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Abstract
As agentic AI systems tackle more complex
mathematical tasks, they increasingly rely on
information retrieval (IR) to search problem
databases, theorem libraries, and educational
resources. However, choosing the right re-
triever remains difficult, as it is infeasible to iso-
late its effect on downstream performance. On
the other hand, existing retrieval-specific bench-
marks often fail to capture fine-grained math-
ematical relevance, penalizing systems that re-
trieve useful documents. We address this gap
with SABER-MATH, the first fully automated
reranking benchmark for mathematical IR, built
without expert annotation. Starting from 283K
high-school-level problems with solutions, it
builds challenging tasks in three steps: (i)
LLMs extract concise solution summaries and
topics for each problem; (ii) candidates are dis-
covered per query using ontology-based topic
similarity and lexical overlap between solution
summaries; and (iii) a Swiss-style LLM pref-
erence tournament assigns every candidate a
graded relevance rating. Over these judged
candidate pools, we evaluate retrievers across
all major paradigms, from lexical and math-
specific systems to modern embedding, late-
interaction, and reranking models. Reasoning
embedders lead, followed by general-purpose
models, both far outperforming classical and
math-specific baselines. Yet, all still struggle
in symbol-heavy domains such as Algebra and
Calculus. Importantly, we show that generic IR
benchmarks, such as MTEB, track mathemati-
cal performance broadly but are less discrimina-
tive among the strongest models, highlighting
the need for domain-specific evaluation.

1 Introduction
Large language models are increasingly used in
mathematical reasoning systems, serving both as
natural-language assistants and components of for-
mal reasoning pipelines (Ferrag et al., 2025; Wang

et al., 2025). To improve their effectiveness and
reliability, modern agentic systems often supple-
ment proof generation with retrieval of relevant
mathematical knowledge. Information retrieval
(IR) (Zhu et al., 2023) helps these systems find
analogous examples, relevant theorems, solution
patterns, formal premises, and definitions that can
guide multi-step reasoning, making retrieval a core
component of mathematical AI systems.

Information retrieval for mathematics Re-
trieval has become important in both formal theo-
rem proving and in informal mathematical problem
solving. In formal settings, IR is used to expose rel-
evant definitions, lemmas, declarations (Yang et al.,
2023; Shen et al., 2025; Khramov et al., 2025), li-
brary code (Gao et al., 2024; Shen et al., 2025), and
previously written proofs to assist a prover or auto-
formalizer (Liu et al., 2025). In informal settings,
it is used to ground answers in trusted mathemat-
ical material and to provide analogous examples,
solution schemas, or theorem-level context (Lev-
onian et al., 2023; Yang et al., 2024). Although
these systems differ in what they retrieve and how
they retrieve it, they share a common requirement:
retrieved documents should be useful for mathemat-
ical reasoning, rather than simply textually similar
to the query. Yet, such systems rarely justify their
choice of retrieval framework, making rigorous
evaluation of mathematical retrieval necessary for
building more effective mathematical agents.

Challenges of evaluating mathematical retrieval
Evaluating mathematical retrieval is challenging be-
cause related mathematical problems are relatively
infrequent, and their relevance is often not captured
by surface similarity. Two problems may use differ-
ent notation, wording, or terminology while relying
on the same method, e.g., an extremal argument,
invariant, or auxiliary construction. Conversely,
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Figure 1: Overview of SABER-MATH construction. First, we source a large mathematical corpus of problems
and their solutions 1 . Using LLM annotation, we compute two separate relevance signals for every document
pair based on topics and solution summaries 2 . We then select 1000 target query documents, each with 150
relevant documents split evenly across relevance signals 3 . Finally, we rank the candidates per query using an
LLM-as-a-judge in a 20-round Swiss tournament based on a Bradley-Terry model 4 . Throughout the figure our
query documents are in blue, saturated purple denotes topic relevance, saturated teal denotes solution-summary
relevance, and muted colors denote irrelevant documents.

problems with similar objects or formulas may re-
quire very different reasoning. Prior work (Su et al.,
2025; Xiao et al., 2024; Alshammari et al., 2026)
has therefore relied on expert annotation of seman-
tic relevance, but such annotation is costly, hard to
scale, and prone to annotator disagreement. More-
over, to keep relevance assessment tractable, many
benchmarks use narrow relevance definitions and
low-granularity labels (Su et al., 2025; Ju and Dong,
2025; Alshammari et al., 2026). This penalizes
genuinely useful retrievals that do not match the
benchmark’s specific notion of relevance. All in all,
existing methods thus remain hard to scale to larger
corpora and diverse mathematical domains, while
preserving a fine-grained notion of relevance.

SABER-Math To address this gap, we intro-
duce SABER-MATH, the Scalable Automated
BEnchmark for Reranking in Math. To our knowl-
edge, it is the first fully-automated benchmark for
fine-grained evaluation of mathematical informa-
tion retrieval without expert annotation.

Scalable relevant problem pair discovery To
address the issues of rare relevant problem pairs,
SABER-MATH starts from a large corpus of 283K
high-school and olympiad-style problem-solution
pairs and uses two scalable complementary rele-
vance signals to find relevant problem pairs. First,
we assign each problem topics in a mathemati-
cal ontology and use topic overlap to find prob-
lems involving related concepts, theorems, or do-
mains. Second, we extract short LLM-generated
summaries of each solution’s core idea and use lex-

ical overlap between summaries to find problems
with similar solution methods. These signals are
not used as final relevance labels. Instead, we use
them only for candidate selection, identifying 1000
query problems across Algebra, Geometry, Number
Theory, Combinatorics, and Calculus, which we
pair each with 150 candidate documents spanning
different forms of mathematical relatedness.

Automated relevance estimation After con-
structing each query’s candidate set, SABER-
MATH assigns fine-grained relevance labels for
each candidate using pairwise LLM judgments. To
make this scalable, we avoid exhaustive all-pairs
comparison and instead use a Swiss-style tourna-
ment, which prioritizes comparisons between can-
didates of similar estimated relevance. We aggre-
gate the resulting preferences with a Bradley–Terry
model to obtain continuous relevance scores, which
serve as ground-truth ratings for a reranking tasks
that serves as our benchmark.

Experimental results We evaluate a range of IR
systems, spanning lexical and neural bi-encoders,
as well as modern late-interaction and cross-
encoder systems, ranging from early encoders to
recent state-of-the-art systems. Recent reasoning-
trained embedding and reranker models substan-
tially outperform everything else, with the Rea-
sonEmbed/Reranker open model family (Chen
et al., 2025) ranking highest across all domains.
Among newer systems, we find that performance
on general-purpose IR benchmarks such as MTEB
is not a reliable predictor for mathematical per-
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formance, demonstrating the need for our work.
We show results reliably transfer to a downstream
deduplication task, and provide a counterfactual
analysis of models’ reliance on mathematical no-
tation, showing that weaker retrievers over-rely on
formulas without capturing their meaning, which
hurts their performance.

Key contributions Our contributions include:

• SABER-MATH, a scalable automated bench-
mark for mathematical information retrieval.

• An extensive evaluation of classical, special-
ized, bi- and cross-encoder models, showing
that unlike ours general IR benchmarks do not
fully capture mathematical IR performance.

• Domain-level and counterfactual analyses,
identifying weaknesses in symbolic domains.

• Publicly-available code and data to support
reproducibility and further research.

2 Related Work

In this section, we discuss related work on evaluat-
ing information retrieval, its applications in math-
ematical reasoning, and the use of LLMs as data
processors and judges.

General-purpose retrieval benchmarks
General-purpose retrieval benchmarks such as
BEIR (Thakur et al., 2021) and MTEB (Muen-
nighoff et al., 2023) have become standard for
comparing lexical, dense, and reranking models
across domains and task types. These resources
are useful for testing generalization and overall
embedding quality, but they mainly measure
general-purpose passage relevance: topical overlap,
answer containment, or semantic rephrasing.
When retrieval necessitates in-depth reasoning,
it remains unclear how well general retrieval
capabilities transfer to mathematical domains.

Agentic workflows with retrieval Agentic LLM
systems interleave planning, tool use (Ju et al.,
2026), memory (Park et al., 2023; Packer et al.,
2023), and self-reflection (Madaan et al., 2023),
with retrieval as a common tool for grounding rea-
soning in external evidence or domain context (Zhu
et al., 2023; Ferrag et al., 2025; Lewis et al., 2020;
Nakano et al., 2021). In such workflows, retrieval
quality matters, as irrelevant or incomplete con-
text can derail subsequent reasoning, while well-
targeted retrieval can support completion of harder
tasks and reduce hallucinations (Wu et al., 2024;

Hong et al., 2024; Yoran et al., 2024). SABER-
MATH abstracts away the agentic scaffolding and
directly evaluates retriever performance.

Retrieval in mathematical reasoning and theo-
rem proving Mathematical retrieval spans a con-
tinuum from informal problem similarity to formal
premise selection. In proof assistants, accurate re-
trieval has long been studied as premise selection
for advancing the formal proof (Irving et al., 2016;
Bansal et al., 2019). LLM-based provers continue
this line: ReProver (Yang et al., 2023) and REAL-
Prover (Shen et al., 2025) retrieve a set of premises
conditioned on the formal Lean proof state code.
At the same time, newer systems increasingly re-
trieve over natural-language mathematical state-
ments, even when the final goal is formal reason-
ing. Gao et al. (2024) and Liu et al. (2025) do so by
informalizing mathlib4 statements for proving and
autoformalization respectively, while Archon (Ju
et al., 2026) combines informal retrieval with for-
mal search to translate informal arguments into
machine-checkable developments. Beyond proof
assistants, informal retrieval is also used to ground
mathematical question answering, retrieve solu-
tion schemas or analogous problems, and construct
mathematical knowledge graphs (Levonian et al.,
2023; Dixit and Oates, 2024; Yang et al., 2024;
Bian et al., 2025). However, these works evaluate
retrieval only on downstream performance, which
conflates retriever quality with the generator’s rea-
soning ability, prior knowledge, prompt sensitivity,
and robustness to irrelevant context — a model may
succeed despite poor retrieval or fail despite useful
retrieval. Our work therefore focuses on informal
mathematical IR as a standalone problem.

Mathematical retrieval benchmarks and rele-
vance coverage Several recent benchmarks eval-
uate mathematical or reasoning-intensive retrieval
more directly. BRIGHT (Su et al., 2025) evalu-
ates mathematical relevance through a shared theo-
rem or solving method, and MathNet (Alshammari
et al., 2026) studies retrieval of structurally similar
or equivalent Olympiad problems. However, these
works rely on human expert annotation, which is
costly and difficult to scale to larger corpora or
diverse mathematical domains. Other works pro-
vide automatic pipelines, with MIRB (Ju and Dong,
2025) unifying semantic statement, and formula re-
trieval, while RAR-b (Xiao et al., 2024) converts
reasoning datasets, including MATH (Hendrycks
et al., 2021) and GSM8K (Cobbe et al., 2021), into
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retrieval over pooled answer candidates. While
these benchmarks improve scalability, their con-
struction can still lead to partial relevance cover-
age. Pooling-based collections leave many query-
document pairs unvalidated, so relevant items sur-
faced by new systems may be treated as irrelevant,
potentially introducing false negatives and affect-
ing model comparisons (Buckley and Voorhees,
2004; Sakai and Kando, 2008). Recent work shows
that missing judgments matter, but also that re-
pairing them reliably is difficult (Upadhyay et al.,
2024; Abbasiantaeb et al., 2024). This is especially
acute in mathematics, where useful relationships
are sparse and fine-grained, as two problems may
share a common method without being equivalent.
SABER-MATH is designed with this problem in
mind, as relevance is estimated on a continuous
scale, and evaluates retrievers on a task where each
document has been sufficiently validated.

LLMs as data processors and judges LLMs are
increasingly used to process data at scale, including
annotation (Bansal and Sharma, 2023; Gilardi et al.,
2023), preference estimation (Thomas et al., 2024),
and evaluation (Zheng et al., 2023; Upadhyay et al.,
2024; Lin et al., 2025). In particular, strong LLM
judges can align well with human judgments in
open-ended tasks, but also exhibit known biases
and therefore require task-specific validation (Ye
et al., 2024; Wataoka et al., 2024; Dekoninck et al.,
2024; Shi et al., 2025; Saito et al., 2023). Notably,
individual pointwise scores can be noisy or non-
transitive (Liu et al., 2024; Li et al., 2024), making
it difficult to reliably measure subjective criteria
such as relevance (Petrov et al., 2026). To address
these issues, prior work has used pairwise com-
parisons, converting many local preferences into a
global ranking that can reduce noise and mitigate
bias (Zheng et al., 2023; Liu et al., 2024; Dekon-
inck et al., 2024). In SABER-MATH, we adopt this
method to generate fine-grained relevance scores,
validated against human annotations, and show it
is preferable to standard ordinal ranking methods.
We also use LLMs for data processing.

3 Methodology
In this section, we describe the construction of
SABER-MATH, our reranking benchmark for eval-
uating IR in mathematics. SABER-MATH is de-
signed to test whether retrieval systems can iden-
tify mathematically meaningful relevance between
problems, such as shared concepts, reasoning pat-
terns, or solution structure, rather than relying on

surface-level textual similarity.
We begin by building SABER-MATH from a

large corpus of high-school-level problems and so-
lutions (§3.1). To identify related problem pairs
at scale, we use two complementary automatically
extracted relevance signals: topic overlap (§3.2)
and lexical similarity between short solution sum-
maries (§3.3). We then construct reranking tasks
by selecting a set of query and candidate problems
of varying types and strengths of relatedness (§3.4).
Finally, we assign fine-grained relevance ratings to
the candidates using an LLM-as-a-judge pairwise
preference framework (§3.5), which serve as refer-
ence labels for evaluating performance in SABER-
MATH. All prompts are included in §F and we
provide information about the computational re-
sources used to construct SABER-MATH in §E.

3.1 Sourcing a Large Mathematical Corpus

Mathematical relevance is sparse, as few problems
share non-trivial concepts, reasoning patterns, or
solution structure. To identify them at scale, we
build a 283K-sample corpus of mostly high-school
problems and solutions across Algebra, Geome-
try, Number Theory, Combinatorics, and Calculus.
The corpus contains ∼ 150K AoPS forum prob-
lems with community solutions, providing a broad
but potentially lower-quality data source. Thus,
we augment it with further ∼ 35K problems from
national and international competitions, including
higher-quality solutions with deeper structure. We
further add ∼ 115K non-synthetic problems from
the olympiad split of NUMINAMATH-1.5. We re-
move ∼ 17K duplicates across the full dataset us-
ing DataTrove’s MinHash pipeline (Penedo et al.,
2024), prioritizing official sources, Numina, and
AoPS in that order. §A gives further data collection
details, along with a discussion of quality control.

3.2 Scoring Relevance using Extracted Topics

Overlapping objects, theorems, subfields and topics
provide a strong signal of mathematical relevance
beyond textual similarity, despite potentially differ-
ent phrasing across documents. In this section, we
explain how we capture this notion by constructing
a MathWorld-derived ontology (Weisstein), assign-
ing topics to problems, and computing pairwise
relevance from topic sets using the hierarchy.

3.2.1 Mathematical Ontology
We represent each problem by a set of mathemati-
cal topics and theorems, which provide good sig-
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nals of mathematical relatedness. Because related
topics may differ lexically while remaining close
in the subject hierarchy, we use a fixed ontology
tree rather than treating topics as a flat set.

Ontology tree construction We build our on-
tology from Wolfram’s MathWorld (Weisstein),
whose entries provide broad coverage of high-
school, olympiad, and university mathematics and
are linked hierarchically across mathematical ar-
eas, concepts, and theorems. We represent each
MathWorld topic as a node and each hierarchi-
cal link as a directed edge from a more general
topic to a more specific one, yielding a directed
acyclic graph (DAG). This graph is not generally
a tree: a topic can appear along multiple root-
to-topic paths because mathematical concepts of-
ten belong to several areas. For example, Pas-
cal’s Triangle appears under both a combinatorial
branch, Discrete Mathematics → Combinatorics,
and a number-theoretic branch, Number Theory →
Special Numbers, reflecting different uses and con-
texts. To preserve this information while obtaining
a tree structure, we duplicate nodes with multiple
root-to-topic paths. This lets us disambiguate topic
assignments by context when annotating problems
from our corpus. The conversion increases the
ontology size from ∼ 10.5K to ∼ 17.1K nodes,
while the maximum root-to-node depth remains 5.

3.2.2 Scoring Relevance based on Ontologies

Automatic topic assignment To calculate prob-
lem pairs relevance signals, we need to first extract
relevant ontology topics for each problem in our
mathematical corpus. Given our ontology’s size,
presenting it to an LLM in full is infeasible. In-
stead, we do a top-down traversal of the ontology
per problem. At each visited ontology node we rely
on GPT-OSS-120B (Agarwal et al., 2025) to do
local relevance scoring. The model is called with
the problem statement, solution, and the ontology
labels of the node and its children, and is asked
to assign each candidate a relevance score, which
we then normalize across nodes. We retain candi-
dates whose normalized scores exceed a threshold
τ = 0.85 and recursively apply the same procedure
to their descendants. By having the parent node as
a reference, we allow the algorithm to terminate
early when the children are substantially less rele-
vant than their parent, preventing redundant com-
putation. Finally, we keep only the most specific
assigned topics by removing topic ancestors.

