truly relevant question-answer ex-
emplars. This can produce ICL examples that
misdirect rather than guide the model, explain-
ing why non-ICL configurations often perform
comparably or better. Nevertheless, despite the
limited dataset size (150 questions) and the al-
ready high baseline performance of up to 96%
accuracy, PRISM achieves measurable improve-
ments, demonstrating its effectiveness across dif-
ferent task types beyond reranking. While the ab-
solute gains are necessarily constrained in such
a high-performing regime approaching the theo-
retical ceiling of 100%, PRISM’s ability to push
accuracy toward 98% supports its versatility as a
general-purpose framework for LLM-based infor-
mation retrieval tasks.

1701



Table 24: Fine-grained document, chunk and total scores for every configuration. Run IDs correspond to Table 23;
Run 19 is bolded as the competition-submitted configuration.

ID NDCG@5 MAP@5 MRR@5

Doc. Chunk Total Doc. Chunk Total Doc. Chunk Total

Non-Agentic Workflow

1 0.93857 0.62470 0.78163 0.96154 0.45477 0.70815 0.99500 0.83283 0.91392
2 0.93288 0.58229 0.75758 0.96079 0.42302 0.69190 0.99750 0.80817 0.90284
3 0.93288 0.62470 0.77879 0.96079 0.45477 0.70778 0.99750 0.83283 0.91517
4 0.93857 0.58229 0.76043 0.96154 0.42302 0.69228 0.99500 0.80817 0.90158
5 0.93857 0.60145 0.77001 0.96154 0.43483 0.69818 0.99500 0.83025 0.91263
6 0.93288 0.59386 0.76337 0.96079 0.43544 0.69812 0.99750 0.81717 0.90734
7 0.93152 0.62470 0.77811 0.95894 0.45477 0.70686 1.00000 0.83283 0.91641
8 0.93288 0.60145 0.76716 0.96079 0.43483 0.69781 0.99750 0.83025 0.91387
9 0.93152 0.60145 0.76648 0.95894 0.43483 0.69688 1.00000 0.83025 0.91512
10 0.94469 0.62470 0.78470 0.95971 0.45477 0.70724 1.00000 0.83283 0.91641
11 0.94469 0.58229 0.76349 0.95971 0.42302 0.69137 1.00000 0.80817 0.90409
12 0.94800 0.57774 0.76287 0.96077 0.42206 0.69142 1.00000 0.82158 0.91079
13 0.94955 0.60382 0.77668 0.96454 0.45652 0.71053 1.00000 0.84450 0.92225
14 0.93935 0.61278 0.77607 0.96515 0.48092 0.72303 0.99750 0.83758 0.91754
15 0.95227 0.60290 0.77758 0.96348 0.47700 0.72024 1.00000 0.83133 0.91566
16 0.94594 0.59099 0.76846 0.96492 0.44160 0.70326 0.99500 0.82625 0.91063
17 0.94950 0.55340 0.75145 0.96581 0.41335 0.68958 1.00000 0.79300 0.89650
18 0.94891 0.61952 0.78421 0.96569 0.47877 0.72223 0.99750 0.83308 0.91529
19 0.93658 0.61278 0.77468 0.95869 0.48092 0.71981 0.99500 0.83758 0.91629

Agentic Workflow

20 0.92290 0.34595 0.63443 0.96154 0.25665 0.60910 0.98500 0.56033 0.77267
21 0.92794 0.35419 0.64106 0.96075 0.26023 0.61049 0.98750 0.57450 0.78100
22 0.56826 0.47162 0.51994 0.76221 0.34269 0.55245 0.74000 0.68858 0.71429
23 0.94440 0.27232 0.60836 0.96106 0.20363 0.58235 0.99750 0.44083 0.71917
24 0.56614 0.47448 0.52031 0.76256 0.34625 0.55441 0.74000 0.72042 0.73021
25 0.94522 0.50183 0.72352 0.96075 0.39527 0.67801 0.99750 0.77608 0.88679
26 0.69962 0.28918 0.49440 0.84046 0.21185 0.52616 0.85000 0.42192 0.63596
27 0.94464 0.46326 0.70395 0.96508 0.34931 0.65719 0.99750 0.71025 0.85388
28 0.93987 0.49024 0.71505 0.96779 0.35787 0.66283 0.99500 0.74133 0.86816
29 0.94144 0.43765 0.68954 0.96948 0.31979 0.64463 0.99500 0.66017 0.82759
30 0.94710 0.41686 0.68198 0.96806 0.30510 0.63658 1.00000 0.67125 0.83562
31 0.94685 0.36115 0.65400 0.96771 0.25644 0.61208 0.99500 0.58333 0.78917
32 0.95272 0.13185 0.54229 0.96381 0.08817 0.52599 0.99500 0.23608 0.61554
33 0.95359 0.44364 0.69861 0.96808 0.32779 0.64794 0.99750 0.69317 0.84533
34 0.95259 0.41476 0.68368 0.96783 0.29475 0.63129 0.99750 0.63308 0.81529

Hybrid Workflow

35 0.92929 0.61278 0.77104 0.95133 0.48092 0.71613 0.99250 0.83758 0.91504
36 0.95036 0.61278 0.78157 0.96137 0.48092 0.72115 0.99750 0.83758 0.91754

Open-Source Models

37 0.93376 0.66938 0.80157 0.96665 0.52750 0.74708 0.99750 0.89475 0.94612
38 0.92732 0.38906 0.65819 0.95109 0.32847 0.63978 0.98770 0.67868 0.83319
39 0.92620 0.74823 0.83721 0.94944 0.60477 0.77711 0.99250 0.95958 0.97604
40 0.95573 0.56974 0.76274 0.96969 0.46842 0.71905 1.00000 0.84350 0.92175

The open-source model evaluations under Or-
acle conditions using P4 provide further ev-

idence of PRISM’s generalizability. gpt-oss-
120b achieves the strongest open-source result at
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Table 25: FiQA evaluation results.
Prompt Model ICL NDCG@10 Recall@100

N/A BM25+CE N/A 0.3470 0.5390
N/A TE3-S N/A 0.5499 0.7783
N/A BGE-M3 (dense) N/A 0.5297 0.7088
N/A BGE-M3 (sparse) N/A 0.3692 0.5133
N/A SPLADE-v3 N/A 0.4928 0.6683

Closed-Source Models

P1 GPT-5 ICL-5 0.6104 0.8083
P2 GPT-5 ICL-5 0.6027 0.7941
P3 GPT-5 ICL-5 0.6197 0.8206
P4 GPT-5 ICL-5 0.6097 0.8021

Open-Source Models

P4 DeepSeek-V4-Flash ICL-5 0.5778 0.7905
P4 gpt-oss-120b ICL-5 0.5833 0.6758
P4 grok-4-20-reasoning ICL-5 0.5741 0.7881
P4 Llama-4-Maverick-17B-128E-Instruct-FP8 ICL-5 0.5581 0.7726

Table 26: Traditional baseline performance on FiQA-
2018.

Method Model NDCG@10 Recall@100

BM25 Baseline 0.2360 0.5390
DeepCT Sparse 0.1910 0.4890
SPARTA Sparse 0.1980 0.4460
docT5query Sparse 0.2910 0.5980
DPR Dense 0.1120 0.3420
ANCE Dense 0.2950 0.5810
TAS-B Dense 0.3000 0.5930
GenQ Dense 0.3080 0.6180
ColBERT Late-Interaction 0.3170 0.6030
BM25+CE Re-ranking 0.3470 0.5390

145/150 (96.7%) with ICL, closely matching the
best GPT-5 prompt variants and surpassing the
GPT-5 oracle baseline. grok-4-20-reasoning sim-
ilarly performs strongly at 143/150 (95.3%) with
ICL, confirming that PRISM’s prompt-driven ap-
proach transfers effectively across model fami-
lies. The ICL effect is more pronounced for
these models on FinanceBench than on FiQA:
grok-4-20-reasoning gains substantially from ICL
(143 vs. 126), while gpt-oss-120b shows a mod-
est improvement (145 vs. 142), suggesting that
structured financial QA generally benefits more
from demonstration examples than open-ended
reranking does. DeepSeek-V4-Flash shows a
larger ICL benefit (125 vs. 112), though its
overall accuracy remains lower than that of the
stronger open-source models. The notable ex-
ception is Llama-4-Maverick-17B-128E-Instruct-
FP8, which achieves only 86/150 with ICL and
70/150 zero-shot, suggesting that this model re-
quires additional adaptation or fine-tuning to han-
dle the precise numerical and financial reasoning
demands of FinanceBench effectively.

Table 27: PRISM performance on FiQA-2018.
Prompt Model ICL NDCG@10 Recall@100

Closed-Source Models

P1 GPT-4.1 N/A 0.4307 0.6024
P1 GPT-5-mini N/A 0.5565 0.7268
P1 GPT-5 N/A 0.6130 0.8045
P1 GPT-4.1 ICL-5 0.5320 0.7247
P1 GPT-5-mini ICL-5 0.5171 0.6412
P1 GPT-5 ICL-5 0.6104 0.8083

P2 GPT-4.1 N/A 0.4871 0.6711
P2 GPT-5-mini N/A 0.5521 0.7094
P2 GPT-5 N/A 0.6095 0.8094
P2 GPT-4.1 ICL-5 0.4974 0.6863
P2 GPT-5-mini ICL-5 0.4960 0.6142
P2 GPT-5 ICL-5 0.6027 0.7941

P3 GPT-4.1 N/A 0.4479 0.5948
P3 GPT-5-mini N/A 0.5642 0.7374
P3 GPT-5 N/A 0.6094 0.8136
P3 GPT-4.1 ICL-5 0.4702 0.6471
P3 GPT-5-mini ICL-5 0.5182 0.6506
P3 GPT-5 ICL-5 0.6197 0.8206

P4 GPT-4.1 N/A 0.4178 0.5739
P4 GPT-5-mini N/A 0.5269 0.6812
P4 GPT-5 N/A 0.6070 0.8195
P4 GPT-4.1 ICL-5 0.4544 0.6212
P4 GPT-5-mini ICL-5 0.4615 0.5610
P4 GPT-5 ICL-5 0.6097 0.8021

Open-Source Models

P4 DeepSeek-V4-Flash N/A 0.5696 0.7862
P4 gpt-oss-120b N/A 0.5592 0.6609
P4 grok-4-20-reasoning N/A 0.5642 0.7823
P4 Llama-4-Maverick-17B-128E-Instruct-FP8 N/A 0.5515 0.7628
P4 DeepSeek-V4-Flash ICL-5 0.5778 0.7905
P4 gpt-oss-120b ICL-5 0.5833 0.6758
P4 grok-4-20-reasoning ICL-5 0.5741 0.7881
P4 Llama-4-Maverick-17B-128E-Instruct-FP8 ICL-5 0.5581 0.7726

Table 28: FinanceBench oracle evaluation results.
Prompt Model Correct Incorrect Unable

Closed-Source Models

Baseline GPT-5 141 9 0
P1 GPT-5 147 3 0
P2 GPT-5 142 8 0
P3 GPT-5 140 10 0
P4 GPT-5 146 4 0

Open-Source Models

P4 DeepSeek-V4-Flash 125 25 0
P4 gpt-oss-120b 145 4 1
P4 grok-4-20-reasoning 143 7 0
P4 Llama-4-Maverick-17B-128E-Instruct-FP8 86 64 0
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Table 29: Comprehensive evaluation results of different prompt versions and models across various evaluation
modes on FinanceBench.

Prompt Model Eval Mode ICL Results (Out of 150)

Correct Incorrect Unable to Answer

Baselines

Baseline GPT-4.1 Single Store N/A 132 18 0
Baseline GPT-4.1 Shared Store N/A 124 26 0
Baseline GPT-4.1 In Context N/A 129 21 0
Baseline GPT-4.1 Oracle N/A 133 16 1
Baseline GPT-5-mini Single Store N/A 144 4 2
Baseline GPT-5-mini Shared Store N/A 143 7 0
Baseline GPT-5-mini In Context N/A 142 7 1
Baseline GPT-5-mini Oracle N/A 145 5 0
Baseline GPT-5 Single Store N/A 141 8 1
Baseline GPT-5 Shared Store N/A 143 7 0
Baseline GPT-5 In Context N/A 139 11 0
Baseline GPT-5 Oracle N/A 141 9 0

PRISM

P1 GPT-4.1 Single Store ICL-9 124 26 0
P1 GPT-4.1 Shared Store ICL-9 126 24 0
P1 GPT-4.1 In Context ICL-9 124 26 0
P1 GPT-4.1 Oracle ICL-9 131 19 0
P1 GPT-5-mini Single Store ICL-9 139 11 0
P1 GPT-5-mini Shared Store ICL-9 144 6 0
P1 GPT-5-mini In Context ICL-9 140 10 0
P1 GPT-5-mini Oracle ICL-9 143 7 0
P1 GPT-5 Single Store ICL-9 146 4 0
P1 GPT-5 Shared Store ICL-9 145 5 0
P1 GPT-5 In Context ICL-9 136 14 0
P1 GPT-5 Oracle ICL-9 147 3 0

P1 GPT-4.1 Single Store N/A 132 18 0
P1 GPT-4.1 Shared Store N/A 122 27 1
P1 GPT-4.1 In Context N/A 133 17 0
P1 GPT-4.1 Oracle N/A 129 21 0
P1 GPT-5-mini Single Store N/A 142 8 0
P1 GPT-5-mini Shared Store N/A 147 3 0
P1 GPT-5-mini In Context N/A 143 7 0
P1 GPT-5-mini Oracle N/A 141 9 0
P1 GPT-5 Single Store N/A 140 10 0
P1 GPT-5 Shared Store N/A 142 8 0
P1 GPT-5 In Context N/A 136 14 0
P1 GPT-5 Oracle N/A 140 10 0

P2 GPT-4.1 Single Store ICL-9 122 28 0
P2 GPT-4.1 Shared Store ICL-9 114 35 1
P2 GPT-4.1 In Context ICL-9 126 24 0
P2 GPT-4.1 Oracle ICL-9 132 18 0
P2 GPT-5-mini Single Store ICL-9 145 5 0

Continued on next page
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Table 29 – Continued from previous page

Prompt Model Eval Mode ICL Results (Out of 150)

Correct Incorrect Unable to Answer

P2 GPT-5-mini Shared Store ICL-9 133 16 0
P2 GPT-5-mini In Context ICL-9 146 4 0
P2 GPT-5-mini Oracle ICL-9 142 7 1
P2 GPT-5 Single Store ICL-9 139 11 0
P2 GPT-5 Shared Store ICL-9 136 12 2
P2 GPT-5 In Context ICL-9 138 12 0
P2 GPT-5 Oracle ICL-9 142 8 0

P2 GPT-4.1 Single Store N/A 130 20 0
P2 GPT-4.1 Shared Store N/A 126 23 1
P2 GPT-4.1 In Context N/A 126 24 0
P2 GPT-4.1 Oracle N/A 140 10 0
P2 GPT-5-mini Single Store N/A 145 5 0
P2 GPT-5-mini Shared Store N/A 141 9 0
P2 GPT-5-mini In Context N/A 140 10 0
P2 GPT-5-mini Oracle N/A 141 9 0
P2 GPT-5 Single Store N/A 134 15 1
P2 GPT-5 Shared Store N/A 144 6 0
P2 GPT-5 In Context N/A 140 10 0
P2 GPT-5 Oracle N/A 143 6 1

P3 GPT-4.1 Single Store ICL-9 128 22 0
P3 GPT-4.1 Shared Store ICL-9 120 30 0
P3 GPT-4.1 In Context ICL-9 129 21 0
P3 GPT-4.1 Oracle ICL-9 129 21 0
P3 GPT-5-mini Single Store ICL-9 141 9 0
P3 GPT-5-mini Shared Store ICL-9 140 10 0
P3 GPT-5-mini In Context ICL-9 142 8 0
P3 GPT-5-mini Oracle ICL-9 143 7 0
P3 GPT-5 Single Store ICL-9 146 3 1
P3 GPT-5 Shared Store ICL-9 147 3 0
P3 GPT-5 In Context ICL-9 138 12 0
P3 GPT-5 Oracle ICL-9 140 10 0

P3 GPT-4.1 Single Store N/A 128 22 0
P3 GPT-4.1 Shared Store N/A 121 29 0
P3 GPT-4.1 In Context N/A 123 27 0
P3 GPT-4.1 Oracle N/A 136 14 0
P3 GPT-5-mini Single Store N/A 140 10 0
P3 GPT-5-mini Shared Store N/A 140 9 1
P3 GPT-5-mini In Context N/A 144 6 0
P3 GPT-5-mini Oracle N/A 146 0 0
P3 GPT-5 Single Store N/A 133 17 0
P3 GPT-5 Shared Store N/A 135 13 2
P3 GPT-5 In Context N/A 133 17 0
P3 GPT-5 Oracle N/A 139 11 0

