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Abstract

Open scientific document embedders are typi-
cally trained on binary citation edges between
paper title-abstract pairs. This signal discards
the citation context sentence: a domain-expert
description of the cited paper, written by the
citing author. We use these sentences as the pri-
mary contrastive supervision signal to train Sci-
Embed, an open 149M ModernBERT-base en-
coder. On the official SciRepEval benchmark it
reaches 66.85 over three seeds, surpassing prior
open scientific embedders such as SPECTER2
and SciNCL. To isolate what the supervision
source contributes, we compare against IBM
Granite R2, a same-size ModernBERT peer
trained on general retrieval data. Using only
open citation-context data, SciEmbed matches
Granite R2 to within 0.6 on the SciRepEval
macro overall while specialising in the opposite
direction: it leads regression tasks tied to paper
impact by 2.3 points, where Granite R2 instead
leads classification, proximity, and search. A
28-configuration sweep over recipes and alter-
native supervision signals does not improve
on this result, consistent with the specialisa-
tion tracking the supervision source rather than
the training recipe. Training at longer contexts
yields monotonic gains on a body-fact retrieval
probe within our recipe. We release the model,
training pipeline, and evaluation harness as a
fully open, citation-context-supervised baseline
with a distinct, reproducible specialisation pat-
tern.

1 Introduction

Recent years have witnessed a rapid expansion of
embedding models for scientific literature. How-
ever, existing approaches remain bound to binary
citation graphs, LLM-generated data or rigid task-
specific fine-tuning (Singh et al., 2023; Brinner
and ZarrieB3, 2025; Ostendorff et al., 2022; Mysore
et al., 2022). In the case of citation-based special-
ized models, we often see the use of binary edges
between citing and cited title+abstract pairs. This
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edge representation discards the sentence in which
the citing paper explains why the prior work is ref-
erenced. A sentence such as “We extend the frame-
work of Smith et al. to handle multi-modal scien-
tific text” functions as a natural-language query for
the cited paper; it is written by a domain expert who
has read both works. We therefore treat the citation
context sentence as the primary supervision sig-
nal. Most of these models additionally use a rather
outdated 2019 SciBERT (Beltagy et al., 2019) back-
bone. The 512-token ceiling discards > 90% of an
average full-text paper (Lo et al., 2020) and rules
out the long-context retrieval scenarios now stan-
dard in modern IR benchmarks (Zhu et al., 2024).

Two recent developments now make this sig-
nal usable at scale. The Semantic Scholar Aca-
demic Graph (S2AG) (Kinney et al., 2023) con-
tains roughly one billion citation context sentences
together with citation intent labels (Cohan et al.,
2019). Separately, ModernBERT (Warner et al.,
2025) provides an 8,192-token encoder built on
RoPE (Su et al., 2024) and Flash Attention 2 (Dao,
2024), pretrained on 2T tokens and validated for
biomedical continued pretraining (Sounack et al.,
2025). To our knowledge the two have not yet
been combined for open scientific document em-

beddings.
We train SciEmbed, an open 149M
ModernBERT-base encoder, in two stages:

domain-adaptive MLM on scientific full text,
followed by contrastive fine-tuning on the S2AG
citation graph. The contrastive supervision takes
the citation context sentence as the load-bearing
information, not solely the citation edge (Figure 1).
To isolate what this supervision source contributes
at fixed architecture, we compare against IBM
Granite Embedding R2 (Awasthy et al., 2025),
which shares our backbone and recipe family but
trains on general retrieval data.

SciEmbed-FULL reaches 66.8540.38 on the of-
ficial 22-task SciRepEval benchmark (Singh et al.,
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Smith et al. (2018) A general frame-
work for multi-modal representation
learning across text and vision. ..
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STRUCTURED HARD NEGATIVE
A 50/30/20 mix of same-field, forward-
neighbour, and random papers; shown
here: a same-field non-cited paper. :

citation context query (q)
cited paper (d™)

structured hard negative (d ™)
other scientific papers
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Figure 1: A citing paper contains a citation context sentence: a domain-expert, natural-language description
of the cited work. Each citation edge yields one contrastive triplet: the context sentence as query g, the cited
paper’s title+abstract as positive d ™, and a structured hard negative d~ (Section 3.3). SciEmbed (149M-parameter
ModernBERT-base, 8K context) is trained to pull d™ close to ¢ and push d~ away.

