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Abstract

PseudoSeer is a novel search engine for aca-
demic pseudocode, enabling retrieval over
320,000 algorithm implementations extracted
from the arXiv. Using the system’s caption-
reference pairs, we study asymmetric retrieval,
matching short queries with a median length of
five words against long documents of roughly
300 words composed primarily of natural lan-
guage with limited LaTeX notation. Our evalu-
ation reveals scaling limitations in embedding
models: a 149M parameter encoder outper-
forms 1.5B parameter alternatives, while BM25
remains competitive with pretrained models.
Analyzing attention patterns over 33,000 cap-
tion document pairs, we identify two factors
driving these results: attention efficiency and
attention concentration. Models that signifi-
cantly attend to sinks or non-discriminative
tokens leave less attention for discriminative
content, while models with overly diffuse atten-
tion fail to form discriminative representations.
Guided by these findings, PseudoSeer’s em-
bedding model, trained via contrastive learning
with efficient attention patterns, outperforms
the best pretrained model by 8.7 points. A hy-
brid approach combining learned embeddings
with BM25 reaches 66.5% R@10. PseudoSeer
is deployed at pseudoseer.ist.psu.edu as both
a practical search system and a benchmark for
retrieval evaluation.

1 Introduction

The ever growing volume of academic literature
necessitates efficient search tools that cater to the
specific needs of researchers. In many disciplines,
pseudocode plays a vital role in communicating
algorithms, describing computational procedures,
and promoting reproducibility. Pseudocode serves
as a critical bridge between natural language al-
gorithm descriptions and executable implementa-
tions, yet no existing search infrastructure enables
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researchers to efficiently locate pseudocode within
the millions of papers published annually. This gap
motivated our development of PseudoSeer, a search
engine that indexes over 320,000 pseudocode sam-
ples extracted from 2.2 million arXiv papers.

We introduce PseudoSeer, a search engine for
academic pseudocode that indexes over 320,000
algorithm implementations extracted from arXiv
papers spanning three decades. Beyond its utility
as a practical tool, PseudoSeer also provides an
evaluation framework for studying retrieval over
scientific documents, which pose an asymmetric
matching problem: short natural language queries
with a median length of five words must be matched
against substantially longer algorithm descriptions
of roughly 300 words that mix prose with limited
LaTeX notation. Individual caption words typi-
cally appear within their corresponding documents,
rewarding term matching while still requiring se-
mantic understanding to identify the correct pas-
sage. This setting exposes surprising limitations
in current embedding models. Evaluating a range
of architectures, including both encoder only and
decoder only models spanning 22M to 1.5B param-
eters, we find that scaling provides no clear benefit:
a 149M parameter model (GTE-ModernBERT) out-
performs 1.5B parameter alternatives, while BM25
remains competitive with all pretrained embedding
models. This diverges from general expectations,
under which larger models typically dominate.

To understand these patterns, we analyze at-
tention distributions across 33,000 caption docu-
ment pairs and identify two factors that explain
model performance. The first is attention efficiency:
whether models direct attention to content or divert
it to sinks and non-discriminative tokens. The sec-
ond is attention concentration: whether attention
to content is focused on discriminative terms or
diffused across the document. These factors inter-
act in revealing ways: Snowflake (568M) directs
77% of attention to natural language yet achieves
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lower recall than ModernBERT (149M), which al-
locates only 47% but concentrates it on discrimina-
tive terms. Qwen?2 (1.5B) shows decent concentra-
tion (Gini 0.74) but diverts substantial attention to
sinks and non-discriminative tokens.

Guided by these findings, we develop Pseu-
doSeer’s embedding model through contrastive
learning, initializing from GTE-ModernBERT
based on its efficient attention patterns. This
reaches 64.9% Recall@ 10, outperforming the best
pretrained model by 8.7 points. Hybrid retrieval
combining learned embeddings with BM25 reaches
66.5% R@10. Our contributions are as follows:

* We release PseudoSeer, the first search engine
for academic pseudocode, deployed at pseu-
doseer.ist.psu.edu, serving as both a practical
tool and an evaluation framework for scien-
tific pseudocode retrieval.

* We provide a systematic attention analysis
identifying efficiency and concentration as
key factors explaining why smaller models
outperform larger alternatives on structured
scientific content.

* We demonstrate that initializing from models
with efficient attention patterns enables effec-
tive domain adaptation, achieving state-of-the-
art performance through contrastive learning.

