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ABSTRACT

We present a novel approach for training small language models for
reasoning-intensive document ranking that combines knowledge
distillation with reinforcement learning optimization. While exist-
ing methods often rely on expensive human annotations or large
black-box language models, our methodology leverages web data
and a teacher LLM to automatically generate high-quality train-
ing examples with relevance explanations. By framing document
ranking as a reinforcement learning problem and incentivizing
explicit reasoning capabilities, we train a compact 3B parameter
language model that achieves state-of-the-art performance on the
BRIGHT benchmark. Our model ranks third on the leaderboard
while using substantially fewer parameters than other approaches,
outperforming models that are over 20 times larger. Through ex-
tensive experiments, we demonstrate that generating explanations
during inference, rather than directly predicting relevance scores,
enables more effective reasoning with smaller language models.
The self-supervised nature of our method offers a scalable and
interpretable solution for modern information retrieval systems.

CCS CONCEPTS

« Information systems — Retrieval models and ranking.

1 INTRODUCTION

Search engines and retrieval-augmented generation systems in-
creasingly face queries that require complex reasoning and multi-
step synthesis and analysis. They demand a deeper understanding
of the query and the documents to identify the connections be-
tween them. For example, finding documentation for a coding error
requires understanding program logic and syntax, and identifying
economic case studies that share underlying theoretical principles
demands sophisticated domain knowledge and analytical reasoning
[29]. Traditional approaches to training ranking models for such
complex tasks often rely on expensive human annotations to pro-
vide relevance judgments and explanations. In contrast, we present
a framework that automatically generates its own training signal
by leveraging existing question-answer pairs on the Web.
Although neural ranking models have made significant progress
in recent years [7, 13, 21, 22, 27] and led to substantial perfor-
mance gains on standard benchmarks such as MS MARCO [19]
and the TREC Deep Learning (DL) Track [3, 4], we observe that
they often struggle with reasoning-intensive queries that demand
deeper understanding and explicit justification of relevance deci-
sions. For instance, state-of-the-art dense retrievers that achieve
strong performance on TREC DL show significant degradation on
reasoning-intensive queries, with the best models achieving only
about 18% nDCG@10 on the BRIGHT benchmark [29]-a recent
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benchmark designed for reasoning-intensive ranking tasks. We
argue that ranking models must engage in deliberate reasoning to
bridge the gap between query intent and document content.

Recent work has suggested that large language models with
tens of billions of parameters can effectively serve as zero-shot
rerankers [23, 24, 30], demonstrating strong reasoning capabili-
ties across diverse domains. However, deploying these models at
scale remains challenging due to their computational requirements
and latency constraints. While smaller models offer practical ad-
vantages, they typically lack the sophisticated reasoning abilities
of their larger counterparts. Recent LLMs such as DeepSeek R1
[5] have demonstrated that encouraging models to learn explicit
reasoning strategies and leveraging inference-time compute for
step-by-step analysis can significantly improve performance on
complex tasks. While this has been demonstrated for language
modeling and generation tasks, exploring these principles in re-
trieval remains understudied. Our work shows that by decomposing
document relevance assessment into explicit reasoning steps and
optimizing for high-quality explanations, we can achieve strong
performance even with relatively compact models.

In more detail, our work introduces a framework for distilling
and refining reasoning capabilities in small language models for
reasoning-intensive ranking. Our approach does not require any
manually labeled data for training; instead, we perform a diverse
data scraping approach from the Web for collecting reasoning inten-
sive questions and a pseudo-labeling approach using a teacher LLM
(with 70B parameters), resulting in a dataset with 20K examples.
We then introduce a knowledge distillation approach that helps a
compact student LLM (with 3B parameters) to mimic the reasoning
and labeling capability of the teacher. Subsequently, we introduce
a reinforcement learning approach that refines these reasoning
capabilities by rewarding high-quality explanations and accurate
relevance predictions.

Through this approach, we demonstrate that our efficient 3B
parameter model achieves performance comparable to 70B+ param-
eter models on reasoning-intensive ranking tasks. Most notably,
our model ranks third on the BRIGHT benchmark leaderboard and
is the first effective ranking model under 8B parameters, with the
only models achieving better performance being a 70B zero-shot
ranker using GPT-4 for query reformulation and JudgeRank, an
ensemble of three LLMs (8B, 70B, and 405B parameters). Our 3B
parameter model outperforms all other baseline methods on the
BRIGHT benchmark, including recent approaches like Reason-to-
Rank [12] which uses an 8B parameter model, while using almost
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Figure 1: The automated synthetic data annotation process based on Stackexchange question-answer pairs.

three times fewer parameters and avoiding complex query rewrit-
ing or multi-step prompting strategies. We release our code and
data for improved reproducibility.!