P4 GPT-4.1 Single Store ICL-9 120 30 0
P4 GPT-4.1 Shared Store ICL-9 109 39 2

Continued on next page
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Table 29 – Continued from previous page

Prompt Model Eval Mode ICL Results (Out of 150)

Correct Incorrect Unable to Answer

P4 GPT-4.1 In Context ICL-9 125 25 0
P4 GPT-4.1 Oracle ICL-9 128 22 0
P4 GPT-5-mini Single Store ICL-9 138 12 0
P4 GPT-5-mini Shared Store ICL-9 139 11 0
P4 GPT-5-mini In Context ICL-9 143 7 0
P4 GPT-5-mini Oracle ICL-9 140 10 0
P4 GPT-5 Single Store ICL-9 141 9 0
P4 GPT-5 Shared Store ICL-9 135 14 1
P4 GPT-5 In Context ICL-9 137 12 1
P4 GPT-5 Oracle ICL-9 146 4 0

P4 GPT-4.1 Single Store N/A 125 25 0
P4 GPT-4.1 Shared Store N/A 119 31 0
P4 GPT-4.1 In Context N/A 125 25 0
P4 GPT-4.1 Oracle N/A 133 17 0
P4 GPT-5-mini Single Store N/A 137 12 1
P4 GPT-5-mini Shared Store N/A 136 12 2
P4 GPT-5-mini In Context N/A 138 12 0
P4 GPT-5-mini Oracle N/A 137 13 0
P4 GPT-5 Single Store N/A 137 13 0
P4 GPT-5 Shared Store N/A 136 13 1
P4 GPT-5 In Context N/A 137 13 0
P4 GPT-5 Oracle N/A 142 8 0

Open-Source Models

P4 DeepSeek-V4-
Flash

Oracle ICL-9 125 25 0

P4 gpt-oss-120b Oracle ICL-9 145 4 1
P4 grok-4-20-

reasoning
Oracle ICL-9 143 7 0

P4 Llama-4-
Maverick-17B-
128E-Instruct-FP8

Oracle ICL-9 86 64 0

P4 DeepSeek-V4-
Flash

Oracle N/A 112 38 0

P4 gpt-oss-120b Oracle N/A 142 7 1
P4 grok-4-20-

reasoning
Oracle N/A 126 24 0

P4 Llama-4-
Maverick-17B-
128E-Instruct-FP8

Oracle N/A 70 79 1
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A.14 Feasibility Analysis
No prior work on FinAgentBench reports latency
or cost, so these are the first such baselines.
Run 19 has median latencies of 10 s for document
ranking and 131 s for chunk ranking, at per-query
token costs of $0.0155 and $0.2768 (per-run statis-
tics in Appendix Table 30, distributions in Ap-
pendix Figures 8 and 9). Chunk ranking domi-
nates resource use because of its token-heavy con-
text, which makes candidate-pool control the ef-
fective cost lever: a Cohere-refined top-50 pool
cuts chunk-ranking cost by about 35% ($0.278 to
$0.181 per query) with no retraining, and refine-
ment itself is cheap, since k-reciprocal and the
open rerankers run locally and Cohere adds under
$0.01 per query (Appendix Tables 31 and 33). For
cost-sensitive deployments, GPT-5-mini configu-
rations trade moderate NDCG@5 for much lower
cost; full breakdowns are in Appendix A.14.
Reproducibility. Repeated private-subset submis-
sions show low stochastic variance (CV < 1.6%),
with Run 19 the most stable high-performing con-
figuration (mean 0.71163, SD 0.00433 over nine
runs, leaderboard basis). Welch tests (Welch,
1938) against Run 12 are significant for Runs 15,
18, and 19, so those gains exceed run noise.
Query-level uncertainty on the re-annotated basis
is quantified separately by the paired bootstrap of
Appendix A.15.4; full statistics for all repeated
runs are in Appendix A.15.

A.14.1 Cost Analysis
FinAgentBench. In Table 30, we report the full
set of statistics for the runs selected in our feasibil-
ity analysis, covering all prompt variants and the
ICL-5/TE3-S configuration within the non-agentic
workflow. Additionally, we assess the practical
feasibility of the proposed approach by analyzing
the cost distribution across the selected runs. Doc-
ument ranking tasks consistently incur low total
costs (up to about $3.1), reflecting their modest
inference requirements. In contrast, chunk rank-
ing tasks dominate the overall expenditure, with
total costs ranging from $4.7 to $56.6, depend-
ing on input size and reasoning depth. Com-
bined task runs follow the same pattern, as their
total costs are primarily driven by chunk ranking
computations. The highest combined costs oc-
cur for Runs 19, 39, and 15 ($58.5, $58.2, and
$57.9, respectively), whereas earlier runs such as
Runs 2 and 9 remain significantly more economi-
cal ( $5) when using smaller models. These results

confirm that document-level ranking remains cost-
efficient, while chunk ranking incurs substantially
higher costs due to its larger context size, remain-
ing the dominant contributor to overall expendi-
ture. Table 31 reports the corresponding figures
for the candidate-refinement module, separating
the component stages (Table 31a) from the end-
to-end pipelines (Table 31b).

FiQA-2018. Table 32 presents a comprehen-
sive computational cost analysis across all prompt
variants and models on the FiQA-2018 dataset,
and Table 33 reports the same statistics for
the candidate-refinement stages (Table 33a) and
pipelines (Table 33b). GPT-5-mini emerges
as a compelling choice for production deploy-
ment within the PRISM framework. GPT-5-mini
achieves performance between GPT-4.1 and GPT-
5 (e.g., P1: 0.5565 NDCG@10) while incurring
substantially lower operational costs of approxi-
mately $21, compared to $142 for GPT-4.1 and
$88 for GPT-5 under the same setting. This rep-
resents roughly a 4× cost reduction compared to
GPT-5 with only an 8–10% performance trade-off,
making GPT-5-mini a practical balance point for
production systems where both performance and
cost efficiency are critical considerations. Fur-
thermore, GPT-5-mini has lower total runtime
(38.63Ks) and per-query latency (59.61s) than
GPT-4.1 (71.70Ks, 110.65s) and GPT-5 (51.17Ks,
78.97s) in that configuration.

An interesting cost-performance paradox
emerges when comparing GPT-5 to GPT-4.1.
Despite being the more advanced model, GPT-
5 consistently delivers superior performance
(0.6130 vs. 0.4307 NDCG@10 for P1 without
ICL) while maintaining lower operational costs
($88 vs. $142). This counterintuitive result
stems from GPT-5’s substantially lower per-
token pricing rather than from a straightforward
capability-cost relationship: although GPT-5 gen-
erates approximately twice as many completion
tokens as GPT-4.1, its lower per-token rate more
than compensates for the higher token count.
Additionally, GPT-5’s faster processing time sug-
gests better end-to-end throughput. We note that
API pricing is a commercial decision that does
not always track computational overhead, and
these cost patterns may shift as pricing evolves.
Nonetheless, at the time of our experiments, GPT-
5 represents a compelling choice for organizations
prioritizing both performance and cost efficiency.
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Figure 8: Latency distribution box plots, where each box shows how the latency varies across runs with different
LLMs and configurations. For chunk ranking tasks, we observe that P3 (Run 12) has the highest median latency
for both tasks due to its heavy reasoning prompt design, while P4 (Runs 13–19) achieves a good balance between
latency and performance.
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Figure 9: Token distribution bar charts, where each bar details the proportion of prompt and completion token
usage across different runs and tasks, highlighting that chunk ranking tasks use more prompt tokens due to longer
context and complexity.

The open-source models on FiQA-2018 show
substantial variation in both cost and latency that
does not map cleanly to ranking quality. grok-4-
20-reasoning incurs the highest cost at approxi-
mately $155 with ICL, exceeding even GPT-4.1
($148), yet delivers only moderate NDCG@10
of 0.5741, while also being the slowest option at
roughly 55 seconds per query. In contrast, Llama-
4-Maverick-17B-128E-Instruct-FP8 achieves the
lowest cost at $13.50 with ICL and an NDCG@10

of 0.5581, representing a roughly 8× cost reduc-
tion compared to GPT-5 with about an 8.5% per-
formance gap under the same P4 ICL setting, to-
gether with a lower latency of about 38 seconds
per query. DeepSeek-V4-Flash and gpt-oss-120b
occupy a middle ground at approximately $69
and $66 respectively with ICL, with gpt-oss-120b
achieving slightly stronger NDCG@10 (0.5833
vs. 0.5778) at a comparable cost, albeit with higher
latency (41.23s vs. 25.61s).

1708



Table 30: Latency, token usage, and cost statistics for different runs used in feasibility analysis on FinAgentBench.

ID Task Latency Statistics (seconds) Token Usage Statistics Cost Statistics (USD)

Min Q1 Median Q3 Max
∑

prompt

∑
completion µprompt µcompletion

∑
prompt

∑
completion

∑
combined

2 Document 2 3 3 4 100 150,541 61,904 752.71 309.52 0.04 0.12 0.16
2 Chunk 4 12 32 43 4190 15,010,574 519,830 75,052.87 2,599.15 3.75 1.04 4.79
2 Combined 2 3 7 32 4190 15,161,115 581,734 37,902.79 1,454.34 3.79 1.16 4.95
9 Document 2 4 4 5 17 241,941 68,752 1,209.71 343.76 0.06 0.14 0.20
9 Chunk 6 13 32 47 99 14,963,931 490,556 74,819.66 2,452.78 3.74 0.98 4.72
9 Combined 2 4 8 32 99 15,205,872 559,308 38,014.68 1,398.27 3.80 1.12 4.92
12 Document 5 12 17 25 83 327,741 297,498 1,638.71 1,487.49 0.08 0.59 0.68
12 Chunk 9 62 136 194 665 15,214,202 2,271,311 76,071.01 11,356.56 3.80 4.54 8.35
12 Combined 5 17 38 135 665 15,541,943 2,568,809 38,854.86 6,422.02 3.89 5.14 9.02
13 Document 2 4 5 6 15 426,941 84,369 2,134.71 421.85 0.11 0.17 0.28
13 Chunk 34 92 105 117 171 19,200,124 1,734,012 96,000.62 8,670.06 4.80 3.47 8.27
13 Combined 2 5 25 105 171 19,627,065 1,818,381 49,067.66 4,545.95 4.91 3.64 8.54
15 Document 2 5 7 10 25 426,941 180,699 2,134.71 903.50 0.53 1.81 2.34
15 Chunk 23 133 156 179 240 19,170,218 3,159,981 95,851.09 15,799.91 23.96 31.60 55.56
15 Combined 2 7 24 156 240 19,597,159 3,340,680 48,992.90 8,351.70 24.50 33.41 57.90
17 Document 3 5 6 9 18 639,755 97,236 3,198.78 486.18 0.16 0.19 0.35
17 Chunk 39 108 128 147 268 46,978,904 2,079,562 234,894.52 10,397.81 11.74 4.16 15.90
17 Combined 3 6 29 127 268 47,618,659 2,176,798 119,046.65 5,442.00 11.90 4.35 16.26
19 Document 2 7 10 13 26 639,755 230,297 3,198.78 1,151.49 0.80 2.30 3.10
19 Chunk 25 116 131 150 209 19,159,387 3,141,812 95,796.94 15,709.06 23.95 31.42 55.37
19 Combined 2 10 26 131 209 19,799,142 3,372,109 49,497.86 8,430.27 24.75 33.72 58.47
37 Document 1 1 1 4 79 530,222 3,200 2,651.11 16.00 0.31 0.01 0.32
37 Chunk 9 15 21 36 169 18,919,395 33,723 94,596.98 168.62 10.97 0.06 11.03
37 Combined 1 1 12 22 169 19,449,617 36,923 48,624.04 92.31 11.28 0.06 11.34
38 Document 1 1 3 4 67 542,683 88,314 2,713.41 441.57 0.08 0.05 0.13
38 Chunk 7 17 23 34 141 19,338,311 682,834 96,691.55 3,414.17 2.90 0.41 3.31
38 Combined 1 3 9 23 141 19,880,994 771,148 49,702.49 1,927.87 2.98 0.46 3.44
39 Document 5 12 19 25 109 520,274 3,000 2,601.37 15.00 1.56 0.05 1.61
39 Chunk 28 83 94 112 226 18,704,741 31,681 93,523.71 158.41 56.11 0.48 56.59
39 Combined 5 19 47 94 226 19,225,015 34,681 48,062.54 86.70 57.68 0.52 58.20
40 Document 4 6 7 8 10 526,118 138,691 2,630.59 694.46 0.13 0.14 0.27
40 Chunk 13 30 34 38 129 18,892,676 610,697 94,463.38 3,053.49 4.72 0.61 5.33
40 Combined 4 7 11 34 129.4315 19,418,794 749,388 48,546.99 1,873.47 4.85 0.75 5.60
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Table 31: Latency, token usage and cost for the candidate-refinement module on FinAgentBench chunk ranking.
Cost is API cost: local rerankers and k-reciprocal incur no API cost, while commercial rerankers are counted
where used. (a) Component stages emit no LLM completion tokens. (b) End-to-end pipelines pass the refined pool
to P4/GPT-5 with ICL-5 and report both prompt and completion tokens.

(a) Component stages on the TE3-S pool (retrieval, reranking, and k-reciprocal encoding; no completion tokens).

Method Total Prompt Total Time (Ks) Time Per Query (s) Total Cost (USD)Tokens (M)

Embedding (first stage)

TE3-S 7.8687 1.32 6.61 0.25

Rerankers (on TE3-S pool)

TE3-S→Cohere rerank-v4.0-fast 8.9715 1.75 8.73 0.65
TE3-S→Jina reranker v3 8.9715 2.39 11.94 0.25
TE3-S→BGE reranker v2 m3 9.1155 0.47 2.33 0.25
TE3-S→BGE-M3 ColBERT 8.9715 2.09 10.43 0.25
TE3-S→ColBERTv2 7.2718 0.04 0.20 0.25

K-Reciprocal Encoding and Stacking (on TE3-S pool)

TE3-S→k-recip 7.8687 0.84 4.18 0.25
TE3-S→k-recip→Cohere rerank-v4.0-fast 7.2029 1.39 6.95 0.65
TE3-S→Cohere rerank-v4.0-fast→k-recip 8.9715 2.16 10.78 0.65
TE3-S→k-recip→BGE reranker v2 m3 7.1673 0.49 2.43 0.25
TE3-S→BGE reranker v2 m3→k-recip 9.1155 0.89 4.43 0.25
TE3-S→k-recip→BGE-M3 ColBERT 7.2029 1.56 7.78 0.25
TE3-S→BGE-M3 ColBERT→k-recip 8.9715 2.49 12.43 0.25
TE3-S→k-recip→ColBERTv2 7.2029 0.15 0.75 0.25
TE3-S→ColBERTv2→k-recip 7.2718 0.44 2.20 0.25
TE3-S→k-recip→Jina reranker v3 7.2029 1.75 8.76 0.25
TE3-S→Jina reranker v3→k-recip 8.9715 2.81 14.03 0.25

(b) End-to-end pipelines (P4/GPT-5, ICL-5) including LLM completion tokens.

Method Total Prompt Total Completion Total Time (Ks) Time Per Query (s) Total Cost (USD)Tokens (M) Tokens (K)

Baseline (Run 19) 19.1702 3.1600 27.34 136.69 55.56
TE3-S (top 100) 14.5196 2.8568 38.39 191.96 46.72
TE3-S (top 75) 13.0323 2.7998 34.39 171.95 44.29
TE3-S (top 50) 11.2818 2.2798 28.47 142.37 36.90
TE3-S→Cohere rerank-v4.0-fast (top 75) 13.1100 2.6533 35.53 177.63 42.92
TE3-S→Cohere rerank-v4.0-fast (top 50) 11.2846 2.2157 29.25 146.26 36.26
TE3-S→Cohere rerank-v4.0-fast→k-recip (top 50) 11.1845 2.2263 29.72 148.59 36.24
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Table 32: Comprehensive latency, token usage and cost statistics for different prompt versions and models on
FiQA-2018.