2 Related Work

Several pseudocode datasets have been developed
to support research in various code related trans-
lation and generation tasks. Notably, the SPOC
dataset Kulal et al. (2019) contains around 20,000
programs with human-authored pseudocodes and
test cases, designed for translating pseudocode to
C++ code. Another significant dataset is by Oda
et al. (2015), which includes approximately 16,000
manually crafted pseudocodes. The dataset is used
for statistical machine translation. Additionally, Za-
vershynskyi et al. (2018) provide a dataset of about
2,000 manually written pseudocodes for program
synthesis tasks.

While these datasets are valuable for specific
tasks, they represent a limited variety of pseu-
docodes and are hand-crafted by programmers.
Moreover, their relatively small size and lack of
diversity make them less suitable for use in search
engines, which require more extensive and varied
datasets to handle a broad range of pseudocode
search queries effectively. To that end, Toksoz

et al. (2024) provide a much larger dataset contain-
ing 320,000 pseudocode samples extracted from
scholarly papers on arXiv, which will serve as the
foundation for the dataset we use to build our pseu-
docode search engine.

Recent advances in retrieval have been largely
driven by Sentence Transformers by Reimers and
Gurevych (2019), which learn dense vector rep-
resentations of natural language sentences opti-
mized for similarity-based tasks. These models
have demonstrated strong performance in seman-
tic search by mapping semantically similar inputs
to nearby points in the embedding space, making
them well-suited for our task of retrieving pseu-
docode from natural language descriptions. This
shift toward neural retrieval aligns with broader
trends in integrating large language models (LLMs)
into search infrastructures, as surveyed by Xiong
et al. (2024) and Xu et al. (2025), which highlight
both the potential and challenges of combining
semantic understanding with efficient retrieval ser-
vices. In our experiments, we evaluate a diverse set
of Sentence Transformer models, including Qwen2-
1.5B-instruct (Yang et al., 2024), Stella-en-1.5B-
v5 (Zhang et al., 2025), Snowflake-arctic-embed-1-
v2.0 (Yuetal., 2024), GTE Modern BERT (Zhang
etal., 2024; Li et al., 2023), bge-m3 (Chen et al.,
2024), e5-large-v2 (Wang et al., 2022), allenai-
specter (Cohan et al., 2020), all-MiniLM-L6-v2
(Wang et al., 2020), and all-mpnet-base-v2 (Song
et al., 2020).

Recent work has examined how transformers
allocate attention. Clark et al. (2019) analyzed
BERT’s attention heads, finding patterns such as
attending to delimiter tokens and positional off-
sets, with certain heads corresponding to syntac-
tic relations. Kovaleva et al. (2019) showed that
a limited set of attention patterns repeat across
heads, suggesting overparameterization. Voita et al.
(2019) demonstrated that specialized heads play
linguistically-interpretable roles and are last to be
pruned when removing redundant heads. More re-
cently, Xiao et al. (2024) identified attention sinks,
tokens that disproportionately attract attention re-
gardless of semantic importance, and showed that
preserving these tokens enables stable streaming
inference. Our work extends this line of analysis
to retrieval encoders, distinguishing between active
structural processing and sink behavior, and con-
necting attention patterns to retrieval performance
on scientific documents.

Search engines for structured scientific content

39707


https://pseudoseer.ist.psu.edu
https://pseudoseer.ist.psu.edu

PseudoSeerd{}

|Enter Query Here |

LaTeX O References Title O Abstract O Authors

Search || Advanced Search

Over 300,000 pseudocode examples have been extracted.

Powered by: mm elasticsearch
=

Figure 1: Landing page of the search engine with field-
specific toggles for LaTeX, references, title, abstract,
and authors. Supports symbolic (BM25), semantic
(Transformer-based), and hybrid (RRF) retrieval.
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Abstract:

Nearest neighbor search and k-nearest neighbor graph construction are two fundamental issues
arise from many disciplines such as multimedia information retrieval, data-mining and machine
leaming. They become more and more imminent given the big data emerge in various fields in
recent years. In this paper, a simple but effective solution both for approximate k-nearest neighbor
search and approximate k-nearest neighbor graph construction is presented. These two issues
are addressed jointly in our solution. On the one hand, the approximate k-nearest neighbor graph
construction is treated as a search task. Each sample along with its k-nearest neighbors are joined
into the k-nearest neighbor graph by performing the nearest neighbor search sequentially on the
graph under construction. On the other hand, the built k-nearest neighbor graph is used to support
k-nearest neighbor search. Since the graph is built online, the dynamic update on the graph, which
is not possible from most of the existing solutions, is supported. This solution is feasibie for various
distance measures. Its effectiveness both as k-nearest neighbor construction and k-nearest
neighbor search approaches is verified across different types of data in different scales, various
dimensions and under different metrics.

