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Abstract

Deep research agents rely on iterative retrieval
and reasoning to answer complex queries, but
scaling test-time computation raises significant
efficiency concerns. We study how to allocate
reasoning budget in deep search pipelines, fo-
cusing on the role of listwise reranking. Us-
ing the BrowseComp-Plus benchmark, we ana-
lyze tradeoffs between model scale, reasoning
effort, reranking depth, and total token cost
via a novel effective token cost (ETC) met-
ric. Our results show that reranking consis-
tently improves retrieval and end-to-end accu-
racy, and that moderate reranking often yields
larger gains than increasing search-time reason-
ing, achieving comparable accuracy at substan-
tially lower cost. All our code is available at
https://github.com/sahel-sh/DeepHone.

1 Introduction and Related Work

Deep research agents (Huang et al., 2025; Asai
et al., 2024) combine large language models
(LLMs) with iterative retrieval and reasoning to
answer complex, multi-hop queries that exceed
the scope of single-round retrieval-augmented gen-
eration (RAG) (Lewis et al., 2020; Ram et al.,
2023). By decomposing queries into sequences
of search actions and reasoning over intermedi-
ate evidence, such agents achieve strong perfor-
mance on reasoning-intensive benchmarks (Huang
et al., 2025; Xi et al., 2025). However, scaling
test-time computation in this manner introduces
substantial overhead, making deep search increas-
ingly constrained by efficiency rather than accuracy
alone (Wang et al., 2025).

Recent work has emphasized improving effi-
ciency in LLM-based systems, particularly for long-
context and multi-step reasoning. Techniques such
as prompt caching (Gim et al., 2024) and prefix
reuse reduce input costs, while methods like Agent-
Diet (Xiao et al., 2025) reduce redundant context
in agent trajectories. Nevertheless, retrieval-stage

efficiency remains less understood, as many eval-
uations rely on opaque web search APIs that con-
flate retrieval quality with external service behav-
ior (Huang et al., 2025).

To address this limitation, Chen et al. intro-
duce BrowseComp-Plus (Chen et al., 2025) for
controlled analysis of deep research by fixing the
retrieval stage to a human-verified document cor-
pus. Their experimental results show that stronger
retrievers can simultaneously improve effective-
ness and reduce search calls, while increased rea-
soning effort in agents often yields gains at higher
token cost. Despite this progress, the role of rerank-
ing in deep research pipelines remains underex-
plored. While rerankers are standard in informa-
tion retrieval systems, their interaction with agentic
reasoning and their cost-effectiveness in multi-turn
search have not been systematically studied.

In this work, we analyze listwise reranking (Sun
et al., 2023; Sharifymoghaddam et al., 2025) in
deep search using the BrowseComp-Plus setup.
We introduce a simple and practical Effective
Token Cost (ETC) metric to quantify efficiency–
effectiveness tradeoffs. Our results show that
reranking consistently improves retrieval quality
and reduces end-to-end token cost, with lightweight
reasoning at this stage providing the best cost–
effectiveness balance. We further extend ETC to
heterogeneous settings, showing that smaller cross-
encoder (Nogueira and Cho, 2019; Nogueira et al.,
2020) rerankers retain most of the end-to-end ac-
curacy gains of listwise reranking while further
reducing ETC.

2 Experimental Setup

We adopt the BrowseComp-Plus setup, where
LLMs perform agentic search by iteratively gener-
ating queries and invoking a retrieval tool. We use
the same search prompt as shown in Figure 4 and
the same retriever, qwen3-embedding-8b (Zhang
et al., 2025), as in the original setup throughout.
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OpenAI’s gpt-oss-20b and gpt-oss-120b act as
search agents under low, medium, and high reason-
ing settings. Unlike approaches that toggle think-
ing (e.g., qwen3 family) or cap thinking tokens
(e.g., vLLM inference), these models vary reason-
ing effort via system prompts. Following OpenAI
guidelines, maximum output lengths are set to 2k,
8k, and 16k tokens. All experiments use the full
dataset of 830 deep search queries.

Retrieval and Reranking. At each iteration, the
retriever returns the top-5 documents per query;
these are then truncated to 512 tokens each be-
fore being passed to the search agent to control
context growth. With reranking, the top-d can-
didates (d ∈ 10, 20, 50) are first retrieved, trun-
cated, then reranked, and the final top-5 are passed
to the agent. For cost–effectiveness consistency,
we use oss-20b and oss-120b as zero-shot listwise
rerankers (prompt in Figure 5). Reranking uses
RankLLM (Sharifymoghaddam et al., 2025) with
window size 20; for d = 50, a sliding window with
stride 10 is applied. An ablation study uses qwen3-
reranker-0.6 to evaluate a heterogeneous setup.

Hardware Setup. All inference runs on vLLM
(v0.13.0) using NVIDIA H200 (141GB) or RTX
PRO 6000 Blackwell Max-Q (96GB) GPUs (full
list in Table 5). Search and reranking are exe-
cuted on separate GPUs to avoid KV-cache and
throughput interference. Rerankers use a 32k con-
text length, while search agents use up to 128k with
automatic truncation in multi-turn settings.

Evaluation Metrics. Retrieval is evaluated with
Recall@5/10 and NDCG@5/10. End-to-end evalu-
ation follows the BrowseComp-Plus protocol, re-
porting Accuracy (LLM-as-a-judge), Recall, num-
ber of Search Calls, and Calibration Error (Phan
et al., 2025). Accuracy is computed using oss-120b
with the BrowseComp-Plus judging prompt (Fig-
ure 7), averaged over five evaluations per run. Due
to compute limits, each configuration is run once;
cross-run variance is analyzed in Appendix F.