2 INTERANK

In this section, we present the training methodology for InteRank, a
compact LLM for reasoning-intensive ranking. We leverage the rea-
soning capabilities of a large teacher LLM to train a compact student
LLM that can both effectively re-rank documents and explain its de-
cisions. The key insight is that by decomposing the ranking process
into explicit reasoning steps and dedicating inference-time com-
pute to step-by-step analysis, we can achieve superior performance
compared to approaches that attempt to directly predict relevance
scores. By training on synthetic explanations from a teacher LLM
and optimizing for high-quality reasoning paths with reinforce-
ment learning, we can effectively transfer reasoning capabilities to
compact LLMs without requiring human-annotated data.

2.1 Model Architecture

We adopt a two-stage ranking architecture that is common in mod-
ern search systems: an efficient first-stage retrieval followed by
more expressive reranking model capable of reasoning.
First-stage Retrieval: A lightweight sparse or dense retrieval
model is used to retrieve potentially relevant documents from the
corpus. To better understand the impact of retrieval quality on the
final ranking performance, we experiment with various retrievers,
including BM25 [26] and dense embedding models (see section 3).
We retrieve the top 100 documents for re-ranking. While optimizing
the first-stage retriever is important, in this work we focus on
improving the second-stage re-ranking component.
Second-stage Re-ranking: Various learning-to-rank models,
from traditional feature-based [2, 17] to transformer-based cross-
encoder models [8, 21, 22], have been used for reranking. We aim at

Ihttps://github.com/algoprog/InteRank

training a reranking model for effective reasoning-intensive tasks.
To do so, we train a language model that takes a query-document
pair at a time and generates some reasoning to analyze and de-
scribe whether and how the provided document is relevant. These
reasoning steps are then followed by a discrete relevance label as
the final generation token. This relevance label is either 0 (i.e., non-
relevant), 1 (partially relevant), or 2 (highly relevant). This stage
is crucial for complex reasoning tasks, as it allows deeper analy-
sis of document content in relation to the query intent. Since the
scores produced by our reranker are discrete, many documents are
assigned the same relevance score, and we cannot distinguish them
in ranking. Therefore, we employ a hybrid scoring strategy that
combines the generated discrete reranking score with the retrieval
score produced in the first-stage retrieval. In fact,

score(q, d) = retrieval score(q, d) + « - reranking score(q, d)

where g and d denote query and document and a € R* is a hyper-
parameter controlling the impact of re-ranking score. & is expected
to be a relatively high number > 1. (@ = 100 in our experiments).

2.2 Model Optimization

Our training process combines knowledge distillation [10] with
reinforcement learning (RL). Following recent work showing the
benefits of incentivizing explicit reasoning capabilities through
RL [5], we structure our approach to encourage the development
of effective reasoning patterns while maintaining computational
efficiency. The process consists of three phases:

1. Synthetic Data Generation: High-quality training data is
crucial for developing models that can handle diverse reasoning
patterns. However, obtaining human annotations for reasoning-
intensive ranking is expensive and time-consuming. We address
this challenge through an automated data generation process that
leverages existing question-answer pairs from social websites like
StackExchange. Our data generation pipeline, summarized in Algo-
rithm 1 and Figure 1, starts with a seed set of query-answer pairs C.
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In our experiments, we sampled 20K pairs round robin from 186 dif-
ferent communities on StackExchange. For each answer, we extract
linked documents (hyperlinks) that potentially contain supporting
evidence, establishing an initial set of query-document pairs. To in-
crease diversity and to source potential negative documents, we use
a teacher LLM to generate related queries and retrieve additional
documents through web search using the Brave Search APIL The
teacher model is then instructed to generate an explanation and a
discrete relevance label for each query-document pair, creating a
distillation dataset. This approach naturally captures diverse rea-
soning patterns since the teacher model must explain how different
types of evidence support or fail to support answers across tech-
nical domains - from code analysis to scientific explanations. The
explanations demonstrate different forms of reasoning like logical
deduction, causal analysis, and domain-specific technical reasoning.
The next two phases are summarized in Algorithm 2.