1. Pseudocode

LaTex: >

Rendered Pseudocode: >

References: »

2. Pseudocode

LaTeX: »

Rendered Pseudocode: >

Figure 2: Results page when searching for nearest
neighbor in the abstract field.

have made significant strides in specialized do-
mains. MathWebSearch (Kohlhase and Sucan,
2006; Kohlhase et al., 2012) pioneered structural
indexing of mathematical expressions, with subse-
quent work on normalization techniques for detect-
ing logically equivalent formulas (Normann and
Kohlhase, 2007). Tools such as GROBID (Lopez,
2008-2023) and Nougat (Blecher et al., 2023) have
advanced scientific document processing and meta-
data extraction. Our work complements these ef-
forts by targeting a different modality: matching
natural language queries against documents con-
taining pseudocode with mixed prose and LaTeX
notation, where semantic understanding and lexical
matching work together.

3 Pseudoseer System

3.1 Data Collection

The pseudocode search engine is built on data
from Toksoz et al. (2024), extracted from LaTeX
source files of arXiv papers from 1991 to June 2023.

Pseudocode blocks were identified by locating
\begin{algorithm} and \end{algorithm} tags,
resulting in nearly 320,000 pseudocode examples
across 2.2 million papers. Each sample is enriched
with metadata including its arXiv ID, publication
year, arXiv weblinks, and reference snippets, which
are text snippets that mention the extracted pseu-
docode.

Reference snippets are central to the retrieval
task. These snippets are extracted by aligning \ref
tags with a surrounding text window of up to 1200
characters on each side, trimmed to sentence bound-
aries when detected (Toksoz et al., 2024), and re-
flect how researchers naturally describe algorithms
within scientific papers. While we index all avail-
able fields, our retrieval, evaluation, and fine tun-
ing procedures are primarily centered on reference
snippets. This design reflects a system wide choice,
as pseudocode blocks are dominated by LaTeX
markup, mathematical symbols, and variable defi-
nitions that diverge substantially from the structure
of natural language queries. Reference snippets
provide a middle ground: they are primarily natu-
ral language, with limited LaTeX notation. Some
pseudocode entries were excluded due to missing
or unresolvable reference tags. To the best of our
knowledge, no prior work has focused specifically
on extracting and enabling semantic search over
pseudocode content in scientific papers, making
this framework a novel and valuable resource for
information retrieval.

3.2 Search Architecture

PseudoSeer supports sparse, dense, and hybrid re-
trieval over indexed paper fields (Figure 1).

Sparse Retrieval. We use Elasticsearch with
standard Unicode tokenization to index all ex-
tracted fields: title, abstract, authors, pseudocode
blocks, and reference snippets. BM25 serves as the
sparse retrieval baseline. For multi field queries,
we apply field specific weights (2.0 for title and
abstract, 1.0 for others), with reference snippets
receiving elevated weight to reflect their alignment
with natural language queries.

Dense Retrieval. For semantic search, we em-
bed each reference snippet independently using
PseudoSeer’s embedding model, a Sentence Trans-
former trained on caption reference pairs (Sec-
tion 6). We adopt per snippet embeddings rather
than concatenating all snippets into a single vector,
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Figure 3: System overview. Captions and reference snippets are extracted from arXiv LaTeX sources. Reference
snippets are indexed using BM25 and HNSW. Captions act as evaluation queries; Recall@% measures whether the
correct reference appears among the top-k retrieved results. Dashed arrows indicate ground-truth matching.

as longer inputs exceed typical Transformer con-
text limits and tend to degrade retrieval quality. Em-
beddings are 768-dimensional and L2-normalized
for cosine similarity, indexed via Elasticsearch’s
HNSW based k-NN plugin for efficient approxi-
mate nearest neighbor search over 320,000 snippets.
At query time, we embed the query and retrieve the
top k£ matching snippets. Since a single paper may
contain multiple reference snippets, we collapse re-
sults to the document level by taking the maximum
similarity score across all snippets belonging to the
same paper. This document level ranking aligns
retrieval with how users interact with results, each
returned entry represents a complete paper with
its pseudocode, metadata, and reference snippets
(Figure 2).