3 Effective Token Cost

To quantify the efficiency–effectiveness tradeoff,
we define the Effective Token Cost (ETC), a met-
ric that accounts for hardware and financial cost
disparities across token types:

ETC = Inputnc + α · Inputc + β · Outputt (1)

Table 1: Reranking effectiveness in a one-shot setting:
the original query retrieves 100 candidates via qwen3-
embedding-8b; top-d ∈ {10, 20, 50} are reranked using
oss-20b and oss-120b listwise rerankers. Relevance is
judged using evidence documents.

Retriever/Reranker d NDCG@5 NDCG@10 Recall@5 Recall@10

(0) qwen3-emb-8b 0 19.72 20.74 14.91 20.77

(1a) oss-20b-low 10 27.30 25.33 18.48 20.77
(1b) oss-20b-med 10 28.34 25.92 19.07 20.77
(1c) oss-120b-low 10 29.64 26.68 19.69 20.77
(1d) oss-120b-med 10 29.78 26.82 19.60 20.77

(2a) oss-20b-low 20 32.28 29.85 22.54 25.09
(2b) oss-20b-med 20 34.37 31.50 23.85 26.06
(2c) oss-120b-low 20 35.69 32.30 24.52 26.28
(2d) oss-120b-med 20 36.63 33.01 25.13 26.70

(3a) oss-20b-low 50 35.89 33.29 25.42 28.41
(3b) oss-20b-med 50 39.86 36.66 28.11 31.02
(3c) oss-120b-low 50 44.10 39.87 30.87 33.14
(3d) oss-120b-med 50 46.05 41.50 32.17 34.40

Here, Inputnc, Inputc, and Outputt represent non-
cached input, cached input, and total generated
output tokens (including reasoning tokens), re-
spectively. This configurable formulation enables
principled comparisons across diverse infrastruc-
ture regimes by adjusting the caching discount
(α ∈ {0.1, 0.3, 0.5}) and the output premium
(β ∈ {3, 5, 7}).

In high-throughput deployments using vLLM,
these parameters serve as proxies for system
throughput: α models the efficiency of prefix reuse
during prefill, while β accounts for the significantly
lower tokens per second (TPS) achieved during the
resource-intensive auto-regressive decoding phase.
In API-based environments, these weights repre-
sent the financial disparities of tiered pricing mod-
els. In particular, α reflects the substantial cost
reductions (up to 90%) offered by providers for
cached context, while β captures the significantly
higher billing rates for generated tokens. By tun-
ing these parameters, ETC provides a platform-
agnostic framework to evaluate the economic and
technical viability of deep search agents across both
local backends and commercial APIs.

4 Experimental Results

One-shot Reranking Effectiveness. We evalu-
ate how reasoning effort and model scale influence
listwise reranking performance to identify an opti-
mal configuration prior to full deep search. Using
the original query, we perform one-shot retrieval
with qwen3-embedding-8b to obtain the top 100
candidate documents. We treat evidence docu-
ments as ground-truth relevance labels. Results
with gold documents—those containing the final
answer—show identical trends (see Table 6).
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(a) α = 0.1, β = 3
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(b) α = 0.1, β = 5
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(c) α = 0.1, β = 7

Figure 1: Recall@5 gains vs. effective cost (per 1M tokens) for reranking depths d ∈ {10, 20, 50} using oss-20b
and oss-120b under low/medium reasoning.

Table 1 reports reranking results on top-d can-
didates (d ∈ {10, 20, 50}) using oss-20b and oss-
120b under low and medium reasoning budgets.
Across all settings, oss-120b consistently outper-
forms oss-20b. Overall, effectiveness improves
monotonically within each d block, with oss-120b
under medium reasoning achieving the best results
(e.g., NDCG@5 = 46.05 at d = 50). Increasing
reasoning budget improves ranking quality for both
models, with larger gains for oss-20b, especially
at higher d, where reranking is more difficult. For
instance, at d = 50, medium reasoning improves
NDCG@5 by 4 points for oss-20b.

However, increasing d has the strongest effect.
Moving from d = 10 to d = 20 yields 5–7
NDCG@5 points, with an additional 3.5–10 points
from d = 20 to d = 50. Consequently, an oss-120b
model with medium reasoning at a given d can still
underperform an oss-20b model with low reasoning
at the next higher d level.

Reranking Token Usage. Figure 1 shows Re-
call@5 improvement per additional one million
effective tokens (ETC). Since per-token costs differ
across model sizes, ETC is not used for cross-size
comparison; instead, it is used to evaluate relative
efficiency within each model family.

We focus on Recall@5 because only the top-5
reranked documents are passed to the downstream
agent. Results are reported for α = 0.1 only, as
fewer than 3% of input tokens are cached in this
setting, and varying α does not noticeably impact
the observed trends; full results are in Figure 8.

For oss-120b, increasing reasoning effort has
limited impact at d < 50, with noticeable gains
only at d = 50. In contrast, oss-20b benefits from
higher reasoning across all d. However, when nor-
malized by ETC, low reasoning is the most efficient

Table 2: End-to-end effectiveness of deep research
agents under low/medium/high reasoning with rerank-
ing depths d ∈ {0, 10, 20, 50}. The final top-5 candi-
dates are passed to the agent. Accuracy (Acc.) and
Calibration Error (Calib.) report means with 95% CIs.