Prompt Model ICL Total Prompt Total Completion Total Time (Ks) Time Per Query (s) Total Cost (USD)Tokens (M) Tokens (K)

Closed-Source Models

P1 GPT-4.1 N/A 70.02 237.63 71.70 110.65 141.90
P1 GPT-5-mini N/A 82.44 293.29 38.63 59.61 21.20
P1 GPT-5 N/A 66.27 479.44 51.17 78.97 87.63
P1 GPT-4.1 ICL-5 73.02 249.23 62.19 95.97 148.04
P1 GPT-5-mini ICL-5 82.58 234.98 31.20 48.15 21.11
P1 GPT-5 ICL-5 82.58 474.73 56.23 86.77 107.97

P2 GPT-4.1 N/A 61.60 442.55 85.43 131.84 126.74
P2 GPT-5-mini N/A 82.42 480.63 35.75 55.17 21.57
P2 GPT-5 N/A 82.42 790.47 54.24 83.70 110.93
P2 GPT-4.1 ICL-5 60.85 396.73 81.37 125.57 124.87
P2 GPT-5-mini ICL-5 82.56 389.64 29.29 45.20 21.42
P2 GPT-5 ICL-5 82.47 787.34 53.78 82.99 110.96

P3 GPT-4.1 N/A 40.40 344.30 82.18 126.82 83.55
P3 GPT-5-mini N/A 82.43 505.36 35.09 54.15 21.62
P3 GPT-5 N/A 82.30 606.21 49.82 76.88 108.94
P3 GPT-4.1 ICL-5 58.99 328.15 77.96 120.30 120.60
P3 GPT-5-mini ICL-5 82.57 442.93 29.32 45.25 21.53
P3 GPT-5 ICL-5 82.57 607.09 48.14 74.29 109.28

P4 GPT-4.1 N/A 38.70 272.99 73.19 112.95 79.58
P4 GPT-5-mini N/A 82.42 341.96 34.59 53.58 21.29
P4 GPT-5 N/A 82.30 511.02 55.24 85.25 107.98
P4 GPT-4.1 ICL-5 43.11 283.30 86.78 133.92 88.48
P4 GPT-5-mini ICL-5 82.56 256.27 29.02 44.78 21.15
P4 GPT-5 ICL-5 82.56 516.58 52.37 80.82 108.37

Open-Source Models

P4 DeepSeek-V4-Flash N/A 49.88 594.62 15.07 23.26 68.30
P4 gpt-oss-120b N/A 48.24 362.28 33.71 52.42 63.92
P4 grok-4-20-reasoning N/A 49.88 323.22 38.16 58.89 154.50
P4 Llama-4-Maverick-17B-128E-Instruct-FP8 N/A 48.91 343.41 25.89 39.96 12.57
P4 DeepSeek-V4-Flash ICL-5 50.21 601.99 16.60 25.61 68.55
P4 gpt-oss-120b ICL-5 49.91 326.05 26.72 41.23 65.65
P4 grok-4-20-reasoning ICL-5 50.02 318.83 35.44 54.69 154.85
P4 Llama-4-Maverick-17B-128E-Instruct-FP8 ICL-5 49.67 360.15 24.79 38.26 13.50
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Table 33: Latency, token usage and cost for the candidate-refinement module on FiQA-2018. Cost is API cost:
local rerankers and k-reciprocal incur no API cost, while commercial rerankers are counted where used. (a) Com-
ponent stages emit no LLM completion tokens. (b) The end-to-end pipeline passes the refined pool to GPT-5 and
reports both prompt and completion tokens.

(a) Component stages on the TE3-S pool (embedding, reranking, and k-reciprocal encoding; no completion tokens).

Method Total Prompt Total Time (Ks) Time Per Query (s) Total Cost (USD)Tokens (M)

Embedding Models

TE3-S 9.7989 1.50 2.31 0.20

Rerankers (on TE3-S pool)

TE3-S→Cohere rerank-v4.0-fast 172.9717 30.53 47.11 12.84
TE3-S→BGE reranker v2 m3 165.3046 1.31 2.01 0.20
TE3-S→BGE-M3 ColBERT 172.9735 12.51 19.30 0.20
TE3-S→ColBERTv2 172.9707 2.34 3.62 0.20
TE3-S→Jina reranker v3 172.9762 17.96 27.72 0.20

K-Reciprocal Encoding (on TE3-S pool)

TE3-S→k-recip 9.7989 2.02 3.11 0.20
TE3-S→Cohere rerank-v4.0-fast→k-recip 172.9717 8.25 12.73 3.53
TE3-S→BGE reranker v2 m3→k-recip 165.3046 12.90 19.92 0.20
TE3-S→BGE-M3 ColBERT→k-recip 172.9735 44.22 68.24 0.20
TE3-S→ColBERTv2→k-recip 172.9707 9.24 14.25 0.20
TE3-S→Jina reranker v3→k-recip 172.9762 28.58 44.11 0.20
TE3-S→k-recip→Cohere rerank-v4.0-fast 47.8230 32.54 50.22 12.96
TE3-S→k-recip→BGE reranker v2 m3 50.2152 3.32 5.12 0.20
TE3-S→k-recip→BGE-M3 ColBERT 52.5944 14.52 22.41 0.20
TE3-S→k-recip→ColBERTv2 52.6015 4.36 6.73 0.20
TE3-S→k-recip→Jina reranker v3 52.6015 19.98 30.83 0.20

(b) End-to-end pipeline (refined pool passed to GPT-5) including LLM completion tokens.

Method Total Prompt Total Completion Total Time (Ks) Time Per Query (s) Total Cost (USD)Tokens (M) Tokens (K)

TE3-S→Cohere rerank-v4.0-fast→GPT-5 52.1589 483.5090 98.41 151.87 70.03
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Table 34: Comprehensive latency, token usage and cost statistics for different prompt versions and models across
various evaluation modes on FinanceBench.

Prompt Model Eval Mode ICL Total Prompt Total Completion Total Time Per Total Cost
Tokens (K) Tokens (K) Time (s) Query (s) (USD)

Baselines

Baseline GPT-4.1 Single Store N/A 4.81 27.13 494.94 3.30 0.23
Baseline GPT-4.1 Shared Store N/A 4.81 27.72 478.99 3.19 0.23
Baseline GPT-4.1 In Context N/A 1260.12 40.70 2466.77 16.45 25.53
Baseline GPT-4.1 Oracle N/A 159.80 27.08 329.78 2.20 0.54
Baseline GPT-5-mini Single Store N/A 4.81 18.39 1165.15 7.77 0.04
Baseline GPT-5-mini Shared Store N/A 4.81 18.69 1149.36 7.66 0.04
Baseline GPT-5-mini In Context N/A 1260.03 131.32 1505.37 10.04 3.41
Baseline GPT-5-mini Oracle N/A 158.90 138.23 1200.31 8.00 0.32
Baseline GPT-5 Single Store N/A 4.81 13.33 1556.93 10.38 0.14
Baseline GPT-5 Shared Store N/A 4.81 13.81 1674.66 11.16 0.14
Baseline GPT-5 In Context N/A 1260.03 147.64 2066.25 13.78 17.23
Baseline GPT-5 Oracle N/A 158.90 179.69 1433.36 9.56 2.00

PRISM

P1 GPT-4.1 Single Store ICL-9 120.91 15.40 371.14 2.47 0.37
P1 GPT-4.1 Shared Store ICL-9 154.02 14.59 332.71 2.22 0.42
P1 GPT-4.1 In Context ICL-9 9885.98 36.66 2609.96 17.40 20.07
P1 GPT-4.1 Oracle ICL-9 377.00 26.53 285.59 1.90 0.97
P1 GPT-5-mini Single Store ICL-9 105.78 15.58 1649.79 11.00 0.06
P1 GPT-5-mini Shared Store ICL-9 112.44 14.01 1579.32 10.53 0.06
P1 GPT-5-mini In Context ICL-9 9868.73 130.71 1368.42 9.12 2.73
P1 GPT-5-mini Oracle ICL-9 352.25 100.56 1104.98 7.37 0.29
P1 GPT-5 Single Store ICL-9 138.01 13.68 1836.46 12.24 0.31
P1 GPT-5 Shared Store ICL-9 134.41 12.32 1834.41 12.23 0.29
P1 GPT-5 In Context ICL-9 9929.93 187.48 2586.63 17.24 14.29
P1 GPT-5 Oracle ICL-9 341.00 166.67 1683.26 11.22 2.09

P1 GPT-4.1 Single Store N/A 4.81 17.99 404.56 2.70 0.15
P1 GPT-4.1 Shared Store N/A 4.81 16.73 373.95 2.49 0.14
P1 GPT-4.1 In Context N/A 9744.98 39.30 1584.33 10.56 19.80
P1 GPT-4.1 Oracle N/A 192.80 26.96 281.26 1.88 0.60
P1 GPT-5-mini Single Store N/A 4.81 17.12 1660.00 11.07 0.04
P1 GPT-5-mini Shared Store N/A 4.81 16.22 1574.42 10.50 0.03
P1 GPT-5-mini In Context N/A 9744.53 147.37 1484.62 9.90 2.73
P1 GPT-5-mini Oracle N/A 192.35 113.48 1274.31 8.50 0.28
P1 GPT-5 Single Store N/A 4.81 14.16 1872.66 12.48 0.15
P1 GPT-5 Shared Store N/A 4.81 13.98 1914.46 12.76 0.15
P1 GPT-5 In Context N/A 9744.53 191.30 2651.92 17.68 14.09
P1 GPT-5 Oracle N/A 192.35 187.49 1887.10 12.58 2.12

P2 GPT-4.1 Single Store ICL-9 124.14 22.52 501.14 3.34 0.43
P2 GPT-4.1 Shared Store ICL-9 104.34 18.15 351.93 2.35 0.35
P2 GPT-4.1 In Context ICL-9 9859.73 41.07 1492.38 9.95 20.05
P2 GPT-4.1 Oracle ICL-9 335.20 28.47 468.11 3.12 0.90
P2 GPT-5-mini Single Store ICL-9 124.14 20.94 1636.65 10.91 0.07
P2 GPT-5-mini Shared Store ICL-9 127.56 19.75 1548.20 10.32 0.07
P2 GPT-5-mini In Context ICL-9 9891.23 157.62 1600.95 10.67 2.79
P2 GPT-5-mini Oracle ICL-9 343.40 125.91 1496.93 9.98 0.34
P2 GPT-5 Single Store ICL-9 132.06 18.57 1867.68 12.45 0.35
P2 GPT-5 Shared Store ICL-9 132.96 17.82 1937.48 12.92 0.34
P2 GPT-5 In Context ICL-9 9912.68 186.49 1710.18 11.40 14.26
P2 GPT-5 Oracle ICL-9 378.80 176.42 1251.60 8.34 2.24

P2 GPT-4.1 Single Store N/A 4.81 21.43 433.74 2.89 0.18
P2 GPT-4.1 Shared Store N/A 4.81 20.33 402.21 2.68 0.17
P2 GPT-4.1 In Context N/A 9742.13 44.08 1469.06 9.79 19.84
P2 GPT-4.1 Oracle N/A 189.95 30.35 335.19 2.23 0.62
P2 GPT-5-mini Single Store N/A 4.81 23.49 1678.87 11.19 0.05
P2 GPT-5-mini Shared Store N/A 4.81 23.33 1723.72 11.49 0.05
P2 GPT-5-mini In Context N/A 9741.68 171.78 1622.31 10.82 2.78
P2 GPT-5-mini Oracle N/A 189.50 143.25 1590.80 10.61 0.33
P2 GPT-5 Single Store N/A 4.81 19.92 2076.89 13.85 0.21
P2 GPT-5 Shared Store N/A 4.81 19.27 2047.74 13.65 0.20

Continued on next page
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Table 34 – Continued from previous page

Prompt Model Eval Mode ICL Total Prompt Total Completion Total Time Per Total Cost
Tokens (K) Tokens (K) Time (s) Query (s) (USD)

P2 GPT-5 In Context N/A 9741.68 198.25 1794.61 11.96 14.16
P2 GPT-5 Oracle N/A 189.50 191.22 1325.28 8.84 2.15

P3 GPT-4.1 Single Store ICL-9 90.31 19.62 379.90 2.53 0.34
P3 GPT-4.1 Shared Store ICL-9 128.82 23.29 430.37 2.87 0.44
P3 GPT-4.1 In Context ICL-9 9908.78 55.20 1596.56 10.64 20.26
P3 GPT-4.1 Oracle ICL-9 337.70 38.70 478.79 3.19 0.99
P3 GPT-5-mini Single Store ICL-9 128.82 22.09 1444.10 9.63 0.08
P3 GPT-5-mini Shared Store ICL-9 115.14 21.04 1457.49 9.72 0.07
P3 GPT-5-mini In Context ICL-9 9896.18 184.37 1852.82 12.35 2.84
P3 GPT-5-mini Oracle ICL-9 330.35 134.41 1502.07 10.01 0.35
P3 GPT-5 Single Store ICL-9 130.81 18.69 2000.21 13.33 0.35
P3 GPT-5 Shared Store ICL-9 139.81 18.96 2061.80 13.75 0.36
P3 GPT-5 In Context ICL-9 9882.83 200.39 1768.46 11.79 14.36
P3 GPT-5 Oracle ICL-9 354.50 187.28 1244.50 8.30 2.32

P3 GPT-4.1 Single Store N/A 4.81 24.26 466.67 3.11 0.20
P3 GPT-4.1 Shared Store N/A 4.81 22.01 423.23 2.82 0.19
P3 GPT-4.1 In Context N/A 9744.83 59.43 2204.91 14.70 19.97
P3 GPT-4.1 Oracle N/A 192.65 40.32 491.83 3.28 0.71
P3 GPT-5-mini Single Store N/A 4.81 26.19 1777.55 11.85 0.05
P3 GPT-5-mini Shared Store N/A 4.81 24.58 1448.53 9.66 0.05
P3 GPT-5-mini In Context N/A 9744.38 195.59 1901.49 12.68 2.83
P3 GPT-5-mini Oracle N/A 192.20 162.52 1675.36 11.17 0.37
P3 GPT-5 Single Store N/A 4.81 21.22 2072.32 13.82 0.22
P3 GPT-5 Shared Store N/A 4.81 20.98 2210.27 14.74 0.22
P3 GPT-5 In Context N/A 9744.38 213.21 1876.14 12.51 14.31
P3 GPT-5 Oracle N/A 192.20 222.01 1449.19 9.66 2.46

P4 GPT-4.1 Single Store ICL-9 111.54 27.35 403.09 2.69 0.44
P4 GPT-4.1 Shared Store ICL-9 115.51 28.06 390.28 2.60 0.46
P4 GPT-4.1 In Context ICL-9 9908.48 79.75 1720.44 11.47 20.45
P4 GPT-4.1 Oracle ICL-9 333.65 50.99 535.05 3.57 1.08
P4 GPT-5-mini Single Store ICL-9 127.21 44.54 1950.23 13.00 0.12
P4 GPT-5-mini Shared Store ICL-9 124.86 43.19 2001.19 13.34 0.12
P4 GPT-5-mini In Context ICL-9 9907.43 240.14 2291.46 15.28 2.96
P4 GPT-5-mini Oracle ICL-9 319.55 176.88 1747.33 11.65 0.43
P4 GPT-5 Single Store ICL-9 118.21 24.77 2019.59 13.46 0.40
P4 GPT-5 Shared Store ICL-9 136.02 23.82 2165.59 14.44 0.41
P4 GPT-5 In Context ICL-9 9905.78 231.55 2216.82 14.78 14.70
P4 GPT-5 Oracle ICL-9 327.20 234.87 1777.46 11.85 2.76

P4 GPT-4.1 Single Store N/A 4.81 28.82 521.27 3.48 0.24
P4 GPT-4.1 Shared Store N/A 4.81 27.21 484.88 3.23 0.23
P4 GPT-4.1 In Context N/A 9746.48 82.14 1714.16 11.43 20.15
P4 GPT-4.1 Oracle N/A 194.30 51.59 522.74 3.48 0.80
P4 GPT-5-mini Single Store N/A 4.81 42.44 2156.44 14.38 0.09
P4 GPT-5-mini Shared Store N/A 4.81 47.24 2128.26 14.19 0.10
P4 GPT-5-mini In Context N/A 9746.03 275.14 2597.60 17.32 2.99
P4 GPT-5-mini Oracle N/A 193.85 194.71 2007.18 13.38 0.44
P4 GPT-5 Single Store N/A 4.81 28.72 2761.10 18.41 0.29
P4 GPT-5 Shared Store N/A 4.81 31.62 2893.80 19.29 0.32
P4 GPT-5 In Context N/A 9746.03 246.76 2276.21 15.17 14.65
P4 GPT-5 Oracle N/A 193.85 263.13 2043.63 13.62 2.87

Open-Source Models

P4 DeepSeek-V4-Flash Oracle ICL-9 235.76 28.03 318.12 2.12 0.57
P4 gpt-oss-120b Oracle ICL-9 327.65 56.97 470.22 3.13 0.08
P4 grok-4-20-reasoning Oracle ICL-9 217.27 27.68 1142.80 10.78 1.07
P4 Llama-4-Maverick-

17B-128E-Instruct-FP8
Oracle ICL-9 304.80 29.98 385.98 2.57 0.11

P4 DeepSeek-V4-Flash Oracle N/A 118.76 36.39 367.44 2.45 0.51
P4 gpt-oss-120b Oracle N/A 188.45 78.20 360.28 2.40 0.08
P4 grok-4-20-reasoning Oracle N/A 174.47 41.69 1364.90 9.10 1.15
P4 Llama-4-Maverick-

17B-128E-Instruct-FP8
Oracle N/A 178.42 34.66 367.90 2.45 0.08
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FinanceBench. Table 34 presents comprehen-
sive computational cost analysis across all prompt
variants, models, and evaluation modes on the
FinanceBench dataset. Single Store and Shared
Store modes consistently incur minimal costs that
are below $0.50 for all models, reflecting their
limited prompt token requirements. In contrast,
In Context mode dominates the overall expendi-
ture, with costs ranging from $2.73 to $25.53 de-
pending on the model, primarily driven by the ex-
tensive prompt token requirements needed to em-
bed full document context within the prompt. Or-
acle mode occupies a middle ground with costs
between $0.08 and $2.87, as it requires moderate
context to provide relevant passages without full
document inclusion.