Topic similarity over ontologies To calculate
the relevance signal for a pair of problems with
annotated topics, we optimally match the two prob-
lems topic sets based on topic similarity. Our final
relevance signal is given by the average similarity
score within this optimal match. We measure topic
similarity using Lin’s information-content similar-
ity (Lin, 1998), where two ontology nodes are more
similar if their lowest common ancestor is more in-
formative. We estimate information content from
topic frequencies over our problem corpus. Con-
cretely, let c(t) be the number of annotations for
node t or any of its descendants, and N be the total
number of topic annotations. We define

p(t) =
c(t)

N
, IC(t) = − log p(t). (1)

For two nodes t1 and t2, we compute the similarity:

simLin(t1, t2) =
2IC(LCA(t1, t2))

IC(t1) + IC(t2) + ε
, (2)

where LCA(t1, t2) is the nodes’ lowest common
ancestor in the ontology tree and ε = 10−12 is used
for numerical stability. This assigns high similarity
to topics sharing a rare, specific ancestor, and low
similarity to topics sharing only broad ancestors,
capturing both exact and nearby ontology overlap.

Topic set matching Given the node-level sim-
ilarities above, we lift them to problem-level us-
ing Best-Match Average (BMA) (Wang et al.,
2007). For problems x and y with topic sets
Tx = {t1, . . . , tm} and Ty = {u1, . . . , un}, we
define simtopic(x, y) as:

∑
t∈Tx

maxu∈Ty simLin(t, u) +
∑

u∈Ty
maxt∈Tx simLin(t, u)

|Tx|+ |Ty|
.

(3)
BMA matches each topic to its closest counterpart
in the other problem and averages these matches
in both directions. This rewards broad concep-
tual alignment while penalizing unmatched topics,
which is useful when problems combine several
mathematical concepts of unequal importance. We
use simtopic as the topic-based relevance signal for
selecting candidate pairs in §3.4.

3.3 Scoring Relevance using Short Solution
Summaries

While topic relevance captures an important aspect
of overall mathematical relevance, problems may
share underlying solution strategies despite belong-
ing to completely different topics, or conversely,
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require substantially different methods even when
they share topics. To capture this complementary
notion of relevance, we use LLMs to extract con-
cise natural-language summaries from problem so-
lutions, retaining the core methodology while ab-
stracting away formatting and presentation details.
We then estimate the methodological relevance us-
ing these extracted summaries at scale via the Jac-
card similarity (Jaccard, 1912).

Automatic summary extraction For each
problem-solution pair in our corpus, we use GPT-
OSS-120B to extract a summary of the solution’s
core idea. We prompt the model to produce sum-
maries of at most 30 words in an imperative style,
resulting in hint-like descriptions emphasizing the
main method without reproducing the full solution,
or including computational and algebraic details.

Summary-based relevance estimation For this
signal, we measure the lexical overlap between the
summaries of two problems using Jaccard similar-
ity. For a problem p, let Sp denote its extracted
short solution summary. Let T (s) be the set of
unique words appearing in a sentence s. For a pair
of problems x and y, we define their summary-
based relevance score as

simsumm(x, y) :=
|T (Sx) ∩ T (Sy)|
|T (Sx) ∪ T (Sy)|

. (4)

We use lexical rather than embedding-based simi-
larity to avoid biasing SABER-MATH toward mod-
els used in the benchmark construction. Further,
the choice of lightweight metrics, such as BMA
and Jaccard also allows us to scale computation
efficiently, as we require deriving the pairwise rele-
vance signals across the entire corpus, the number
of which grows quadratically (∼ 7.8× 1010 total
pairs). Implementation details are found in §B.1.

3.4 Selecting Queries and Document Sets
We construct SABER-MATH’s query and doc-
ument sets from our problem corpus using our
topic- and solution-summary signals. A pair is
topic-relevant if simtopic > τtopic and summary-
relevant if simsumm > τsumm, where we choose
τtopic ≈ 0.858 and τsumm ≈ 0.211 to obtain a
representative sample spanning multiple domains.
More details on how we determined these values
can be found in §B.2. To ensure a balanced and
challenging benchmark, we require each query to
have at least K = 50 relevant documents in each
of three categories: topic-only, summary-only, and

both topic- and summary-relevant. We then sam-
ple K documents uniformly from each category,
giving 150 documents per query. The final bench-
mark contains 1000 queries, selected to uniformly
span the five top-level ontology topics: Algebra,
Geometry, Number Theory, Combinatorics, and
Calculus and Analysis (see Figure 3). In §D.1, we
show that both signals contribute to finding rele-
vant problems, with the candidates selected by both
ranking highest under our final relevance ratings.

3.5 Tournament-based Relevance Ratings

While our topic- and summary-based signals cap-
ture specific forms of mathematical relatedness,
using them as final labels would over-penalize sys-
tems that surface valid connections outside these
criteria. This is a well-documented problem in
IR (Buckley and Voorhees, 2004; Sakai and Kando,
2008), that we find especially acute in mathemat-
ics (See §2). To obtain fine-grained ratings, we
instead rate every candidate document with a pair-
wise LLM-as-a-judge framework. We aggregate
these judgments with a Bradley–Terry model to
produce continuous relevance scores, and use a
Swiss-style tournament to reduce the computation.

Pairwise preference judging with an LLM-as-
a-Judge We assign each candidate its final rel-
evance rating using an LLM-as-a-judge frame-
work (Chan et al., 2023; Zheng et al., 2023; Liu
et al., 2024; Dubois et al., 2024). Since judging
mathematical relevance requires comparing solu-
tion ideas, proof structure, and techniques, we use
a strong reasoning model, GPT-OSS-120B, as
our judge. Rather than eliciting absolute relevance
scores, we ask the judge for pairwise preferences,
following prior work showing that comparative
judgments are more reliable than direct scoring (Li
et al., 2024). This finding is confirmed by our hu-
man evaluation in §D.4. For each query problem
and its solution, we ask the judge to compare two
candidate problems and their solutions and pick the
one that is mathematically relevant to the query.

Bradley–Terry estimation of latent relevance
To convert judge preferences into continuous rele-
vance scores, similarly to Dekoninck et al. (2024),
we fit a Bradley-Terry (BT) model separately for
each query. Under this model, the probability
that candidate i is judged to be more relevant
than candidate j by the LLM is assumed to be
P (i > j) = πi

πi+πj
, where πi is candidate i’s latent

relevance score. BT gives a consistent ordering
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within each query. However, a candidate at a given
rank may be highly informative for one query but
merely the best of weak alternatives for another.
We alleviate this by measuring nDCG per query on
normalized scores, so that each query contributes a
bounded amount to the final benchmark result.

Scaling pairwise comparisons with a Swiss-
style tournament Exhaustive pairwise judging
requires n(n−1)

2 LLM calls, which is prohibitively
expensive for large reranking sets, and wastes
calls on clearly unequal candidates without gain-
ing much information. We therefore use a Swiss-
style tournament to select an informative subset of
comparisons: candidates are paired uniformly at
random in the first round, and in each subsequent
round every candidate is paired with an unjudged
opponent whose cumulative win count is as close
as possible. This concentrates judge calls on close
comparisons, which are the most informative. We
use R = 20 tournament rounds, as we find this to
be sufficient in §D.2. Further details on how we
run the tournament are provided in §B.3. Finally,
we fit the BT model by maximizing the likelihood
of the obtained pairwise judgments. These scores
are linearly rescaled to the range [0, 5] and used as
the final relevance ratings for each query.

4 Results

We now present our experimental findings.

4.1 Main Results and Key Takeaways
We report the main SABER-MATH results in Ta-
ble 1 on 42 models, with the full results available
in Table 7. All scores are nDCG@10 with exponen-
tial gain, using our relevance ratings as reference
scores. We show that our benchmark is robust to
this choice in §D.3. We report both aggregate per-
formance and performance across five mathemat-
ical domains. Details on how IR systems are run
are in §C.2. By default, models are evaluated with
default task instructions, and we study their effect
on SABER-MATH scores in §D.9. The median
per-query times reported alongside them, and in
Figure 8, follow a standardized timing protocol we
describe in §C.5. We also mark the quality–latency
Pareto frontiers of the 2 major classes, which we an-
alyze in §D.7. To keep comparisons across method
families legible, we group models by architecture
and training data, following the taxonomy in §C.1.

Unless otherwise stated, we present results in the
statement–full setting: the query contains only a

problem statement, while each document contains
both a problem statement and its solution. This
captures a central use case in mathematical rea-
soning: given a new problem, a system retrieves
solved examples with relevant concepts, theorems,
or solution techniques that can guide downstream
reasoning (Ju et al., 2026; Khramov et al., 2025).

In Table 1, we also evaluate two complemen-
tary settings. In full–full retrieval, both queries and
documents include statements and solutions. This
models retrieval over solved mathematical material,
where a downstream system may ground answers
in trusted sources, retrieve analogous examples,
extract solution schemas, or construct mathemati-
cal knowledge graphs from problem-solution cor-
pora (Levonian et al., 2023; Yang et al., 2024; Bian
et al., 2025). In statement–statement retrieval, both
queries and documents contain only problem state-
ments. This captures search over large mathemat-
ical corpora that do not include human-readable
proofs or solutions, including theorem-statement
retrieval, informalized formal-library search, and
retrieval over libraries of mathematical declara-
tions (Yang et al., 2023; Shen et al., 2025; Gao
et al., 2024). Comparing these settings lets us iso-
late how available context affects mathematical IR.

The ReasonEmbed/Reranker family achieves
the strongest performance The open REA-
SONEMBED/RERANKER family achieves the best
aggregate performance and holds the top score
in every individual domain. The reranker mod-
els edge out their embedding counterparts, as one
would expect from the reranking design of our
task. This finding carries over to all model fam-
ilies. Pairing the REASONEMBED-family mod-
els with a query rewriter further improves perfor-
mance, though this design does not transfer univer-
sally, with the rewriter-based INF-X-RETRIEVER

behind INF-RETRIEVER-V1-PRO. On the other
hand, traditional lexical retrievers, older contextual
encoders, and specialized mathematical baselines
all perform poorly, showing that they are no longer
competitive. We note that even the best score in
the main setting remains far from perfect retrieval,
leaving room for progress in mathematical IR.

Reasoning IR methods achieve the best re-
sults Beyond the REASONEMBED family, train-
ing on reasoning data is a strong factor for higher
performance on SABER-MATH. For instance,
REASONEMBED-QWEN3-8B, RADER-7B, and
DIVER-4B outperform OCTEN-8B, the strongest
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Table 1: Main results of SABER-MATH. All numbers are reported as nDCG@10, except the median time column,
and the MTEB Retrieval column, which reports the model’s Retrieval score from the MTEB Multilingual leaderboard
(– where the model has no reported score). The Type column follows the taxonomy described in §4.1. Systems on
the quality–latency frontier are underlined for bi-encoders and italicized for cross-encoders (§D.7).

Type Overall Algebra Geometry Number
Theory Comb. Calc./

Analysis
Statement-
Statement Full-Full Med. s/query MTEB

Retrieval

ReasonReranker-Qwen3-32B-Rewrite (Chen et al., 2025) RTWC 0.741 0.710 0.749 0.740 0.783 0.732 0.638 0.796 117.06 —
ReasonEmbed-Qwen3-8B-Rewrite (Chen et al., 2025) RTWB 0.738 0.710 0.767 0.734 0.781 0.708 0.659 0.769 29.93 —
ReasonReranker-Qwen3-32B (Chen et al., 2025) RTC 0.733 0.699 0.751 0.726 0.777 0.712 0.647 0.800 85.44 —
ReasonEmbed-Qwen3-8B (Chen et al., 2025) RB 0.710 0.689 0.744 0.697 0.738 0.682 0.685 0.795 1.751 —
Diver-GroupRank-32B (Long et al., 2026) RTC 0.693 0.645 0.716 0.674 0.729 0.696 0.651 0.729 64.012 —
RaDeR-14B (Das et al., 2025) RB 0.692 0.669 0.727 0.682 0.714 0.665 0.677 0.741 3.042 —
RaDeR-7B (Das et al., 2025) RB 0.690 0.666 0.725 0.675 0.715 0.666 0.671 0.738 1.668 —
Qwen3-Reranker-4B (Zhang et al., 2025) C 0.683 0.649 0.709 0.672 0.712 0.671 0.653 0.730 1.167 —
Diver-4B (Long et al., 2025) RB 0.681 0.665 0.711 0.672 0.708 0.645 0.659 0.737 1.456 —
ReasonEmbed-Llama-3.1-8B (Chen et al., 2025) RB 0.664 0.641 0.695 0.652 0.678 0.650 0.643 0.751 1.95 —
RaDeR-3B (Das et al., 2025) RB 0.654 0.629 0.694 0.648 0.680 0.624 0.644 0.705 0.951 —
Qwen3-Reranker-0.6B (Zhang et al., 2025) C 0.652 0.629 0.690 0.638 0.667 0.634 0.621 0.717 0.957 —
SPLADE-Code-8B (Lupart et al., 2026) SB 0.650 0.610 0.689 0.644 0.694 0.618 0.634 0.693 5.649 —
Octen-8B (Team, 2025) B 0.636 0.594 0.664 0.629 0.665 0.630 0.623 0.672 1.656 71.61
Gemini-2 (Lee et al., 2025) AB 0.628 0.599 0.647 0.622 0.656 0.614 0.603 0.658 2.409 —
Gemini-001 (Lee et al., 2025) AB 0.616 0.585 0.651 0.617 0.635 0.596 0.599 0.667 6.062 67.71
Qwen3-Embedding-4B (Zhang et al., 2025) B 0.615 0.576 0.652 0.610 0.642 0.597 0.597 0.667 1.081 69.60
Qwen3-Embedding-8B (Zhang et al., 2025) B 0.611 0.569 0.647 0.606 0.633 0.598 0.600 0.662 1.673 70.88
Rank1-32B (Weller et al., 2025) RTC 0.610 0.583 0.617 0.613 0.673 0.574 0.556 0.629 114.603 —
Harrier-27b (Microsoft, 2026) B 0.608 0.569 0.649 0.601 0.620 0.596 0.585 0.659 6.741 78.27
INF-Retriever-v1-Pro (Yao et al., 2025) RB 0.594 0.573 0.618 0.585 0.607 0.592 0.564 0.660 2.800 —
KaLM-12B-2511 (Zhao et al., 2025) B 0.584 0.548 0.617 0.583 0.606 0.569 0.579 0.599 3.283 75.66
LLaMa-Nemotron-8B (Babakhin et al., 2025) B 0.579 0.542 0.610 0.580 0.600 0.562 0.565 0.616 1.624 68.69
Qwen3-Embedding-0.6B (Zhang et al., 2025) B 0.575 0.545 0.629 0.564 0.589 0.546 0.566 0.625 0.472 64.65
Harrier-0.6b (Microsoft, 2026) B 0.572 0.538 0.613 0.566 0.581 0.557 0.549 0.632 0.491 70.75
Jina-v5-Small (Akram et al., 2026) B 0.565 0.521 0.611 0.557 0.589 0.545 0.549 0.611 0.884 64.88
Reason-ModernColBERT (Shao et al., 2025) RL 0.558 0.533 0.594 0.555 0.567 0.537 0.539 0.611 0.607 —
Text-Embedding-3-Large (OpenAI, 2024) AB 0.557 0.535 0.571 0.560 0.574 0.552 0.540 0.594 4.646 59.32
Jina-v5-Nano (Akram et al., 2026) B 0.530 0.488 0.568 0.532 0.551 0.510 0.519 0.572 0.682 63.26
Gemma-300m (Vera et al., 2025) B 0.527 0.505 0.559 0.522 0.543 0.504 0.511 0.585 0.537 62.49
Text-Embedding-3-Small (OpenAI, 2024) AB 0.512 0.487 0.557 0.504 0.526 0.491 0.497 0.554 6.489 50.69
BGE-m3 (Chen et al., 2024) B 0.511 0.484 0.549 0.502 0.518 0.500 0.505 0.563 0.399 54.59
ReasonIR-8B (Shao et al., 2025) RB 0.507 0.495 0.511 0.500 0.534 0.489 0.513 0.617 2.361 —
Harrier-270m (Microsoft, 2026) B 0.498 0.470 0.545 0.491 0.512 0.469 0.497 0.557 0.682 66.38
INF-X-Retriever (Yao et al., 2025) RWB 0.494 0.493 0.468 0.450 0.535 0.522 0.437 0.508 3.326 —
Multilingual-E5-Large (Wang et al., 2024) B 0.488 0.455 0.529 0.471 0.500 0.477 0.508 0.545 0.543 53.71
Approach Zero (Zhong et al., 2021) SL 0.468 0.485 0.443 0.454 0.480 0.490 0.469 0.481 1.275 —
BM25 (Robertson and Zaragoza, 2009) SB 0.416 0.405 0.448 0.392 0.429 0.393 0.426 0.437 0.018 —
Jaccard (Jaccard, 1912) SB 0.412 0.381 0.448 0.397 0.442 0.383 0.448 0.469 0.014 —
TF-IDF SB 0.412 0.414 0.402 0.383 0.424 0.414 0.434 0.447 0.022 —
BERT (Devlin et al., 2018) B 0.357 0.369 0.342 0.344 0.389 0.335 0.416 0.429 0.486 —

general-purpose bi-encoder we evaluate, while
being no larger than it. Therefore, training on
reasoning-heavy context appears to improve the
representation of mathematical content, which is
less prevalent in general-purpose training sets.