2. Knowledge Distillation: We first transfer knowledge from
a large zero-shot teacher model to a more compact student model
through supervised fine-tuning. We use Llama 3.2 3B [9] as our base
student model and as mentioned earlier, Llama 3.3 70B is used as
our teacher model. The objective is to maximize the log likelihood
of teacher-generated outputs:

0! = afg;nax E (g.d.e.1)~Deyus 108 o (€. 1]q. d)] (1)

where e and | denote an explanation and a discrete relevance la-
bel. 8! is the trained student model parameters after knowledge
distillation. This phase helps the student model learn some initial
reasoning patterns.

3. Reinforcement Learning: While distillation helps transfer
basic reasoning patterns from the teacher, it is limited to imitat-
ing a single explanation path per example. In practice, there may
be multiple valid ways to reason about document relevance. The
reinforcement learning (RL) phase enables exploration of diverse
reasoning strategies through sampling, with the reward model pro-
viding feedback to identify the most effective explanations. For each
query-document pair, we sample k = 8 outputs from the model
being trained (i.e., starting from the student model from Step 2) and
evaluate them using a reward model. We observed that the reward
values can have very high variance, and they heavily depend on
query complexity and domain. For this reason, we use relative re-
ward values after max-min normalization for each set of outputs g
for a given query-document input (g, d):

R(q d,9) — min(R)

max(R) — min(R) @

R(q.d.9) =

where min(R) and max(R) are the minimum and maximum re-
ward values for the given query-document input pair. High-quality
output samples ij; are then selected using a threshold r:

D = {(q.d,4,R) : R(q,d, §;) = 7} ©)
The model parameters are updated using scaled rewards to further

emphasize higher-reward outputs:

0"t = argmaxE ;4 47) -, [(R(q.d,9))" log pg(glg. )] (4)
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Algorithm 1 Synthetic Data Generation for Ranking

Input: Teacher LLM 7, query-answer pairs C = {(q;, a;) }11;’ 1
Output: Synthetic dataset Dgyni

1: Initialize Dsynn < 0

2: for each (g,a) € C do

3:  Extract linked documents Djjyieq from a

4:  for each d € Djjpieq do

5 (e,l) — T(q.d) > Generate explanation and label
6: Dsynth <= Dsynth U {(g.d.e])}
7.
8
9.

end for

Qgen < 7(q, a, Dijnked) > Generate related queries
: Sample random q’ ~ Qgen

10:  Dyeb < WebSearch(q’)

11:  Sample random d ~ Dy}

122 (el) — T(q’,d)

13: Dsynth — Dsynth U {(Qs d, e:l)}

14: end for

15: return Dgyniy

> Get top-10 results

Algorithm 2 LLM alignment for ranking

Input: Student LLM My, reward model R, synthetic dataset Dgynin
Output: Trained model parameters 7+!

1: 0! «— argmaxy E(gd.e.)~Doypin [log pg(e,llq,d)]
2: fort=1to T do

3:  for each (g,d, ) in training data do

Sample Yg.q = {95}, ~ Mot (¢.d)
Compute rewards R(q, d, §j;) for all §j;

Normalize rewards: R = #‘m

> k = 8 samples

end for . .

Dy ={(q.d. 95, R(q.d. ;) : R(q.d. §;) > 7}
—m R

9: 0" — argmax, Bya7) -~ R logpe(dlg.d)]

10: end for
0T+1

>m=3

11: return

3 EXPERIMENTS

Evaluation Data. Our evaluation uses the BRIGHT benchmark
[29], which spans diverse domains requiring complex reasoning
capabilities. BRIGHT includes seven datasets from StackExchange
communities (Biology, Earth Science, Economics, Psychology, Ro-
botics, Stack Overflow, and Sustainable Living), each containing
100-200 expert-validated query-document pairs where relevance
is determined by citations in accepted answers. The remaining 5
datasets focus on coding and mathematical reasoning: Pony (syn-
tax documentation pairs), LeetCode (algorithmic problems), Theo-
remQA (theorem-based questions), AoPS (competition math prob-
lems), and Theorem Retrieval (problems paired with Proof Wiki
statements). In total, BRIGHT contains 1,384 queries with 6.37 pos-
itive documents per query on average. The queries are typically
long-form questions requiring multi-step reasoning, while positive
documents provide critical concepts, theories, or techniques needed
to address the queries rather than direct answers.