Search Agent d Srs. Recall Acc. (CI) Calib. (CI)

(0a) oss-20b-low 0 2.08 18.92 17.33 (0.16) 36.62 (0.10)
(0b) oss-20b-med 0 13.78 44.00 35.59 (0.13) 33.94 (0.05)
(0c) oss-20b-high 0 29.77 56.16 41.38 (0.17) 22.81 (0.21)
(0d) oss-120b-low 0 2.49 25.37 28.17 (0.07) 39.76 (0.36)
(0e) oss-120b-med 0 11.22 47.22 40.43 (0.13) 40.14 (0.07)
(0f) oss-120b-high 0 26.37 61.43 51.20 (0.24) 35.82 (0.19)

(1a) oss-20b-low 10 2.10 22.17 19.64 (0.11) 35.16 (0.09)
(1b) oss-20b-med 10 13.05 49.08 39.04 (0.18) 31.33 (0.11)
(1c) oss-20b-high 10 28.66 63.38 48.31 (0.11) 21.28 (0.16)
(1d) oss-120b-low 10 2.39 27.29 31.76 (0.17) 36.92 (0.19)
(1e) oss-120b-med 10 10.76 53.91 48.65 (0.07) 35.60 (0.13)
(1f) oss-120b-high 10 25.20 65.62 54.65 (0.39) 31.83 (0.16)

(2a) oss-20b-low 20 2.12 24.31 22.96 (0.08) 35.51 (0.26)
(2b) oss-20b-med 20 13.18 54.98 43.39 (0.07) 31.78 (0.07)
(2c) oss-20b-high 20 27.67 68.81 52.70 (0.17) 19.70 (0.16)
(2d) oss-120b-low 20 2.38 33.13 36.92 (0.08) 36.00 (0.07)
(2e) oss-120b-med 20 10.38 59.61 53.96 (0.07) 34.77 (0.11)
(2f) oss-120b-high 20 24.51 68.58 58.99 (0.13) 30.09 (0.22)

(3a) oss-20b-low 50 2.09 28.43 25.73 (0.17) 31.30 (0.20)
(3b) oss-20b-med 50 12.71 59.73 49.11 (0.08) 28.40 (0.09)
(3c) oss-20b-high 50 27.09 71.29 55.97 (0.13) 17.59 (0.00)
(3d) oss-120b-low 50 2.38 37.75 42.65 (0.11) 32.34 (0.11)
(3e) oss-120b-med 50 10.16 65.60 57.97 (0.12) 33.77 (0.10)
(3f) oss-120b-high 50 23.13 74.86 63.35 (0.12) 29.60 (0.24)

setting for oss-20b due to the increased β cost from
3 to 5 and 7.

We therefore adopt low reasoning budgets for
reranking in the full pipeline. This is motivated
by the fact that agent-generated queries are typi-
cally simpler than the original one-shot query, re-
ducing the need for higher reranking effort. A
brief analysis of average per-query reasoning to-
kens for reranking (Appendix D) further supports
this choice.

Deep Research Effectiveness. Table 2 reports
end-to-end results for oss-20b and oss-120b under
low/medium/high reasoning, with optional listwise
reranking at depths d ∈ {0, 10, 20, 50} (rerankers
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Figure 2: Accuracy gains vs. effective cost (per 10M tokens) for oss-20b and oss-120b under low/medium/high
reasoning with reranking depths d ∈ {0, 10, 20, 50}; top-5 candidates are passed to the search agent in all cases.

use low reasoning). In all cases, the final top-5
candidates are passed to the search agent.

Using accuracy and recall as primary metrics,
three trends emerge. First, for fixed model size and
ranking depth, increasing reasoning effort consis-
tently improves both metrics. Gains are larger for
oss-20b than oss-120b (e.g., low vs. high reason-
ing within each d block), and oss-20b with high
reasoning is more effective than oss-120b with low
reasoning, underscoring the importance of reason-
ing budget relative to model scale.

Second, for fixed model size and reasoning ef-
fort, increasing d improves both recall and accuracy.
However, under high reasoning at d = 50, the mod-
els differ by < 3 recall points but ∼ 7 accuracy
points, suggesting that while retrieval improves
similarly, oss-20b is less effective at converting
these gains into correct final answers.

Finally, increasing d only slightly reduces the
number of search calls (up to 12% for oss-120b-
high at d = 50 vs. 0), indicating that improve-
ments primarily stem from better retrieval rather
than changes in search behavior.

Deep Research Token Usage. Figure 2 plots
accuracy gains vs. additional ETC (per 10M to-
kens). We focus on β = 3, since ETC is domi-
nated by input tokens in both search and reranking,
and varying the output premium does not quali-
tatively change the observed trends (full results
in Figure 9).

Reranking yields strong gains for both models.
Under low reasoning, increasing depth from d = 0
to d ∈ {10, 20, 50} gives large accuracy improve-
ments at modest ETC. Under medium/high reason-
ing, gains persist for d ≤ 20, but increasing from
d = 20 to d = 50 shows diminishing returns.

For each model, medium reasoning with deeper
reranking matches high reasoning with shallow/no

Table 3: Average latency measurements (seconds/query)
for oss-120b search agent at varying rank-d and reason-
ing efforts.

Reasoning Effort

d Low Medium High

0 0.8 9.0 184.7
10 2.7 11.7 175.8
20 4.0 16.3 168.3
50 15.2 60.0 150.7

reranking at lower ETC, indicating that allocating
budget to reranking is often more cost-effective
than increasing search-agent reasoning, especially
for oss-120b.