Strong LLM backbones matter too Where IR
systems are fine-tuned from an underlying LLM,
the quality of that backbone matters just as much.
Within a single family, the Qwen and LLaMa ver-
sions of REASONEMBED share a training recipe
and a parameter count, yet differ by 0.046 on the
strength of their backbone alone. The same pat-
tern holds across families, as the LLAMA-based
REASONIR-8B and the MODERNBERT-based
REASON-MODERNCOLBERT both trail QWEN3-
EMBEDDING-4B, despite being trained specifically
with reasoning data. Since the top-scoring systems
are built on stronger LLMs, backbone progress be-
comes key for retrieval development.

Generic retrieval benchmarks cannot solely pre-
dict performance on mathematical IR Using
our main scores, we measure Pearson and Spear-
man rank correlations between SABER-MATH

and MTEB multilingual IR (Muennighoff et al.,

2023) scores as 0.77 and 0.82, where scores are
available. However, restricting the analysis to mod-
els released from 2025 onwards reduces correla-
tions to 0.62 and 0.73, suggesting that general
benchmarks are not reliable predictors of math-
ematical IR performance, especially as models be-
come more capable. For example, HARRIER-27B

ranks 1st on MTEB, while being behind the Octen,
Gemini, and Qwen models on SABER-MATH.
This analysis goes beyond outliers, as removing
the n = 1, 2 models with the largest rank gaps still
yields Spearman correlations of 0.77 and 0.79.

IR systems struggle more on symbolic tasks
For the strongest systems, Geometry and Com-
binatorics tend to be easier, while more
symbolic-heavy domains like Algebra, Num-
ber Theory, and Calculus are more challenging.
For example, REASONRERANKER-QWEN3-32B-
REWRITE achieves 0.749 on Geometry and 0.783
on Combinatorics, but only 0.710 on Algebra. This
pattern is consistent with the intuition that IR sys-
tems are worse at aligning and understanding math-
ematical formulas vs natural language text.
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Stronger retrievers benefit more from addi-
tional information Additional context helps
stronger systems, which can represent it, i.e.
REASONRERANKER-QWEN3-32B-REWRITE im-
proves from 0.638 to 0.741 to 0.796 across
statement-statement, statement-full and full-full,
whereas weaker ones like BERT fall from 0.416 to
0.357 once solutions are included. We describe the
non-main settings further in §D.6.

4.2 Comparison of Mathematical and Textual
Content in Retrieval

Algebra Calculus
and Analysis

Combinatorics Geometry Number
Theory

All
0%

10%
20%
30%
40%
50%
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80%
90%

100%

ReasonEmbed-Qwen3+Rewrite
ReasonEmbed-Qwen3-8B
RaDeR-7B
Diver-4B
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Qwen3-Embedding-8B
Qwen3-Embedding-0.6B
Gemma-300m
BGE-m3
Approach Zero
TF-IDF
BERT (Base)
Math-token ratio

Figure 2: IR model preferences for math vs. textual
content, against avg. token distributions per domain.

We next examine what content IR methods rely
on when matching mathematics: for each target, we
measure whether its math-only or word-only text
better aligns with its most relevant documents. Fig-
ure 2 shows partial results, with full methodology
in §D.10 and full results in Figure 9.

Overall, we observe that the systems’ reliance
on mathematical content is correlated to the math-
token ratio across domains. On top of this, we
observe three trends. First, weaker IR systems
tend to rely more on mathematical content, without
necessarily understanding the meaning behind it.
Second, IR systems trained on reasoning data score
highest, and recover some reliance on mathemati-
cal content, plausibly because the training data im-
proves the representation of mathematical content.
Finally, models from the same family (QWEN3-
EMBEDDING-8B/0.6B) show nearly identical be-
haviour across domains, implying that the prefer-
ences may be inherited from.

4.3 Downstream Evaluation via Deduplication
SABER-MATH deliberately measures retrieval in
isolation from any downstream application. This
design choice, however, raises the complemen-
tary question of whether the ordering induced by
SABER-MATH transfers to realistic tasks. To this
end, we evaluate the effectiveness of each retriever
on deduplication, where IR systems are tasked with

Table 2: Ability of IR systems to discover a rephrased
version of the query, for a representative set of systems.

SABER-MATH Median Top 1% Top 4% Top 16% Top 64%

ReasonEmbed-Qwen3-8B-Rewrite 0.738 2 45.2 68.0 84.9 95.7
ReasonEmbed-Qwen3-8B 0.710 2 45.4 71.3 86.9 95.1
RaDeR-14B 0.692 2 39.3 66.7 85.0 93.6
RaDeR-7B 0.690 3 32.5 60.0 79.2 91.3
Diver-4B 0.681 3 32.6 57.8 77.6 90.1
ReasonEmbed-Llama-3.1-8B 0.664 4 32.6 52.0 69.6 84.6
Octen-8B 0.636 7 23.5 43.0 59.8 77.9
Gemini-2 0.628 6 26.4 45.1 64.1 80.3
Gemini-001 0.616 3 34.1 55.8 75.5 87.7
Qwen3-Embedding-4B 0.615 19 17.5 30.6 48.2 68.0
Text-Embedding-3-Large 0.557 116 9.0 16.1 27.5 43.1
BM25 0.416 436 8.4 14.2 21.4 32.1
Jaccard 0.412 5505 4.6 7.7 13.2 17.9
TF-IDF 0.412 12800 2.1 3.9 5.8 9.9
BERT 0.357 6047 2.9 4.8 7.1 10.8
RoBERTa 0.311 12368 2.8 4.4 6.4 9.5

recovering a equivalent rephrasing of the query
among all 71K documents in SABER-MATH. In
Table 2, we report the median rank assigned to
the rephrasing and the top-k accuracy, alongside
each system’s SABER-MATH scores for reference.
As the pool is far too large to score with a cross-
encoder, this experiment covers bi-encoders only.
We defer the full experimental setup to §B.4.

Model ordering is largely preserved between the
two tasks, with a Spearman rank correlation be-
tween SABER-MATH nDCG@10 and deduplica-
tion performance of ρ = 0.96 against the (negated)
median rank of the duplicate. The systems at the
top of SABER-MATH rank at the top in this ex-
periment, as the two REASONEMBED-QWEN3-8B
variants attain the best median rank of 2, followed
by the RADER and DIVER families, with lexical
baselines at the bottom of the rankings. We re-
port the results for all systems with a more detailed
analysis, as well as a reranking-scale variant of the
experiment that covers all models in §D.11.

5 Conclusion

In this work, we introduced SABER-MATH, an
automated benchmark for fine-grained evaluation
of mathematical IR. We combine ontology-based
topic matching, solution-summary similarity, and
LLM pairwise judgments to construct realistic
reranking tasks. Our results reveal that modern
reasoning-trained embedders and rerankers outper-
form classical and generalist baselines, but still
struggle with symbolic domains. Further, we
show that general retrieval benchmarks do not
reliably predict performance on mathematical re-
trieval tasks, but that our results transfer to realistic
downstream tasks. Together, these results highlight
the need for domain-specific evaluation and estab-
lish SABER-MATH as a valuable tool for driving
progress in mathematical IR.
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Limitations and Future Work

While SABER-MATH provides a scalable frame-
work for evaluating mathematical information re-
trieval, several limitations remain. First, the bench-
mark is built primarily from high-school, olympiad,
and early undergraduate-style problems, so per-
formance may not fully transfer to research-level
mathematics, formal proof libraries, textbook re-
trieval, or highly specialized domains. In addition,
SABER-MATH evaluates reranking over prese-
lected candidate sets rather than open-ended re-
trieval over the full corpus. This design makes it
possible to assign fine-grained relevance judgments
to every evaluated candidate, while complementary
first-stage retrieval evaluation remains an important
extension. Finally, the benchmark uses automated
LLM-based processing to support construction at
scale. Although this can introduce noise into in-
dividual relevance signals, our human validation
indicates that the resulting judgments are reliable
for comparing retrieval systems.
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A Data Sources

In this section we describe in details what datasets
we use to compile our problem corpora from §3.1
and how we preprocess them.

A.1 Gathering Data from Public Forums

Large retrieval systems often rely on large-scale
curation from public web sources. To establish
a broad base for our benchmark, we first collect
problems and solutions from the Art of Problem
Solving (AoPS) community, which hosts a large
collection of mathematical discussions. We parse
nearly 500K threads and, because forum threads
frequently contain discussion fragments, incom-
plete arguments, or off-topic remarks, subject them

to a strict filtering pipeline. We first discard ev-
ery thread without any comments, as such threads
cannot contain a solution. We then prompt GPT-5-
MINI to check that the opening post of the thread
states a self-contained problem, discarding the
thread otherwise. For the surviving threads, we
use the same model to identify which comments
contain substantive solutions, explicitly instruct-
ing it to reject one-line proof sketches and com-
ments that only remark on the problem; threads
left without a single feasible solution are discarded.
Finally, in a separate query, we ask the model to
select the most detailed of the remaining candidate
solutions, while simultaneously verifying that the
selected comment does address the problem stated
in the thread. We deduplicate the resulting problem
statements using DataTrove’s MinHash deduplica-
tion pipeline (Penedo et al., 2024), yielding 150K
unique entries.

A.2 Gathering Data from High-Quality
Official Sources

Although AoPS provides a large and diverse set of
problems, its quality and difficulty vary substan-
tially. Because AoPS is an open forum, extracted
problems and solutions may be incomplete, noisy,
or interleaved with out-of-context discussion. We
therefore supplement the corpus with problems and
solutions from high-quality official sources, includ-
ing national and international competitions as well
as preparation materials.

Starting from official PDFs manually collected
from the web, we parse the documents using Math-
Pix OCR, which is specialized for mathematical
content. During the initial collection we manu-
ally inspected the resulting Markdown and LATEX
against the source PDFs and found them to be gen-
erally faithful. Documents that are too long to be
segmented reliably in a single pass are manually
divided before further processing. We then apply a
multi-step LLM-based parsing pipeline using GPT-
5-MINI as follows:

• (Optional) Translation: For documents in
languages other than English, we first translate
the text into English.

• Segmentation: We segment the parsed text
into individual problems and solutions, remov-
ing extraneous information such as format-
ting artifacts, metadata, and irrelevant text.
We capture problems and solutions in XML-
style tags, without modifying their content. If
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the number of problem and solution tags do
not match, we flag the document and have a
human manually review it, either correcting
the segmentation or discarding the document
when it cannot be reliably recovered.

• Cleaning: We apply a final cleaning step to re-
move any remaining formatting artifacts, prob-
lem metadata, such as the author, source, or
number of the problem, and any text that is
not part of the problem statement or solution.

Together with the count-matching check, these
steps ensure that we retain only explicit problem–
solution pairs, aligned as they appear in the source
document. This process yields a high-quality set
of approximately 35K problems from challenging
competitions, including the IMO, USAMO, and
RMM. This subset is especially valuable for our
benchmark because it contains a higher density of
relevant pairs and more complex problems and so-
lutions, making it more likely to challenge current
embedding models.

A.3 Additional Sources
Because the AoPS subset is nearly five times
larger than the official-source subset, relying too
heavily on AoPS could reduce the overall qual-
ity of the corpus. We therefore further supple-
ment the corpus with problems and solutions from
another high-quality, but less challenging source,
NUMINAMATH-1.5 (LI et al., 2024). To maintain
a similar range of difficulty and mathematical do-
mains, we sample approximately 115K problems
from the olympiads split of NUMINAMATH-1.5,
discarding synthetic samples, multiple-choice prob-
lems, and entries with invalid problem statements
or solutions. We restrict ourselves to this split
as it is itself compiled from official mathematical
sources rather than synthesized, so its reference
solutions are of comparable reliability to those of
our official-source subset. This completes our ini-
tial corpus of approximately 300K mathematical
problem-solution pairs.

A.4 Cross-Dataset Deduplication
Although the sources are collected independently,
prominent competition problems may appear in
multiple datasets. To avoid including duplicate
problems as both queries and documents, we per-
form cross-source deduplication. We detect du-
plicates using the same MinHash-based method
described in §A.1. When duplicates are found, we
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retain a single instance according to the following
priority order: official sources, NUMINAMATH-
1.5, and then AoPS. This process removes approxi-
mately 17K cross-source duplicates, leaving a final
corpus of approximately 283K unique problem-
solution pairs.

A.5 Data Quality Control
While we do not rely on a specific notion of qual-
ity, during our dataset curation we established a
set of per-source measures applied throughout the
pipelines described above. They allowed for sen-
sible documents to enter our database, while also
keeping the scope broad and realistic to real-world
corpora. We summarize them here, grouped by the
aspect of data quality we target. Faithful parsing
and problem–solution alignment are the one aspect
we do not revisit below, as they concern only the
official-source subset, the sole one we derive from
PDFs, and are addressed directly in §A.2.

Solution correctness Our handling of solution re-
liability depends on the source. The official-source
subset (§A.2) pairs every problem with the official
solution published in the original competition doc-
ument, and the olympiads split of NUMINAMATH-
1.5 (§A.3) likewise draws on official mathematical
sources. We treat both as gold standard with re-
spect to correctness. The AoPS subset (§A.1) is the
only one whose solutions are community-written,
and therefore the only one whose correctness we
cannot inherit from an official source. This is pre-
cisely why we subject it to the stricter filtering
of §A.1, which discards threads without a well-
defined problem, comments that do not constitute a
substantive solution, and problems left without any
feasible solution. We nonetheless retain the subset,
as it contributes solutions written in a considerably
more casual style than official write-ups, which
is representative of the documents a mathematical
retrieval system encounters in practice.

Duplicate leakage We guard against duplicate
leakage at two stages. We first deduplicate prob-
lem statements within each of the individual source
pipelines, and then apply an additional MinHash
deduplication pass across the combined corpus, as
described in §A.4. To verify that no residual leak-
age survives into the final benchmark, we addi-
tionally run a targeted audit of SABER-MATH.
For each of its 1000 queries, we ask GPT-OSS-
120B (Agarwal et al., 2025) to inspect the 50
highest-ranked documents under the final relevance

ranking, i.e. the region in which leakage would
most distort our metrics, and to flag any query–
document pair stating equivalent problems. Out
of the resulting 50,000 audited pairs, the model
flagged exactly one:

• Query: Find the number of positive integer
solutions to a+b+c+d ≤ 12, where a, b, c, d
are positive integers.

• Document: How many solutions are there to
3x+y+z ≤ 17, where x, y, z are nonnegative
integers?

These are clearly related counting problems, but
they are not duplicates, as they differ in their num-
ber of variables, coefficients, bound, and positivity
constraint, and hence also in their answers. We are
thus unable to identify a single duplicated problem
in SABER-MATH.

Residual noise We do not claim all 283K
problem–solution pairs in our corpus to be noise-
free, as some residual noise is unavoidable at this
scale. Instead, our measures aim to keep that noise
within what a reasonably cleaned corpus might
have. In particular, the source heterogeneity is a
deliberate design choice in SABER-MATH, as re-
alistic retrieval corpora likewise mix sources of
varying quality, and drawing on three independent
sources prevents the benchmark from rewarding
models that latch onto the phrasing and presenta-
tion conventions of any single one.

A.6 Mathematical Data Distribution
In Figure 3 and Figure 4 we present visualizations
of the domain and subdomain distributions of the
queries in SABER-MATH and the sampling corpus
respectively. The categories are determined by the
mathematical ontology tagging described in §3.2.1.
Since a single problem may belong to multiple
domains or subdomains, each problem contributes
a total weight of 1 distributed equally among its
assigned categories.

A.7 Example of Query-Document Topic
Distribution

To illustrate the distribution of candidate docu-
ments retrieved for a given query, Figure 5 shows
the domain and subdomain distribution for a repre-
sentative Number Theory query and its associated
documents. The shaded subdomains correspond to
those associated with the query, while the black out-
lines indicate the domains and subdomains of the
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10 documents with the highest relevance ratings.
As the figure shows, the subdomains highlighted in
the query are well represented among the retrieved
documents. At the same time, the pipeline also
identifies relevant problems from other domains,
such as Combinatorics in this example, demonstrat-
ing that mathematical relevance is not necessarily
confined to the same domain or subdomain.

A.8 Licensing
All benchmark material that we author ourselves is
released under the Creative Commons Attribution-
ShareAlike 4.0 International License (CC BY-SA
4.0). This covers our mathematical ontology, the
topic and solution-summary annotations, the query
and document selections, the pairwise judgments,
and the Bradley–Terry relevance ratings derived
from them. The license allows others to share and
adapt this material for any purpose, even commer-
cially, as long as they provide appropriate credit,
indicate if changes were made, and distribute their
contributions under the same license.

The problem and solution text that we redis-
tribute, in contrast, remains subject to the terms
of its original source, which our release neither re-
places nor relicenses. All restrictions that apply to
the original sources therefore continue to apply to
the corresponding portions of our compiled corpus:

• The NUMINAMATH-1.5-derived portion re-
tains its Apache License 2.0 conditions, which
allow for commercial use and modification,
but require attribution and do not permit sub-
licensing.