2023) over three seeds, surpassing prior open scien-
tific embedders and matching the same-size Gran-
ite R2 to within 0.6. This small gap hides the more
informative question of where the two specialise.

Contributions. We make four primary contribu-
tions to the field of scientific document representa-
tion:

* We train and openly release SciEmbed, a 149M
ModernBERT-base scientific embedder super-
vised primarily by citation context sentences,
together with its training pipeline and evalu-
ation harness — a fully open, citation-context-
supervised baseline with a distinct, reproducible
specialisation pattern.

* We isolate the supervision source at fixed archi-
tecture through a controlled comparison with
the same-size Granite R2, finding that the two
models specialise on opposite SciRepEval buck-
ets, a mirror image no other peer reproduces
(Section 5.1).

* We characterise recipe-space saturation:
within the tested configuration space, a
28-configuration recipe sweep never beats
citation-context supervision and Stage-1
domain-adaptive MLM contributes < 0.1 on
SciRepEval, consistent with the result being
bounded by the supervision source rather than
the recipe (Sections 5.3 and 5.2).

* We probe long-context behaviour with a Body-
Fact Retrieval diagnostic and LongEmbed, and

!Code, training pipeline, and evaluation harness: https:
//github.com/JOnasW/SciEmbed-release. Model check-
points: https://huggingface.co/J0@nasW.

find monotonic gains in Stage-2 context length
within the recipe (Section 5.4).

2 Related Work

Prior work on scientific document embeddings clus-
ters into two families, and the cell at their intersec-
tion is what motivates SciEmbed.

Citation-edge supervision on SciBERT-512.
The widely used open scientific embedders are
SPECTER (Cohan et al., 2020), SPECTER?2 (Singh
et al., 2023), SciNCL (Ostendorff et al., 2022), AS-
PIRE (Mysore et al., 2022), and SciMult (Zhang
et al., 2023). They all build on SciBERT (Belt-
agy et al.,, 2019) or a comparable BERT-base
backbone capped at 512 tokens, and supervise
contrastively on binary citation edges: each ci-
tation between two papers becomes a positive (ti-
tle+abstract, title+abstract) pair. Variants of the
recipe add task-specific adapters (SPECTER2’s
four [CLF]/L[QRY]/[RGN]/[PRX] LoRAs), graph-
proximity positives (SciNCL), or multi-task instruc-
tion routing (SciMult), but the underlying super-
vision is the same edge signal. The sentence in
which the citing paper actually describes the cited
work, the citation context, is discarded; so is any
input above the 512-token cap. Citation-intent
taxonomies (Jurgens et al., 2018; Cohan et al.,
2019; Lauscher et al., 2022; Wright and Augen-
stein, 2021) and citation-context retrieval (Ritchie
et al., 2008) have been studied as their own task
family, but to our knowledge they have not been
used as the primary supervision signal for an open,
general-purpose scientific document embedder.
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Replacing edges with derived natural-language
queries. Two recent open scientific embedders
try to mitigate the same semantic dilution by re-
placing the citation edge with a richer derived
query: SemCSE (Brinner and Zarriel, 2025)
(183M) uses LLM-generated abstract summaries,
and CoSAEmb (Singh and Singh, 2024) uses
aspect-conditioned section embeddings from dis-
course structure. Both raise signal density above
edges, but the query is generated post-hoc rather
than authored in situ by a domain expert who has
read both papers. SciEmbed’s citation context sen-
tence is the same object class, but it already exists
in S2AG at no extraction cost; we re-evaluate Sem-
CSE in Table 1 and find the same pattern as with
Granite R2 (Section 5.1).