Latency Analysis. Table 3 reports the average
latency (seconds per query) for the larger oss-120b
model across low, medium, and high reasoning
settings. Latency is implementation-dependent;
we report total wall-clock time normalized by the
number of completed queries. All experiments use
32 threads, and reranking is batched via a queue
(maximum size 16, maximum wait time 2000 ms,
idle flush 500 ms).

As expected, latency increases with reranking
depth under low and medium reasoning. In contrast,
under high reasoning, latency decreases, driven
by fewer search calls and concurrent utilization of
the reranker and search agent. Overall, medium
reasoning with moderate reranking depth provides
the most favorable tradeoff: it is substantially faster
than high reasoning while improving end-to-end
accuracy and reducing ETC.

Heterogeneous Setup. Previous sections assume
a homogeneous setup where the same model is
used for both the agent and reranker, and ETC
depends only on token volume. We now consider a
heterogeneous setting to generalize the efficiency–
effectiveness tradeoff.

We use qwen3-reranker-0.6b as a cross-encoder
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Table 4: End-to-end effectiveness of deep research
agents under low/medium/high reasoning with rerank-
ing depths d ∈ {0, 10, 20, 50} using qwen3-reranker-
0.6b. The final top-5 candidates are passed to the search
agent. Accuracy (Acc.) and Calibration Error (Calib.)
are reported as means with 95% CIs.

Search Agent d Srs. Recall Acc. (CI) Calib. (CI)

(0a) oss-20b-low 0 2.08 18.92 17.33 (0.16) 36.62 (0.10)
(0b) oss-20b-med 0 13.78 44.00 35.59 (0.13) 33.94 (0.05)
(0c) oss-20b-high 0 29.77 56.16 41.38 (0.17) 22.81 (0.21)

(1a) oss-20b-low 10 2.16 19.70 18.41 (0.12) 34.64 (0.40)
(1b) oss-20b-med 10 13.65 47.64 39.14 (0.22) 30.42 (0.32)
(1c) oss-20b-high 10 28.56 59.96 46.44 (0.20) 22.83 (0.05)

(2a) oss-20b-low 20 2.13 21.22 19.28 (0.11) 33.93 (0.12)
(2b) oss-20b-med 20 13.46 51.75 43.11 (0.07) 31.41 (0.02)
(2c) oss-20b-high 20 28.59 63.47 48.38 (0.17) 22.04 (0.38)

(3a) oss-20b-low 50 2.13 22.79 23.37 (0.11) 32.83 (0.16)
(3b) oss-20b-med 50 13.13 53.52 44.70 (0.18) 29.42 (0.08)
(3c) oss-20b-high 50 27.67 66.63 52.91 (0.16) 18.27 (0.24)

(prompt in Figure 6), restricted to binary (yes/no)
outputs, and rank documents using the logits of
the yes token. Table 4 shows that even lightweight
rerankers improve end-to-end accuracy and recall,
though with smaller gains than the homogeneous
setup (e.g., 52.91% vs. 55.97% accuracy for oss-
20b-high at d = 50, and 66.63% vs. 71.29% recall).
All trends remain consistent, with performance im-
proving as d increases. We generalize ETC as:

ETC = ETCagent + γ · ETCreranker (2)

where γ reflects relative inference FLOPs. For
qwen3-reranker-0.6b vs. gpt-oss-20b, γ = 0.32
(Appendix G).

Figure 3 plots accuracy gains per 10M tokens.
Results use median α and β, with similar trends
across all values (Figure 10). Since γ ≪ 1, cross-
encoder reranking is more cost-effective than list-
wise reranking. Additionally, listwise reranking
at d = 50 incurs input duplication due to over-
lapping sliding windows (each document appears
∼1.6× on average), making depth scaling less ef-
ficient. Thus, while listwise reranking achieves
slightly higher peak accuracy, cross-encoders are
preferable when efficiency is the priority.

5 Conclusion

We study how to allocate reasoning budget in deep
research agents, focusing on listwise reranking.
Reranking consistently improves retrieval and end-
to-end accuracy, while increasing search-time rea-
soning yields diminishing returns at higher token
cost. Using the effective token cost (ETC) metric,
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Figure 3: Accuracy gains vs. effective cost (per
10M tokens) with α = 0.3, β = 5 for oss-20b un-
der low/medium/high reasoning and reranking depths
d ∈ {0, 10, 20, 50} using qwen3-reranker-0.6b; top-5
candidates are passed to the search agent in all cases.

we show that moderate reranking is often more cost-
effective than increasing reasoning during search.

Separately, our latency analysis shows that mod-
erate reranking can also reduce end-to-end latency
compared to high reasoning settings, providing a
better efficiency–performance tradeoff. We further
show that heterogeneous setups with lightweight
cross-encoder rerankers improve efficiency, of-
fering favorable accuracy–cost tradeoffs despite
slightly lower peak performance than homoge-
neous listwise reranking. Overall, these results
identify reranking as a key lever for building effi-
cient deep research systems.
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Limitations

First, we focus on the gpt-oss family; extending ex-
periments to commercial models with controllable
reasoning effort would strengthen generality.
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Second, experiments use BrowseComp-Plus
with a fixed, human-verified corpus rather than
live web search, so results may not fully transfer to
settings relying on external search APIs.

Third, reranking is implemented as a fixed top-d
selection. A learned relevance model that adap-
tively selects a variable-sized subset could better
filter redundant or irrelevant context. Finally, we
retain full interaction history with automatic trun-
cation at 128k tokens; explicit compression or sum-
marization could further reduce token usage and
improve efficiency.
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Table 5: Hardware configuration for (a) reranking-only
and (b) end-to-end deep research experiments.