• The AoPS-derived portion remains subject to
the applicable Art of Problem Solving terms
of service, which generally allow for non-
commercial use with proper attribution, and
require attribution when the material is sup-
plied as input to an AI system. We explicitly
mark this portion as unavailable for model
training.

• The official competition problems are typi-
cally in the public domain, or released under
usage conditions similar to those of the two
sources above, forbidding the usage of the
data for training.

B Additional Construction Details

Here, we provide additional technical details about
our benchmark construction.

B.1 Computing the Jaccard Similarity

We use a standard implementation of the Jaccard
similarity. We first tokenize the input sentences by
filtering only alphanumeric sequences, and convert
them to lowercase. We filter out stop words using
the Scikit-learn English stop word list (Pedregosa
et al., 2011). We additionally introduce our own
list of mathematics-specific stop words, that do not
significantly factor into the meaning of solution
summaries. The list of these words can be seen in
our supplementary materials. Finally, we compute
the Jaccard similarity as the size of the intersection
of the two token sets divided by the size of their
union.

B.2 Selecting the Similarity Thresholds

In §3.4, we described our use of threshold-based fil-
tering to select candidate documents for our bench-
mark. The thresholds were determined as follows.
We first computed the distribution of similarity
scores across all problem pairs in our corpus per
domain. Then, for each domain, we derived a mini-
mal threshold, for which at least 150 queries had
at least 50 candidate documents above the thresh-
old for each of the three categories: topic-only,
summary-only, and both. To determine a final sin-
gle threshold for each signal, we took the minimal
thresholds obtained across the five domains, result-
ing in τtopic ≈ 0.858 and τsumm ≈ 0.211.

B.3 Swiss-style Tournament Details

We used a Swiss-style pairing procedure to assign
head-to-head comparisons among the 150 candi-
date items. In the first round, documents were
paired uniformly at random. After each round,
each document was assigned a running score equal
to the number of times the LLM judge preferred
the candidate up to that point. For all subsequent
rounds, pairings were constructed greedily in as-
cending order of these scores.

We first randomly shuffle the documents among
documents with equal scores, then sort them by
their current win counts. This prevents potential bi-
ases from retaining the relative document order for
documents with equal scores across the entire tour-
nament. Starting from the lowest-scoring unpaired
document, we select as its opponent an unpaired
document with the closest win count among those
with whom it had not previously been matched. Be-
cause this constraint can make a complete pairing
infeasible in later rounds, some documents may
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remain unpaired in a given round. The full pairing
procedure is summarized in Algorithm 1.

B.4 Deduplication Experiment Setup
Deduplication is a routine curation step for mathe-
matical corpora, where the same competition prob-
lem is frequently restated across sources and stan-
dard lexical pipelines may only catch near-verbatim
copies, without capturing nuanced rephrasings. To
capture the more challenging setting, for each of
the 1000 queries in SABER-MATH, we prompt
GPT-OSS-120B to rewrite the problem statement,
preserving the mathematical content while chang-
ing surface form. This includes renaming variables,
restating the story context, and reformulating the
notation where possible. We then place this rephras-
ing in the retrieval pool, additionally consisting of
all 71K documents in SABER-MATH, from which
we remove repeated entries and the source problem
itself (when it appeared as a document to another
query). We report the median rank assigned to
the correct original over 1000 queries, and top-k,
the percentage of queries for which the original is
placed among the k highest-scored documents, for
k ∈ {1, 4, 16, 64} in Table 2. The first column of
repeats each system’s SABER-MATH nDCG@10
for reference.

Because the pool is far too large to score with
a cross-encoder, we restrict this experiment to bi-
encoders, which also reflects a key limitation of
cross-encoders’ downstream use, being ineligible
for first-stage retrieval. We nevertheless repeat the
same experiment at the reranking scale, searching
only within each query’s own 150-document can-
didate set, which produces less information, but
can be applied across all models we evaluate. We
report the full results of both variants in §D.11.

C Additional Details on Inference

In this section, we provide additional details on
how we ran IR systems.

C.1 IR System Taxonomy
In Table 1, the "Type" column labels every system
with a short code whose final letter is its matching
architecture. Bi-encoders (B) represent query and
document independently and compare the two rep-
resentations directly, with the most representative
example being the cosine similarity between two
dense vectors produced by an embedding model.
Late-interaction models (L) also represent them in-
dependently, but align them part by part at scoring

time. Cross-encoders (C) read query and document
together and score them jointly, either one pair at a
time or over a group of candidates.

The letters in front of each category act as modi-
fiers to the system. "A" marks a system reachable
only through a closed API. "S" marks a sparse rep-
resentation, in which a text is a set of weighted
terms or structural fragments rather than a dense
vector, and covers learned sparse encoders as well
as the non-neural lexical and symbolic match-
ers. "R" marks systems that were specifically
trained on high-reasoning data, such as mathemat-
ics, medicine, or other scientific branches. "T"
marks a system that generates a reasoning trace
anywhere in its pipeline. Finally, "W" marks a
pipeline in which a dedicated model rewrites the
query before it is encoded.

C.2 Running Retrieval Systems

Unless stated otherwise, every method is evalu-
ated at its implementation’s default configuration.
Below we give the shared evaluation protocol, fol-
lowed by every setting we deviate from or that a
reimplementation would otherwise have to guess.

Model behaviour We compute a distance mea-
surement for all query-document pairs in SABER-
MATH, dependent on the model at hand. Embed-
ding models rank a candidate by the cosine similar-
ity between the query and document embeddings,
while cross-encoders, lexical retrievers and genera-
tive rerankers use their own relevance score.

Serving and numerical precision Gemini and
OpenAI models were called through their respec-
tive embedding APIs. Local models were run with
vLLM (Kwon et al., 2023) where the architecture
is supported, and SentenceTransformers (Reimers
and Gurevych, 2019) otherwise. Before adopting
vLLM for a given model, we validated its embed-
dings against their provided implementations ones
on a fixed sample, requiring a Spearman correlation
of at least 0.999 between the two induced candi-
date rankings, so that the serving backend does not
affect the SABER-MATH results. No model is run
at a precision higher than its checkpoint declares, in
particular it runs in its checkpoint’s declared preci-
sion, defaulting to bfloat16 where the checkpoint
declares none.

Embedding model output dimensionality and
long inputs For embedding models, output di-
mensionality was never specified manually, so mod-
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Table 3: Fixed input formats applied to the models that require a specific one, where {q} and {d} denote the raw
query and document text.

Model Query side Document side

GEMMA-300M task: search result | query: {q} title: none | text: {d}
JINA-V5-NANO, JINA-V5-SMALL Query: {q} Document: {d}
RADER-3B, RADER-7B, RADER-14B query: {q}<|im_end|> document: {d}<|im_end|>
GEMINI-001 task_type=RETRIEVAL_QUERY task_type=RETRIEVAL_DOCUMENT

els that support different dimensions used the maxi-
mum output dimension. If a piece of text exceeded
the model’s maximum input length, we split it into
non-overlapping token chunks that fit the context
window. Each chunk was embedded independently,
and the final embedding was computed by elemen-
twise averaging these embeddings. Only 0.32% of
the documents in SABER-MATH exceed 2048 to-
kens, so this path is exercised mainly by the models
with a 512-token context.

Input formats We followed each model’s doc-
umented input formatting where one exists, with
one exception. In particular, we deliberately run
MULTILINGUAL-E5-LARGE without the query:
and passage: prefixes its model card describes
as required, as on SABER-MATH these prefixes
consistently costed between above 0.05 nDCG@10
average score, with and without an additional in-
struction, on both settings whose documents con-
tain solutions.

For Gemini-001, we specifically use the
task_type parameter to distinguish between the
query and document. We do not use this param-
eter for Gemini-2, as it ignores it. The full input
formats we use for all models that require one are
given in Table 3.

C.3 Configuration of the RaDeR Models

We report results for three embedding models from
the RaDeR family (Das et al., 2025): RADER-3B,
RADER-7B and RADER-14B. As their configura-
tion departs from their model cards in two places,
we state it in full. All are served with vLLM, and
use last-token pooling with the query and docu-
ment formats of Table 3. Last-token pooling on
the <|im_end|> is specifically important, as the
RaDeR models produce significantly different em-
beddings, resulting on a much lower performance,
if the <|im_end|> token is not included in the em-
bedding.

C.4 Running Classical Lexical Baselines

We evaluate four non-neural baselines:
BM25 (Robertson and Zaragoza, 2009), TF-
IDF, Jaccard token overlap (Jaccard, 1912), and
Approach Zero (Zhong et al., 2021). All are run
at their implementations’ defaults, which we state
explicitly:

• BM25: the BM25Okapi implementation of
the rank_bm25 library at its library defaults,
k1 = 1.5, b = 0.75, and ϵ = 0.25. We re-
build the index over each query’s own 150-
document candidate set, so that inverse doc-
ument frequencies are computed within the
pool being ranked.

• TF-IDF: Scikit-learn’s
TfidfVectorizer (Pedregosa et al., 2011)
at its defaults, fitted on the same per-query
candidate set: unigrams, raw (non-sublinear)
term frequencies, smoothed inverse document
frequencies, and L2 normalization, scored by
cosine similarity against the query vector.

• Jaccard: the size of the intersection of the
query and document token sets divided by the
size of their union, with no term weighting
and no inverse document frequency term.

• Approach Zero: the pya0 structure-search
engine itself, unmodified and used as a re-
trieval system in its own right rather than as a
tokenizer.

Tokenization Tokenization has a strong effect
on lexical retrieval, so we report BM25, TF-IDF
and Jaccard under two tokenization schemes. Our
main results in Table 1 use a mathematics-aware to-
kenizer derived from ApproachZero (Zhong et al.,
2021) for all three methods, while Table 7 addi-
tionally reports “-no-tok” variants: our own im-
plementation of standard whitespace tokenization
for BM25 and Jaccard, and the default sklearn
tokenizer for TF-IDF.
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Algorithm 1 Swiss-style greedy pairing.

Require: Query Q Documents D, rounds R
1: wd ← 0 for all d ∈ D; M ← ∅
2: for r = 1, . . . , R do
3: if r = 1 then
4: Pr ← random matching of D
5: else
6: Pr ← ∅;
7: U ← shuffle ties, then sort D by wd

8: while |U | ≥ 2 do
9: i← lowest-scoring document in U

10: Fi ← {j ∈ U \ {i} : {i, j} /∈M}
11: if Fi = ∅ then
12: remove i from U
13: else
14: j ← argmink∈Fi |wi−wk|; break ties

randomly
15: Pr ← Pr ∪ {{i, j}}
16: M ←M ∪ {{i, j}}
17: remove i and j from U
18: end if
19: end while
20: end if
21: judge similarity of pairs in Pr to Q and increment

each winner’s score
22: end for

The mathematics-aware tokenizer is not uni-
formly beneficial. It improves BM25 in every do-
main, taking it from 0.398 to 0.416 nDCG@10
overall, and improves Jaccard in all domains but
Algebra, from 0.403 to 0.412 overall. It neverthe-
less hurts TF-IDF in every domain, lowering it
from 0.430 to 0.412 overall. In either tokenization,
however, all three baselines remain far below every
modern model, so this choice affects none of our
conclusions.

C.5 Measuring Per-Query Latency

We report the average per-query runtime in Table 1
and the latency axis of Figure 8, measured by a
standardized per-query task time, measured under
the protocol below.

Setup We measure the wall-clock time from the
moment a query’s document set is handed to a
system until a final sorted ranking is available, for
every system in our results tables, on the statement–
full setting, so that the reported latency describes
exactly the configuration whose nDCG@10 we
report, and each timed query is scored against its
own full candidate list of 150 documents. We draw
a sample of 50 queries once, with a fixed seed, and
store the resulting indices, so that every system is
timed on precisely the same queries.

Serving parity Every system is constructed
through the same code path used to produce our

main results, so that timing and scoring cannot di-
verge in how a model is built. We ensure that these
are the fastest ways to perform inference for each
model (up to parallelization), where we were able
to replicate the results from a default implemen-
tation. Most neural systems are therefore served
with vLLM, subject to the per-model validation
described in §C.2. JINA-V5-NANO, whose Eu-
roBERT backbone vLLM does not support, and
INF-RETRIEVER-V1-PRO, whose remote-code
bidirectional attention it cannot serve, run under
SentenceTransformers instead, and the SPLADE
and ColBERT systems run on their native back-
ends.

Standardized parallelism Rather than each im-
plementation’s tuned default, we fix a budget of
16 documents in flight for every system, and cap
all CPU thread pools at 16 to match. For vLLM-
served systems, candidates are submitted in slices
of 16 per engine call. The RANK1 rerankers, which
in the main evaluation issue a single generation
call spanning all candidates, are sliced identically.
For DIVER-GROUPRANK-32B we retain the offi-
cial group size of 20, since altering it would alter
the model’s scores, and slice only the generation
calls. The SPLADE and ColBERT systems take the
batch size at construction instead. For the closed
APIs, the same budget is enforced client-side: the
OpenAI embedders expose no batch endpoint and
are called with 16 concurrent requests, GEMINI-
001 with one 16-document request at a time, and
GEMINI-2, whose API accepts a single document
per request, with 16 concurrent single-document
requests. The classical baselines score in slices
of 16 against an index fit on the full candidate set.
Approach Zero is the sole exception, as we were
unable to enforce our own parallelism in its imple-
mentation.

Cold cache Embedding-based systems are timed
with document and query caching disabled, which
removes the amortization a bi-encoder would oth-
erwise obtain by reusing document vectors across
queries. For the composed systems that rewrite the
query before encoding it, this additionally forces
the rewriting step to occur inside the timed region.
We note that in a practical application, a bi-encoder
would be deployed with document embeddings
precomputed and cached, meaning a significant
speedup could be obtained over the numbers we
report.
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Figure 6: Cumulative rank distribution of candidates
selected by different relevance signals. Higher curves
indicate that candidates from that group appear earlier
in the final LLM-derived ranking.

Hardware and timed region Every system is
timed in isolation on a single H200 GPU with 16
cores, and 120GB of RAM. Model loading falls
outside the timed region.

Interpreting the reported times These num-
bers measure the reranking task as SABER-MATH

poses it, in which every candidate is scored anew
for each query. They should not be read as first-
stage retrieval costs for the bi-encoders, whose
document embeddings are computed once offline
and reused, leaving only the query encoding and
a nearest-neighbour lookup at inference time. The
separation between the two frontiers in Figure 8
therefore understates the difference in deployed
cost between bi-encoders and rerankers for first-
stage retrieval.

D Additional Experiments and Results

Here, we display a varying range of additional re-
sults and analyses that complement our findings
from the main text.

D.1 Relative Performance of Relevance
Signals

In §3.4, we use two proxy signals to select
candidate documents: topic-based similarity and
solution-summary similarity. Since each query
in SABER-MATH contains candidates sampled
from three groups—topic-only, summary-only, and
both—we can ask how well each group fares under
the final LLM-derived relevance ranking.

Figure 6 plots, for each group, the cumulative
fraction of candidates appearing within the top r
ranked positions, aggregated over all 1000 queries.
Thus, a faster rising curve corresponds to candi-
dates that are placed higher by the final judge. Can-
didates selected by both signals rise fastest, show-

ing that agreement between the topic and summary
signals is a strong indicator of mathematical rele-
vance. The single-signal groups are much closer to
each other with summary-based similarity slightly
ahead of topic similarity. Overall, the figure sug-
gests that the two signals are complementary, each
capturing a separate useful relevance notion.

D.2 Selecting the Number of Rounds in the
Swiss Tournament
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Figure 7: Average number of inversions between or-
derings produced by factoring all pairs compared to a
Swiss tournament.

As described in §3.5, we use a Swiss-style tour-
nament to avoid exhaustive comparisons over all
n(n−1)

2 = 11175 candidate pairs per query. To
quantify the effect of the reduced comparisons, we
compare the resulting Swiss-tournament rankings
with rankings from exhaustive pairwise compari-
son. In Figure 7, we report the average number
of preference inversions relative to the exhaustive
ranking as a function of the number of rounds R.

We set R = 20 in the final pipeline, which is
near the point where additional rounds give dimin-
ishing returns. This reduces the number of com-
parisons from 11175 to 1500, a factor of ∼ 7.5,
while keeping the ranking close to the exhaustive
one, with only 700 inversions out of 11175 pos-
sible pairs. In §D.4, we further confirm through
human evaluation that this setting nearly matches
the exhaustive ranking in terms of human prefer-
ence.

D.3 Final Metric Choice

In Table 4, we show how the results of Table 1
change under different versions of the nDCG met-
ric, varying both the range of the relevance scores
and the nDCG gain. The rankings are largely unaf-
fected, with only 9 of the 861 possible model pairs
are reordered, and only for neighbouring models
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Table 4: Sensitivity of the SABER-MATH ranking to
relevance score rescaling and the nDCG gain. Each
variant re-scores all 42 evaluated models in Table 1 and
is compared against the original reported setting ([0,5]
with exponential gain). Inversions count model pairs
whose relative order changes, out of the 42 ·41/2 = 861
pairs that could. Linear gain is invariant to the rescaling,
so its two rows coincide.