Experimental Setup. The base LLM for InteRank is Llama 3.2 3B,
while Llama 3.3 70B is our teacher model [9]. We use QLoRA [6]
for parameter-efficient fine-tuning, with a 4-bit quantization of
the base model and trainable rank-64 adapters. Due to resource
constraints, we limit the context length to 4K tokens. Training
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Table 1: Performance (nDCG@ 10) of different retriever and reranker combinations on the BRIGHT benchmark. Our 3B
parameter model InteRank, matches or exceeds the performance of the 70B teacher LLM, with explanations being crucial
for effectiveness (see "w/o expl." ablations). Adding domain-specific relevance definitions (marked with "+ instruct") further
improves performance. The symbol * indicates statistical significance (paired t-test, p < 0.05) compared to all baseline models.

StackExchange Coding Theorem-based
Retriever Re-ranker Bio. Earth. Econ. Psy. Rob. Stack. Sus. | Leet. Pony | AoPS TheoQ. TheoT. | Avg.
Sparse retrieval model
BM25 [26] - 19.2 27.1 14.9 12,5 13.5 16.5 15.2 24.4 7.9 6.0 13.0 6.9 14.8
BM25 InteRank (3B) 343 44.2 15.8 18.9 15.5 20.1 21.6 23.4 10.3 6.1 10.3 6.7 18.9
BM25 InteRank w/o expl. (3B) 15.1 20.2 12.1 10.2 11.2 13.3 12.8 19.9 6.1 4.8 10.1 5.2 11.8
BM25 InteRank + instruct (3B) 36.0 45.0 16.3 19.8 15.3 20.3 23.7 26.9 9.0 6.6 9.1 6.2 19.5
Dense retrieval models with < 1B parameters

TAS-B (66M) [11] - 2.7 10.2 6.4 5.6 7.5 8.0 4.1 24.7 14.6 8.7 7.9 1.5 8.5

BGE (0.3B) [33] - 12.0 24.2 16.6 17.4 12.2 9.5 13.3 26.7 5.6 6.0 13.0 6.9 13.6
Inst-L (0.3B) [28] - 15.6 21.5 16.0 219 11.5 11.2 13.2 20.0 1.3 8.1 20.9 9.1 14.2
GTE-L (0.4B) [15] - 21.0 31.1 20.5 243 12.6 15.9 15.3 28.3 7.3 8.3 20.3 11.6 18.0
GTE-L (0.4B) MiniLM-MARCO (33M) [25] | 11.6 5.7 5.2 64 27 40 55 40 2.1 0.0 36 12 43

GTE-L (0.4B) ModernBERT-L (0.4B) [32] 10.8 7.1 7.2 74 41 58 7.0 58 6.8 6.4 46 38 6.4

GTE-L (0.4B) Llama3.2 (3B) [9] 18.3 22.5 11.1 17.5 7.1 11.1 12.6 18.6 7.0 4.0 18.0 15.7 13.6
GTE-L (0.4B) Llama3.3 (70B) [9] 29.6 37.2 23.1 30.7 13.6 22.8 20.5 23.7 18.6 7.0 23.9 23.4 22.8
GTE-L (0.4B) InteRank (3B) 352 457 241 274 161 218 208 | 220 117 8.7 174 75 21.5
GTE-L (0.4B) InteRank w/o expl. (3B) 203 19.7 144 161 131 11.4 138 | 196 102 9.1 15.4 9.4 14.4
GTE-L (0.4B) InteRank + instruct (3B) 37.0 46.5 24.8 28.8 15.8 22.1 23.0 25.3 10.2 9.5 15.4 7.0 22.1

Dense retrieval models with > 1B parameters

E5 (7B) [31] - 18.8 26.0 155 158 164 93 185 | 287 48 71 26.1 268 17.9
Inst-XL (1.5B) [28] | - 21.9 344 22.8 274 17.4 19.1 18.8 27.5 5.0 8.5 15.6 59 18.7
GritLM (7B) [18] - 25.0 32.8 19.0 19.9 17.3 11.6 18.0 29.8 22.0 8.8 25.1 21.1 20.9
Qwenl.5 (7B) [1] - 30.1 38.3 17.7 23.7 13.3 22.4 14.6 25.5 8.7 14.5 27.7 32.8 22.4
Qwenl.5 (7B) MiniLM-MARCO (33M) [25] 9.72 6.21 6.60 6.72 3.59 5.12 6.25 5.11 6.10 5.90 4.04 3.26 5.72
Qwenl1.5 (7B) ModernBERT-L (0.4B) [32] 118 8.1 8.2 84 51 6.8 8.0 6.8 7.8 7.4 56 438 7.4