Reranking-only Experiments

Model Reasoning GPU Type #GPUs

oss-20b Low, Medium H200 1
oss-120b Low, Medium H200 1

(a)

End-to-end Deep Research Experiments

Model Reasoning Reranking GPU Type #GPUs

oss-20b low, med, high N/A (d = 0) H200 1
oss-20b low, med, high listwise (d > 0) H200 2
oss-120b low, med, high N/A (d = 0) H200 1
oss-120b low, med, high listwise (d > 0) H200 2

oss-20b low, med, high cross-encoder (d > 0) BW 6000 2

(b)

A Hardware Configuration

Table 5 summarizes the hardware configuration
used across all experiments. In end-to-end runs,
reranking—when enabled—is performed on a ded-
icated GPU to prevent interference with KV-cache
utilization and overall throughput. When rerank-
ing is active, the retriever is co-located with the
reranking LLM; otherwise, it is co-located with the
search agent. Unless otherwise specified, all exper-
iments use NVIDIA H200 NVL (141 GB) GPUs;
the heterogeneous setup uses NVIDIA RTX PRO
6000 Blackwell (96 GB).

B LLM Prompts

Figures 4 to 7 show the prompt templates for deep
search, listwise reranking, cross-encoder reranking,
and LLM-as-a-judge evaluation, respectively.

C Complete Reranking Results

Table 6 reports reranking effectiveness under dif-
ferent model sizes and reasoning budgets using
gold documents for query relevance assessment.
Consistent with the results obtained with evidence
documents, both model families benefit from in-
creasing the number of reranked candidates and us-
ing a medium reasoning budget. The largest gains
are observed for the oss-120b model with medium
reasoning when reranking the top 50 candidates.

D Token Count Analysis

We analyze reranker token usage across query
types and reasoning budgets. As shown in Ta-
ble 8, reranking queries generated by the search
agent consistently require fewer reasoning tokens
than the original one-shot query across all settings.

Table 6: Reranking effectiveness in a one-shot setting:
the full question is used as the query, with qwen3-
embedding-8b retrieving 100 candidates. The top d ∈
{10, 20, 50} are reranked using oss-20b and oss-120b
listwise rerankers under low/medium reasoning. Rele-
vance is defined using gold documents.

Retriever/Reranker d NDCG@5 NDCG@10 Recall@5 Recall@10

(0) qwen3-emb-8b 0 16.88 19.47 19.03 26.06

(1a) oss-20b-low 10 24.28 24.85 23.37 26.06
(1b) oss-20b-med 10 25.28 25.53 23.97 26.06
(1c) oss-120b-low 10 26.21 26.17 24.67 26.06
(1d) oss-120b-med 10 26.56 26.61 24.40 26.06

(2a) oss-20b-low 20 27.57 28.11 27.53 30.54
(2b) oss-20b-med 20 30.18 30.48 29.32 31.87
(2c) oss-120b-low 20 31.31 31.33 30.08 31.97
(2d) oss-120b-med 20 31.96 31.80 30.90 32.37

(3a) oss-20b-low 50 31.23 31.77 31.29 34.28
(3b) oss-20b-med 50 34.59 35.03 34.61 37.41
(3c) oss-120b-low 50 37.90 37.82 37.26 39.14
(3d) oss-120b-med 50 39.68 39.54 38.52 40.33

Moreover, higher reasoning effort during query
generation further reduces reranking token con-
sumption. For example, for oss-120b at d = 50,
the original query requires 4809.54 tokens, whereas
high-effort agent-generated queries reduce this to
3764.48 tokens. This inverse relationship supports
the observation that agent-refined queries are easier
to rerank, justifying lower reranking budgets in the
main experiments.

Table 10 shows the raw token counts for rerank-
ing experiments. Input token counts are identical
for d ≤ 20 due to identical reranking prompts,
while slight variations arise at d = 50 due to the
sliding-window procedure. In all cases, candidate
document content dominates the prompt, resulting
in most input tokens being non-cached, and the ma-
jority of output tokens corresponding to reasoning
rather than structured output.

Table 7 reports raw token counts for end-to-end
deep search. When d = 0, no reranking tokens
are used. Input tokens dominate overall usage for
both search and reranking; however, most search
input tokens are cached due to multi-turn history,
while reranking inputs are largely non-cached. An
exception is oss-120b under high reasoning, where
cached search inputs drop significantly as the 128k
context limit is reached and automatic truncation
is applied.

Finally, Table 9 reports raw token counts for the
heterogeneous setup with qwen3-reranker-0.6b as
a cross-encoder reranker. Comparing correspond-
ing rows in Tables 7 and 9 shows that for d < 50,
pointwise reranking uses more input tokens: al-
though its prompt is shorter, inference is repeated
per document, whereas listwise reranking applies a
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"""You are a deep research agent. You need to answer the given question by interacting with a search engine, using the search tool provided. Please
perform reasoning and use the tool step by step, in an interleaved manner. You may use the search tool multiple times.

Question: {Question}

Your response should be in the following format:
Explanation: {{your explanation for your final answer. For this explanation section only, you should cite your evidence documents inline by enclosing
their docids in square brackets [] at the end of sentences. For example, [20].}}
Exact Answer: {{your succinct, final answer}}
Confidence: {{your confidence score between 0% and 100% for your answer}}"""

Figure 4: Inference prompt for deep research agents.

"""You are RankLLM, an intelligent assistant that can rank passages based on their relevance to the query. Given a query and a passage list, you first
think about the reasoning process in mind and then provide the answer (i.e., the reranked passage list). Do not include any other text in your response.