Setting Pearson Spearman Inversions

[0, 3] + exponential gain 0.9995 0.9995 3 / 861
[0, 5] + linear gain 0.9953 0.9985 9 / 861
[0, 3] + linear gain 0.9953 0.9985 9 / 861

whose nDCG@10 in the original benchmark differs
by less than 0.0042.

D.4 Expert Validation of Benchmark and
LLM-as-a-Judge

To validate our benchmark construction, we con-
duct a human evaluation of both the final bench-
mark rankings and the reliability of our LLM-as-
a-judge procedure. Two authors with experience
in high-school mathematical olympiads indepen-
dently annotated a random sample of 200 examples.
Each example consisted of a query problem and
two candidate problems, together with their cor-
responding solutions. Annotators were asked to
decide which candidate was more mathematically
relevant to the query, with the option to mark a
tie when the distinction was unclear or when the
two candidates appeared similarly relevant. The
instructions are provided in §F.7.

Inter-annotator agreement Of the 200 exam-
ples, 20 were judged by both annotators, allowing
us to estimate inter-annotator agreement, where
the annotators agreed on 75.0% of the cases. This
indicates that mathematical relevance judgments
are somewhat subjective, especially after candidate
prefiltering has removed clearly irrelevant docu-
ments. At the same time, the agreement rate sug-
gests that the task contains substantial signal, as
most disagreements arise from nuanced compar-
isons between plausibly related problems.

LLM-as-a-judge agreement with human anno-
tators We next validate our pairwise LLM judge
by comparing it against two alternative judging
regimes: (i) an ordinal relevance judge, which as-
signs each query-document pair an absolute rele-
vance score, and (ii) a five-time majority-vote vari-
ant of the pairwise judge, where ties are assigned

Table 5: Judge agreement rates across different docu-
ment rank differences.

Method ∆ = 0 ∆ = 25 ∆ = 50

Inter-annotator 75.0% 75.0% 85.7%

Pairwise Judge 78.0% 82.8% 86.3%
Majority Judge 77.5% 82.0% 85.6%
Ordinal Ranking 75.0% 78.9% 86.3%

when the vote margin is at most one. All prompts
are provided in §F. To compare automatic judg-
ments with human annotations, we assign a score
of 1 for exact agreement, 0.5 when either judgment
is a tie and the other expresses a preference, and 0
otherwise.

Table 6: Agreement between human annotators and each
ranking/judging procedure, with 95% Wilson score in-
tervals and two-sided binomial p-values against chance
agreement, n = 200.

Reference Agreement 95% Wilson CI p (vs. chance)

Pairwise Judge (Original) 0.780 [0.718, 0.832] 2.22× 10−15

Full BT Winner 0.790 [0.728, 0.841] 2.22× 10−16

Majority Judge 0.775 [0.712, 0.827] 7.33× 10−15

Pairwise Judge (Confidence-based) 0.777 [0.715, 0.830] 4.22× 10−15

DeepSeek Ranking 0.775 [0.712, 0.827] 7.33× 10−15

Ordinal Ranking 0.750 [0.686, 0.805] 1.54× 10−12

The pairwise LLM judge achieves 78.0%
agreement with human annotations (95% Wil-
son CI [0.718, 0.832]), outperforming the ordi-
nal judge, which achieves 75.0% ([0.686, 0.805]),
and slightly outperforming the majority-vote pair-
wise judge, which achieves 77.5% ([0.712, 0.827]).
Table 6 additionally reports agreement for a
confidence-based variant of the pairwise judge and
a DeepSeek-based ranking judge, along with two-
sided binomial p-values, which confirm that all
judging regimes agree with human annotations sig-
nificantly more than chance (p < 10−11 in all
cases). These results provide evidence that the
pairwise LLM judge is a reliable proxy for expert
relevance judgments in this setting. Moreover, the
stronger performance of the pairwise judge relative
to the ordinal judge supports our design choice of
using comparative preferences rather than absolute
relevance scores.

We further analyze judge agreement as a func-
tion of the final rank difference ∆r between the
two candidates, where ∆r is computed from the
full Bradley-Terry ranking. Larger values of ∆r

correspond to pairs whose estimated relevance dif-
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fers more substantially, and should therefore be
easier to judge. As shown in Table 5, all judg-
ing regimes achieve higher agreement at larger ∆r

thresholds. In particular, the pairwise judge reaches
86.3% agreement for pairs with ∆r ≥ 50. This
trend is consistent with the intuition that close com-
parisons are more subjective, while large relevance
gaps are easier to identify reliably. The pairwise
judge remains among the strongest methods across
all ∆r thresholds, further supporting its use in our
benchmark construction.

Benchmark validation Finally, we use the same
human annotations to validate our Swiss-style rank-
ing procedure. We compare the preference implied
by the final Swiss-tournament rankings against the
human judgments and obtain 78.0% agreement.
For reference, performing full Bradley-Terry esti-
mation over all candidate pairs yields 79.0% agree-
ment (95% Wilson CI [0.728, 0.841]; Table 6). The
small gap between these two procedures suggests
that the Swiss tournament recovers most of the
relevant ranking information while requiring sub-
stantially fewer LLM comparisons.

We also compare against a random tournament,
where each pair being compared is selected uni-
formly at random at each round. Using the same
number of rounds as the Swiss tournament, this
random scheduling baseline achieves 75.6% agree-
ment, below the Swiss-style procedure. This shows
that Swiss-style scheduling is more effective than
random comparison sampling at selecting informa-
tive pairwise judgments, and validates its use as
a scalable approximation to exhaustive pairwise
ranking.

D.5 Confidence Intervals for SABER-MATH
Results

In Table 7, we report 95% confidence intervals for
the results presented in §4.1, obtained via 1000-
fold bootstrap resampling of the queries. We ob-
serve slight inconsistencies of ±0.001 compared
to the values in Table 1 due to the stochastic nature
of the resampling procedure.

D.6 Results on SABER-MATH on Additional
Tasks

We include in Table 8 the results for the sup-
plementary settings of SABER-MATH, including
statement-statement and full-full retrieval. For the
most part, the same trends observed in the main set-
ting hold across these additional settings, and their
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Figure 8: nDCG@10 in the statement–full setting
against median wall-clock time per query. Systems
marked * are incompatible with vLLM and were run in
their own frameworks instead. We trace the frontiers for
both cross-encoders and late-interaction models.

respective domains. In general, rerankers seem to
make better use of the additional context, as they
on average fall behind in the statement-statement
setting, but perform slightly better on the full-full
one. However, the overall ranking of models re-
mains relatively consistent across settings, with
the strongest models in the main setting generally
remaining strong in the additional settings.

D.7 The Quality–Latency Frontier
Figure 8 plots each system’s SABER-MATH score
in the statement–full setting against its median wall-
clock time per query, both measured under the pro-
tocol of §C.5. We say a system lies on the quality–
latency Pareto frontier if no other system is simul-
taneously at least as accurate and at least as fast.
We trace the bi-encoders and cross-encoders fron-
tiers separately, since the two architecture classes
solve the reranking task with fundamentally differ-
ent amounts of computation. The corresponding
names are marked in Table 1, underlined for the bi-
encoder frontier and italicized for the cross-encoder
and late-interaction one.

The bi-encoder frontier is narrow The bi-
encoder frontier spans more than three orders
of magnitude in latency, from JACCARD (0.014s,
0.412) to REASONEMBED-QWEN3-8B-REWRITE

(29.93s, 0.738), but is almost empty in between.
The only systems faster than 0.03s are the lexical
baselines, and no system at all occupies the range
between 0.022s and 0.399s. The interesting re-
gion is therefore a narrow band: BGE-M3 (0.399s)
reaches 0.511 and QWEN3-EMBEDDING-0.6B
(0.472s) reaches 0.575, after which the reasoning-
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Table 7: Results of SABER-MATH with 95% confidence intervals. All numbers are reported as nDCG@10.
Additionally, we report results for the lexical benchmarks Jaccard (Jaccard, 1912), BM25 (Robertson and Zaragoza,
2009) and TF-IDF where instead of using a specialized mathematical tokenizer as described in §C.4 they use
standard white-space-based tokenization. These additional results are reported under the names Jaccard-no-tok,
BM25-no-tok and TF-IDF-no-tok repsectively. The Type column follows the taxonomy described in §4.1.

Type Overall Algebra Geometry Number
Theory Comb. Calc./

Analysis

ReasonReranker-Qwen3-32B-Rewrite (Chen et al., 2025) RTWC 0.741+0.010
−0.010 0.710+0.020

−0.020 0.749+0.017
−0.017 0.740+0.018

−0.018 0.783+0.016
−0.016 0.732+0.017

−0.017

ReasonEmbed-Qwen3-8B-Rewrite (Chen et al., 2025) RTWB 0.738+0.009
−0.010 0.710+0.018