Hybrid Retrieval. We combine sparse and dense
signals using Reciprocal Rank Fusion (RRF) (Cor-
mack et al., 2009). Both BM25 and the Trans-
former model retrieve over reference snippets inde-
pendently, and their rankings are fused. This mode
achieves the highest retrieval quality at the cost
of increased latency, and allows us to evaluate the
complementarity of lexical and semantic signals.

Ranking. For sparse retrieval, BM25 scores doc-
uments by term frequency with saturation and doc-
ument length normalization. For dense retrieval,
we rank by cosine similarity between the query
embedding and snippet embeddings, selecting the
maximum score per document. For hybrid retrieval,
we apply Reciprocal Rank Fusion (Cormack et al.,
2009), which combines ranked lists by summing
reciprocal ranks.

3.3 Caption-Based Evaluation

In our evaluation, we use captions of pseudocode
as evaluation queries. The benefit of this design is
to avoid manual ground-truth annotation, since the
reference snippets for some pseudocode are auto-

matically treated as the ground truth label for the
caption of the pseudocode. Caption reference pairs
are structurally co-located within the same paper,
and captions, which are normalized to natural lan-
guage with a median length of five words, resemble
the short keyword style queries commonly used in
search engines (Jansen et al., 2000). Captions of
three words or fewer were filtered as they tend to
be generic and lack discriminative content.

The document side, reference snippets with oc-
casional LaTeX notation, represents our target do-
main of scientific literature search. Crucially, cap-
tions are lexically distinct from their corresponding
reference snippets, and authors do not usually copy
caption text into the paper body, so there is no
guaranteed phrase level overlap between query and
target. However, individual caption words typically
appear somewhere in the reference, rewarding term
matching while requiring semantic understanding
to identify the correct passage. This evaluation
yields a retrieval setting that is neither purely NL to
NL nor subject to the extreme modality gap of NL
to LaTeX, but instead an asymmetric task involving
short queries matched against longer, structure rich
documents. This setting is described in Section 5.

Given this setup, for each caption, we retrieve
the top k snippets and check whether any snippet
from the same paper appears in the results. We use
Recall@Fk as our primary metric, measuring the
proportion of queries for which the correct docu-
ment is retrieved within the top k results. We addi-
tionally report nDCG @k (normalized discounted
cumulative gain), which applies a logarithmic po-
sition discount to reward relevant documents re-
trieved at higher ranks; since each query has ex-
actly one relevant document, alternative rank-based
metrics such as MRR yield similar orderings over
models. To prevent data contamination, we split
caption reference pairs into train, validation, and
test sets before any model training. Figure 3 illus-
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Table 1: Retrieval performance across models on the full corpus. Sorted by Recall@10. Arch.: Enc=Encoder,

Dec=Decoder, Lex=Lexical.

Model Params Arch. R@10 (%) nDCG
BM?25 — Lex 514 0.461
GTE-ModernBERT 149M  Enc 48.2 0.432
Snowflake-arctic-1-v2.0 568M  Enc 46.8 0.405
Qwen2-1.5B-instruct 1,540M Dec 46.6 0.416
Stella-en-1.5B-v5 1,540M Dec 46.4 0.411
bge-m3 569M  Enc 41.1 0.349
eS-large-v2 335M  Enc 35.6 0.286
all-mpnet-base-v2 109M  Enc 30.3 0.241
all-MiniLM-L6-v2 22.7M  Enc 25.6 0.198
allenai-specter 110M  Enc 13.8 0.101

trates the complete pipeline from data extraction
through evaluation.

4 Evaluation Framework

We evaluate a range of pretrained embedding mod-
els spanning two orders of magnitude in parameter
count, from 22.7M up to 1.5B parameters. As
PseudoSeer is a deployed search system, model
selection must balance retrieval quality against in-
ference latency and resource constraints. Table 1
summarizes the models evaluated, including both
encoder based architectures (BERT-style bidirec-
tional attention) and decoder based architectures
(causal attention adapted for embedding). We in-
clude BM25 as a lexical baseline.