I will provide you with {num} passages, each indicated by a numerical identifier []. Rank the passages based on their relevance to the search query:
{query}.

[1] {candidate}
...

Search Query: {query}.
Rank the {num} passages above based on their relevance to the search query. All passages should be included and listed using identifiers, in
descending order of relevance. The format of the answer should be [] > [], e.g., [2] > [1]."""

Figure 5: Inference prompt for listwise reranking.

"""Judge whether the Document meets the requirements based on the Query and the Instruct provided. Note that the answer can only be "yes" or "no".

<Instruct>: Given a web search query, retrieve relevant passages that answer the query.

<Query>: {query}

<Document>: {doc}"""

Figure 6: Inference prompt for reranking with cross-encoders.

"""Judge whether the following [response] to [question] is correct or not based on the precise and unambiguous [correct_answer] below.

[question]: {question}

[response]: {response}

[correct_answer]: {correct_answer}

Your judgement must be in the format and criteria specified below:

extracted_final_answer: The final exact answer extracted from the [response].

[correct_answer]: Repeat the [correct_answer] given above.

reasoning: Explain why the extracted_final_answer is correct or incorrect based on [correct_answer], in the context of this [question]. You should
judge whether the extracted_final_answer is semantically equivalent to [correct_answer], allowing the extracted_final_answer to be string variations
of [correct_answer]. You should also allow the extracted_final_answer to be more precise or verbose than [correct_answer], as long as its additional
details are correct. Do not comment on any background to the problem, do not attempt to solve the problem, do not argue for any answer different than
[correct_answer], focus only on whether the answers are semantically equivalent.

correct: Answer 'yes' if extracted_final_answer matches the [correct_answer] given above, or is within a small margin of error for numerical problems.
Answer 'no' otherwise, i.e. if there if there is any inconsistency, ambiguity, non-equivalency, or if the extracted answer is incorrect.

confidence: The extracted confidence score between 0% and 100% from [response]. Put 100 if there is no confidence score available."""

Figure 7: Inference prompt for evaluating end-to-end answer correctness.

longer prompt once per query. At d = 50, however,
listwise reranking incurs additional input overhead
due to overlapping sliding windows, where each
document appears ∼1.6× on average (window size
20, stride 10).

E Complete ETC Analysis

Figure 8 shows the percentage improvement in Re-
call@5 as a ETC per one million tokens. For a fixed
output premium β, all values of the cached-token
discount α yield nearly identical trends, since the
vast majority of input tokens are non-cached.

Figure 9 shows the percentage improvement in
accuracy as a function of ETC per ten million to-

kens. For a fixed cached-token discount α, all val-
ues of the output premium β yield nearly identi-
cal trends, since both for reranking and search the
vast majority of the consumed tokens are input to-
kens. Looking at each column, a notable pattern
emerges when cached tokens are discounted less
aggressively (i.e., α ≥ 0.3): enabling reranking
with moderate depths (d = 20) can shift the trade-
off curve up and to the left, improving accuracy
while maintaining comparable—and in some set-
tings even lower—ETC relative to the previous
reranking depth.

Figure 10 shows the same analysis for the hetero-
geneous setup. Due to the lower relative inference
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Table 7: End-to-end token usage (106) for deep search and reranking. The total token usage is decomposed into
Input, Cache, Output, and Reasoning components. Cache refers to the portion of input tokens served from cache,
and Reasoning refers to the subset of output tokens used for reasoning.

Search Token Usage (106) Ranking Token Usage (106)

Search Agent d Inp. Cache Out. Reas. Total Inp. Cache Out. Reas. Total

(0a) oss-20b-low 0 9.17 4.31 0.38 0.23 9.55 – – – – –
(0b) oss-20b-med 0 294.99 263.93 3.24 2.85 298.24 – – – – –
(0c) oss-20b-high 0 1456.70 1385.89 10.42 9.74 1467.12 – – – – –
(0d) oss-120b-low 0 12.05 6.29 0.46 0.27 12.51 – – – – –
(0e) oss-120b-med 0 186.30 158.96 2.17 1.78 188.47 – – – – –
(0f) oss-120b-high 0 1044.14 19.15 7.41 6.69 1051.55 – – – – –

(1a) oss-20b-low 10 9.33 4.43 0.37 0.22 9.70 8.78 0.81 1.66 1.58 10.43
(1b) oss-20b-med 10 273.95 244.36 2.94 2.56 276.89 54.02 5.48 7.89 7.37 61.91
(1c) oss-20b-high 10 2116.71 2053.07 9.72 9.04 2126.44 117.82 8.27 16.18 15.05 134.01
(1d) oss-120b-low 10 11.28 5.73 0.45 0.26 11.73 9.99 0.94 1.63 1.54 11.62
(1e) oss-120b-med 10 176.70 150.25 2.05 1.66 178.74 44.49 4.86 6.30 5.87 50.79
(1f) oss-120b-high 10 988.14 16.98 6.96 6.28 995.11 103.83 7.65 14.39 13.37 118.22

(2a) oss-20b-low 20 9.42 4.48 0.38 0.23 9.80 17.33 1.22 1.94 1.80 19.27
(2b) oss-20b-med 20 280.11 250.30 2.94 2.55 283.05 106.50 7.95 9.89 8.97 116.39
(2c) oss-20b-high 20 1312.93 1249.37 9.23 8.57 1322.16 221.04 22.11 19.17 17.23 240.21
(2d) oss-120b-low 20 11.09 5.59 0.45 0.25 11.54 19.38 1.35 2.27 2.10 21.64
(2e) oss-120b-med 20 166.83 143.10 1.97 1.58 168.79 83.82 6.12 8.76 8.00 92.58
(2f) oss-120b-high 20 938.71 21.39 6.80 6.11 945.51 196.08 16.98 20.19 18.40 216.27