−0.018 0.767+0.016
−0.017 0.734+0.016

−0.017 0.781+0.016
−0.016 0.708+0.017

−0.018

ReasonReranker-Qwen3-32B (Chen et al., 2025) RTC 0.733+0.010
−0.010 0.699+0.019

−0.020 0.751+0.016
−0.015 0.726+0.018

−0.018 0.777+0.015
−0.015 0.712+0.018

−0.020

ReasonEmbed-Qwen3-8B (Chen et al., 2025) RB 0.710+0.010
−0.010 0.689+0.018

−0.017 0.744+0.018
−0.017 0.697+0.018

−0.018 0.738+0.016
−0.017 0.682+0.017

−0.017

Diver-GroupRank-32B (Long et al., 2026) RTC 0.693+0.010
−0.009 0.645+0.017

−0.018 0.716+0.015
−0.015 0.674+0.018

−0.017 0.729+0.014
−0.015 0.696+0.017

−0.018

RaDeR-14B (Das et al., 2025) RB 0.692+0.009
−0.010 0.669+0.018

−0.018 0.727+0.017
−0.016 0.682+0.017

−0.018 0.714+0.018
−0.017 0.665+0.018

−0.019

RaDeR-7B (Das et al., 2025) RB 0.690+0.009
−0.010 0.666+0.018

−0.019 0.725+0.016
−0.017 0.675+0.018

−0.018 0.715+0.017
−0.017 0.666+0.018

−0.018

Qwen3-Reranker-4B (Zhang et al., 2025) C 0.683+0.010
−0.009 0.649+0.018

−0.019 0.709+0.016
−0.015 0.672+0.017

−0.017 0.712+0.016
−0.016 0.671+0.017

−0.018

Diver-4B (Long et al., 2025) RB 0.681+0.009
−0.010 0.665+0.017

−0.017 0.711+0.016
−0.018 0.672+0.018

−0.018 0.708+0.017
−0.018 0.645+0.017

−0.018

Qwen3-Reranker-8B (Zhang et al., 2025) C 0.666+0.010
−0.010 0.632+0.018

−0.018 0.701+0.016
−0.016 0.658+0.019

−0.019 0.697+0.017
−0.017 0.639+0.017

−0.018

ReasonEmbed-Llama-3.1-8B (Chen et al., 2025) RB 0.664+0.009
−0.010 0.641+0.017

−0.017 0.695+0.016
−0.016 0.652+0.018

−0.018 0.678+0.016
−0.017 0.650+0.017

−0.016

RaDeR-3B (Das et al., 2025) RB 0.654+0.010
−0.010 0.629+0.019

−0.019 0.694+0.016
−0.016 0.648+0.017

−0.018 0.680+0.018
−0.018 0.624+0.018

−0.018

Qwen3-Reranker-0.6B (Zhang et al., 2025) C 0.652+0.009
−0.009 0.629+0.018

−0.019 0.690+0.016
−0.016 0.638+0.018

−0.017 0.667+0.016
−0.016 0.634+0.017

−0.017

SPLADE-Code-8B (Lupart et al., 2026) SB 0.650+0.010
−0.009 0.610+0.016

−0.017 0.689+0.016
−0.016 0.644+0.017

−0.017 0.694+0.016
−0.016 0.618+0.016

−0.016

Octen-8B (Team, 2025) B 0.636+0.010
−0.009 0.594+0.017

−0.017 0.664+0.016
−0.017 0.629+0.017

−0.018 0.665+0.017
−0.017 0.630+0.017

−0.018

Diver-0.6B (Long et al., 2025) RB 0.632+0.010
−0.009 0.619+0.018

−0.018 0.668+0.017
−0.016 0.617+0.018

−0.017 0.655+0.017
−0.018 0.609+0.016

−0.017

Octen-4B (Team, 2025) B 0.632+0.009
−0.010 0.586+0.017

−0.017 0.673+0.016
−0.016 0.627+0.019

−0.017 0.667+0.016
−0.017 0.609+0.016

−0.017

Gemini-2 (Lee et al., 2025) AB 0.628+0.009
−0.009 0.599+0.016

−0.016 0.647+0.016
−0.017 0.622+0.017

−0.016 0.656+0.016
−0.017 0.614+0.015

−0.017

Gemini-001 (Lee et al., 2025) AB 0.616+0.010
−0.009 0.585+0.018

−0.017 0.651+0.015
−0.015 0.617+0.018

−0.017 0.635+0.016
−0.017 0.596+0.018

−0.017

Qwen3-Embedding-4B (Zhang et al., 2025) B 0.615+0.009
−0.009 0.576+0.017

−0.018 0.652+0.016
−0.017 0.610+0.018

−0.017 0.642+0.016
−0.017 0.597+0.017

−0.017

Qwen3-Embedding-8B (Zhang et al., 2025) B 0.611+0.009
−0.010 0.569+0.017

−0.017 0.647+0.016
−0.017 0.606+0.017

−0.018 0.633+0.017
−0.016 0.598+0.017

−0.017

Rank1-32B (Weller et al., 2025) RTC 0.610+0.010
−0.010 0.583+0.019

−0.019 0.617+0.018
−0.018 0.613+0.018

−0.018 0.673+0.017
−0.018 0.574+0.018

−0.018

Harrier-27b (Microsoft, 2026) B 0.608+0.008
−0.010 0.569+0.016

−0.016 0.649+0.016
−0.016 0.601+0.016

−0.016 0.620+0.018
−0.016 0.596+0.016

−0.016

SPLADE-Code-0.6B (Lupart et al., 2026) SB 0.595+0.009
−0.010 0.565+0.017

−0.017 0.646+0.016
−0.017 0.591+0.017

−0.018 0.625+0.016
−0.017 0.552+0.016

−0.016

INF-Retriever-v1-Pro (Yao et al., 2025) RB 0.594+0.009
−0.009 0.573+0.017

−0.017 0.618+0.016
−0.017 0.585+0.017

−0.017 0.607+0.017
−0.016 0.592+0.016

−0.016

KaLM-12B-2511 (Zhao et al., 2025) B 0.584+0.009
−0.009 0.548+0.015

−0.017 0.617+0.016
−0.015 0.583+0.015

−0.018 0.606+0.017
−0.016 0.569+0.016

−0.016

LLaMa-Nemotron-8B (Babakhin et al., 2025) B 0.579+0.009
−0.009 0.542+0.015

−0.016 0.610+0.015
−0.016 0.580+0.016

−0.016 0.600+0.017
−0.016 0.562+0.016

−0.018

Qwen3-Embedding-0.6B (Zhang et al., 2025) B 0.575+0.009
−0.009 0.545+0.017

−0.016 0.629+0.017
−0.016 0.564+0.017

−0.017 0.589+0.017
−0.017 0.546+0.016

−0.016

Harrier-0.6b (Microsoft, 2026) B 0.572+0.009
−0.009 0.538+0.016

−0.016 0.613+0.016
−0.016 0.566+0.017

−0.017 0.581+0.017
−0.017 0.557+0.016

−0.017

Jina-v5-Small (Akram et al., 2026) B 0.565+0.009
−0.010 0.521+0.016

−0.016 0.611+0.016
−0.017 0.557+0.017

−0.017 0.589+0.018
−0.018 0.545+0.016

−0.015

Reason-ColBERT (Shao et al., 2025) RL 0.558+0.009
−0.009 0.533+0.018

−0.017 0.594+0.016
−0.016 0.555+0.018

−0.016 0.567+0.017
−0.016 0.537+0.015

−0.015

Text-Embedding-3-Large (OpenAI, 2024) AB 0.557+0.009
−0.009 0.535+0.015

−0.017 0.571+0.015
−0.016 0.560+0.016

−0.017 0.574+0.016
−0.017 0.552+0.016

−0.015

Rank1-7B (Weller et al., 2025) RTC 0.551+0.010
−0.010 0.517+0.019

−0.019 0.575+0.016
−0.017 0.548+0.019

−0.019 0.615+0.018
−0.018 0.512+0.019

−0.018

Jina-v5-Nano (Akram et al., 2026) B 0.530+0.009
−0.009 0.488+0.015

−0.016 0.568+0.017
−0.017 0.532+0.017

−0.017 0.551+0.017
−0.017 0.510+0.016

−0.016

GTE-ColBERT (Chaffin, 2025) L 0.527+0.009
−0.009 0.506+0.018

−0.016 0.559+0.016
−0.016 0.519+0.016

−0.016 0.538+0.017
−0.018 0.519+0.015

−0.015

Gemma-300m (Vera et al., 2025) B 0.527+0.009
−0.009 0.505+0.017

−0.016 0.559+0.016
−0.015 0.522+0.017

−0.016 0.543+0.018
−0.017 0.504+0.015

−0.016

Text-Embedding-3-Small (OpenAI, 2024) AB 0.512+0.010
−0.009 0.487+0.016

−0.015 0.557+0.016
−0.016 0.504+0.017

−0.016 0.526+0.017
−0.017 0.491+0.016

−0.016

BGE-m3 (Chen et al., 2024) B 0.511+0.010
−0.008 0.484+0.017

−0.016 0.549+0.016
−0.017 0.502+0.019

−0.017 0.518+0.018
−0.017 0.500+0.014

−0.014

ReasonIR-8B (Shao et al., 2025) RB 0.507+0.009
−0.009 0.495+0.015

−0.016 0.511+0.016
−0.016 0.500+0.017

−0.016 0.534+0.016
−0.017 0.489+0.014

−0.014

Harrier-270m (Microsoft, 2026) B 0.498+0.009
−0.009 0.470+0.016

−0.016 0.545+0.016
−0.017 0.491+0.016

−0.017 0.512+0.016
−0.016 0.469+0.014

−0.015

INF-X-Retriever (Yao et al., 2025) RWB 0.494+0.010
−0.011 0.493+0.016

−0.017 0.468+0.022
−0.023 0.450+0.018

−0.017 0.535+0.019
−0.019 0.522+0.017

−0.017

Multilingual-E5-Large (Wang et al., 2024) B 0.488+0.008
−0.009 0.455+0.015

−0.014 0.529+0.016
−0.018 0.471+0.017

−0.016 0.500+0.016
−0.016 0.477+0.014

−0.014

Approach Zero (Zhong et al., 2021) SL 0.468+0.009
−0.010 0.485+0.017

−0.016 0.443+0.016
−0.016 0.454+0.017

−0.017 0.480+0.018
−0.017 0.490+0.016

−0.017

TF-IDF-no-tok SB 0.430+0.008
−0.008 0.416+0.015

−0.014 0.430+0.015
−0.015 0.399+0.014

−0.014 0.459+0.016
−0.016 0.430+0.014

−0.015

BM25 (Robertson and Zaragoza, 2009) SB 0.416+0.009
−0.008 0.405+0.015

−0.015 0.448+0.016
−0.016 0.392+0.015

−0.014 0.429+0.016
−0.015 0.393+0.014

−0.013

Jaccard (Jaccard, 1912) SB 0.412+0.008
−0.007 0.381+0.013

−0.013 0.448+0.015
−0.014 0.397+0.015

−0.015 0.442+0.015
−0.014 0.383+0.012

−0.012

TF-IDF SB 0.412+0.009
−0.009 0.414+0.016

−0.015 0.402+0.018
−0.018 0.383+0.016

−0.016 0.424+0.016
−0.016 0.414+0.014

−0.014

Jaccard-no-tok (Jaccard, 1912) SB 0.403+0.009
−0.008 0.387+0.015

−0.014 0.426+0.017
−0.017 0.394+0.015

−0.015 0.443+0.016
−0.016 0.358+0.012

−0.013

BM25-no-tok (Robertson and Zaragoza, 2009) SB 0.398+0.008
−0.008 0.394+0.015

−0.015 0.420+0.017
−0.016 0.381+0.015

−0.014 0.422+0.016
−0.017 0.368+0.013

−0.013

Rank1-0.5B (Weller et al., 2025) RTC 0.365+0.007
−0.007 0.376+0.012

−0.012 0.390+0.013
−0.012 0.340+0.012

−0.011 0.353+0.014
−0.013 0.374+0.012

−0.012

BERT (Devlin et al., 2018) B 0.357+0.008
−0.007 0.369+0.014

−0.013 0.342+0.015
−0.014 0.344+0.013

−0.012 0.389+0.017
−0.014 0.335+0.012

−0.012

RoBERTa (Liu et al., 2019) B 0.311+0.006
−0.007 0.306+0.011

−0.010 0.293+0.013
−0.013 0.314+0.013

−0.012 0.342+0.013
−0.014 0.287+0.011

−0.011
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Table 8: Results across the non-main settings of SABER-MATH. All numbers are reported as nDCG@10. The
Type column follows the taxonomy described in §4.1.

Statement–Statement Full–Full

Type Overall Algebra Geometry Number
Theory Comb. Calc./

Analysis Overall Algebra Geometry Number
Theory Comb. Calc./

Analysis

ReasonEmbed-Qwen3-8B RB 0.685 0.668 0.706 0.675 0.724 0.655 0.795 0.768 0.819 0.793 0.823 0.775
RaDeR-14B RB 0.677 0.654 0.708 0.666 0.709 0.645 0.741 0.715 0.769 0.736 0.767 0.723
RaDeR-7B RB 0.671 0.644 0.705 0.657 0.704 0.642 0.738 0.716 0.766 0.739 0.762 0.712
Diver-4B RB 0.659 0.641 0.696 0.647 0.691 0.619 0.737 0.713 0.771 0.737 0.759 0.711
ReasonEmbed-Qwen3-8B-Rewrite RTWB 0.659 0.646 0.691 0.637 0.690 0.628 0.769 0.736 0.796 0.764 0.804 0.749
Qwen3-Reranker-4B C 0.653 0.631 0.670 0.640 0.691 0.633 0.730 0.708 0.745 0.727 0.745 0.722
Diver-GroupRank-32B RTC 0.651 0.609 0.685 0.632 0.686 0.639 0.729 0.688 0.740 0.721 0.748 0.745
ReasonReranker-Qwen3-32B RTC 0.647 0.610 0.674 0.624 0.700 0.622 0.800 0.782 0.798 0.803 0.823 0.799
RaDeR-3B RB 0.644 0.622 0.677 0.628 0.677 0.611 0.705 0.675 0.740 0.707 0.726 0.684
ReasonEmbed-Llama-3.1-8B RB 0.643 0.624 0.667 0.632 0.671 0.619 0.751 0.718 0.782 0.749 0.771 0.735
ReasonReranker-Qwen3-32B-Rewrite RTWC 0.638 0.609 0.664 0.614 0.688 0.616 0.796 0.776 0.802 0.797 0.816 0.797
SPLADE-Code-8B SB 0.634 0.592 0.665 0.633 0.675 0.600 0.693 0.649 0.725 0.691 0.729 0.673
Octen-8B B 0.623 0.586 0.648 0.624 0.654 0.606 0.672 0.631 0.685 0.670 0.700 0.673
Qwen3-Reranker-0.6B C 0.621 0.601 0.661 0.609 0.638 0.598 0.717 0.695 0.744 0.723 0.730 0.699
Octen-4B B 0.619 0.581 0.659 0.615 0.651 0.591 0.663 0.616 0.695 0.658 0.695 0.653
Diver-0.6B RB 0.611 0.589 0.639 0.601 0.640 0.586 0.695 0.660 0.727 0.701 0.718 0.673
Qwen3-Reranker-8B C 0.609 0.578 0.623 0.607 0.644 0.587 0.714 0.684 0.722 0.722 0.742 0.698
Gemini-2 AB 0.603 0.569 0.623 0.602 0.630 0.587 0.658 0.630 0.665 0.659 0.675 0.652
Qwen3-Embedding-8B B 0.600 0.562 0.643 0.600 0.622 0.569 0.662 0.621 0.693 0.660 0.679 0.657
Gemini-001 AB 0.599 0.558 0.636 0.605 0.622 0.573 0.667 0.622 0.690 0.677 0.685 0.661
Qwen3-Embedding-4B B 0.597 0.554 0.638 0.591 0.626 0.573 0.667 0.624 0.693 0.670 0.693 0.656
Harrier-27b B 0.585 0.554 0.612 0.586 0.609 0.562 0.659 0.615 0.700 0.664 0.678 0.640
KaLM-12B-2511 B 0.579 0.546 0.605 0.578 0.597 0.565 0.599 0.557 0.628 0.607 0.618 0.585
SPLADE-Code-0.6B SB 0.578 0.550 0.618 0.583 0.613 0.531 0.648 0.609 0.692 0.652 0.677 0.611
Qwen3-Embedding-0.6B B 0.566 0.529 0.611 0.564 0.586 0.538 0.625 0.586 0.676 0.624 0.634 0.603
LLaMa-Nemotron-8B B 0.565 0.535 0.584 0.578 0.588 0.540 0.616 0.569 0.641 0.629 0.638 0.602
INF-Retriever-v1-Pro RB 0.564 0.540 0.593 0.553 0.591 0.546 0.660 0.617 0.686 0.665 0.675 0.657
Rank1-32B RTC 0.556 0.539 0.541 0.549 0.619 0.532 0.629 0.594 0.645 0.624 0.682 0.605
Jina-v5-Small B 0.549 0.508 0.593 0.544 0.571 0.528 0.611 0.558 0.662 0.611 0.631 0.597
Harrier-0.6b B 0.549 0.521 0.589 0.538 0.568 0.523 0.632 0.588 0.676 0.637 0.638 0.613
Text-Embedding-3-Large AB 0.540 0.522 0.554 0.541 0.560 0.526 0.594 0.564 0.609 0.598 0.611 0.588
Reason-ColBERT RL 0.539 0.519 0.568 0.536 0.554 0.516 0.611 0.574 0.648 0.613 0.618 0.602
Jina-v5-Nano B 0.519 0.481 0.561 0.522 0.545 0.488 0.572 0.526 0.607 0.578 0.585 0.560
ReasonIR-8B RB 0.513 0.504 0.529 0.503 0.539 0.482 0.617 0.584 0.635 0.618 0.629 0.613
Gemma-300m B 0.511 0.491 0.540 0.500 0.536 0.487 0.585 0.548 0.631 0.594 0.598 0.553
Multilingual-E5-Large B 0.508 0.485 0.549 0.501 0.523 0.475 0.545 0.505 0.580 0.549 0.544 0.536
Rank1-7B RTC 0.506 0.483 0.507 0.491 0.569 0.483 0.467 0.444 0.499 0.456 0.531 0.410
BGE-m3 B 0.505 0.483 0.539 0.498 0.518 0.485 0.563 0.513 0.616 0.575 0.567 0.543
Harrier-270m B 0.497 0.466 0.537 0.489 0.517 0.473 0.557 0.525 0.590 0.565 0.565 0.539
Text-Embedding-3-Small AB 0.497 0.470 0.540 0.483 0.519 0.473 0.554 0.520 0.597 0.552 0.565 0.536
GTE-ColBERT L 0.494 0.477 0.507 0.488 0.510 0.490 0.577 0.544 0.605 0.577 0.577 0.583
Approach Zero SL 0.469 0.489 0.446 0.456 0.483 0.484 0.481 0.493 0.471 0.461 0.505 0.487
Jaccard SB 0.448 0.425 0.476 0.445 0.477 0.406 0.469 0.438 0.500 0.472 0.496 0.419
INF-X-Retriever RWB 0.437 0.446 0.409 0.393 0.470 0.461 0.508 0.516 0.479 0.461 0.527 0.553
TF-IDF SB 0.434 0.445 0.435 0.427 0.453 0.410 0.447 0.447 0.457 0.442 0.447 0.433
BM25 SB 0.426 0.421 0.450 0.409 0.446 0.397 0.437 0.420 0.454 0.425 0.455 0.417
BERT B 0.416 0.432 0.399 0.394 0.440 0.416 0.429 0.435 0.428 0.425 0.453 0.406
RoBERTa B 0.406 0.415 0.394 0.399 0.423 0.392 0.397 0.409 0.390 0.382 0.416 0.381
Rank1-0.5B RTC 0.371 0.377 0.384 0.342 0.375 0.376 0.363 0.355 0.402 0.336 0.353 0.371
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trained RADER-3B, DIVER-4B, RADER-7B and
REASONEMBED-QWEN3-8B climb from 0.654
to 0.710 between 0.951s and 1.751s. The frontier
thus gains 0.056 nDCG@10 within less than a fac-
tor of two in latency, consistent with §4.1.

Joint scoring is cheap at small scale and
very expensive at large scale On the other
frontier, REASON-MODERNCOLBERT anchors
the cheap end (0.607s, 0.558), followed by
QWEN3-RERANKER-0.6B (0.957s, 0.652)
and QWEN3-RERANKER-4B (1.167s, 0.683).
QWEN3-RERANKER-4B is both faster than
REASONEMBED-QWEN3-8B and only 0.027
behind it, so reading query and document together
is not intrinsically costly at moderate scale. Above
0.683, however, the frontier is held exclusively
by 32B systems two orders of magnitude slower:
DIVER-GROUPRANK-32B adds 0.010 over
QWEN3-RERANKER-4B for 55× its latency,
and REASONRERANKER-QWEN3-32B and its
rewriting variant reach 0.733 and 0.741 at 85.44s
and 117.06s per query.

The strongest system is not the practical
one Taken together, the two frontiers show
that the top of Table 1 is bought at a
steep price. REASONRERANKER-QWEN3-32B-
REWRITE scores 0.741 at 117.06s per query, while
REASONEMBED-QWEN3-8B comes within 0.031
of it at 1.751s, a 67× difference in cost. As
noted in §C.5, this understates the gap in deployed
cost, since a bi-encoder’s document embeddings
are computed once offline and reused, whereas a
reranker rescores every candidate for every query.

D.8 SABER-MATH Score over Time

In Figure 10 we aim to show how SABER-MATH

scores change over time. To do this, for each
model, we plot its score in the statement–full set-
ting against its public release date.

We track two types of models separately: on
one hand, retrieval (bi-encoder) models and on the
other, cross-encoder and late-interaction models.
Most models do not sit on the frontier line – Fig-
ure 10 shows these as grey circles. We observe that
many recent models score lower than considerably
older ones, so a recent release date alone does not
imply strong SABER-MATH performance.

D.9 How instructions influence
SABER-MATH’s scores

By default, we evaluate every model on SABER-
MATH with a default task instruction (when avail-
able), inside its documented input format, as de-
scribed in §C.2, so as to capture each system’s na-
tive representation of mathematical content rather
than its instruction-following ability. To measure
the effect of instructions, we further re-evaluate ev-
ery model that supports them – embedding models
and rerankers alike – under the three instructions
of §F.6. We use the model’s dedicated instruction
field, if one exists, and we prepend the instruction
to the query otherwise. In both cases the instruction
is applied to the query only, and documents are en-
coded without one. We exclude APPROACH ZERO,
BM25, JACCARD, and TF-IDF, which have no
instruction mechanism and for which lexical match-
ing of the instruction text could only add noise.

We observe that the best prompt varies across
models, and for most models the three prompts
sit within a few points of nDCG@10 of the no-
instruction baseline. The clearest patterns are
at the extremes, as models predating instruction-
tuned retrieval are hurt by instructions – BERT,
ROBERTA, MULTILINGUAL-E5-LARGE and both
TEXT-EMBEDDING-3 models score best without
one. On the other hand, generalist instruction-tuned
models tend to gain modestly from being told the
task. Reasoning-specialised systems benefit from
instructions less often, as they are already trained
for reasoning tasks.

D.10 Comparison of Mathematical vs.
Textual Content in Retrieval

We now provide complementary details and results
for the experiment comparing the importance of
mathematical versus textual content in the retrieval
task, as described in §4.2.

Methodology and motivation To investigate
whether mathematical notation or surrounding tex-
tual content contributes more to retrieving relevant
documents, we conduct the following experiment
using our benchmark.

For each query, we extract its mathematical ex-
pressions and its remaining textual content from
the problem statement alone first using GPT-OSS-
120B to ensure every mathematical expression is
properly delimited, then applying regex-based seg-
mentation. We discard queries for which either
component is empty, leaving 969 of the original
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Table 9: Effect of task instructions on SABER-MATH
in the statement–full setting. All numbers are reported
as nDCG@10 over the 1000 queries. “No Instr.” is the
setting reported in Table 1. I1–I3 are the instruction
prompts of §F.6

Type No Instr. I1 I2 I3

ReasonReranker-Qwen3-32B-Rewrite RTWC 0.741 0.747 0.748 0.743
ReasonEmbed-Qwen3-8B-Rewrite RTWB 0.738 0.733 0.729 0.735
ReasonReranker-Qwen3-32B RTC 0.733 0.750 0.756 0.732
ReasonEmbed-Qwen3-8B RB 0.710 0.726 0.725 0.727
Diver-GroupRank-32B RTC 0.693 0.677 0.675 0.694
RaDeR-14B RB 0.692 0.674 0.666 0.687
RaDeR-7B RB 0.690 0.683 0.669 0.678
Qwen3-Reranker-4B C 0.683 0.705 0.706 0.686
Diver-4B RB 0.681 0.675 0.674 0.678
Qwen3-Reranker-8B C 0.666 0.702 0.699 0.675
ReasonEmbed-Llama-3.1-8B RB 0.664 0.674 0.669 0.674
RaDeR-3B RB 0.654 0.643 0.631 0.645
Qwen3-Reranker-0.6B C 0.652 0.648 0.648 0.647
SPLADE-Code-8B SB 0.650 0.643 0.639 0.635
Octen-8B B 0.636 0.648 0.644 0.644
Diver-0.6B RB 0.633 0.628 0.632 0.632
Octen-4B B 0.632 0.644 0.639 0.636
Gemini-2 AB 0.628 0.636 0.637 0.636
Gemini-001 AB 0.616 0.604 0.602 0.603
Qwen3-Embedding-4B B 0.615 0.633 0.629 0.621
Qwen3-Embedding-8B B 0.611 0.628 0.627 0.616
Rank1-32B RTC 0.610 0.685 0.674 0.613
Harrier-27b B 0.608 0.634 0.625 0.614
SPLADE-Code-0.6B SB 0.595 0.577 0.575 0.587
INF-Retriever-v1-Pro RB 0.594 0.617 0.609 0.610
KaLM-12B-2511 B 0.584 0.594 0.586 0.593
LLaMa-Nemotron-8B B 0.579 0.586 0.600 0.577
Qwen3-Embedding-0.6B B 0.575 0.579 0.581 0.579
Harrier-0.6b B 0.572 0.571 0.571 0.565
Jina-v5-Small B 0.565 0.566 0.564 0.563
Reason-ColBERT RL 0.558 0.545 0.546 0.553
Text-Embedding-3-Large AB 0.557 0.553 0.539 0.545
Rank1-7B RTC 0.551 0.585 0.596 0.553
Jina-v5-Nano B 0.530 0.523 0.522 0.526
GTE-ColBERT L 0.527 0.524 0.524 0.530
Gemma-300m B 0.527 0.523 0.517 0.525
Text-Embedding-3-Small AB 0.512 0.492 0.478 0.496
BGE-m3 B 0.511 0.498 0.492 0.505
ReasonIR-8B RB 0.507 0.568 0.562 0.567
Harrier-270m B 0.498 0.493 0.499 0.495
INF-X-Retriever RWB 0.494 0.454 0.456 0.472
Multilingual-E5-Large B 0.488 0.412 0.473 0.485
Rank1-0.5B RTC 0.365 0.353 0.344 0.318
BERT B 0.357 0.330 0.336 0.352
RoBERTa B 0.311 0.290 0.290 0.300

1000 query problems. For each retrieval method,
including both embedding-based and classical ap-
proaches, we then compute two relevance estimates
for every remaining query.