For each model, we encode all reference snippets
in the corpus and retrieve the top k results by cosine
similarity to the encoded caption query. All models
are evaluated using their default settings with a
maximum input length of 512 tokens. Our dataset
contains approximately 33,000 caption reference
pairs. Crucially, the retrieval corpus includes all
reference snippets, not just those with associated
captions. This setting reflects real world use, where
queries must match against the full corpus. For
BM25, Elasticsearch’s default implementation is
used. Recall@10 and nDCG are reported.

4.1 Scaling and Performance Relationship

Table 1 presents retrieval performance for all mod-
els. The results reveal several noteworthy pat-
terns. First, BM25 achieves the highest perfor-
mance among all pretrained methods, reaching
51.4% compared to 48.2% for the best embedding
model (GTE-ModernBERT), a notable result given
the dominance of embedding methods in modern

retrieval systems and the growing adoption of de-
coder based models in RAG pipelines. Second,
model size shows no clear correlation with per-
formance. The largest models do not achieve the
highest scores: Qwen2 (1.5B parameters) reaches
46.6%, while GTE-ModernBERT (149M) achieves
48.2%, a model with 10x fewer parameters per-
forms 1.6 points higher. Even Snowflake (568M)
matches Qwen2 despite having one third of the
parameters. More broadly, the best performing em-
bedding model (GTE-ModernBERT at 149M) is
smaller than half of the models evaluated. Third,
decoder based models (Qwen2, Stella) perform
below encoder based alternatives of smaller size.
These patterns differ from typical expectations in
general purpose retrieval, where larger models tend
to outperform smaller ones. On our evaluation
framework, the relationship between scale and per-
formance is less clear, and lexical matching re-
mains highly competitive. The following section
investigates potential explanations for these obser-
vations.

5 Attention Analysis

Attention patterns are analyzed for the four highest
performing models across 33,000 caption docu-
ment pairs for two factors: placement, how atten-
tion is distributed across token categories, and con-
centration, how attention is distributed within natu-
ral language tokens. Attention to caption words is
also tracked because our dataset uses content based
natural language captions that describe the seman-
tic content of each pseudocode document. These
captions contain terms that also appear in the doc-
uments they describe, with an average of 3.3 cap-

39710



Table 2: Attention Placement by Token Category

Model NL %  Structural % LaTeX % Special % Stopwords %
ModernBERT 47.1+7.1  4.6+3.7 18.9+5.0 20.3+2.2 2.0+1.3
Snowflake 772441  7.4%2.1 6.4+2.8  2.2+1.7 6.5+3.1
Qwen 479475 15.1+4.6 7.243.6 16.8+4.0 6.2+2.8
Stella 14.742.2  16.845.7 94427 42.6+2.2 11.1+5.8

Table 3: Attention Redistribution When LaTeX Re-
moved

Model Category Original Cleaned
NL 471% 55.8%
Punctuation 2.9% 11.9%
ModemBERT \( (lines  09%  12%
Stopwords 2.0% 2.4%
NL 479%  49.2%
0 Punctuation 3.3% 4.8%
wen Newlines ~ 11.4% 14.2%
Stopwords 6.2% 6.8%

tion words per document. For example, a caption
such as “Two-neighborhood Iterated Local Search”
includes discriminative terms (“two,” “neighbor-
hood,” “iterated,” “local,” “search”) that appear in
the corresponding reference snippet and carry se-
mantic meaning relevant to retrieval. Caption atten-
tion therefore serves as a direct measure of retrieval
focus. A model that captures document semantics
should attend to words that describe its content.
Gini coefficient and entropy measure whether at-
tention is peaked or diffuse across content words
in general, caption attention evaluates whether that
concentration targets query relevant terms.

We categorize tokens into five groups: natural
language (content words including nouns, verbs,
and domain-specific terms), structural (punctua-
tion and newlines), LaTeX (commands, environ-
ments, and variables), special (CLS, SEP, end-of-
text markers), and stopwords (function words). We
separate LaTeX from structural tokens because La-
TeX includes variable names that have semantic
content. Models also differ in whether LaTeX at-
tention reflects active processing or serves as an
attention sink, tokens that absorb excess attention
without contributing to the representation (Xiao
etal., 2024).

The models we analyze use different pooling
strategies to produce the final embedding vector for

retrieval, which determines how attention weights
are extracted. GTE-ModernBERT and Snowflake-
Arctic use CLS token pooling: the CLS token rep-
resentation serves as the document embedding, so
attention is extracted from the CLS token to all
other positions. GTE-Qwen uses last token pool-
ing, where the final token representation serves
as the embedding; attention is therefore extracted
from the last token position. Stella uses mean pool-
ing, averaging all token representations to produce
the embedding; since every position contributes
equally, attention patterns are averaged across all
sequence positions. For all models, we analyze at-
tention at the final layer and aggregate subword to-
kens to the word level using the tokenizer’s builtin
word mapping.