Model selection significantly impacts cost-
performance trade-offs. Among closed-source
models, GPT-5-mini emerges as the most cost-
efficient option across all evaluation modes, with
Oracle mode costing $0.28–$0.44 compared to
$2.00–$2.87 for GPT-5 and $0.54–$1.08 for GPT-
4.1 under similar conditions. Despite this large
cost advantage, GPT-5-mini maintains strong per-
formance, matching or approaching GPT-5 accu-
racy across most configurations. GPT-5, while
incurring higher costs, consistently outperforms
other models in most configurations. GPT-4.1 ex-
hibits the least favorable cost-performance profile,
with comparable costs to GPT-5 in some settings
but consistently lower accuracy.

Prompt complexity introduces additional com-
putational overhead with varying returns. The
straightforward prompt P1 achieves strong cost-
efficiency, maintaining low completion token gen-
eration while delivering competitive performance.
More complex prompts like P4 generate substan-
tially more completion tokens, increasing costs
without proportional performance gains in most
evaluation modes. In In Context mode, ICL
slightly reduces GPT-5 completion token genera-
tion, but the added prompt tokens leave total cost
roughly unchanged or marginally higher overall.

Processing time analysis reveals GPT-4.1 as the
fastest model in Single Store and Shared Store
modes but shows significant variability in other
modes. GPT-5 and GPT-5-mini show consis-
tent processing times across different modes, with
GPT-5-mini being slightly faster. These results
confirm that for production deployment on QA
tasks, the In Context mode carries a substantial
cost premium that makes it impractical for large-

scale applications despite marginal performance
benefits. GPT-5-mini with simpler prompts offers
a practical balance of accuracy, cost, and latency.

The open-source models evaluated on Fi-
nanceBench under Oracle conditions show clear
cost-accuracy-latency trade-offs relative to pro-
prietary alternatives. gpt-oss-120b achieves the
strongest open-source accuracy (96.67%) at a to-
tal cost of $0.08 with ICL, representing over a 25×
cost reduction compared to GPT-5 Oracle ($2.09)
while maintaining low latency of about 3.13 sec-
onds per query. Llama-4-Maverick-17B-128E-
Instruct-FP8 similarly incurs only $0.11 with ICL
and remains fast at 2.57 seconds per query, though
its substantially lower accuracy (57.33%) limits
its practical viability for financial QA. grok-4-20-
reasoning presents a different trade-off: it achieves
strong accuracy (95.33%) but at a higher cost of
$1.07 with ICL and much longer latency of 10.78
seconds per query, yielding less favorable effi-
ciency than gpt-oss-120b. DeepSeek-V4-Flash oc-
cupies a middle ground at $0.57 with ICL, moder-
ate accuracy (83.33%), and relatively low latency
(2.12s), making it a reasonable option when pro-
prietary models are too costly but stronger accu-
racy than Llama-4-Maverick-17B-128E-Instruct-
FP8 is still needed. Overall, gpt-oss-120b offers
the strongest open-source balance among accu-
racy, cost, and latency for this setting.

A.15 Reproducibility Analysis

Tables 35 and 36 summarize the descriptive statis-
tics and significance tests done on the competition
private subset. The following subsections detail
the statistical methodology used to derive these re-
sults and provide the full set of per-run scores used
in the significance experiments.

Table 35: Descriptive statistics across multiple runs.

Run ID n Mean SD CV (%) CI-Low CI-High

12 5 0.68005 0.01023 1.50489 0.66734 0.69276
15 4 0.70246 0.00661 0.94078 0.69194 0.71297
18 4 0.70660 0.00546 0.77319 0.69790 0.71529
19 9 0.71163 0.00433 0.60861 0.70830 0.71496

Table 36: Welch’s t-tests vs. Run 12.

Comparison t-stat p-val Signif.

12 vs 15 -3.969 0.0057 Yes
12 vs 18 -4.981 0.0022 Yes
12 vs 19 -6.582 0.0014 Yes

A.15.1 Descriptive Statistics
The following statistical metrics were computed
for each configuration based on n independent
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runs:

x̄ =
1

n

n∑

i=1

xi (7)

where xi denotes the performance metric from the
ith run. The mean x̄ represents the average model
performance.

SD =

√√√√ 1

n− 1

n∑

i=1

(xi − x̄)2 (8)

The sample standard deviation (SD) quantifies
run-to-run variability where a smaller SD indi-
cates higher stability across repeated evaluations.
The coefficient of variation (CV) expresses vari-
ability relative to the mean and provides a scale-
independent measure of reproducibility:

CV =
s

x̄
× 100% (9)

A CV below 2% is generally regarded as ev-
idence of excellent consistency across runs. To
quantify the uncertainty around the estimated
mean, the 95% confidence interval (CI) is com-
puted as:

CI95% = x̄± t1−α
2
, n−1×

s√
n
, where α = 0.05

(10)
Specifically, t1−α

2
, n−1 denotes the critical value of

the Student’s t-distribution with (n−1) degrees of
freedom corresponding to a 95% confidence level.
The value of t1−α

2
, n−1 can be obtained from a

standard t-distribution table or computed numer-
ically as:

t1−α
2
, n−1 = quantilet

(
1− α

2 , df = n− 1
)
.

(11)
The non-overlapping confidence intervals be-

tween Run 12 and the later runs demonstrate that
the configuration changes introduced after Run 12
resulted in a statistically meaningful performance
gain. Subsequent runs (15–19) show only minor
numerical variation, suggesting that performance
has stabilized and that the system’s behavior is re-
producible. Full descriptive statistics and confi-
dence intervals are reported in Table 35.

A.15.2 Statistical Significance
In order to verify that improvements of PRISM
are statistically significant, Welch’s two-sample t-
tests were conducted between Run 12 (baseline

configuration) and each subsequent run. The test
statistic is defined as:

t =
x̄1 − x̄2√
s21
n1

+
s22
n2

, (12)

where x̄1, s1, n1 and x̄2, s2, n2 denote the mean,
standard deviation, and sample size of each group.
The degrees of freedom are approximated using
the Welch-Satterthwaite equation:

ν =

(
s21
n1

+
s22
n2

)2

(s21/n1)2

n1−1 +
(s22/n2)2

n2−1

. (13)

The two-tailed p-value is obtained from the cumu-
lative t-distribution:

p = 2× CDFt(−|t|, ν). (14)

A comparison is deemed statistically significant
when p < α, where α = 0.05 corresponds to a
5% significance level with a 5% probability of in-
correctly rejecting the null hypothesis.

A.15.3 Interpretation of Statistical
Significance

Table 37 summarizes the configurations and corre-
sponding NDCG@5 scores used in the statistical
significance experiments. All pairwise compar-
isons involving Run 12 yield p-values below the
0.05 threshold (Table 36), confirming that every
subsequent configuration achieves a statistically
significant improvement over the baseline. To-
gether with the low variance reported in Table 35,
these results confirm that PRISM’s performance
gains are both statistically significant and repro-
ducible.

A.15.4 Query-Level Uncertainty and
Separability

The Welch tests above quantify run-to-run vari-
ance across repeated submissions. They do
not quantify query-level uncertainty on the re-
annotated set, so we add a query-level percentile
bootstrap with 10,000 resamples. Document and
chunk have disjoint query sets, so each task is re-
sampled independently and averaged within each
replicate. Point estimates here come from re-
scoring the released prediction files rather than
from the tables, and agree with them to a mean
absolute difference of 0.0005 across the 34 con-
figurations that carry both bases.
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Table 37: Runs that are used for statistical significance experiment, scored on the competition test set.

ID Document Ranking Configuration Chunk Ranking Configuration Agentic Configuration NDCG@5 Score

Prompt Model ICL/Embedding Prompt Model ICL/Embedding Doc. Agent Chunk Agent Public Private

12 P3 GPT-5-mini N/A P3 GPT-5-mini N/A N/A 0.64144 0.66537
12 P3 GPT-5-mini N/A P3 GPT-5-mini N/A N/A 0.64952 0.67366
12 P3 GPT-5-mini N/A P3 GPT-5-mini N/A N/A 0.65520 0.68523
12 P3 GPT-5-mini N/A P3 GPT-5-mini N/A N/A 0.64193 0.68579
12 P3 GPT-5-mini N/A P3 GPT-5-mini N/A N/A 0.64297 0.69019
15 P4 GPT-5 N/A P4 GPT-5 N/A N/A 0.67047 0.69640
15 P4 GPT-5 N/A P4 GPT-5 N/A N/A 0.66720 0.69735
15 P4 GPT-5 N/A P4 GPT-5 N/A N/A 0.66579 0.70630
15 P4 GPT-5 N/A P4 GPT-5 N/A N/A 0.66236 0.70977
18 P4 GPT-5-mini ICL-5/TE3-S P4 GPT-5 N/A N/A 0.68209 0.70187
18 P4 GPT-5-mini ICL-5/TE3-S P4 GPT-5 N/A N/A 0.67842 0.70455
18 P4 GPT-5-mini ICL-5/TE3-S P4 GPT-5 N/A N/A 0.67514 0.70551
18 P4 GPT-5-mini ICL-5/TE3-S P4 GPT-5 N/A N/A 0.67373 0.71446
19 P4 GPT-5 ICL-5/TE3-S P4 GPT-5 N/A N/A 0.68101 0.70491
19 P4 GPT-5 ICL-5/TE3-S P4 GPT-5 N/A N/A 0.67913 0.70827
19 P4 GPT-5 ICL-5/TE3-S P4 GPT-5 N/A N/A 0.68006 0.70865
19 P4 GPT-5 ICL-5/TE3-S P4 GPT-5 N/A N/A 0.67585 0.70923
19 P4 GPT-5 ICL-5/TE3-S P4 GPT-5 N/A N/A 0.68172 0.71181
19 P4 GPT-5 ICL-5/TE3-S P4 GPT-5 N/A N/A 0.67845 0.71277
19 P4 GPT-5 ICL-5/TE3-S P4 GPT-5 N/A N/A 0.66495 0.71375
19 P4 GPT-5 ICL-5/TE3-S P4 GPT-5 N/A N/A 0.66680 0.71713
19 P4 GPT-5 ICL-5/TE3-S P4 GPT-5 N/A N/A 0.67444 0.71818

Minimum detectable effect. From the observed
spread of paired per-query differences, the mini-
mum detectable effect at 80% power is 0.0570 for
chunk ranking (n = 199) and 0.0128 for docu-
ment ranking (n = 200); at 90% power these be-
come 0.0660 and 0.0148. Differences smaller than
these are not resolvable by this evaluation, what-
ever their sign.

Adjacent pairs. Ordering all 40 configurations
by combined NDCG@5 gives 39 adjacent pairs.
Applying the paired bootstrap to each and cor-
recting with Holm’s method, 12 of the 39 re-
main significant. That is the reason the main text
groups findings by module instead of presenting
the grid as a ranking, and the reason no two con-
figurations are described as ordered when their in-
tervals overlap. The illustrative case is Run 13
against Run 14: they differ by 0.0006 combined
NDCG@5, and the 95% CI for the paired dif-
ference is [−0.0151,+0.0192], an interval about
fifty times wider than the difference and contain-
ing zero.

Model comparisons. Figure 10 plots the com-
parisons the paper relies on. Against Run 18,
the strongest GPT-5-family configuration on
the re-annotated basis, Run 39 gains +0.0529
([+0.0331, +0.0727]) and Run 37 gains +0.0175
([−0.0084, +0.0424]); against Run 19 the same
runs gain +0.0632 ([+0.0433, +0.0835]) and
+0.0278 ([+0.0022, +0.0527]). Only the
DeepSeek-against-Run 18 interval crosses zero,

which is why that claim is stated without assert-
ing superiority. The two architecture-matched
differences are +0.0702 ([+0.0474, +0.0937])
and +0.0681 ([+0.0436, +0.0920]), with chunk
Wilcoxon p = 9.4 × 10−9 and 2.8 × 10−7 and
document p = 0.32 and 0.20.
What is and is not separable. The minimum de-
tectable effect at 80% power is 0.057 for chunk
ranking (n = 199) and 0.013 for document
ranking (n = 200), so adjacent pairs in a grid
this dense are mostly not separable: only 12 of
39 survive Holm correction (Appendix A.15.4).
Runs 13 and 14 differ by 0.0006 with a 95% CI of
[−0.0151,+0.0192], roughly fifty times the dif-
ference and containing zero. We therefore group
findings by module rather than presenting the
40 configurations as an ordering, and never de-
scribe configurations as ordered when their inter-
vals overlap, whatever the point gap suggests.

A.16 Production Readiness Analysis

Does the best configuration require expensive
models? Adoption is not gated on the expensive
models: a configuration costing a fifth as much
lands in the same quality band as the strongest
GPT-5-family run. DeepSeek-V4-Flash reaches
0.8016 combined NDCG@5 at USD 0.0284 per
query, against 0.7842 for Run 18, the strongest
GPT-5-family configuration. We put those in the
same band rather than call one better: the paired
difference is positive but its 95% CI includes zero,
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Figure 10: Paired query-level bootstrap differences in combined NDCG@5 with 95% confidence intervals, 10,000
resamples, re-annotated basis. Four model comparisons and the two architecture-matched pairs; only DeepSeek
against Run 18 crosses zero.

and it holds under 9 of the 16 alternative label con-
structions. Run 18 has no measured cost, so the
cost comparison uses the GPT-5 runs that do, at
USD 0.1462 and USD 0.1448 per query (Runs 19
and 15, Table 30), roughly five times DeepSeek’s.
Llama-4-Maverick gives a cheaper point again at
0.7627 and USD 0.0133 per query. The highest-
scoring configuration in the paper does cost more,
at USD 0.1415, so a practitioner who wants the
very top of the table pays for it; what has changed
is that GPT-5-family quality no longer requires it.
Since PRISM needs no training, moving between
providers is a change of endpoint rather than a re-
implementation.

We do agree that API dependence remains a real
reproducibility limitation, because exact reproduc-
tion of API-served results depends on endpoint
availability and versioning. That is why the eval-
uation itself, rather than the endpoints, is what we
make reproducible: the expert annotations, scor-
ing pipeline, prompts and configuration details are
released, with exact endpoint identifiers and the
per-run call timestamps. We state that distinction
rather than equating training-free operation with
infrastructure independence.

This section examines the operational proper-
ties of each PRISM component in turn. Al-
though our best-performing configuration relies on
prompt engineering, selective ICL, and candidate
refinement, we also cover multi-agent coordina-
tion so that practitioners can see the full design
space and the conditions under which each com-
ponent is worth deploying.

Table 38: FACET on FinAgentBench for the config-
urations with measured cost and latency (Lceil=30 s,
Cceil=$0.25, Qfloor=0.65; Q = combined NDCG@5,
re-annotated basis). Each run applies the same prompt
and model to both ranking tasks; IDs match Appendix
Table 23, and the per-axis ratios are in Appendix Ta-
ble 41. Runs 2–19 use combined document–chunk per-
query accounting; Runs 38–40 retain post-annotation
chunk-stage totals divided by 400 tasks, while Run 37
retains its originally reported measurements.

ID Configuration ICL Lat. (s) $/query NDCG@5 FACET

2 P1/GPT-5-mini none 28.1 0.0124 0.7576 2.695
9 P2/GPT-5-mini none 23.1 0.0123 0.7665 2.824

12 P3/GPT-5-mini none 57.7 0.0226 0.7629 1.956
13 P4/GPT-5-mini none 103.3 0.0214 0.7767 1.786
15 P4/GPT-5 none 76.1 0.1448 0.7776 1.070
17 P4/GPT-5-mini ICL-5 both 75.6 0.0407 0.7515 1.541
19 P4/GPT-5 ICL-5 doc 84.6 0.1462 0.7747 1.042
37 P4/DeepSeek-V4-Flash ICL-5 doc 18.5 0.0284 0.8016 2.349
38 P4/gpt-oss-120b ICL-5 doc 15.4 0.0083 0.6582 3.195
39 P4/grok-4-20-reasoning ICL-5 doc 48.9 0.1415 0.8372 1.221
40 P4/Llama-4-Maverick ICL-5 doc 17.0 0.0133 0.7627 2.923

A.16.1 Module-Level Findings on
FinAgentBench

Deployment findings. Three patterns hold across
the grid in Appendix Table 23. P4 gives the most
stable non-agentic ranking; ICL pays off when
scoped to document ranking and not by default at
chunk granularity, where exemplars consume con-
text the candidate evidence needs; and MAS is not
a default choice for chunk ranking. Shot-count
trends and MAS details are in Appendix A.11.
These are findings about financial IR on these
three corpora; we have no cross-vertical evidence
and do not claim any.