General-retrieval supervision on long-context
backbones. A parallel line of work has pushed
general-purpose embedders to long context:
BGE (Xiao et al., 2024; Chen et al., 2024),
E5 (Wang et al., 2022), GTE (Li et al., 2023),
Nomic Embed (Nussbaum et al., 2025; Nomic Al,
2025), Jina v3 (Sturua et al., 2025), and at decoder
scale NV-Embed-v2 (Lee et al., 2025a) and Qwen3-
Embedding-8B (Zhang et al., 2025). These models
train on web-scale general-retrieval data (often MS-
MARCO and synthetic query-document pairs) on
8K-context backbones; they do not use citation
supervision and do not target SciRepEval. The
query side of these pairs is a generic search in-
tent, not the domain-expert sentence relating two
scientific papers that citation-context supervision
provides. Within this family, IBM Granite Embed-
ding R2 (Awasthy et al., 2025) (149M, Modern-
BERT, 8K; August 2025) is the most precise archi-
tectural match for SciEmbed, sharing our backbone
and a broadly comparable contrastive-finetuning
recipe family but trained on general enterprise re-
trieval data. It is the matched-architecture peer
used throughout the paper to isolate the supervision-
source contribution at fixed architecture.

The unexploited cell, and SciEmbed’s position.
Open scientific embedders trained with citation su-
pervision remain pinned to 512-token SciBERT,
and open long-context ModernBERT embedders
target general English / enterprise retrieval (BGE,
Nomic, Granite R2) or biomedical-only similar-
ity (Clinical/BioClinical ModernBERT (Lee et al.,
2025b; Sounack et al., 2025; NeuML, 2025))
rather than the multi-domain scientific corpus.
The cell “citation-context supervision on a long-

context backbone” is, to our knowledge, unex-
ploited among open models we evaluated. Sci-
Embed sits in this cell: a 149M ModernBERT-base
encoder trained with S2AG citation context sen-
tences as the primary contrastive supervision, eval-
uated end-to-end on the official 22-task SciRepEval
suite plus LongEmbed and a Body-Fact Retrieval
diagnostic probe. The full landscape table (pa-
rameter counts, context lengths, backbones, and
scientific-supervision tags across open peers) is in
Appendix A.2 (Table 2).

3 Methods

SciEmbed is trained in two stages: domain-
adaptive masked language model (MLM) pretrain-
ing on scientific full text (Section 3.2), followed by
multi-signal contrastive fine-tuning (Section 3.3).
Figure 1 shows the Stage 2 contrastive setup end-
to-end.

3.1 Base Model

Our backbone is ModernBERT-base (Warner et al.,
2025): a 149M-parameter encoder with an 8,192-
token context window, pretrained on 2T tokens of
web, code, and scientific text. We prefer Modern-
BERT to SciBERT (Beltagy et al., 2019) because
its context window is 16x larger (8,192 vs. 512
tokens, enabling full-text input) and its pretraining
corpus is substantially larger (2T vs. 3.2B tokens).

3.2 Stage 1: Domain-Adaptive Pretraining
(DAPT)

We initially trained SciEmbed in two stages, but
the controlled ablation in Section 5.2 shows that,
once the Stage 2 contrastive signal is in place,
the marginal contribution of Stage 1 to SciRepE-
val is within noise of the contrastive-only variant,
and the same picture holds at the SK Stage-2 cap
on LongEmbed and BFR (Section 5.4). We sum-
marise the recipe below for reproducibility and
treat Stage 2 as the primary contributor through-
out; practitioners reproducing SciEmbed at a com-
parable budget can start Stage 2 directly from
raw ModernBERT-base (the NoDAPT-CTX vari-
ant), though this contribution is budget-conditional
(Limitations).

We continue masked language modelling on
13.4M filtered scientific full-text papers (13.9M
before length filtering; PMC-OAS, S20RC (Lo
et al., 2020), arXiv, peS20 (Soldaini et al., 2024)),
with ModernBERT’s BPE tokenizer at 8,192-token
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SciEmbed (Signal B, citation-context supervision)

q (citation context, written by the citing author): “Inspired
by [9], we conducted a more extensive and systematic study
of assembling several CNN-related techniques into a single
network.”

d™ (cited paper title + abstract): Bag of Tricks for Image
Classification with Convolutional Neural Networks. “Much
of the recent progress made in image classification research
can be credited to training procedure refinements, such
as changes in data augmentations and optimization meth-
ods...”

Granite R2-style (general-retrieval supervision, Natural
Questions)

q (Google search query): “when was the first test tube baby
born”

d™ (matching Wikipedia passage): Louise Brown. “Louise
Joy Brown (born 25 July 1978) is an English woman known
for being the first human to have been born after conception
by in vitro fertilisation, or IVE.”