5.1 Placement and Concentration

Table 2 shows attention allocation across token cat-
egories. We analyze these patterns through the lens
of attention efficiency: whether attention actively
contributes to the representation or serves as an at-
tention sink. We identify sink behavior through two
analyses: (1) layer by layer attention to non-content
tokens (stopwords, structural, special, LaTeX) in
original text to identify persistent patterns, and (2)
attention redistribution when LaTeX is removed to
see whether freed attention goes to NL or reroutes
to other sinks (Table 3).

Models exhibit distinct efficiency patterns.
Snowflake allocates minimal attention to struc-
tural tokens (7.4%) and maximal attention to NL
(77.2%) consistently across layers, suggesting ef-
ficient allocation with no apparent sink behavior.
ModernBERT shows selective structural process-
ing: LaTeX attention spikes only in specialized
layers (L17-18: 61-65%) while remaining low else-
where (2-11%), and other structural tokens (punc-
tuation, newlines) stay consistently low throughout
(<3%). When LaTeX is removed, +8.7% redirects
to NL, consistent with active processing rather than
sink behavior. In contrast, Qwen has persistent
non-content attention: newline attention is high
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Table 4: Non-Content Attention Across Layers

Model Token Type Early Middle Late Pattern
ModernBERT LaTeX 2-6% 9-11% 61-65%* — 19% Localized spike
ModernBERT Punct/Newline <3% <3% <3% Consistently low
Qwen Newlines 8-30% 46-55% 11-29% Persistent (min 11%)
Qwen LaTeX/Punct 6-8%  6-8% 6-8% Consistently low
Snowflake All structural ~ <5% <5% <5% Consistently low
Stella Punctuation  8-10% 15:28%  27-36% L croowent (min 8%)

with fluctuations

*L17-18 only; returns to 19% at final layer

Table 5: Attention Concentration Metrics

Model NL % Total NL Ginif NL Entropy| Caption % Caption GiniT Caption Entropy]
ModernBERT 47.1£7.1% 0.77+£0.05  0.75+0.06 6.1+5.4 0.45+0.26 0.59+0.31
Qwen 47.9+7.5% 0.74£0.05 0.77£0.06 5.745.1 0.39+0.23 0.65+0.32
Snowflake 77.244.1% 0.57+£0.04 0.87+0.02 4.4+4 .4 0.25+0.20 0.62+0.40
Stella 14.7+2.2% 0.43£0.03  0.93+0.02 1.9+£2.6 0.29+0.19 0.72+0.34

from early layers (L6-10: 46-55%) and never drops
below 11% in any layer (Table 4). When LaTeX
is removed, attention shifts to newlines (+2.8%)
rather than NL (+1.3%), suggesting sink behavior
where attention reroutes to alternative non-content
tokens. Stella also exhibits persistent non-content
attention (8%) with high variance (+14.8%), sug-
gesting document-dependent sink patterns.

However, avoiding sink behavior does not guar-
antee effective retrieval. Table 5 reveals that
Snowflake, despite efficient attention allocation
(77.2% to NL, with no apparent sink behavior),
shows low concentration (Gini 0.57) and achieves
lower caption attention (4.4%) than ModernBERT
(6.1%). For a 5-word query matched against ~300
content words, identifying discriminative terms re-
quires concentrated attention. ModernBERT’s high
Gini (0.77) indicates sharp peaks on specific words;
Stella’s low Gini (0.43) indicates more uniform
distribution. NL and caption entropy values cor-
roborate this pattern. While Stella shows slightly
higher average caption Gini than Snowflake (0.29
vs 0.25), Qwen shows a slightly larger difference
over Snowflake (caption Gini 0.39 vs 0.25), which
may partially explain its slightly higher nDCG
(0.416 vs 0.405) despite slightly lower Recall@10
(46.6% vs 46.8%), as concentrated attention on
discriminative terms can improve ranking quality
even when retrieval rates are similar. However, the

differences in Recall@10 and nDCG among these
three models are small; further investigation with
additional evaluations would be helpful to draw
stronger conclusions.