First, we compare the query’s mathematical con-
tent with the problem-and-solution text of each of
its five highest-rated relevant candidate problems
according to the benchmark. We compute the rel-
evance score assigned by the retrieval method for
each of these five candidates and take their aver-
age. We repeat the same procedure using only the
query’s textual content. Thus, each query receives
two average relevance scores: one based on its
mathematical content and one based on its textual
content.

Finally, for each query and retrieval method, we
record whether the mathematical or textual com-
ponent receives the higher average relevance score.
Since these scores are averaged real-valued quan-

tities, ties are extremely rare and do not affect the
analysis. For each retrieval method, we report the
percentage of queries for which the mathematical
component is judged more relevant than the textual
component. The results for all evaluated embed-
ding models and classical retrieval methods are
shown in Figure 9.

We tokenize mathematical expressions using the
Approach Zero mathematics tokenizer, since it cap-
tures the deeper mathematical meaning of an ex-
pression rather than treating it as plain, whitespace-
delimited text. This choice also benefits token-
based methods such as Jaccard similarity and TF-
IDF, for which appropriate tokenization is essential.

Finally, in Table 10 we present the results for the
same experiment when the models (where applica-
ble) are given the specific instructions as described
in §F.6.

D.11 Deduplication Results

We give the setup of this experiment in §B.4, and
report here its full results, in both the retrieval and
the reranking variant.

Retrieval over the full corpus Table 11 reports
the results for all 35 evaluated bi-encoders, search-
ing over the entire 71K-document pool, of which
Table 2 shows a representative subset. The agree-
ment with SABER-MATH holds across every met-
ric we report. The Spearman rank correlation
between SABER-MATH nDCG@10 and dedu-
plication performance is ρ = 0.96, when mea-
sured against the models’ negated median rank and
ρ = 0.92 against top-1 accuracy. It further rises to
ρ = 0.96 at top-64.

We further note that deduplication separates sys-
tems far more sharply than SABER-MATH itself.
Over the same set of models, SABER-MATH

nDCG@10 spans a factor of 2.4, from 0.311 to
0.738, whereas the median rank of the duplicate
spans more than three orders of magnitude, from
2 for the strongest systems to 12800 for TF-IDF.
This is expected, as recovering a single rewritten
problem out of 71K candidates is a far more de-
manding query than ranking a 150-document pool.
It does mean, however, that modest differences on
SABER-MATH can correspond to substantial dif-
ferences in downstream utility.

Lexical matching behaves inconsistently on this
task, as TF-IDF and JACCARD sit at the very bot-
tom by median rank, at 12800 and 5505 respec-
tively, which is expected given that our rewrites
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Figure 9: Percentage of query problems for which the mathematical component receives a higher average relevance
score than the textual component, across retrieval methods.

deliberately alter surface form. BM25, however,
attains a median rank of 436, ahead of dense retriev-
ers such as MULTILINGUAL-E5-LARGE (913),
REASONIR-8B (1598) and TEXT-EMBEDDING-3-
SMALL (2729), all of which clearly outrank it on
SABER-MATH. This suggests that our rewrites
preserve enough rare mathematical notation for
inverse-document-frequency-weighted term match-
ing to remain partially effective, while the weaker
dense models fail to represent that content at all.

Finally, there are some minor exceptions
to the overall agreement between the two
tasks. In particular, HARRIER-27B and QWEN3-
EMBEDDING-8B score higher on SABER-MATH

than HARRIER-0.6B and QWEN3-EMBEDDING-
4B respectively, yet have a worse median dupli-
cate rank, while GEMINI-001 is 12th on SABER-
MATH but tied for 4th by median rank. Such dis-
agreements are nonetheless mild, as they mostly
reorder models whose SABER-MATH confidence
intervals already overlap (§D.5), and reflect the
tasks inherit differences.

Reranking within the candidate set Restricting
the search to each query’s own 150 candidate doc-
uments makes the task tractable for cross-encoders
and generative rerankers as well, at the cost of a
much coarser measurement. Table 12 reports the
median rank assigned to the rephrase in this setting,

together with the percentage of queries for which it
falls within the top-{1, 4, 16, 64} candidates, over
all 49 systems we evaluate.

The broad agreement with SABER-MATH sur-
vives, but the measurement is much less discrim-
inative. The Spearman rank correlation between
SABER-MATH nDCG@10 and the negated me-
dian rank drops to ρ = 0.83, from ρ = 0.96 over
the full pool. The main reason is saturation, as
17 of the 49 systems tie at a median rank of 1, 21
place the rephrase in the top-64 for at least 99%
of queries, and the median rank spans only 1 to
68, against more than three orders of magnitude
over the 71K-document pool. With only 150 candi-
dates and a target that is a paraphrase of the query
itself, the task is simply too easy to separate the
stronger half of the field, which is why we treat the
full-corpus variant as the primary measurement.

The one systematic effect the restricted set-
ting does expose is that cross-encoders are un-
usually well suited to this task, which makes
sense as in this setting the taks is a reranker
task. The eight highest top-1 accuracies all be-
long to cross-encoders or generative rerankers, led
by REASONRERANKER-QWEN3-32B at 91.3%
and DIVER-GROUPRANK-32B at 90.4%, ahead
of the best bi-encoder, REASONEMBED-QWEN3-
8B, at 67.5%. The effect is strong enough to
override SABER-MATH ordering: RANK1-32B
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Figure 10: SABER-MATH score against release date.
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month a model was released publicly; models predating
2023 share the shaded band on the left. Two state-of-the-
art traces are shown: solid black for bi-encoders, dashed
red for cross-encoders and late-interaction models.

reaches 86.3% top-1 and RANK1-7B 81.0% de-
spite SABER-MATH scores of only 0.610 and
0.552, both far above bi-encoders that outscore
them on SABER-MATH by a wide margin. Read-
ing query and document together lets a reranker
check whether the two describe the same problem,
rather than having to place a paraphrase near its
source in a fixed embedding geometry. This ad-
vantage does not extend to the smallest reranker,
as RANK1-0.5B attains a median rank of 26 and
8.8% top-1, in line with its SABER-MATH score.

Two further outliers are worth noting. AP-
PROACH ZERO attains a median rank of 1 and
61.8% top-1 while placing 43rd of 49 on SABER-
MATH, by far the largest disagreement in either
variant, which we attribute to its structural for-
mula matching: our rewrites alter prose and vari-
able names but leave much of the expression struc-
ture intact, and identifying a near-identical formula
is precisely what the system is built for. Con-
versely, query rewriting, which helps on SABER-
MATH itself, hurts here, as the rewriting vari-
ants of REASONRERANKER-QWEN3-32B and
REASONEMBED-QWEN3-8B lose 11.0 and 0.9
points of top-1 accuracy relative to their base ver-
sions. This is expected, since rewriting replaces
the query with a generated restatement and thereby
discards the surface cues that make its duplicate
identifiable.

E Compute Resources

This section details the computational and financial
resources required to generate and evaluate our
benchmark.

E.1 Data Collation and Processing
For the AoPS and NuminaMath datasets, the data
was for the most part, readily available in a struc-
tured format, requiring only minor cleaning and
deduplication. The official sources, however, re-
quired a more intensive processing pipeline, cost-
ing around $300 in compute for OpenAI Batch API
usage over the course of a total of 72 hours.

E.2 Benchmark Generation
After deriving the large corpus of problems as de-
scribed in §3.1, the first stage of benchmark genera-
tion consists of extracting topic-based and solution-
summary-based signals for each problem in the
corpus. Topic extraction for all ∼283K problems
took approximately two days using 8 H200 GPUs.
Extracting summaries for all solutions in the corpus
took approximately 12 hours using 4 H200 GPUs.
Computing the BMA and Jaccard scores was com-
paratively efficient, requiring 1 hour on 25 CPU
cores. Storing the resulting signals for all problem
pairs in the corpus required around 300GB of disk
space, where we used a more efficient byte-level
storage format.

After filtering for relevant problems, the next
stage uses a Swiss-style tournament together with
the Bradley–Terry algorithm. Pairwise judging for
the 1000 filtered queries took approximately 160
hours on 4 H200 GPU nodes.

E.3 Applying the Benchmark
Computing the benchmark results in Tables 1 and 8
took approximately 200 hours using 4 H200 GPUs
for the open-weight embedding models. For the
OpenAI and Gemini models, our usage totalled
approximately $100 in API costs.

F Instructions and Prompts

In this section, we make available the prompts used
to generate our benchmark.

F.1 Ontology Topic Assignment Prompt

Ontology topic assignment

[SYSTEM]

You are an Expert Mathematical Annotator. You will
be provided with a mathematical text(problem,
solution, theorem, lesson, etc.) and a list of
possible tags. You must assign relevance score for
each of the tags with respect to the provided text.

# INPUT
You will be provided with:
1. A mathematical text
2. A comma-separated list of tags
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# TASK
For each of the provided tags assign a real number
from the interval [0.0, 1.0]. The most relevant tag
to the text must have a relevance score of 1.0 and
the most irrelevant must have a score of 0.0. Align
the remaining tags with respect to those.

# OUTPUT SCHEMA
Constrain your output to a pure JSON with no
explanations, markdown or comments. Return only pure
JSON. Follow the schema - each tag name is a key in
the returned JSON object with a value the

relevenace score:
```json
{

"<tagName>": <float | tag relevance score 0.0-1.0
to the provided mathematical text>,

...
}
[USER]

# Mathematical Text:
{problem_and_solution}

With respect to the above text, assign relevance
scores to the following tags and return the results
in JSON:

{list_of_comma_separaed_tags}

F.2 Extracting Short Solution Summaries
Prompt

Extracting short solution summaries

# INSTRUCTION
You are an expert mathematical annotator tasked with
identifying the *core idea*-the central

mathematical insight-from a math problem.

# GOALS
1. Identify what makes the solution work
conceptually, not how to carry it out. Capture the
untrial step or idea that is the greatest hint for
the solution.
2. Never include any multi-step reasoning, equations
, or numeric computations. Don't include any
annotations that are in the solution but not in the
original problem statement.
3. Never try to solve the problem on your own, and
don't include your reasoning or thoughts.
4. Output a single valid JSON object matching the
schema below.
5. Structure the ideas imperatively so they look
like you are giving a hint to someone.
6. If the problem seems too easy or straightforward,
or you can't identify a core idea, store its value

as 'null' and set the 'noCoreIdea' to 'true'.

# SCHEMA
```json
{

"noCoreIdea": <true|false>,
"coreIdea": "<string - one short sentence (up to

30 words) naming the main insight to the problem>",
"supportingIdeas": ["<strings - 0-3 short

technique phrases>"],
"keywords": ["<strings - 1-2 word phrases

summarizing the ideas, theorems, etc. in the
solution>"],

"confidence": <0.0-1.0>
}

Here are the problem statement and solution:

Statement: {problem}

Solution: {solution}

F.3 Pairwise Relevance Judging Prompt

Pairwise relevance judging

You are an expert mathematician and analytical-
reasoning engine. Your job is to decide which of two
sample problems (Sample 1 or Sample 2) is *

conceptually closer* to a target problem, judged by
the *mathematical ideas and solution techniques
actually used* (not surface wording).

You will receive 3 complete items, each with BOTH
a problem statement and its correct solution:

[Target]
- Problem: {target_problem}
- Correct Solution: {target_solution}

[Sample 1]
- Problem: {sample1_problem}
- Correct Solution: {sample1_solution}

[Sample 2]
- Problem: {sample2_problem}
- Correct Solution: {sample2_solution}

Your output must follow the steps and formatting
rules below exactly.

--------
STEP 1 - Technique Extraction (do this for Target,

Sample 1, Sample 2)
For each item, read the Problem + Correct Solution
together, then produce a structured list containing

:

A. Core topic tags (2-6 tags)
Examples: "modular arithmetic", "similar

triangles", "graph invariants", "generating
functions", "optimization via calculus", "AM-GM", "
inclusion-exclusion".

B. Key tools / theorems / lemmas explicitly used
Name the theorem/identity/strategy when possible

(e.g., "Pigeonhole Principle", "Cauchy-Schwarz", "
Euclidean algorithm", "double counting", "invariant/
monovariant", "casework", "recurrence + induction").

C. Primary solution moves (3-8 bullets)
Describe the actual moves that drive the

solution, e.g.:
- "rewrite expression into telescoping sum"
- "introduce substitution of variable to

linearize"
- "construct auxiliary line and apply angle

chase"
- "count objects in two ways; equate counts"
- "prove monotonicity; then bound endpoints"

D. Structural signature (1-3 sentences)
Summarize the solution's backbone: what is

introduced, what is transformed, and what final step
seals the result.

Label these sections clearly as:
- Target: Technique Profile
- Sample 1: Technique Profile
- Sample 2: Technique Profile

--------
STEP 2 - Comparative Analysis
Compare each sample to the target using *deep*

similarity signals:

1) Technique overlap:
- Are the same kinds of tools central (not

merely mentioned)?
- Are the same transformations used (e.g.,

factoring vs. symmetry/invariants vs. counting)?

2) Problem structure alignment:
- Are the same intermediate objects introduced (

auxiliary point, substitution, generating function,
invariant quantity, etc.)?

- Do both require the same "shape" of argument (
e.g., construction + chase, or setup of recurrence +
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induction, or extremal argument + contradiction)?
This criterion should be weighted lower than the
technique overlap but can be a tie-breaker when
techniques are similar.

3) Difficulty is NOT the criterion:
- Prefer shared method and structure over "hard/

easy".

4) Penalize superficial similarity:
- Do NOT reward matching variable names, story

context, or domain language if the underlying method
differs. Further, algebraic computations do not

imply similarity if the core method is different, or
if the algebra is just a technical detail rather
than the main driver.

Produce two subsections:
- Sample 1 vs Target -- Similarities / Differences

/ Overall Match Score (qualitative)
- Sample 2 vs Target -- Similarities / Differences
/ Overall Match Score (qualitative)

--------
STEP 3 - Decision + Tie-break rules
Choose the sample that is fundamentally closer in

methods and structure.

If it's close, use these tie-breakers in order:
1) The sample whose *main* technique is the same

as the target's main technique.
2) The sample whose *sequence of moves* (setup ->

transformation -> key lemma -> finish) matches more
closely.

3) The sample that relies on the same
representation (e.g., algebraic manipulation vs.
geometric configuration vs. combinatorial counting
vs. graph reasoning).

--------
OUTPUT FORMAT (must follow)
- You may include your extracted profiles and

comparisons above.
- Output your final decision on the last line,

formatted as either:

$\\boxed{{1}}$ -> corresponding to the first
sample being more similar to the target,

or
$\\boxed{{2}}$ -> corresponding to the second

sample being more similar to the target.

F.4 Ordinal Judge Prompt

Ordinal ranking prompt for additional or-
dering experiments §D.4

You are a helpful mathematical expert and technique-
similarity evaluator. You will be given two
mathematical items: a Target problem with its
correct solution, and a Sample problem with its
correct solution.

Your task is to determine how similar the two
problems are based on the mathematical techniques,
ideas, and solution structure actually used in their
solutions --- not based on superficial wording,
notation, topic labels, or story context.

You will receive:

[Target]
Problem: {target_problem}
Correct Solution: {target_solution}

[Sample]
Problem: {sample_problem}
Correct Solution: {sample_solution}

Follow the instructions below exactly.

STEP 1 - Technique Extraction

For each item, read the Problem and Correct Solution
together and identify all techniques genuinely used
in the solution.