A.16.2 Prompt Engineering
Prompt engineering is the simplest component
to operationalize, delivering stable, low-variance
performance with minimal latency and token over-
head. The four variants support a practical deploy-
ment ladder: simpler prompts for cost-sensitive
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traffic, P4 for stronger ranking reliability. Prompt
length itself remains a constraint, because longer
instructions degrade performance at high context
lengths (Appendix A.17), which is why P4 keeps
the reasoning structure but removes avoidable ver-
bosity.

A.16.3 In-Context Learning Sample
Retrieval

ICL improves reasoning consistency and retrieval
quality but introduces additional computational
cost, so it should be activated selectively for com-
plex or high-stakes financial queries where im-
proved contextual understanding outweighs effi-
ciency concerns. Combined with a strong prompt
design, it can be deployed under adaptive strate-
gies that vary the number of retrieved exemplars
with query complexity or token budget.

A.16.4 Candidate Refinement
Candidate refinement is the component with the
clearest operational payoff, because it is the only
one that reduces the token volume reaching the
LLM. Its stages are stateless and locally exe-
cutable apart from the commercial reranker, so
they add no training or serving infrastructure. The
trade-off is latency: on FinAgentBench the refined
pipeline is roughly 10 s per query slower than the
unrefined baseline (Table 11), which matters for
interactive deployments but not for batch analysis.

A.16.5 Multi-Agent Coordination
The agentic workflow extends the same prompt
scaffolding to a multi-role architecture in which
specialized agents inherit the ReAct reasoning
framework and each scores chunks on a 1–10 scale
within its focus area (Appendix A.11). This buys
interpretable, role-separated reasoning, but at the
cost of coordination overhead and variable latency.
Under the matched comparison of Section 5.3, co-
ordination is not measurably harmful for coarse
document routing and costs about 0.14 NDCG@5
at chunk granularity, so we treat it as an optional
module for document-level routing and not as the
production default for chunk ranking.
Where the loss occurs. Nothing measurable goes
wrong at the document stage, where the agen-
tic variant is nominally ahead and neither dif-
ference is distinguishable from zero. What sep-
arates the stages is how much context each al-
ready carries: document prompts average about
3.2k input tokens per query against about 95.8k

for chunk prompts (Appendix Table 30). A second
measurement agrees, since within A4 adding ex-
emplars degrades the architecture monotonically
(Runs 28–31, 0.71505 at ICL-5 to 0.65400 at ICL-
15). Coordination and exemplars both consume
context and both cost most where least is to spare;
we offer that as the interpretation these measure-
ments support, not a causal isolation. We evalu-
ated P4 only for A4, so the conclusion is scoped to
the tested A4 workflow: coordination is not mea-
surably harmful for coarse document routing, and
that is the boundary this module exists to locate.

A.16.6 Three-Axis Dominance and FACET
Decision Boundaries

Section 6.1 presents dominance before FACET.
This appendix reports the dominance structure it-
self and then shows what the scalarization adds
once dominance has done its work.

Figure 2 plots cost against combined NDCG@5
with latency as marker size, and that two-axis
projection has 5 non-dominated configurations.
Treating latency as a third dominance axis rather
than as a visual encoding keeps one further config-
uration, Run 40, giving the 6 rows marked as non-
dominated in Table 39. The frontier does real work
here: it removes Runs 12, 15, 17, and 19 without
reference to any preference, and Table 39 names a
configuration that beats each of them on all three
axes. Run 40 illustrates why the third axis matters,
since it survives on its 17.0 s latency and would not
stand out in a two-dimensional cost–quality read-
ing.

What the frontier leaves is 6 configurations
spanning 15.4 s to 103.3 s, $0.0083 to $0.1415,
and 0.6582 to 0.8372 combined NDCG@5, with
no dominance relation among them. Choosing
one is a statement of preference, and the only
question is whether that statement is written down
where a reader can check it. Holding the la-
tency weight at wL = 0.2 and letting the quality
weight wQ absorb weight from cost, the FACET-
preferred configuration changes twice inside the
frontier (Table 40); the two boundaries are solved
directly from the ratio columns of Table 41 rather
than estimated. Three different configurations are
preferred in three different regions, all of them
on the frontier, so the scalarization discriminates
between defensible options rather than restating
the accuracy ranking. The 12 scenarios of Ap-
pendix A.16.9 all sit at wQ ≤ 0.6, on one side
of the first boundary, which is why the top con-
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figuration does not move within that sweep. That
sweep does not validate the operating targets; it il-
lustrates how a stated preference maps to a choice,
which is the guidance a frontier plot cannot ex-
press because the plot is silent on preferences by
construction.

Table 39: Three-axis dominance over the configura-
tions with measured cost and latency (lower latency,
lower cost, higher combined NDCG@5; re-annotated
basis). Six are non-dominated; for each of the five that
are not, the configurations that beat it on all three axes
are named.
ID Configuration Lat. (s) $/q NDCG@5 Non-dom. Beaten by

38 P4/gpt-oss-120b 15.4 0.0083 0.6582 yes
40 P4/Llama-4-Maverick 17.0 0.0133 0.7627 yes
37 P4/DeepSeek-V4-Flash 18.5 0.0284 0.8016 yes
9 P2/GPT-5-mini 23.1 0.0123 0.7665 yes
39 P4/grok-4-20-reasoning 48.9 0.1415 0.8372 yes
13 P4/GPT-5-mini 103.3 0.0214 0.7767 yes

2 P1/GPT-5-mini 28.1 0.0124 0.7576 no 9
12 P3/GPT-5-mini 57.7 0.0226 0.7629 no 9
17 P4/GPT-5-mini, ICL-5 both 75.6 0.0407 0.7515 no 9, 37, 40
15 P4/GPT-5 76.1 0.1448 0.7776 no 37, 39
19 P4/GPT-5, ICL-5 doc 84.6 0.1462 0.7747 no 37, 39

Table 40: FACET-preferred configuration inside the
non-dominated set as the quality weight varies, with
wL held at 0.2 and wC = 0.8 − wQ. All three are
Pareto-optimal, so the scalarization selects among de-
fensible options rather than restating the quality rank-
ing.

Quality weight wQ Preferred Reading

below 0.642 38, gpt-oss-120b cost- and latency-weighted
0.642 to 0.771 40, Llama-4-Maverick intermediate
above 0.771 37, DeepSeek-V4-Flash quality-weighted

A.16.7 FACET: An SLA-Specific
Scalarization

The frontier says which configurations are de-
fensible; choosing among them still requires a
stated preference, and that is all FACET supplies.
Each factor is a ratio of an observed value to
its own threshold, so every factor is dimension-
less before multiplication, and the aggregator is a
weighted geometric rather than arithmetic mean,
which makes the induced ranking invariant to the
scale each criterion is measured on. That invari-
ance, not the absolute score, is the property we
defend: FACET does not define production readi-
ness and does not replace reporting the three axes
separately. Appendix A.16.8 motivates the aggre-
gator and thresholds, which each deployment sets
for itself. With latency L, cost C, quality Q, and

thresholds Lceil, Cceil, and Qfloor, the score is

FACET =

(
Lceil

L

)wL
(
Cceil

C

)wC

×
(

Q

Qfloor

)wQ

,

∑

i

wi = 1.

For FINAGENTBENCH we set a 30 s latency
ceiling, a $0.25/query cost ceiling, and a 0.65
NDCG@5 quality floor (Appendix Table 38).
These are illustrative targets for interactive finan-
cial retrieval, not values from a user study or live
deployment, which is why the raw axes are re-
ported alongside so another deployment can sub-
stitute its own. GPT-5 stays quality-strong but
cost- and latency-limited (Run 19, 1.042), while
gpt-oss-120b ranks highest (Run 38, 3.195) be-
cause its $0.0083/query and 15.4 s offset a lower
NDCG@5. That follows from the thresholds a
practitioner sets, not from gpt-oss-120b ranking
better: its NDCG@5 of 0.6582 only just clears
the 0.65 floor, so a stricter bar would rank it be-
low the GPT-5 runs. Across the 12 scenarios of
Appendix A.16.9, which vary each threshold by
±10% and add three single-axis-dominant weight-
ings, Run 38 stays top, the two GPT-5 runs stay
bottom, and the middle moves by at most two po-
sitions. FACET is consistent with the dominance
analysis rather than an alternative to it: its top
three configurations are all Pareto-optimal in Fig-
ure 2. Read with the module-level findings, it fa-
vors the non-agentic path: ranking in one LLM
call, ICL only where it helps, and no coordination
overhead (Section 5.3, Appendix A.16).

A.16.8 FACET Metric Rationale
The FACET definition above is the weighted geo-
metric mean of three ratios, rL = Lceil/L, rC =
Cceil/C, and rQ = Q/Qfloor, reported as sepa-
rate columns in Table 41, with wi > 0. Scores
above 1 exceed the deployment requirements over-
all, scores equal to 1 meet them, and scores below
1 fall short. This section explains the choice of
aggregator and the choice of thresholds.

We use the weighted geometric mean rather
than the arithmetic mean for two reasons. First,
the induced ranking is invariant to the normaliza-
tion scale of the underlying criteria, a property
established for ratio-based multi-criteria aggrega-
tion (Krejčı́ and Stoklasa, 2018; Aczél and Saaty,
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1983). Second, a severe shortfall on any single
axis creates a multiplicative penalty that cannot
be fully offset by strong performance on the other
axes. Under equal weights, halving rL from 1.0
to 0.5 reduces the geometric mean by a factor of
21/3 ≈ 1.26, while doubling rC from 1.0 to 2.0
increases it by the same factor. Compensation is
therefore symmetric but not unlimited: a near-zero
ratio on any axis drives the product toward zero.

For example, under thresholds Lceil = 30 s,
Cceil = $0.25, Qfloor = 0.65 and the default
weights (0.2, 0.3, 0.5), a system with L = 6 s,
C = $0.01, and Q = 0.90 has rL = 5.0,
rC = 25.0, and rQ ≈ 1.38, yielding FACET =
5.00.2 · 25.00.3 · 1.380.5 ≈ 4.26, well above 1. In
contrast, a system with L = 35 s, C = $0.30,
and Q = 0.70 has rL ≈ 0.86, rC ≈ 0.83, and
rQ ≈ 1.08, yielding FACET ≈ 0.95 < 1. Al-
though its quality exceeds the floor, the latency
and cost shortfalls pull the overall score below the
deployment threshold.

A.16.9 Robustness of FACET Rankings
A FACET score depends on practitioner-set
thresholds and weights rather than fixed values
from the data. A ranking built on such choices is
useful for deployment decisions only if it does not
change when those choices are varied within a rea-
sonable range. We therefore follow the composite-
indicator robustness methodology of Saisana et al.
(2005) and verify that the FACET ranking in Ta-
ble 38 reflects genuine differences between con-
figurations rather than a particular setting of the
thresholds or weights.

We vary two elements. (i) Thresholds: each
of the three thresholds is scaled by ±10% (pan-
els S1 and S2 in Table 42), giving Lceil ∈
{27, 30, 33} s, Cceil ∈ {0.225, 0.250, 0.275}, and
Qfloor ∈ {0.585, 0.650, 0.715}. (ii) Weights:
besides the default scheme (wL, wC , wQ) =
(0.2, 0.3, 0.5), we add three single-axis-dominant
schemes: quality-dominated (0.2, 0.2, 0.6), cost-
dominated (0.2, 0.6, 0.2), and latency-dominated
(0.6, 0.2, 0.2). Crossing the three threshold levels
with the four weight schemes gives the 12 scenar-
ios in Table 42; quality is measured by NDCG@5,
and using MAP@5 or MRR@5 leaves the order-
ing unchanged.

In every one of the 12 columns of Table 42,
gpt-oss-120b (Run 38) has the highest score and
the two GPT-5 runs (15 and 19) have the low-
est among passing configurations. The interme-

diate configurations move by at most two rank po-
sitions, and only under the off-balance schemes:
under latency-dominated weights grok-4 (Run 39)
moves from rank 9 to 7, passing the two GPT-5-
mini variants Runs 13 and 17, because its latency
ratio (rL = 0.61) exceeds theirs (0.29 and 0.40);
Run 13 falls from 7 to 9 for the same reason. The
top and bottom of the ranking are fixed because
the gaps in rL, rC , and rQ between configura-
tions exceed the shifts a ±10% threshold or weight
change produces. For example, gpt-oss-120b has
rC = 30.2 and rL = 1.94 against rC = 1.7 and
rL = 0.35 for GPT-5 (Run 19); GPT-5 leads only
on quality (rQ = 1.19 versus 1.01), so it over-
takes gpt-oss-120b only as wQ increases outside
the tested range.

The main weight column is identical across the
three threshold panels. With wL + wC = wQ =
0.5, scaling all thresholds by a common factor
k maps rL → k rL, rC → k rC , and rQ →
rQ/k, so FACET → kwL+wC−wQFACET =
FACET. The ±10% sweep therefore changes
only the dominated-scheme scores, and the rank-
ing holds under those as well.

A.17 Limitations

This section provides a comprehensive discussion
of the key limitations identified during the devel-
opment and evaluation of PRISM. An overview
of the main limitations is presented in Section 8;
the discussion below elaborates on each with ad-
ditional technical detail.
Model Provider Generalization. While our
evaluations demonstrate that PRISM generalizes
across closed-source and open-source model fam-
ilies, inference infrastructure remains constrained
to a single cloud-hosted API setting. Behaviors
such as ICL sensitivity may differ further with
self-hosted or locally-served models that exhibit
different latency and instruction-following charac-
teristics. PRISM’s training-free design facilitates
straightforward adaptation, and we encourage fu-
ture work to validate findings across diverse de-
ployment environments.

Data Preprocessing. Our baseline non-agentic
chunk-ranking runs use a simple split-based strat-
egy: documents are divided into fixed segments,
each segment is ranked independently by the
LLM, and top candidates are aggregated. The
candidate-refinement module partially addresses
this limitation by using dense retrieval and rerank-
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Table 41: Per-axis decomposition of the FACET scores in Table 38, showing the latency, cost, and quality ratios
(rL, rC , rQ) that the geometric mean aggregates. Despite the highest accuracy, the GPT-5 runs barely clear FACET
= 1, whereas lower-cost open-source models (notably gpt-oss-120b) score higher on the cost/latency axes.

ID Configuration (doc + chunk) Lat.(s) $/query NDCG@5 rL rC rQ FACET

2 P1/GPT-5-mini+P1/GPT-5-mini 28.1 0.0124 0.7576 1.068 20.202 1.166 2.695
9 P2/GPT-5-mini+P2/GPT-5-mini 23.1 0.0123 0.7665 1.299 20.325 1.179 2.824

12 P3/GPT-5-mini+P3/GPT-5-mini 57.7 0.0226 0.7629 0.520 11.086 1.174 1.956
13 P4/GPT-5-mini+P4/GPT-5-mini 103.3 0.0214 0.7767 0.290 11.710 1.195 1.786
15 P4/GPT-5+P4/GPT-5 76.1 0.1448 0.7776 0.394 1.727 1.196 1.070
17 P4/GPT-5-mini (ICL-5)+P4/GPT-5-mini (ICL-5) 75.6 0.0407 0.7515 0.397 6.150 1.156 1.541
19 P4/GPT-5 (ICL-5)+P4/GPT-5 84.6 0.1462 0.7747 0.355 1.710 1.192 1.042
37 P4/DeepSeek-V4-Flash+P4/DeepSeek-V4-Flash 18.5 0.0284 0.8016 1.622 8.803 1.233 2.349
38 P4/gpt-oss-120b+P4/gpt-oss-120b 15.4 0.0083 0.6582 1.943 30.208 1.013 3.195
39 P4/grok-4-20-reasoning+P4/grok-4-20-reasoning 48.9 0.1415 0.8372 0.614 1.767 1.288 1.221
40 P4/Llama-4-Maverick-17B-128E-Instruct-FP8+P4/Llama-4-Maverick-17B-128E-Instruct-FP8 17.0 0.0133 0.7627 1.763 18.748 1.173 2.923

Table 42: Full FACET scores across 12 scenarios: three threshold levels crossed with four weight schemes. Thresh-
old panels are Base (Lceil=30 s, Cceil=$0.25, Qfloor=0.65), S1 (27 s, $0.225, 0.585), and S2 (33 s, $0.275,
0.715). Weight schemes (wL, wC , wQ): Main = (0.2, 0.3, 0.5), Quality-dom. = (0.2, 0.2, 0.6), Cost-dom.
= (0.2, 0.6, 0.2), Latency-dom. = (0.6, 0.2, 0.2).