ModernBERT also develops specialized content
focused layers that may contribute to its concentra-
tion advantage. At layers 113, L16, L19, and L.22,
ModernBERT shows elevated NL attention (31%,
46%, 52%, and 47% respectively) and caption atten-
tion (3.7%, 5.4%, 6.2%, and 6.1%), substantially
higher than surrounding layers and other models at
comparable depths. In contrast, Snowflake main-
tains uniformly high NL attention (68-91%) across
all layers but never exceeds 4.9% caption attention
at any layer. Qwen only reaches comparable cap-
tion attention (4.4-5.7%) in its final layers (L21-28),
after recovering from middle-layer sink dominance.
Stella’s caption attention peaks mid-network (L15-
22: 4.1-5.1%) then drops sharply at the final layer
(L28: 1.9%), potentially due to mean pooling dilut-
ing concentrated signal across all positions.

The two factors, attention efficiency and con-
centration, interact in revealing ways. Snowflake
and Qwen achieve nearly identical recall (46.8%
vs 46.6%) through different limitations: Snowflake
directs attention to NL but distributes it diffusely;
Qwen concentrates attention better (Gini 0.74) but
wastes capacity on sinks. ModernBERT achieves
both efficient allocation and high concentration.
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Table 6: BM25 vs Embedding Models by Query Length in Words. Emb columns show average and maximum over

ModernBERT, Qwen, Snowflake, and Stella.

R@10 nDCG
Length BM25 Emb(avg) Emb(max) Gap BM25 Emb(avg) Emb(max) Gap
4-5 0.508  0.462 0.486  4.6% 0.447  0.401 0435 4.6%
6-7 0.521 0.483 0496 38% 0477 0.431 0.451 4.5%
8-10 0.538  0.507 0.523 3.0% 0.506  0.465 0490 4.1%
11-15 0.547 0.523 0.636 24% 0.518 0.484 0.620 3.5%

Table 7: Retrieval Performance on the held-out test set.

Method R@10 nDCG
BM25 59.4% 0.519
GTE-ModernBERT (pretrained) 56.2% 0.488
PseudoSeer Embedding 64.9% 0.593
PseudoSeer Hybrid 66.5% 0.610

5.2 Embedding Models vs BM25

BM2S5 achieves 51.4% R@10, outperforming all
embedding models on average. This result reflects
our dataset characteristics: queries are short (me-
dian 5 words) while documents are long (median
292 words), and caption words appear frequently
in reference snippets. BM25 exploits this through
IDF weighting, which concentrates weight on dis-
criminative query terms while downweighting com-
mon words. With short queries, there is limited
semantic context for embedding models to lever-
age, and they must learn comparable concentration,
which proves difficult when balancing attention to
query relevant content against other demands: ar-
chitectural overhead (e.g., CLS/SEP tokens receive
~20% attention in GTE-ModernBERT), attention
sinks (e.g., Qwen allocates up to 30% to structural,
LaTeX, and stopword tokens), and active structural
processing (e.g., GTE-ModernBERT’s 18% LaTeX
attention for document understanding).

As queries lengthen, embedding models close
the gap (Table 6). BM25’s advantage decreases
from 4.6% at 4-5 words to 2.4% at 11-15 words,
and the best embedding model exceeds BM25 at
longer queries (0.636 vs 0.547). Longer queries
provide richer semantic context that embeddings
can exploit, while BM25 remains limited to exact
term matching. A broader window for 11-15 words
ensures comparable sample sizes to other windows,
as longer queries are less frequent in the dataset.

6 Pseudoseer’s Retrieval Model

Our attention analysis reveals that GTE-
ModernBERT achieves both attention efficiency
and high concentration, yielding the highest
caption attention (6.1%) among pretrained models.
These properties, combined with its compact size
(149M parameters), make it an ideal foundation
for building PseudoSeer’s retrieval model.

Model Development. PseudoSeer’s embedding
model is developed through contrastive learning on
caption reference pairs. Using GTE-ModernBERT
as initialization, we train on caption reference pairs
where positives are captions matched with their cor-
responding reference snippets, with in-batch nega-
tives providing contrastive signal. To prevent data
contamination, the dataset is split into train, valida-
tion, and test sets; the pretrained model evaluation
in Section 4 used the full corpus since no training
was involved. Training is for 10 epochs batch size
32, learning rate 1 x 10~°, and 100 warmup steps.
Table 7 shows results on the held out test set.
PseudoSeer’s embedding model achieves 64.9%
R@10, an 8.7 point improvement over the pre-
trained baseline and 5.5 points above BM25. BM25
is known to be a strong baseline that often outper-
forms neural retrievers in zero shot settings (Thakur
et al., 2021); surpassing it with a dense retriever
demonstrates that starting from a model with effi-
cient attention patterns enables effective domain
adaptation to structured scientific content.