For both Target and Sample, produce:

A. Core topic tags (2-8 tags)
Examples: "modular arithmetic", "similar triangles",
"double counting", "generating functions", "
optimization", "AM-GM", "inclusion-exclusion", "
induction", "graph invariants".

B. Key tools / theorems / identities / lemmas used
Name explicit or implicit tools when possible, such
as:
- Pigeonhole Principle
- Cauchy-Schwarz
- Euclidean algorithm
- Vieta's formulas
- telescoping
- contradiction
- casework
- recurrence + induction
- symmetry
- invariant / monovariant
- angle chase
- substitution
- extremal argument
- bounding

C. Primary solution moves (3-10 bullets)
Describe the actual moves that drive the solution,
for example:
- rewrite the expression into a factorized form
- introduce a substitution to simplify the equation
- construct an auxiliary object
- split into cases
- count the same set in two ways
- derive a recurrence and solve it
- apply a standard inequality after normalization
- use parity or modular reduction
- reduce to a previously established identity

D. Structural signature (1-3 sentences)
Summarize the backbone of the argument: how the
solution starts, what key transformation or idea
unlocks it, and what final step completes the proof.

Label these sections clearly as:

Target: Technique Profile
Sample: Technique Profile

STEP 2 - Comparative Analysis
Compare the Sample to the Target using the extracted
technique profiles.

Your comparison must include:

1. Technique overlap
- Which techniques are shared?
- Which shared techniques are central rather than
incidental?
- Are the same theorems, transformations, or proof
strategies doing the main work?

2. Technique differences
- Which important techniques appear in one but not
the other?
- Do the problems rely on different core ideas even
if they are in the same broad subject?

3. Structural alignment
- Do the two solutions have a similar shape, such as
:

- setup -> substitution -> simplification ->
conclusion

- construction -> theorem application -> chase ->
finish

- recurrence -> induction
- extremal argument -> contradiction
- counting representation -> double count ->

algebraic cleanup
- This matters, but it should be weighted less than
overlap in core techniques.

Important rules:
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- Focus on the methods actually used in the
solutions.
- Do NOT reward superficial similarity such as
matching notation, similar phrasing, same answer
form, or broad subject area alone.
- Do NOT treat routine algebraic manipulation as
strong similarity unless it is a central technique
in both.
- Weight main techniques much more heavily than
minor technical steps.
- If one problem uses a tool only incidentally but
the other depends on it centrally, count that as
weak overlap.

STEP 3 - Similarity Score
Assign a single integer score from 0 to 100 that
reflects how similar the Sample is to the Target in
terms of mathematical method and solution structure.

Use this scale as guidance:

0-10: essentially no meaningful similarity in method
11-25: very weak similarity; mostly superficial or
broad-topic overlap
26-40: limited similarity; some secondary techniques
overlap but main approach differs

41-55: moderate similarity; at least one important
method overlaps
56-70: fairly strong similarity; core ideas overlap
substantially, with notable differences
71-85: strong similarity; main methods and argument
structure are closely aligned
86-95: very strong similarity; nearly the same
technique and solution pattern
96-100: essentially the same core method, with only
minor presentation differences

Give a brief justification for the score in 2-5
sentences.

OUTPUT FORMAT
Use exactly this structure:

Target: Technique Profile
- Core topic tags: ...
- Key tools / theorems / identities / lemmas: ...
- Primary solution moves:

- ...
- ...
- ...

- Structural signature: ...

Sample: Technique Profile
- Core topic tags: ...
- Key tools / theorems / identities / lemmas: ...
- Primary solution moves:

- ...
- ...
- ...

- Structural signature: ...

Comparison
- Technique overlap: ...
- Technique differences: ...
- Structural alignment: ...
- Score justification: ...

Final Score:
\boxed{{N}}

where N is a single integer from 0 to 100.

F.5 Mathematical Equation Formatting
Prompt

Formatting mathematical equations into
LaTeX

Role: You are a LaTeX Formatting Expert specializing
in mathematical notation standardization.

Task: You will be provided with mathematical text (
problems or solutions). Your task is to standardize
the LaTeX formatting and enclose the entire final
result within a \boxed{{...}} command.

Strict Constraints:
1. DELIMITER CONVERSION: Replace all instances of \(
... \) and \\( ... \\) with standard dollar signs.

- Use $...$ for inline text.
- Use $$...$$ for display equations.

2. UNIVERSAL MATH TAGGING: Apply math mode ($...$)
to every single mathematical element without
exception.
3. CONTENT INTEGRITY: Do not solve the problem or
edit the prose.
4. FINAL WRAPPING: The entire output must be
contained within \boxed{{ <your_formatted_text_here>
}}.

5. NO VERBOSITY: Provide ONLY the \boxed{{...}}
block.

Example Transformation:
Input: If the radius r is 5, find the area. Use \( \
pi \).
Output: \boxed{{If the radius $r$ is $5$, find the
area. Use $\pi$.}}

F.6 Adding Specific Task Instruction Prompts

Here, we describe the three instruction prompts
used in our experiments in §D.9. The first instruc-
tion targets the notion of similarity we study in this
work:

Instruction 1: mathematical ideas and so-
lution techniques

You are an expert mathematical retrieval engine.
Your job is to retrieve sample problems that are *
conceptually close* to a target problem, judged by
the *mathematical ideas and solution techniques
actually used* (not surface wording).
{query}

The second instruction instead instructs the
model explicitly against the common failure modes
we observe in §4:

Instruction 2: invariance to surface form

Given a mathematical query, retrieve documents that
share identical problem-solving structure and
logical steps, even if they use entirely different
variables, symbols, or natural language phrasing.
{query}

The third instruction is a generic retrieval instruc-
tion, so as to isolate the effect of general guidance.
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Instruction 3: generic retrieval control

Find the most relevant document based on the query.
{query}

F.7 Human Annotator Instructions

Human Annotator Instructions

Goal: Compare Candidate 1 and Candidate 2 against
the Target problem.

Candidate 1: Choose this if Candidate 1 is more
similar to the Target.

Candidate 2: Choose this if Candidate 2 is more
similar to the Target.

Tie: Choose this if both candidates are equally good
/ bad / equally similar.

Save: Records your judgment. Completed tasks turn
green.

Remove judgment: Deletes your previous answer after
confirmation. This removes the task from the list of
"Finished Tasks".

G Use of LLMs in This Work

In this work, we have not used LLMs for research
design, ideation, or decision-making. We have
used LLMs to write code for assisting with plot
creation and formatting, but all code was reviewed
and edited by the authors. We have used LLMs to
assist with polishing the writing, but all content was
written by the authors and reviewed for accuracy.
We have not relied on LLMs for generating any
part of the bibliography, and all references were
added manually by the authors.

Table 10: Percentage of targets where the equation-
only representation is more similar to the relevant can-
didates than the word-only representation (M>W, all
domains), per instruction prompt. Models with no in-
struction mechanism (Approach Zero, BM25, Jaccard,
TF-IDF) are omitted. I1, I2, and I3 correspond to the
three respective instruction prompts described in §F.6.

Model No Instr. I1 I2 I3

BERT 87.5 92.6 93.8 89.5
Multilingual-E5-Large 70.9 61.8 63.9 60.2
Reason-ColBERT 70.7 64.8 63.9 68.4
GTE-ColBERT 69.7 69.6 69.6 69.6
ReasonIR-8B 66.5 66.9 66.3 66.2
RoBERTa 66.3 86.6 86.3 81.4
BGE-m3 63.1 58.7 59.6 56.6
Diver-0.6B 62.0 58.9 61.9 60.7
SPLADE-Code-0.6B 62.0 51.2 51.0 49.1
LLaMa-Nemotron-8B 61.8 60.2 63.7 57.8
SPLADE-Code-8B 61.8 59.2 56.7 54.3
ReasonEmbed-Qwen3-8B 61.6 55.9 57.3 58.3
ReasonEmbed-Llama-3.1-8B 60.8 57.8 57.7 59.3
Text-Embedding-3-Large 60.2 58.4 56.9 56.3
Text-Embedding-3-Small 60.1 50.6 49.7 51.5
INF-Retriever-v1-Pro 58.5 61.2 59.6 56.9
Harrier-0.6b 58.0 57.3 57.5 57.8
KaLM-12B-2511 57.8 52.4 53.7 56.3
Qwen3-Embedding-4B 56.9 56.8 52.0 52.5
Harrier-270m 56.9 54.2 50.6 52.9
Jina-v5-Nano 56.3 53.4 52.4 54.9
Jina-v5-Small 56.0 55.3 54.7 57.4
ReasonEmbed-Qwen3-8B-Rewrite 55.6 56.2 55.8 54.8
Octen-8B 54.9 54.9 53.7 54.5
Harrier-27b 54.7 56.9 59.2 55.6
RaDeR-7B 54.7 49.5 52.4 53.9
RaDeR-14B 54.6 55.1 55.2 53.1
RaDeR-3B 54.6 43.4 44.7 48.6
Qwen3-Embedding-0.6B 54.3 51.2 53.4 50.8
Qwen3-Embedding-8B 52.4 55.8 56.1 57.5
Octen-4B 51.8 53.1 51.2 52.2
Gemini-2 49.2 60.8 61.4 56.7
Gemma-300m 48.7 47.6 42.4 47.5
Qwen3-Reranker-0.6B 48.6 47.6 47.4 49.3
Qwen3-Reranker-4B 48.2 49.9 42.4 45.1
Diver-4B 47.3 51.0 53.7 50.6
INF-X-Retriever 45.6 51.5 52.8 49.0
Rank1-0.5B 45.1 26.3 28.2 41.2
Gemini-001 40.4 52.7 53.1 50.3
Qwen3-Reranker-8B 39.5 48.8 39.3 42.1
ReasonReranker-Qwen3-32B-Rewrite 38.9 37.5 39.5 41.3
Diver-GroupRank-32B 36.4 37.7 42.6 32.4
RaDeR-Reranker-7B 27.1 27.7 33.1 29.4
ReasonReranker-Qwen3-32B 20.6 22.0 23.9 21.5
Rank1-7B 20.5 34.6 36.1 22.8
Rank1-32B 16.2 31.6 33.5 17.6

56804



Table 11: Ability of IR systems to discover a rephrased,
equivalent version of the query, over all evaluated bi-
encoders. Table 2 shows a representative subset of these
rows.

SABER-MATH Median Top 1% Top 4% Top 16% Top 64%

ReasonEmbed-Qwen3-8B-Rewrite 0.738 2 45.2 68.0 84.9 95.7
ReasonEmbed-Qwen3-8B 0.710 2 45.4 71.3 86.9 95.1
RaDeR-14B 0.692 2 39.3 66.7 85.0 93.6
RaDeR-7B 0.690 3 32.5 60.0 79.2 91.3
Diver-4B 0.681 3 32.6 57.8 77.6 90.1
ReasonEmbed-Llama-3.1-8B 0.664 4 32.6 52.0 69.6 84.6
RaDeR-3B 0.654 6 24.3 44.7 67.1 83.8
Octen-8B 0.636 7 23.5 43.0 59.8 77.9
Diver-0.6B 0.632 5 28.3 49.1 68.9 83.5
Octen-4B 0.632 12 21.4 38.5 53.9 72.1
Gemini-2 0.628 6 26.4 45.1 64.1 80.3
Gemini-001 0.616 3 34.1 55.8 75.5 87.7
Qwen3-Embedding-4B 0.615 19 17.5 30.6 48.2 68.0
Qwen3-Embedding-8B 0.611 48 12.2 23.3 37.4 54.6
Harrier-27b 0.608 182 7.2 14.2 23.5 37.2
INF-Retriever-v1-Pro 0.594 143 9.1 18.1 27.9 41.1
KaLM-12B-2511 0.584 145 6.9 14.0 23.8 39.4
LLaMa-Nemotron-8B 0.579 175 8.8 16.3 27.4 38.6
Qwen3-Embedding-0.6B 0.575 70 11.1 21.8 33.9 48.9
Harrier-0.6b 0.572 119 9.1 17.2 28.6 43.4
Jina-v5-Small 0.565 235 6.1 12.2 22.4 36.1
Text-Embedding-3-Large 0.557 116 9.0 16.1 27.5 43.1
Jina-v5-Nano 0.530 619 4.8 9.3 17.1 26.7
Gemma-300m 0.527 242 7.3 13.8 23.0 35.6
Text-Embedding-3-Small 0.512 2729 1.9 4.2 7.8 14.1
BGE-m3 0.511 814 3.5 7.7 13.4 22.2
ReasonIR-8B 0.507 1598 3.7 7.6 13.1 19.5
Harrier-270m 0.498 765 4.9 9.3 16.4 25.4
INF-X-Retriever 0.494 739 2.6 5.7 10.1 19.5
Multilingual-E5-Large 0.488 913 4.4 8.8 15.3 25.4
BM25 0.416 436 8.4 14.2 21.4 32.1
Jaccard 0.412 5505 4.6 7.7 13.2 17.9
TF-IDF 0.412 12800 2.1 3.9 5.8 9.9
BERT 0.357 6047 2.9 4.8 7.1 10.8
RoBERTa 0.311 12368 2.8 4.4 6.4 9.5

Table 12: Ability of IR systems to discover a rephrased,
equivalent version of the query, when the search is re-
stricted to each query’s own 150-document candidate
set, over all evaluated systems. Table 11 reports the
same experiment over the full 71K-document pool.

SABER-MATH Median Top 1% Top 4% Top 16% Top 64%

ReasonReranker-Qwen3-32B-Rewrite 0.741 1 80.3 96.1 99.9 100.0
ReasonEmbed-Qwen3-8B-Rewrite 0.738 1 66.6 88.6 97.8 99.8
ReasonReranker-Qwen3-32B 0.733 1 91.3 98.5 99.9 100.0
ReasonEmbed-Qwen3-8B 0.710 1 67.5 89.5 96.8 99.5
Diver-GroupRank-32B 0.693 1 90.4 95.2 98.9 100.0
RaDeR-14B 0.692 1 63.2 86.7 96.4 99.5
RaDeR-7B 0.690 1 56.9 83.1 95.6 99.3
Qwen3-Reranker-4B 0.683 1 68.3 91.0 98.1 100.0
Diver-4B 0.681 1 56.3 80.8 94.5 99.5
Qwen3-Reranker-8B 0.666 1 84.6 96.5 99.3 100.0
ReasonEmbed-Llama-3.1-8B 0.664 1 52.5 75.4 92.0 99.0
RaDeR-3B 0.654 2 45.2 73.5 91.7 99.4
Qwen3-Reranker-0.6B 0.652 1 73.4 91.0 98.0 99.7
SPLADE-Code-8B 0.650 2 45.8 69.5 89.7 99.0
Octen-8B 0.636 2 44.1 68.7 88.4 99.0
Diver-0.6B 0.632 1 50.7 76.3 92.7 99.4
Octen-4B 0.632 2 39.8 63.6 86.0 99.0
Gemini-2 0.628 2 46.4 73.7 91.9 99.7
Gemini-001 0.616 1 58.1 83.2 95.5 99.8
Qwen3-Embedding-4B 0.615 3 32.6 57.6 83.3 98.4
Qwen3-Embedding-8B 0.611 6 26.4 45.4 70.5 94.1
Rank1-32B 0.610 1 86.3 97.0 99.3 100.0
Harrier-27b 0.608 15 15.9 30.3 52.6 86.4
SPLADE-Code-0.6B 0.595 5 27.6 49.1 73.2 96.2
INF-Retriever-v1-Pro 0.594 11 19.5 34.7 58.8 87.4
KaLM-12B-2511 0.584 11 15.7 31.5 57.1 90.7
LLaMa-Nemotron-8B 0.579 12 17.8 33.8 56.2 84.5
Qwen3-Embedding-0.6B 0.575 7 23.5 42.4 65.6 91.0
Harrier-0.6b 0.572 8 22.1 37.7 61.7 91.7
Jina-v5-Small 0.565 15 15.5 29.4 52.6 82.9
Reason-ModernColBERT 0.558 11 19.9 36.2 56.9 84.7
Text-Embedding-3-Large 0.557 8 19.9 39.3 65.0 91.8
Rank1-7B 0.552 1 81.0 94.4 99.2 100.0
Jina-v5-Nano 0.530 26 12.4 24.7 42.4 70.9
GTE-ModernColBERT 0.527 7 26.6 44.1 63.4 90.9
Gemma-300m 0.527 13 17.9 33.4 55.7 83.8
Text-Embedding-3-Small 0.512 56 6.1 13.3 25.2 54.2
BGE-m3 0.511 24 11.2 21.9 41.7 76.7
ReasonIR-8B 0.507 44 9.7 17.0 32.2 61.5
Harrier-270m 0.498 25 12.9 24.3 41.8 73.8
INF-X-Retriever 0.494 25 8.6 20.8 43.0 79.9
Multilingual-E5-Large 0.488 26 11.6 23.0 41.4 71.3
Approach Zero 0.468 1 61.8 77.6 86.8 95.6
BM25 0.416 11 21.6 38.6 57.5 85.6
Jaccard 0.412 46 11.5 19.8 33.7 57.4
TF-IDF 0.412 68 6.1 12.4 23.4 48.7
Rank1-0.5B 0.364 26 8.8 18.2 36.9 80.0
BERT 0.357 44 8.2 15.2 26.9 60.5
RoBERTa 0.311 62 7.6 13.1 24.4 51.3
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