Base (30 s, $0.25, 0.65) S1 (27 s, $0.225, 0.585) S2 (33 s, $0.275, 0.715)

ID Configuration M Q C L M Q C L M Q C L

2 P1/GPT-5-mini 2.695 2.026 6.343 1.957 2.695 2.070 5.954 1.837 2.695 1.988 6.716 2.072
9 P2/GPT-5-mini 2.824 2.125 6.635 2.208 2.824 2.170 6.229 2.073 2.824 2.084 7.026 2.338

12 P3/GPT-5-mini 1.956 1.562 3.836 1.128 1.956 1.596 3.601 1.059 1.956 1.533 4.062 1.194
13 P4/GPT-5-mini 1.786 1.421 3.542 0.807 1.786 1.452 3.325 0.758 1.786 1.395 3.750 0.855
15 P4/GPT-5 1.070 1.031 1.194 0.662 1.070 1.053 1.121 0.621 1.070 1.012 1.265 0.701
17 P4/GPT-5-mini (ICL-5) 1.541 1.304 2.545 0.850 1.541 1.332 2.389 0.798 1.541 1.279 2.694 0.900
19 P4/GPT-5 (ICL-5) 1.042 1.005 1.162 0.619 1.042 1.027 1.090 0.581 1.042 0.986 1.230 0.656
37 P4/DeepSeek-V4-Flash 2.349 1.930 4.236 2.153 2.349 1.971 3.977 2.021 2.349 1.893 4.485 2.280
38 P4/gpt-oss-120b 3.195 2.275 8.848 2.952 3.195 2.323 8.306 2.771 3.195 2.232 9.369 3.126
39 P4/grok-4-reasoning 1.221 1.183 1.343 0.880 1.221 1.208 1.260 0.826 1.221 1.161 1.422 0.931
40 P4/Llama-4-Maverick 2.923 2.216 6.713 2.607 2.923 2.263 6.302 2.447 2.923 2.174 7.108 2.761

ing to select a smaller, more relevant pool be-
fore LLM ranking. A remaining open direction is
adaptive, LLM-assisted chunking in which bound-
aries are determined by content density and dis-
course structure rather than fixed lengths. Such
adaptive segmentation would preserve contextual
coherence and directly address the fine-grained
reasoning bottleneck observed in chunk ranking
tasks.

Non-Agentic Workflow. Although the non-
agentic configuration achieves the strongest over-
all performance, exemplar retrieval still depends
on TE3-S and a nearest-neighbor FAISS lookup.
We also do not reimplement RankGPT-style list-
wise or pairwise LLM rankers inside the same fi-
nancial pipeline. The candidate-refinement mod-
ule strengthens candidate selection by adding
dense retrieval, reranking, and k-reciprocal encod-
ing before the LLM ranker. A remaining open di-
rection is hybrid retrieval that integrates dense se-
mantic embeddings with lexical methods such as
BM25 (Robertson et al., 1995) through Recipro-
cal Rank Fusion (Cormack et al., 2009).

Agentic Workflow. Our agentic experiments re-
veal several boundary conditions. First, MAS is

sensitive to prompt-architecture consistency rather
than to P4 as such. Applying P4 uniformly under
A4 is not harmful relative to P1 under the same ar-
chitecture (Runs 33 and 34 at 0.69861 and 0.68368
against Runs 27 and 28 at 0.70395 and 0.71505),
whereas mixing prompt versions across stages is:
Run 32, which pairs P4 on document ranking
with P1 on chunk ranking, collapses to 0.54229.
The matched comparison in Section 5.3 holds the
prompt fixed at P4 on both sides and still finds
the agentic pipeline behind, so the coordination
penalty is not an artifact of prompt choice. Sec-
ond, A2’s three-stage pipeline loses recall through
error propagation, where filtering agents reject
relevant chunks that downstream scoring agents
never observe, particularly when filtering incon-
sistency compounds across stages. Third, coor-
dination overhead with smaller models is signif-
icant, as GPT-4o-mini struggles with multi-agent
coordination across all architectures and often pro-
duces inconsistent scores that degrade when av-
eraged. Finally, over-engineering in chunk rank-
ing emerges as a consistent pattern, where sim-
pler architectures like A4 match or exceed deeper
variants (A2, A3) across most metrics, suggesting
that agent specialization benefits are outweighed
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by coordination costs for fine-grained tasks.
Despite these limitations, including MAS in

PRISM serves an important scientific purpose. It
identifies boundary conditions where multi-agent
reasoning may help versus introducing failure
modes. Our evaluation shows that MAS is most
defensible for coarse document-level tasks with
capable models, while chunk-level ranking suffers
from coordination overhead and error propagation,
especially with smaller models or deeper graph
topologies. These findings support reserving MAS
for coarse routing tasks and preferring simpler
single-agent or minimal two-agent configurations
(A4) for fine-grained ranking. Future work could
explore automated prompt-architecture optimiza-
tion and standardized inter-agent communication
protocols tailored for distributed reasoning.

Context Rot with Complicated Prompts. Re-
cent research on context rot (Hong et al., 2025)
demonstrates that LLM performance degrades as
input length increases, even on simple tasks. This
degradation is non-uniform and model-dependent,
with factors such as the position of relevant infor-
mation, presence of semantically similar distrac-
tors, and overall context structure significantly af-
fecting retrieval accuracy. These findings have di-
rect implications for PRISM’s design choices.

Our prompt engineering progression from P1 to
P4 introduced increasingly sophisticated reason-
ing frameworks (ReAct, CoT, ToT) with detailed
step-by-step instructions. While these structured
prompts improved reasoning quality in isolation,
they substantially increase the input context con-
sumed before any retrieved content is processed.
Similarly, our ICL configurations (5, 10, and 15
examples) further expand the context length, po-
tentially pushing the total input into degradation-
prone regions. This creates an inherent trade-
off where more elaborate prompts and richer ICL
contexts may improve reasoning structure but si-
multaneously expose the system to context rot ef-
fects. The non-uniform nature of this degrada-
tion makes it particularly challenging to predict, as
performance may decline sharply at certain con-
text lengths or when retrieved chunks semanti-
cally blend with surrounding prompt content. This
limitation suggests that future work should ex-
plore context-efficient prompt designs that pre-
serve reasoning quality while minimizing input
length, or investigate adaptive strategies that dy-
namically adjust prompt complexity based on re-

trieval requirements and model-specific degrada-
tion patterns.

Prompt Template Specificity. Several prompt
templates include concrete illustrative examples
drawn from the training split of each evalu-
ated dataset, such as company-specific few-shot
demonstrations with entity names and index la-
bels. These examples were selected to reflect the
training distribution rather than target specific test
queries, but they may still be better calibrated to
these benchmarks than to other financial IR tasks.
Practitioners applying PRISM to different datasets
should sample few-shot examples from a held-out
exemplar pool representative of their target distri-
bution.

Architectural Design. Architecturally, our re-
sults indicate a saturation bottleneck in the current
MAS design. For example, the A3 topology lim-
ited GPT-5’s performance, suggesting that more
expressive aggregation mechanisms such as Tree-
of-Thought (ToT) consensus or probabilistic vot-
ing may better leverage larger models by enabling
richer exploration of alternative reasoning paths.
This can potentially break through the saturation
point we observed and allow superior models to
fully leverage MAS.

We also observed that the sequential depth of
A2 made it vulnerable to error propagation, un-
derscoring graph topology as a critical optimiza-
tion area. Future work may explore more re-
silient designs, including parallel filtering path-
ways or adversarial refinement agents that chal-
lenge intermediate outputs to reduce overconfi-
dence. Such mechanisms, combined with more
parallel rather than sequential structures, could re-
duce compounding errors and improve the scala-
bility of PRISM.

A.18 Reproducibility

PRISM is training-free, so reproduction requires
no model training, fine-tuning, or gradient up-
dates: exact model identifiers, prompt templates,
ICL retrieval configurations, MAS architectural
variants, and all hyperparameters are specified in
Appendix A.12, and the run-to-run statistics are
reported in Appendix A.15.

The original FinAgentBench evaluator is of-
fline, so the reproducible evaluation path is the
released one. On acceptance we release: the ex-
pert annotations for both tasks over the 200-query
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validation split; the prediction files for all 40 con-
figurations; the scoring pipeline that produces ev-
ery re-annotated-basis number in this paper; the
query-level paired bootstrap and Holm-correction
scripts behind Appendix A.15.4; and the label-
robustness sweep that rebuilds the ground truth 16
ways and reproduces Appendix Table 7. We re-
lease our annotations over the public split rather
than a re-release of FinAgentBench itself.

Commercial endpoints are not stationary, so re-
production of API-served numbers is bounded by
endpoint versioning rather than by the pipeline.
We pin Cohere rerank-v4.0-fast, Cohere embed-
english-v3.0, and Cohere embed-v4.0, together
with the Azure-hosted OpenAI deployments listed
in Appendix A.12; the released run logs carry the
call timestamp for every configuration, so each re-
ported number is traceable to the endpoint state at
the time it was measured.
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A.19 Prompt Template

Table 43: Document ranking system prompts.

Version Prompt

P1 You are a financial analysis assistant specialized in corporate disclosure documents. When given
a user’s question about a company, identify which of the following five document types is most
likely to contain the answer, and rank them from most relevant to least relevant. The documents to
consider are: - 10-K (Annual Report): Comprehensive annual filing with business overview, financial
performance, risk factors, operations, and strategy. Most useful for questions on overall business,
long-term strategy, or risks. - 10-Q (Quarterly Report): Quarterly updates on financial condition
and operations. Less detailed than a 10-K but covers recent results and material changes. Best for
questions on recent quarterly performance. - 8-K (Current Report): Filed for unscheduled material
events (e.g., M&A, leadership changes, litigation, earnings announcements). Best for questions on
specific recent events. - DEF14A (Proxy Statement): Proxy statement for shareholder meetings.
Includes executive compensation, governance, board elections, and shareholder proposals. Best for
governance and executive pay questions. - Earnings Release/Call Transcript: Quarterly earnings
press release or transcript with financial results, key metrics, and management commentary. Best for
questions on recent performance and forward-looking commentary.
Task: - Internally reason about which documents are most relevant. - Output only a ranked list of
indices (Python-style list) from most relevant to least relevant. - Do not output explanations, scores,
or JSON mappings.
Domain ranking hints: - Use 10-K for strategy, risks, or full-year data. - Use 10-Q for recent
quarterly updates. - Use 8-K for specific events/announcements. - Use DEF14A for governance,
board, and compensation. - Use Earnings for quarterly results or management commentary.
Useful tips: - 10-K most likely will be related to query with these keywords: risks, corporation,
revenue, share, market, exist, concentration, dependency, geographic, leadership. - 10-Q most likely
will be related to query with these keywords: revenue, period, evolved, ratio, reporting, time, recur-
ring, segment, periods, profitability. - 8-K most likely will be related to query with these keywords:
revenue, period, ratio, recurring, time, evolved, reporting, quarter, guidance, corporation. - DEF14A
most likely will be related to query with these keywords: share, equity, rate, availability, manage,
award, burn, pool, compensation, corporation. - Earnings most likely will be related to query with
these keywords: questions, asked, metrics, guidance, corporation, customer, investor, expansion, of-
fered, targets.
Strict Output Format: Return only a Python-style list of indices. Example: [1, 0, 2, 4, 3] Do not
return any text outside of the list. Any other format is incorrect.

Continued on next page
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Table 43 – Continued from previous page

Version Prompt

P2 You are a financial analysis assistant specialized in corporate disclosure documents. When given
a user’s question about a company, identify which of the following five document types is most
likely to contain the answer, and rank them from most relevant to least relevant. The documents to
consider are: - 10-K (Annual Report): Comprehensive annual filing with business overview, financial
performance, risk factors, operations, and strategy. Most useful for questions on overall business,
long-term strategy, or risks. - 10-Q (Quarterly Report): Quarterly updates on financial condition
and operations. Less detailed than a 10-K but covers recent results and material changes. Best for
questions on recent quarterly performance. - 8-K (Current Report): Filed for unscheduled material
events (e.g., M&A, leadership changes, litigation, earnings announcements). Best for questions on
specific recent events. - DEF14A (Proxy Statement): Proxy statement for shareholder meetings.
Includes executive compensation, governance, board elections, and shareholder proposals. Best for
governance and executive pay questions. - Earnings Release/Call Transcript: Quarterly earnings
press release or transcript with financial results, key metrics, and management commentary. Best for
questions on recent performance and forward-looking commentary.
Task: - Internally reason about which documents are most relevant. - Output only a ranked list of
indices (Python-style list) from most relevant to least relevant. - Do not output explanations, scores,
or JSON mappings.
Domain ranking hints: - Use 10-K for strategy, risks, or full-year data. - Use 10-Q for recent
quarterly updates. - Use 8-K for specific events/announcements. - Use DEF14A for governance,
board, and compensation. - Use Earnings for quarterly results or management commentary.
Useful tips: - Do note that the following keywords are statistically more likely to appear in each doc-
ument type (word count in top 1 query/total word count in all queries): - 10-K most likely will contain
keywords risks (566/703 = 80.51%), corporation (479/864 = 55.44%), revenue (456/721 = 63.25%),
share (317/555 = 57.12%), market (299/492 = 60.77%), exist (286/326 = 87.73%), concentration
(285/323 = 88.24%), dependency (282/319 = 88.40%), geographic (242/438 = 55.25%), leadership
(242/389 = 62.21%). - 10-Q most likely will contain keywords revenue (161/721 = 22.33%), period
(139/386 = 36.01%), evolved (134/327 = 40.98%), ratio (132/335 = 39.40%), reporting (131/343 =
38.19%), time (131/334 = 39.22%), recurring (129/318 = 40.57%), segment (103/352 = 29.26%),
periods (102/343 = 29.74%), profitability (101/340 = 29.71%). - 8-K most likely will contain key-
words revenue (29/721 = 4.02%), period (23/386 = 5.96%), ratio (20/335 = 5.97%), recurring (20/318
= 6.29%), time (20/334 = 5.99%), evolved (20/327 = 6.12%), reporting (20/343 = 5.83%), quar-
ter (15/75 = 20.00%), guidance (12/404 = 2.97%), corporation (12/864 = 1.39%). - DEF14A most
likely will contain keywords share (151/555 = 27.21%), equity (143/355 = 40.28%), rate (138/397 =
34.76%), availability (136/335 = 40.60%), manage (135/325 = 41.54%), award (134/321 = 41.74%),
burn (134/321 = 41.74%), pool (134/333 = 40.24%), compensation (84/88 = 95.45%), corporation
(77/864 = 8.91%). - Earnings most likely will contain keywords questions (264/305 = 86.56%),
asked (249/284 = 87.68%), metrics (234/299 = 78.26%), guidance (214/404 = 52.97%), corporation
(204/864 = 23.61%), customer (194/260 = 74.62%), investor (182/357 = 50.98%), expansion (173/341
= 50.73%), offered (170/322 = 52.80%), targets (167/336 = 49.70%).
Strict Output Format: Return only a Python-style list of indices. Example: [1, 0, 2, 4, 3] Do not
return any text outside of the list. Any other format is incorrect.

Continued on next page
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Table 43 – Continued from previous page

Version Prompt

P3 You are a financial analysis assistant specialized in corporate disclosure documents. When given a
user’s question about a company, engage in chain-of-thought reasoning using a ReAct (Reason+Act)
strategy and a Tree-of-Thought strategy to break down the query, analyze financial concepts, and
determine relevance to each document type.
Explanation of Strategies: - Chain-of-Thought Reasoning: Systematically break down complex
financial-related queries into simpler sub-questions or logical steps. This enables thorough consider-
ation of the context, concepts, and potential information sources. - ReAct Strategy (Reason + Act):
Alternate between reasoning steps (analyzing, hypothesizing, or inferring) and action steps (selecting
or ranking documents) to ensure thoughtful and well-justified outputs. - Tree-of-Thought Strategy:
Imagine three different experts are answering this question. All experts will write down 1 step of their
thinking, then share it with the group. Then all experts will go on to the next step, etc. If any expert
realizes they’re wrong at any point, then they leave.
Step-by-Step Combined Strategy: 1. Comprehend the User Query: Identify key financial con-
cepts and determine the core question. 2. Extract Relevant Keywords: Detect essential terms and
phrases that indicate the type of disclosure or financial issue. 3. Tree-of-Thought Analyst Simu-
lation: Simulate three expert analysts. Each analyst independently reasons through each step. After
each step, analysts share their thoughts. If an analyst realizes an error, they exit the process. 4. Reason
about Document Types (Chain-of-Thought): For each document type, think through which aspects
may address the user’s information need. 5. Apply ReAct (Reason + Act) Alternation: For each
document, reason about relevance (Why might it be useful?), then act by tentatively ranking it accord-
ingly. 6. Iterate as Needed: Adjust rankings as new insights or findings surface through reasoning
or as experts drop out. 7. Finalize Output: Return only a ranked list of document indices from most
relevant to least relevant.
Your job is to identify which of the following five document types is most likely to contain the an-
swer, and rank them from most relevant to least relevant. The documents to consider are: - 10-K
(Annual Report): Comprehensive annual filing with business overview, financial performance, risk
factors, operations, and strategy. Most useful for questions on overall business, long-term strategy,
or risks. - 10-Q (Quarterly Report): Quarterly updates on financial condition and operations. Less
detailed than a 10-K but covers recent results and material changes. Best for questions on recent
quarterly performance. - 8-K (Current Report): Filed for unscheduled material events (e.g., M&A,
leadership changes, litigation, earnings announcements). Best for questions on specific recent events.
- DEF14A (Proxy Statement): Proxy statement for shareholder meetings. Includes executive com-
pensation, governance, board elections, and shareholder proposals. Best for governance and executive
pay questions. - Earnings Release/Call Transcript: Quarterly earnings press release or transcript
with financial results, key metrics, and management commentary. Best for questions on recent perfor-
mance and forward-looking commentary.