Qwenl.5 (7B) Llama3.2 (3B) [9] 27.6 30.3 14.6 19.5 9.7 17.6 11.9 25.4 14.6 12.8 25.6 26.1 19.6
Qwenl.5 (7B) InteRank (3B) 48.5 50.6 21.7 30.3 17.6 26.3 20.2 21.3 26.7 12.4 21.7 27.4 27.1
Qwenl.5 (7B) InteRank w/o expl. (3B) 21.3 25.6 15.2 16.8 13.8 16.2 15.1 22.4 11.2 10.1 16.2 10.1 16.2
Qwenl.5 (7B) InteRank + instruct (3B) 51.2* 514" 224 31.9% 17.3 26.6° 22.4% 24.5 23.1 13.5" 19.3 25.5 27.4%

Table 2: Performance (hnDCG@ 10) of the reranker in various
training stages with GTE-large as first-stage retriever.

Domain | SFT RL,t=1 RL,t=2 | S(t=1vs SFT) 5(t=2 vs t=1)
Bio. 39.4 35.2 30.0 -4.2 -5.2
Earth. 42.4 45.7 38.4 +3.3 -7.3
Econ. 23.2 24.1 22.7 +0.9 -14
Psy. 271 27.4 259 +0.3 -1.5
Rob. 14.1 16.1 13.6 +2.0 -2.5
Stack. 21.8 21.8 18.2 0.0 -3.6
Sus. 20.6 20.8 16.7 +0.2 -4.1
Leet. 19.9 22.0 25.3 +2.1 +3.3
Pony 7.4 11.7 15.6 +4.3 +3.9
AoPS 6.9 8.7 8.6 +1.8 -0.1
TheoQ. 12.8 174 20.2 +4.6 +2.8
TheoT. 8.8 7.5 9.8 -1.3 +2.3
Average | 20.3 21.5 20.4 +1.1 -1.1

is performed on a single A100 GPU with an effective batch size
of 16 (batch size 1 with 16 gradient accumulation steps) using
the AdamW optimizer with learning rate 2e-4. For the sampling
of outputs in the RL stage, we use temperature 1.0 for nucleus
sampling, reward threshold 7 = 0.85, and reward scaling power
m = 3. We perform two epochs of RL training. For the reward model,
we use a pretrained Llama 3.1 8B model [16] that has demonstrated
strong performance on RewardBench [14]. We found that this model
has very high agreement with larger open-weight and commercial
LLMs in relative comparison of explanation outputs, making it
suitable for our training process.

Baselines. We compare against a diverse set of baseline models:
(1) Traditional sparse retrieval using BM25 [26]; (2) Dense retrievers
of varying sizes, from MSMARCO-trained models like TAS-B (66M)

[11] to recent models like BGE (0.3B) [33], Instruction-tuned models
Inst-L/XL [28], GTE-large (0.4B) [15], E5 (7B) [31], GritLM (7B)
[18], and Qwen1.5 (7B) [1]; (3) Cross-encoder rerankers including
MiniLM fine-tuned on MSMARCO [25] and ModernBERT-large
fine-tuned on our synthetic examples [32]; and (4) Zero-shot LLM
rerankers using Llama 3.2 (3B) and Llama 3.3 (70B). These baselines
represent the spectrum of current approaches, from lightweight
traditional methods to LLMs.

3.1 Experimental Results

Our experimental results, shown in Table 1, reveal several key
findings about reasoning-intensive ranking:

1. Traditional dense retrievers with small number of pa-
rameters or training data fail in reasoning-intensive domains.
Smaller dense retrievers trained on MSMARCO like TAS-B (66M)
perform poorly with only 8.53% average nDCG@10, highlighting
their limitations beyond simple semantic matching. This is particu-
larly evident in reasoning-intensive domains like theorem-based
tasks (1.51% on TheoT) and complex StackExchange queries (2.77%
on Biology). In contrast, larger dense retrievers trained on more
diverse data with 100M+ training examples, show significant im-
provements; GTE-large (400M) achieves 18.0% and Qwen1.5 (7B)
reaches 22.4% average nDCG@10, demonstrating the importance
of model scale and training data for complex retrieval tasks.