(3a) oss-20b-low 50 9.38 4.43 0.37 0.22 9.75 68.25 2.20 7.96 7.43 76.22
(3b) oss-20b-med 50 261.89 232.91 2.85 2.47 264.74 411.93 13.57 40.87 37.35 452.80
(3c) oss-20b-high 50 1875.47 1814.56 9.12 8.47 1884.60 874.06 40.73 80.98 73.34 955.04
(3d) oss-120b-low 50 11.39 5.88 0.45 0.25 11.84 77.85 2.42 9.16 8.48 87.01
(3e) oss-120b-med 50 161.82 137.93 1.92 1.54 163.74 329.60 10.22 35.21 32.24 364.81
(3f) oss-120b-high 50 861.83 63.46 6.47 5.80 868.30 746.78 25.34 79.04 72.26 825.81

Table 8: Average reasoning tokens per query for origi-
nal vs. agent-generated queries across low, medium,
and high reasoning efforts at ranking depths d ∈
{10, 20, 50}.

d Original Agent generated
Low Medium High All

gpt-oss-20b
10 1108.08 906.37 680.77 634.36 661.28
20 1283.86 1021.99 819.93 756.95 789.54
50 5348.67 4282.76 3539.33 3261.61 3396.84

gpt-oss-120b
10 882.82 773.43 657.46 640.10 653.29
20 1149.42 1061.56 929.74 909.13 924.65
50 4809.54 4299.48 3822.99 3764.48 3816.80

FLOPs of the cross-encoder reranker, the gains are
more pronounced at a lower ETC increase.

F Cross-Run Variance

To evaluate the robustness of the oss-120b-med
search agent, we conduct five independent trials
(see Table 11). Although reranking is determin-
istic (T = 0), we observe only modest variance
in recall (58.85%± 0.94), indicating that stochas-
ticity in the upstream query generation stage has
limited impact on the retrieved set. While the final
reasoning stage operates at the default temperature
(T = 1.0) to encourage diverse query generation,
end-to-end accuracy remains stable, with a narrow
confidence interval of 52.27% ± 1.45. These re-
sults suggest that the agent is highly consistent: the
slight increase in variance from recall to accuracy is
expected due to the compounding effects of multi-

step reasoning, yet the absolute deviation remains
sufficiently small to ensure reliable performance
across independent runs.

G Inference FLOPs/Token Estimation

Extending the ETC metric to a heterogeneous set-
ting with different reranker and search agent mod-
els requires estimating their relative inference cost
in GFLOPs per token. Table 12 summarizes the
architectural parameters extracted from publicly
available configuration files.1

Applying Equation 3 yields estimated compu-
tational costs of 2.58 GFLOPs/token for qwen3-
reranker-0.6b and 7.96 GFLOPs/token for gpt-oss-
20b, resulting in a normalization factor of γ =
2.58/7.96 ≈ 0.32.

FLOPs Calculation. Inference cost is estimated
by counting the floating-point multiply-accumulate
operations required per decoded token under KV-
cache decoding. For a transformer with L layers,
the per-layer cost is decomposed into projection,
attention, and feed-forward components, defined
as follows:

1https://huggingface.co/Qwen/Qwen3-Reranker-0.
6B/blob/main/config.json, https://huggingface.co/
openai/gpt-oss-20b/blob/main/config.json.
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Table 9: End-to-end token usage (106) for deep search and reranking. The total token usage is decomposed into
Input, Cache, Output, and Reasoning components. Cache refers to the portion of input tokens served from cache,
and Reasoning refers to the subset of output tokens used for reasoning. All experiments utilize qwen3-reranker-0.6b
as the reranker within the pipeline.

Search Token Usage (106) Ranking Token Usage (106)

Search Agent d Inp. Cache Out. Reas. Total Inp. Cache Out. Reas. Total

(0a) oss-20b-low 0 9.17 4.31 0.38 0.23 9.55 – – – – –
(0b) oss-20b-med 0 294.99 263.93 3.24 2.85 298.24 – – – – –
(0c) oss-20b-high 0 1456.70 1385.89 10.42 9.74 1467.12 – – – – –

(1a) oss-20b-low 10 9.83 4.80 0.38 0.23 10.21 10.40 1.41 0.02 0.00 10.42
(1b) oss-20b-med 10 290.62 259.30 3.10 2.71 293.72 64.44 8.11 0.11 0.00 64.55
(1c) oss-20b-high 10 1493.98 1431.00 9.99 9.32 1503.98 133.91 17.04 0.24 0.00 134.15

(2a) oss-20b-low 20 9.66 4.70 0.39 0.24 10.05 20.61 2.86 0.04 0.00 20.65
(2b) oss-20b-med 20 286.36 255.72 3.10 2.70 289.46 127.25 16.08 0.22 0.00 127.47
(2c) oss-20b-high 20 1382.45 1318.65 9.91 9.25 1392.36 268.66 33.86 0.47 0.00 269.13

(3a) oss-20b-low 50 9.58 4.63 0.38 0.23 9.96 51.24 7.17 0.09 0.00 51.33
(3b) oss-20b-med 50 281.67 251.82 3.02 2.63 284.69 310.16 39.20 0.54 0.00 310.70
(3c) oss-20b-high 50 1790.27 1729.16 9.37 8.71 1799.64 649.84 81.11 1.15 0.00 650.99

FLOPs/token ≈
L∑

ℓ=1

(
F

proj
ℓ + F attn

ℓ + F
mlp
ℓ

)
(3)

F
proj
ℓ = 4d2 · (1 + rattn) (4)

F attn
ℓ = 2d · T eff

ℓ (5)

F
mlp
ℓ = 2k · α · d · dff (6)

where:
• d: hidden dimension.
• rattn = nkv/nq: grouped-query attention fac-

tor, which equals 1 in standard multi-head
attention.