Hybrid Retrieval. Section 5.2 showed that
BM25 and embedding models have complemen-
tary strengths: BM25 captures exact term matches
through IDF weighting, while embeddings cap-
ture semantic similarity. PseudoSeer combines
these using Reciprocal Rank Fusion (RRF), run-
ning BM25 and our embedding model in parallel
and merging rankings with £ = 60. PseudoSeer
Hybrid achieves 66.5% R @10, the best overall per-
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formance, gaining 1.6 points over embedding alone
through BM25’s complementary exact matching.

Latency. While retrieval effectiveness is critical,
latency matters for deployment. BM25 averages ap-
proximately 47ms, while PseudoSeer’s embedding
model requires ~106ms due to real time query en-
coding, both acceptable for interactive use. Hybrid
is slower and takes about a second, executing both
pipelines before merging results, but achieves the
highest recall. These measurements were obtained
on a 2nd Gen AMD EPYC CPU with 64 cores.
PseudoSeer offers all three options: users prioritiz-
ing speed with filtering capabilities can use BM25,
those seeking better recall with minimal latency
increase can use embedding, and those prioritizing
recall over latency can use hybrid. Note that since
pseudocode LaTeX is rendered in real time and
cached, user perceived wait time may exceed query
latency if images are not yet cached.

7 Conclusion

We presented PseudoSeer, a novel search engine for
academic pseudocode that serves as both a practical
tool for researchers and an evaluation framework
for studying embedding model behavior on scien-
tific documents. Our experiments reveal that the
relationship between model scale and retrieval per-
formance is complex: BM25 outperforms all pre-
trained embedding models, and a 149M parameter
encoder surpasses models with 1.5B parameters.

Through attention analysis, we identify two fac-
tors that explain these results. First, attention effi-
ciency: models that allocate substantial attention to
sinks and non-discriminative tokens have reduced
capacity for content processing. Second, atten-
tion concentration: models that efficiently direct
attention to content but distribute it diffusely strug-
gle to create discriminative representations for re-
trieval. Our analysis distinguishes between active
structural processing and attention sink behavior,
showing that these phenomena have different im-
plications for retrieval.

These findings have practical implications for
retrieval system design. When documents contain
structured notation and queries are short, small
models with efficient attention patterns may outper-
form larger alternatives. Starting from such models
enables effective domain adaptation through con-
trastive learning: PseudoSeer’s embedding model
surpasses BM25 by 5.5 points and outperforms
the best pretrained model (GTE-ModernBERT)

by 8.7 points. Hybrid retrieval provides addi-
tional gains by combining learned semantic simi-
larity with BM25’s exact term matching, reaching
66.5% R@10. PseudoSeer is deployed at pseu-
doseer.ist.psu.edu. Beyond hybrid retrieval, the
tension between attention concentration and con-
tent coverage motivates exploring alternative archi-
tectures that capture both focused and distributed
document representations.

8 Limitations

The dataset only includes pseudocode from
papers that contain \begin{algorithm} and
\end{algorithm} tags. A machine learning-based
approach could detect additional patterns and ex-
pand the dataset. Additionally, search functionality
could be improved by leveraging transformer based
models for other fields beyond reference snippets,
particularly the LaTeX pseudocode field, exploring
retrieval across a larger domain gap from NL to La-
TeX. Moreover, incorporating ranking algorithms
that dynamically adapt to query type could enhance
precision based on query context.

Our evaluation uses captions as query proxies to
avoid manual annotation. While captions resemble
the short keyword-style queries common in search
engines (Jansen et al., 2000), they could differ from
real user queries in some ways. Captions share
authorship with reference snippets, which may cre-
ate lexical affinity that benefits term-matching ap-
proaches. However, caption quality varies by au-
thor: some captions remain highly generic even
after length filtering, others use domain-specific
shorthand or informal algorithmic notation, and
not all captions are written with the expectation of
being rendered in the PDF, introducing noise that
can make retrieval harder than a well-formed user
query would. Future work could supplement this
evaluation with human-generated queries to further
validate the benchmark.
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