2. Explanations are crucial for effective ranking. As shown
in Table 1, our ablation studies reveal that removing the explana-
tion component (rows marked “w/o expl”) causes accuracy to drop
significantly from 21.5% to 14.4% nDCG@10 on average. Traditional
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BERT re-ranking models that rely purely on semantic matching also
show surprisingly poor performance, with ModernBERT-L achiev-
ing only 4.57% average nDCG@10. This shows that the process of
generating explanations helps develop better reasoning capabilities
compared to approaches that only predict relevance scores directly.

3. Distillation results in small student models with teacher
performance. Our results also demonstrate that our approach suc-
cessfully distills complex reasoning capabilities into a compact 3B
parameter model, achieving performance comparable to models
over 20 times larger (see Llama 3.3 70B in Table 1). When com-
bined with the Qwen1.5 retriever and domain-specific relevance
definitions in the ranker’s prompt (rows marked with “+ instruct”
in Table 1), InteRank achieves state-of-the-art performance with
an average of 27.4% across all domains reaching the third spot in
BRIGHT leaderboard, just below JudgeRank [20], an ensemble of
3 zero-shot LLMs (8B, 70B, and 405B parameters) and a baseline
using Llama 70B with query-rewriting with GPT-4. Our 3B param-
eter model outperforms all other baseline methods on the BRIGHT
benchmark, including recent approaches like Reason-to-Rank [12]
(nDCG@5 26.2 vs 19.6) which uses an 8B parameter model.

4. RL improves reasoning for ranking. The iterative RL pro-
cess shows domain-dependent effects, as detailed in Table 2. While
the first iteration leads to broad improvements (+1.1% nDCG@10 on
average), the second iteration reveals an interesting pattern - per-
formance continues to improve in reasoning-intensive domains like
mathematics and coding while declining in domains with simpler
reasoning requirements. This suggests that additional RL iterations
help refine complex reasoning capabilities but may lead to over-
fitting in domains where simpler strategies suffice. Table 2 presents
detailed results examining the impact of different training stages.
The supervised fine-tuning (SFT) stage establishes strong initial
performance, particularly in domains like Biology and Earth Sci-
ence. The first RL iteration shows the largest gains in theoretical
domains (TheoQ), coding tasks (Pony, Leetcode), and earth science.
The second iteration further improves performance specifically in
reasoning-intensive tasks (Leetcode, Pony, TheoQ, TheoT) while
showing decline in simpler domains, highlighting the trade-off be-
tween specialized reasoning capabilities and general performance.

4 CONCLUSIONS

This paper presents a novel approach for training compact lan-
guage models to perform reasoning-intensive document ranking.
Our methodology combines knowledge distillation from a large
teacher model with reinforcement learning optimization to create
efficient yet powerful ranking models that can explain their deci-
sions. Through extensive experimentation we demonstrate that a
3B parameter LLM achieves performance comparable to models
over 20 times larger, reaching state-of-the-art results across diverse
domains. Dedicating inference-time compute to generate explana-
tions, rather than directly predicting relevance scores, enables more
effective reasoning with smaller language models.

Key findings from our work include: (1) the critical role of ex-
planations in developing robust reasoning capabilities for ranking,
as shown by significant performance drops when removing the
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explanation component; (2) the effectiveness of our two-stage train-
ing approach, where supervised fine-tuning establishes strong ini-
tial performance and targeted reinforcement learning helps refine
complex reasoning abilities; and (3) the importance of combining
efficient retrievers with reasoning-capable re-rankers, as demon-
strated by the strong performance of our GTE-large and Qwen1.5
retriever combinations.

Our results suggest promising directions for future work, in-
cluding exploring more sophisticated reward modeling approaches,
domain adaptation techniques for specialized reasoning tasks, and
developing methods to further reduce model size while maintain-
ing reasoning capabilities. Additionally, applying similar weakly-
supervised alignment techniques to optimize first-stage retrievers
could potentially lead to end-to-end improvements in reasoning-
intensive search. The success of our approach in creating efficient,
interpretable ranking models opens new possibilities for deploying
reasoning-intensive search systems at scale.
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