• T eff
ℓ : effective context length at layer ℓ, de-

fined as:

T eff
ℓ =

{
T, full-attention layers
W, sliding-window layers

(7)

• k: number of active experts per token (k = 1
for dense models).

• α: activation factor (α = 3 for SwiGLU, α =
2 for GELU).

• dff: feed-forward or expert dimension.
The projection term accounts for query, key, value,
and output linear transformations. The attention
term scales linearly with effective context length
due to KV-cache decoding, eliminating quadratic
dependence. The MLP term accounts only for
active parameters, enabling direct applicability to
Mixture-of-Experts (MoE) architectures.

H Use of LLMs

During manuscript preparation, ChatGPT and Gem-
ini were employed to assist with language refine-
ment, grammatical correction, formatting of se-
lected figures and tables, and the generation of
short scripts for aggregating experimental results.

Table 10: Reranking token usage (106) in the one-shot
retrieval setting, where the full question is used as the
query. Total usage is decomposed into Input, Cache,
Output, and Reasoning. Cache denotes input tokens
served from cache, and Reasoning denotes output tokens
used for reasoning.

Reranker d Inp. Cache Out. Reas. Total

(1a) oss-20b-low 10 4.40 0.13 0.95 0.92 5.35
(1b) oss-20b-med 10 4.40 0.13 2.05 2.01 6.45
(1c) oss-120b-low 10 4.40 0.13 0.77 0.73 5.17
(1d) oss-120b-med 10 4.40 0.13 0.95 0.91 5.35

(2a) oss-20b-low 20 8.41 0.13 1.12 1.07 9.53
(2b) oss-20b-med 20 8.41 0.13 2.45 2.39 10.86
(2c) oss-120b-low 20 8.41 0.13 1.02 0.95 9.43
(2d) oss-120b-med 20 8.41 0.13 1.27 1.19 9.68

(3a) oss-20b-low 50 33.62 0.85 4.65 4.44 38.26
(3b) oss-20b-med 50 33.63 0.85 10.55 10.29 44.18
(3c) oss-120b-low 50 33.64 0.85 4.26 3.99 37.90
(3d) oss-120b-med 50 33.64 0.85 5.30 5.01 38.94

Table 11: Variance analysis of the oss-120b-med search
agent with reranking d = 20 across 5 independent runs.
The final top-5 candidates are passed to the agent. Accu-
racy (Acc.) and Calibration Error (Calib.) report means
with 95% CIs.

Run Srs. Recall Acc. (CI) Calib. (CI)

Run 1 10.38 59.61 53.96 (0.07) 34.77 (0.11)
Run 2 10.25 59.70 52.29 (0.00) 34.93 (0.00)
Run 3 10.06 58.17 50.74 (0.16) 36.90 (0.36)
Run 4 10.10 58.13 52.51 (0.07) 33.74 (0.05)
Run 5 10.06 58.66 51.86 (0.17) 35.42 (0.28)

Average 10.17 58.85 (0.94) 52.27 (1.45) 35.15 (1.44)

Table 12: Architectural parameters used for FLOPs esti-
mation of qwen3-0.6b-reranker and gpt-oss-20b models.
∗The max context length of 32k is used for serving the
reranker model with vLLM.

Parameter qwen3-0.6b-reranker gpt-oss-20b

Layers L 28 24
Hidden size d 1,024 2,880
FFN / expert size dff 3,072 2,880
Attention type GQA (nq = 16, nkv = 8) GQA (nq = 64, nkv = 8)
rattn 0.5 0.125
MoE experts (k/total) Dense (k = 1) k = 4/32
Activation SwiGLU (α = 3) SwiGLU (α = 3)
Layer pattern full attention 12 full + 12 sliding (W = 128)
Max context length T 32,768∗ 131,072
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(a) α = 0.1, β = 3
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(b) α = 0.1, β = 5
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(c) α = 0.1, β = 7
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(d) α = 0.3, β = 3
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(e) α = 0.3, β = 5
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(f) α = 0.3, β = 7
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(g) α = 0.5, β = 3
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(h) α = 0.5, β = 5
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(i) α = 0.5, β = 7

Figure 8: Recall@5 improvement vs. the effective cost per million tokens for reranking depth of d ∈ {10, 20, 50}
with oss-20b and oss-120b models under low and medium reasoning efforts.
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Figure 9: Accuracy improvement vs. the effective cost per ten million tokens for oss-20b and oss-120b deep search
agents under low, medium, and high reasoning effort and reranking depth of d ∈ {0, 10, 20, 50}. In all cases top-5
candidates are passed to the search agent.
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(a) α = 0.1, β = 3
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Figure 10: Accuracy improvement vs. the effective cost per ten million tokens for the oss-20b deep search agent
under low, medium, and high reasoning effort and reranking depth of d ∈ {0, 10, 20, 50} with qwen3-reranker-0.6b
and γ = 0.32. In all cases top-5 candidates are passed to the search agent.
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