Continued on next page
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Table 43 – Continued from previous page

Version Prompt

P3 Task: - Internally reason about which documents are most relevant, using explicit chain-of-thought
reasoning, Tree-of-Thought simulation, and ReAct (Reason+Act) strategy to break down and analyze
complex financial queries and ranking tasks. - Do note that the ranking metric is NDCG@5 so the
correct ranking order is very important. - Output only a ranked list of indices (Python-style list)
from most relevant to least relevant. - Do not output explanations, scores, or JSON mappings.
Domain ranking hints: - Use 10-K for strategy, risks, or full-year data. - Use 10-Q for recent
quarterly updates. - Use 8-K for specific events/announcements. - Use DEF14A for governance,
board, and compensation. - Use Earnings for quarterly results or management commentary.
Useful tips: - 10-K most likely will be related to query with these keywords: risks, corporation,
revenue, share, market, exist, concentration, dependency, geographic, leadership. - 10-Q most likely
will be related to query with these keywords: revenue, period, evolved, ratio, reporting, time, recur-
ring, segment, periods, profitability. - 8-K most likely will be related to query with these keywords:
revenue, period, ratio, recurring, time, evolved, reporting, quarter, guidance, corporation. - DEF14A
most likely will be related to query with these keywords: share, equity, rate, availability, manage,
award, burn, pool, compensation, corporation. - Earnings most likely will be related to query with
these keywords: questions, asked, metrics, guidance, corporation, customer, investor, expansion, of-
fered, targets.
Document indexes: - [Document Index 0] DEF14A - [Document Index 1] 10-K - [Document Index
2] 10-Q - [Document Index 3] 8-K - [Document Index 4] Earnings
Few show examples: - Question: How has the ratio of Apollo Global Management’s recurring to one-
time management fees evolved in the latest reporting period? — Answer: [2, 1, 4, 0, 3] - Question:
What guidance was offered on Aptiv’s supply chain efficiency targets? — Answer: [1, 4, 0, 2, 3] -
Question: What questions were asked about Broadcom’s customer retention metrics? — Answer: [4,
3, 0, 1, 2] - Question: How has the ratio of Boeing’s recurring to one-time revenue evolved in the
latest reporting period? — Answer: [1, 2, 4, 0, 3] - Question: What investor views emerged on Baker
Hughes’s international or geographic expansion prospects? — Answer: [4, 1, 2, 3, 0]
Persistence - You are an agent - please keep going until the user’s query is completely resolved, before
ending your turn and yielding back to the user. - Only terminate your turn when you are sure that the
problem is solved. - Never stop or hand back to the user when you encounter uncertainty, research
or deduce the most reasonable approach and continue. - Do not ask the human to confirm or clarify
assumptions, decide what the most reasonable assumption is and proceed with it.
Strict Output Format: Return only a Python-style list of indices. Example: [1, 0, 2, 4, 3] Do not
return any text outside of the list. Any other format is incorrect.

Continued on next page
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Table 43 – Continued from previous page

Version Prompt

P4 You are a financial analysis assistant specialized in corporate disclosure documents. When given a
user’s question about a company, engage in chain-of-thought reasoning using a ReAct (Reason+Act)
strategy and a Tree-of-Thought strategy to break down the query, analyze financial concepts, and
determine relevance to each document type.
Explanation of Strategies: Chain-of-Thought Reasoning: Systematically break down complex
financial-related queries into simpler sub-questions or logical steps. This enables thorough consider-
ation of the context, concepts, and potential information sources. - ReAct Strategy (Reason + Act):
Alternate between reasoning steps (analyzing, hypothesizing, or inferring) and action steps (selecting
or ranking documents) to ensure thoughtful and well-justified outputs. - Tree-of-Thought Strategy:
Imagine three different experts are answering this question. All experts will write down 1 step of their
thinking, then share it with the group. Then all experts will go on to the next step, etc. If any expert
realizes they’re wrong at any point, then they leave.
Step-by-Step Combined Strategy: 1. Comprehend the User Query: Identify key financial con-
cepts and determine the core question. 2. Extract Relevant Keywords: Detect essential terms and
phrases that indicate the type of disclosure or financial issue. 3. Tree-of-Thought Analyst Simu-
lation: Simulate three expert analysts. Each analyst independently reasons through each step. After
each step, analysts share their thoughts. If an analyst realizes an error, they exit the process. 4. Reason
about Document Types (Chain-of-Thought): For each document type, think through which aspects
may address the user’s information need. 5. Apply ReAct (Reason + Act) Alternation: For each
document, reason about relevance (Why might it be useful?), then act by tentatively ranking it accord-
ingly. 6. Iterate as Needed: Adjust rankings as new insights or findings surface through reasoning
or as experts drop out. 7. Finalize Output: Return only a ranked list of document indices from most
relevant to least relevant.
Your job is to identify which of the following five document types is most likely to contain the an-
swer, and rank them from most relevant to least relevant. The documents to consider are: - 10-K
(Annual Report): Comprehensive annual filing with business overview, financial performance, risk
factors, operations, and strategy. Most useful for questions on overall business, long-term strategy,
or risks. - 10-Q (Quarterly Report): Quarterly updates on financial condition and operations. Less
detailed than a 10-K but covers recent results and material changes. Best for questions on recent
quarterly performance. - 8-K (Current Report): Filed for unscheduled material events (e.g., M&A,
leadership changes, litigation, earnings announcements). Best for questions on specific recent events.
- DEF14A (Proxy Statement): Proxy statement for shareholder meetings. Includes executive com-
pensation, governance, board elections, and shareholder proposals. Best for governance and executive
pay questions. - Earnings Release/Call Transcript: Quarterly earnings press release or transcript
with financial results, key metrics, and management commentary. Best for questions on recent perfor-
mance and forward-looking commentary.

Continued on next page
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Table 43 – Continued from previous page

Version Prompt

P4 Task: - Internally reason about which documents are most relevant, using explicit chain-of-thought
reasoning, Tree-of-Thought simulation, and ReAct (Reason+Act) strategy to break down and analyze
complex financial queries and ranking tasks. - Do note that the ranking metric is NDCG@5 so the
correct ranking order is very important. - Output only a ranked list of indices (Python-style list)
from most relevant to least relevant. - Do not output explanations, scores, or JSON mappings.
Domain ranking hints: - Use 10-K for strategy, risks, or full-year data. - Use 10-Q for recent
quarterly updates. - Use 8-K for specific events/announcements. - Use DEF14A for governance,
board, and compensation. - Use Earnings for quarterly results or management commentary.
Useful tips: - 10-K most likely will be related to query with these keywords: risks, corporation,
revenue, share, market, exist, concentration, dependency, geographic, leadership. - 10-Q most likely
will be related to query with these keywords: revenue, period, evolved, ratio, reporting, time, recur-
ring, segment, periods, profitability. - 8-K most likely will be related to query with these keywords:
revenue, period, ratio, recurring, time, evolved, reporting, quarter, guidance, corporation. - DEF14A
most likely will be related to query with these keywords: share, equity, rate, availability, manage,
award, burn, pool, compensation, corporation. - Earnings most likely will be related to query with
these keywords: questions, asked, metrics, guidance, corporation, customer, investor, expansion, of-
fered, targets.
Document indexes: - [Document Index 0] DEF14A - [Document Index 1] 10-K - [Document Index
2] 10-Q - [Document Index 3] 8-K - [Document Index 4] Earnings
Few shot examples: - Question: How has the ratio of Apollo Global Management’s recurring to one-
time management fees evolved in the latest reporting period? — Answer: [2, 1, 4, 0, 3] - Question:
What guidance was offered on Aptiv’s supply chain efficiency targets? — Answer: [1, 4, 0, 2, 3] -
Question: What questions were asked about Broadcom’s customer retention metrics? — Answer: [4,
3, 0, 1, 2] - Question: How has the ratio of Boeing’s recurring to one-time revenue evolved in the
latest reporting period? — Answer: [1, 2, 4, 0, 3] - Question: What investor views emerged on Baker
Hughes’s international or geographic expansion prospects? — Answer: [4, 1, 2, 3, 0]
Important: - Please keep going until the user’s query is completely resolved, before ending your turn
and yielding back to the user. - Never stop or ask the user for clarification; always proceed with the
most reasonable deduction based on the prompt and supplied data. - Your accurate ranking of the
chunks are the most important task.
Strict Output Format: Return only a Python-style list of indices. Example: [1, 0, 2, 4, 3] Do not
return any text outside of the list. Any other format is incorrect.
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Table 44: Chunk ranking system prompts.

Version Prompt

P1 You are a reasoning-and-acting assistant (ReAct framework) designed to rank text chunks by their
relevance to a financial question. You must always think step by step internally (reasoning), but only
show the final action to the user. The final output must be a Python-style list of chunk indices,
ordered from most relevant to least relevant. No explanations, no text, no scores, no JSON objects
are allowed. Any non-list output is incorrect and must be rejected.
Task - Input: A question and a list of text chunks with indices. - Goal: Identify the 5 most relevant
chunks for answering the question, then rank them in order of relevance (best first). - Output: A
Python list of exactly 5 chunk indices sorted by relevance. - Strictly enforce the output format: e.g.
[7, 12, 3, 9, 14, 1, 5, 2, 0, 8]
Methodology 1. Reasoning (internal, hidden from user): - Analyze the question and determine
what type of information is needed (e.g., liquidity, risk factors, governance, earnings, etc.). - Examine
each text chunk for references to cash, short-term investments, liquidity, or related financial concepts.
- Select the 5 most relevant chunks. - Rank them by how directly and completely they address the
question.
2. Action (visible to user): - Output only the ranked list of 5 chunk indices, in Python list format. -
Do not output explanations, reasoning steps, or any text.
Constraints - Always return exactly 5 indices. - Output must be a flat Python list of integers.
- Reject any other format (e.g., dictionaries, text, bullet points). - Accuracy in ranking is critical:
prioritize chunks that directly reference the company’s cash position, liquidity, or balance sheet over
general commentary.

P2 You are a financial analysis assistant specialized in ranking text chunks by relevance to a given
financial question. When given a question and a set of chunks, engage in chain-of-thought reason-
ing using a ReAct (Reason+Act) strategy and a Tree-of-Thought strategy to break down the query,
analyze financial concepts, and determine relevance for each chunk.
Explanation of Strategies: - Chain-of-Thought Reasoning: Systematically decompose the finan-
cial question into simpler sub-questions (e.g., liquidity, cash position, leverage, profitability, guidance)
and map those to evidence likely present in the chunks. - ReAct Strategy (Reason + Act): Alternate
between reasoning (analyzing the question and a chunk) and action steps (tentatively ranking or fil-
tering chunks) to ensure deliberate, justified selection. - Tree-of-Thought Strategy: Imagine three
different experts are answering this question. All experts will write down 1 step of their thinking, then
share it with the group. Then all experts will go on to the next step, etc. If any expert realizes they’re
wrong at any point, then they leave.
Step-by-Step Combined Strategy: 1. Comprehend the User Query: Identify the core financial
concept(s) (e.g., liquidity, cash, operating cash flow, balance sheet strength, debt maturities, guidance,
risk factors). 2. Extract Relevant Keywords: Detect terms tied to the topic (e.g., cash, cash equiv-
alents, short-term investments, liquidity, revolver, covenant, free cash flow, working capital, debt,
maturities). 3. Tree-of-Thought Analyst Simulation: Simulate three analysts who independently
reason through the query, share after each step, and prune incorrect paths (analysts may drop out if
wrong). 4. Reason about Chunk Content (Chain-of-Thought): For each chunk, think through why
it may address the question (does it mention target metrics/definitions, period, company-specific fig-
ures, direct Q&A, forward-looking commentary, caveats?). 5. Apply ReAct Alternation: For each
chunk, reason about relevance (Why useful?), then act by scoring/ordering. Prefer chunks with direct
figures/definitions over general commentary. 6. Iterate as Needed: Refine the top set as insights
emerge; drop weaker chunks; break ties by specificity, recency cues within the text, and complete-
ness. 7. Finalize Output: Return only the ranked list of exactly 5 chunk indices, most relevant to
least relevant.
Domain Ranking Hints (within chunks): - Liquidity/Cash: Look for “cash,” “cash equivalents,”
“short-term investments,” “liquidity,” “working capital,” “revolver,” “credit facility,” “covenant,”
“debt maturity,” “net cash,” “free cash flow,” “operating cash flow,” “balance sheet.” - Guid-
ance/Earnings Commentary: “guidance,” “outlook,” “targets,” “commentary,” “Q&A,” “metrics.”
- Risk/Constraints: “going concern,” “material uncertainty,” “liquidity risk,” “interest coverage,”
“debt covenants.” - Prioritize chunks that directly reference the company’s cash/liquidity metrics,
sources/uses of cash, or balance sheet over generic narratives.

Continued on next page
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Table 44 – Continued from previous page

Version Prompt

P2 Task: - Input: A question and a list of text chunks with indices. - Goal: Identify the **5 most
relevant chunks** and rank them from to least relevant. - Output: A Python list of exactly 5 chunk
indices in descending relevance order.
Constraints: - Always return exactly 5 indices. - Output must be a flat Python list of integers (e.g.,
‘[7, 12, 3, 9, 14]‘). - No explanations, no text, no scores, no JSON. Any non-list output is incorrect.
Few-Shot Examples: - Question: What investor views emerged on Arthur J. Gallagher & Co.’s
international expansion prospects? — Answer: [139, 3, 53, 34, 55] - Question: What did Apple
management identify as their biggest challenge in the smartphone market? — Answer: [2, 11, 5, 9,
14] - Question: What does the level of Agilent Technologies’ cash and short-term investments imply
for Agilent Technologies’ liquidity? — Answer: [6, 1, 13, 7, 10]
Persistence - You are an agent - please keep going until the user’s query is completely resolved, before
ending your turn and yielding back to the user. - Only terminate your turn when you are sure that the
problem is solved. - Never stop or hand back to the user when you encounter uncertainty, research
or deduce the most reasonable approach and continue. - Do not ask the human to confirm or clarify
assumptions, decide what the most reasonable assumption is and proceed with it.
Strict Output Format: Return only a Python-style list of indices. Example: [1, 0, 2, 4, 3] Do not
return any text outside of the list. Any other format is incorrect.

P3 You are a financial analysis assistant specialized in ranking text chunks by relevance to a given
financial question. When given a question and a set of chunks, employ enhanced chain-of-thought
and multi-expert reasoning strategies to thoroughly break down the query, analyze financial con-
cepts, and robustly determine relevance for each chunk.
Optimized Reasoning Strategies: - Chain-of-Thought Reasoning: Systematically break down the
financial question into granular sub-questions (e.g., liquidity, cash position, leverage, profitability,
guidance), mapping each to evidence likely found in the chunks for precise identification. - ReAct
Strategy (Reason + Act): Alternate between in-depth reasoning (focusing on each chunk’s relevance
to specific sub-questions) and decisive actions (provisionally ranking/filtering chunks), ensuring each
selection is well-justified and based on a transparent thought process. - Tree-of-Thought (Multi-
Expert Simulation): Simulate three expert analysts who independently reason through each step of
the problem, communicate intermediate results, and iteratively prune less accurate reasoning paths.
Experts drop out if their logic fails, ensuring only high-quality reasoning proceeds.
Optimized Step-by-Step Combined Strategy: 1. Comprehend the User Query: Identify and
articulate the core financial concepts involved (e.g., liquidity, cash flow, balance sheet strength, debt
maturities, guidance, risk factors). 2. Extract Relevant Keywords: Explicitly detect and highlight
the most salient terms for the topic (e.g., cash, liquidity, maturities, covenant, working capital, free
cash flow, debt, Q&A, guidance, risk). 3. Tree-of-Thought Analyst Simulation: Engage in iterative,
stepwise analyst reasoning; at each step, experts write and share their logic, with faulty lines dropped
immediately, converging on the most robust reasoning paths. 4. Deep Reasoning About Chunk
Content (Chain-of-Thought): For each chunk, explicitly detail why it may or may not address the
question, including coverage of target metrics, specific figures, Q&A, forward commentary, or notable
caveats. 5. Rigorous ReAct Alternation: For each chunk, justify its inclusion (Why is it useful?),
then act with a clear scoring or ordering, emphasizing direct evidence or definitions and discounting
generic or tangential commentary. 6. Iterative Refinement: Repeatedly refine the candidate set as
new insights emerge; consistently drop weaker chunks; in case of ties, systematically prioritize based
on specificity, temporal recency, and completeness within the text. 7. Finalize Output: Return only
the ranked list of exactly 5 chunk indices, from most relevant to least relevant.
Domain Ranking Hints (within chunks): - Liquidity/Cash: Seek strong, direct references to “cash,”
“cash equivalents,” “short-term investments,” “liquidity,” “working capital,” “revolver,” “credit facil-
ity,” “covenant,” “debt maturity,” “net cash,” “free cash flow,” “operating cash flow,” and “balance
sheet”. - Guidance/Earnings Commentary: Focus on keywords like “guidance,” “outlook,” “tar-
gets,” “commentary,” “Q&A,” and “metrics”. - Risk/Constraints: Give weight to mentions of “going
concern,” “material uncertainty,” “liquidity risk,” “interest coverage,” and “debt covenants”. - Priori-
tize chunks with direct, quantitative, or company-specific references to financial metrics, sources/uses
of cash, or balance sheet strength over generic narratives.

Continued on next page
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Version Prompt

P3 Task: - Input A question and a list of text chunks with indices. - Goal: Apply rigorous multi-
strategy reasoning to identify the 10 most relevant chunks and rank them from most to least relevant.
- Output: A Python list of exactly 10 chunk indices in descending order of relevance.
Constraints: - Always return exactly 10 indices. - Output must be a flat Python list of integers. -
No explanations, no text, no scores, no JSON. Any non-list output is incorrect.
Few-Shot Examples: - Question: What investor views emerged on Arthur J. Gallagher & Co.’s inter-
national expansion prospects? — Answer: [139, 3, 53, 34, 55, 26, 78, 90, 45, 67] - Question: What
did Apple management identify as their biggest challenge in the smartphone market? — Answer: [2,
11, 5, 9, 14, 1, 4, 7, 3, 8] - Question: What does the level of Agilent Technologies’ cash and short-term
investments imply for Agilent Technologies’ liquidity? — Answer: [6, 1, 13, 7, 10, 2, 4, 5, 8, 3]
Persistence - You are an agent - continue until the user’s query has a solution before ending your turn
and yielding back to the user. - Only terminate your turn once you are sure the problem is solved. -
Never stop or ask the user for clarification; always proceed with the most reasonable deduction based
on the prompt and supplied data.
Strict Output Format: Return only a Python-style list of indices. Example: [1, 0, 2, 4, 3, 5, 6, 7, 8,
9] Do not return any text outside of the list. Any other format is incorrect.

P4 You are a financial analysis assistant specialized in ranking text chunks by relevance to a given
financial question. When given a question and a set of chunks, employ enhanced chain-of-thought
and multi-expert reasoning strategies to thoroughly break down the query, analyze financial con-
cepts, and robustly determine relevance for each chunk.
Reasoning Strategies: - Chain-of-Thought Reasoning: Systematically break down the financial
question into granular sub-questions (e.g., liquidity, cash position, leverage, profitability, guidance),
mapping each to evidence likely found in the chunks for precise identification. - ReAct Strategy
(Reason + Act): Alternate between in-depth reasoning (focusing on each chunk’s relevance to specific
sub-questions) and decisive actions (provisionally ranking/filtering chunks), ensuring each selection
is well-justified and based on a transparent thought process. - Tree-of-Thought (Multi-Expert Sim-
ulation): Simulate three expert analysts who independently reason through each step of the problem,
communicate intermediate results, and iteratively prune less accurate reasoning paths. Experts drop
out if their logic fails, ensuring only high-quality reasoning proceeds.
Step-by-Step Combined Strategy: 1. Comprehend the User Query: Identify and articulate the
core financial concepts involved (e.g., liquidity, cash flow, balance sheet strength, debt maturities,
guidance, risk factors). 2. Extract Relevant Keywords: Explicitly detect and highlight the most
salient terms for the topic (e.g., cash, liquidity, maturities, covenant, working capital, free cash flow,
debt, Q&A, guidance, risk). 3. Tree-of-Thought Analyst Simulation: Engage in iterative, stepwise
analyst reasoning; at each step, experts write and share their logic, with faulty lines dropped imme-
diately, converging on the most robust reasoning paths. 4. Deep Reasoning About Chunk Content
(Chain-of-Thought): For each chunk, explicitly detail why it may or may not address the question,
including coverage of target metrics, specific figures, Q&A, forward commentary, or notable caveats.
5. Rigorous ReAct Alternation: For each chunk, justify its inclusion (Why is it useful?), then act
with a clear scoring or ordering, emphasizing direct evidence or definitions and discounting generic or
tangential commentary. 6. Iterative Refinement: Repeatedly refine the candidate set as new insights
emerge; consistently drop weaker chunks; in case of ties, systematically prioritize based on specificity,
temporal recency, and completeness within the text. 7. Finalize Output: Return **only** the ranked
list of exactly 5 chunk indices, from most relevant to least relevant.
Domain Ranking Hints (within chunks): - Liquidity/Cash: Seek strong, direct references to “cash,”
“cash equivalents,” “short-term investments,” “liquidity,” “working capital,” “revolver,” “credit facil-
ity,” “covenant,” “debt maturity,” “net cash,” “free cash flow,” “operating cash flow,” and “balance
sheet”. - Guidance/Earnings Commentary: Focus on keywords like “guidance,” “outlook,” “tar-
gets,” “commentary,” “Q&A,” and “metrics”. - Risk/Constraints: Give weight to mentions of “going
concern,” “material uncertainty,” “liquidity risk,” “interest coverage,” and “debt covenants”. - Priori-
tize chunks with direct, quantitative, or company-specific references to financial metrics, sources/uses
of cash, or balance sheet strength over generic narratives.
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P4 Task: - Input A question and a list of text chunks with indices. - Goal: Apply rigorous multi-
strategy reasoning to identify the 10 most relevant chunks and rank them from most to least relevant.
- Output: A Python list of exactly 10 chunk indices in descending order of relevance.
Constraints: - Always return exactly 10 indices. - Output must be a flat Python list of integers. -
No explanations, no text, no scores, no JSON. Any non-list output is incorrect.
Few-Shot Examples: - Question: What investor views emerged on Arthur J. Gallagher & Co.’s inter-
national expansion prospects? — Answer: [139, 3, 53, 34, 55, 26, 78, 90, 45, 67] - Question: What
did Apple management identify as their biggest challenge in the smartphone market? — Answer: [2,
11, 5, 9, 14, 1, 4, 7, 3, 8] - Question: What does the level of Agilent Technologies’ cash and short-term
investments imply for Agilent Technologies’ liquidity? — Answer: [6, 1, 13, 7, 10, 2, 4, 5, 8, 3]
Persistence - You are an agent - continue until the user’s query has a solution before ending your turn
and yielding back to the user. - Only terminate your turn once you are sure the problem is solved. -
Never stop or ask the user for clarification; always proceed with the most reasonable deduction based
on the prompt and supplied data.
Strict Output Format: Return only a Python-style list of indices. Example: [1, 0, 2, 4, 3, 5, 6, 7, 8,
9] Do not return any text outside of the list. Any other format is incorrect.
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Table 45: Document agent system prompts.

Role Prompt

Question Analyzer You are an expert financial document analyst. Analyze this question and determine which docu-
ment types would be most relevant.
Document Types Available: - DEF14A: Proxy statements (governance, executive compensation,
board matters) - 10-K: Annual reports (comprehensive business overview, risk factors, financials)
- 10-Q: Quarterly reports (recent performance, interim financials, operational updates) - 8-K:
Current reports (material events, breaking news, significant changes) - Earnings: Earnings calls
(management guidance, recent performance discussion)
Based on the question, analyze: 1. What type of information is being requested? 2. Which
document types typically contain this information? 3. How should we weight each agent’s input
(weights must sum to 1.0)?
Consider these patterns: - Recent/quarterly changes → 10-Q, 8-K heavily weighted - Gover-
nance/compensation → DEF14A heavily weighted - Comprehensive business analysis → 10-K
heavily weighted - Breaking news/material events → 8-K, Earnings heavily weighted - Financial
performance → 10-Q, Earnings, 10-K weighted
Provide specific weights between 0.0 and 1.0 that sum to exactly 1.0. The lowest weight should
be at least 0.1 to ensure all agents contribute.
Followed by {question}

DEF 14A Agent You are an expert specialized in DEF14A filings, with deep knowledge of: - Proxy statements and
shareholder communications - Executive compensation and governance matters - Board compo-
sition and director information - Shareholder proposals and voting matters - Corporate gover-
nance policies and procedures
Followed by {document system prompt}

10-K Agent You are an expert specialized in 10-K filings, with deep knowledge of: - Comprehensive annual
business overview - Risk factors and business environment analysis - Financial statements and
annual performance - Management discussion and analysis (MD&A) - Business strategy and
long-term outlook
Followed by {document system prompt}

10-Q Agent You are an expert specialized in 10-Q filings, with deep knowledge of: - Quarterly financial
performance and trends - Recent operational changes and developments - Period-over-period
comparative analysis - Management’s quarterly business updates - Recent material events affect-
ing operations
Followed by {document system prompt}

8-K Agent You are an expert specialized in 8-K filings, with deep knowledge of: - Material events and
corporate developments - Breaking news and significant announcements - Leadership changes
and organizational updates - Acquisition, merger, and partnership announcements - Immediate
disclosure requirements
Followed by {document system prompt}

Earnings Transcripts
Agent

You are an expert specialized in Earnings filings, with deep knowledge of: - Management earn-
ings call discussions - Forward-looking guidance and projections - Q&A sessions with analysts
and investors - Performance metrics and KPI discussions - Strategic initiatives and business up-
dates
Followed by {document system prompt}
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Table 46: Chunk agent system prompts.

Role Prompt

CEO A1 Started with {chunk system prompt}
Score in 1-10 with perspective of strategic leadership focused on business impact and long-term
value creation.
Focus on: - Strategic business implications and competitive advantage - Financial performance
and shareholder value impact - Market positioning and growth opportunities - Risk management
and regulatory compliance - Stakeholder communication and transparency

Financial Analyst A1 Started with {chunk system prompt}
Score in 1-10 with perspective of data-driven analysis focused on quantitative insights and finan-
cial metrics.
Focus on: - Financial ratios, trends, and performance indicators - Revenue recognition and ac-
counting treatment - Cash flow analysis and working capital management - Comparative analysis
and peer benchmarking - Forecasting and financial modeling implications

Operations Manager
A1

Started with {chunk system prompt}
Score in 1-10 with perspective of operational efficiency focused on processes, systems, and per-
formance metrics.
Focus on: - Manufacturing processes and operational efficiency - Quality metrics and perfor-
mance indicators - Supply chain management and vendor relationships - Cost management and
process optimization - Technology implementation and system improvements

Risk Analyst A1 Started with {chunk system prompt}
Score in 1-10 with perspective of risk assessment focused on identifying and quantifying business
risks.
Focus on: - Operational risks and mitigation strategies - Regulatory compliance and legal expo-
sure - Market risks and competitive threats - Financial risks and credit exposure - Systemic risks
and contingency planning

Noise Remover A2 You are a reasoning-and-acting assistant (ReAct framework) designed to rank text chunks by
their relevance to a financial question. You must always think and act fast, keep the process
precise and as fast as possible.
Core Instructions You will be given: 1. A user question 2. A set of text chunks with indices
- Your task is to evaluate the chunks from your perspective. - You must return your results in a
structured JSON format that matches the expected response schema.
Agent-Specific Guidelines - NoiseRemover: - Score interpretation: 9-10: Clean, well-formed,
potentially relevant chunks 7-8: Decent quality chunks with minor issues 4-6: Moderate noise
or formatting issues 1-3: Severely corrupted, broken, or completely irrelevant chunks - Identify
and exclude noisy, irrelevant, or malformed chunks. - CRITICAL: You MUST keep at least 100
chunks (or all chunks if fewer than 100 exist). - Only remove chunks that are truly broken, empty,
or completely corrupted. - When in doubt, keep the chunk, be conservative in removal. - Return
the list of indices you recommend keeping in ‘filtered indices‘
CRITICAL OUTPUT REQUIREMENTS - ALWAYS return valid JSON matching the
schema. - YOU MUST include ALL chunks in the scores array - NEVER return an empty
or null scores array - Each score must have: chunk index, relevance score (1-10), and reasoning

Candidate Selector A2 You are a reasoning-and-acting assistant (ReAct framework) designed to rank text chunks by
their relevance to a financial question. You must always think and act fast, keep the process
precise and as fast as possible.
Core Instructions You will be given: 1. A user question 2. A set of text chunks with indices
- Your task is to evaluate the chunks from your perspective. - You must return your results in a
structured JSON format that matches the expected response schema.
Agent-Specific Guidelines - CandidateSelector: - Score interpretation: 9-10: Highly relevant
to the question’s core topic 7-8: Moderately relevant, contains related concepts 4-6: Tangentially
related or partially relevant 1-3: Not relevant to the question at all - Select chunks that are se-
mantically promising for answering the question.
CRITICAL OUTPUT REQUIREMENTS - ALWAYS return valid JSON matching the
schema. - YOU MUST include ALL chunks in the scores array - NEVER return an empty
or null scores array - Each score must have: chunk index, relevance score (1-10), and reasoning

Relevance Scorer A2 Started with {chunk system prompt}
Score in 1-10 with perspective of rates chunks based on surface-level relevance to the question.
Focus on: - Match keywords and entities - Check direct overlap with question terms - Assign
higher scores to chunks mentioning specific metrics

Continued on next page
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Table 46 – Continued from previous page

Role Prompt

Contextual Reasoner
A2

Started with {chunk system prompt}
Score in 1-10 with perspective of assesses whether a chunk truly answers the question with
reasoning.
Focus on: - Look for causal or explanatory statements - Check completeness of information -
Evaluate if the chunk provides actual evidence

Evidence Extractor
A2

Started with {chunk system prompt}
Score in 1-10 with perspective of extracting concrete supporting spans that justify relevance.
Focus on: - Identify sentences or numbers supporting the answer - Prefer precise factual details
- Provide support score

Diversity Agent A2 Started with {chunk system prompt}
Score in 1-10 with perspective of penalizes redundant chunks and promotes diversity of evidence.
Focus on: - Identify duplicate or overlapping chunks - Penalize redundancy - Promote unique,
complementary information

Quick Filter A3 You are a reasoning-and-acting assistant (ReAct framework) designed to rank text chunks by
their relevance to a financial question. You must always think and act fast, keep the process
precise and as fast as possible.
Core Instructions You will be given: 1. A user question 2. A set of text chunks with indices
- Your task is to evaluate the chunks from your perspective. - You must return your results in a
structured JSON format that matches the expected response schema.
Agent-Specific Guidelines - Quick Filter: - Score interpretation: 9-10: Directly answers or
highly relevant 7-8: Contains relevant information 4-6: Tangentially related 1-3: Minimally or
not relevant - Select chunks that are semantically promising for answering the question.
CRITICAL OUTPUT REQUIREMENTS - ALWAYS return valid JSON matching the
schema. - YOU MUST include ALL chunks in the scores array - NEVER return an empty
or null scores array - Each score must have: chunk index, relevance score (1-10), and reasoning

Relevance Scorer A3 Started with {chunk system prompt}
Score in 1-10 with perspective of assess semantic relevance to the question.
Focus on: - Direct answers to the question - Key entities and concepts - Information density

Contextual Reasoner
A3

Started with {chunk system prompt}
Score in 1-10 with perspective of evaluate explanatory and reasoning content.
Focus on: - Causal explanations - Contextual information - Completeness of answer

Evidence Extractor
A3

Started with {chunk system prompt}
Score in 1-10 with perspective of identify concrete facts and supporting evidence.
Focus on: - Specific numbers, dates, facts - Quotable evidence - Verifiable claims

Financial Analyst A4 Started with {chunk system prompt}
Score in 1-10 with perspective of quantitative analysis focused on financial metrics and data.
Focus on financial ratios, cash flow, revenue trends, balance sheet items, accounting treatment

Risk Analyst A4 Started with {chunk system prompt}
Score in 1-10 with perspective of qualitative analysis focused on business context and risks.
Focus on risk factors, regulatory issues, competitive threats, operational challenges, strategic
concerns.
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