Figure 2: SciEmbed’s query is a domain-expert sentence
from the citing author that explicitly motivates the cited
contribution; the Granite-style query is a short user in-
formation need with a Wikipedia answer passage. The
two distributions are visibly different. Citation-context
example is a real Signal-B pair from our training pool;
the Granite-style row is a real Natural Questions training
pair, one of the three public retrieval datasets that the
Granite R2 technical report (Awasthy et al., 2025) names
as in-domain training data (NQ, HotpotQA, FEVER).

chunks (128-token stride). Training optimises the
standard 30%-masked log-likelihood with AdamW
(Ir 2x107°, weight decay 0.01, 2,000 warmup
steps, cosine schedule, BF16) on 4xH200 GPUs
via MosaicML Composer (The Mosaic ML Team,
2021) for 16.1h (8.3B tokens). The cleaned cor-
pus construction, masking schedule, full hyperpa-
rameters, and the training-loss curve are in Ap-
pendix B.1.

3.3 Stage 2: Multi-Signal Contrastive
Fine-Tuning

We train the Stage-1 checkpoint with two con-
trastive signals from the S2AG citation graph; the
construction is illustrated in Figure 1 and a real
example pair next to a general-retrieval counter-
part is shown in Figure 2. Ablation/probe vari-
ants are detailed in Appendix B.3. Signal A
(citation edge triplets) follows the SPECTER
recipe (Cohan et al., 2020): each example pairs
search_query: “citing title. citing abstract” with
search_document: “cited title. cited abstract”.
A two-tier sampler draws 16M high-confidence
triplets from the S2AG influential-citation pool

(~ 140M edges) and 34M from the general non-
influential pool (~ 2.8B edges, with > 5 ci-
tations on both sides), yielding ~ 50M dedu-
plicated triplets. Signal B (citation context
queries) pairs an S2AG citation context sentence
(search_query: citation sentence) with the cited
paper (search_document: cited title. cited ab-
stract); S2AG exposes ~ 1B such sentences, of
which we sample 20M from the influential tier after
filtering to 50-1,000 characters, > 3 words, and >
0.5 alphabetic ratio. Signal C (intent-conditioned,
discarded) extends Signal B with S2AG intent pre-
fixes (cite_background/method/result); it did
not improve over A+B on current benchmarks and
is discussed in Appendix B.3. Signal D (struc-
tured hard negatives) augments the in-batch nega-
tives with one explicit structured hard negative per
anchor, sampled as a 50/30/20 mix of same-field
non-cited papers, forward-neighbour papers (cited
by d* but not by the anchor, the hard-negative def-
inition of SPECTER (Cohan et al., 2020)), and
random papers; the same-field component uses the
S2AG s2fieldsofstudy category (24 disciplines,
median ~ 433K candidates per field) as the prox-
imity signal. We audit the false-negative rate this
same-field sampling induces in Appendix B.3.

3.4 Training Configuration

Stage 2 uses sentence-transformers (Reimers and
Gurevych, 2019) with Matryoshkal.oss (Kusu-
pati et al, 2022) (output dimensions
K={768,512,256,128},  uniform  weights)
wrapping MultipleNegativesRankingLoss (Hender-
son et al., 2017) (InfoNCE with cosine similarity,
temperature 7'=0.05). Concretely, for an in-batch
set B containing the gold positive d*, the struc-
tured hard negative d~ (Signal D), and in-batch
negatives, the per-pair loss is

Z —log

kel

exp(simy(g,d™)/T)
Z exp(simy(q,d)/T) ’

deB
ey

where simy (-, -) is the cosine similarity computed
on the first £ embedding dimensions. Mean
pooling (Nussbaum et al., 2025) and AdamW
(Ir 2x107°, no weight decay, gradient clip
lg|2<1.0, linear warmup+decay, BF16) round
out the recipe. Per-device contrastive batch of
64, with 4 gradient-accumulation steps for abla-
tion variants and 8 for SciEmbed-FULL, gives an
effective optimiser batch of 256 examples (abla-

L(q,d") =
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tion) or 512 examples (FULL) per parameter up-
date; max_seq_length=512 for the default ab-
lation variants (extended to 2,048 and 8,192 for
the long-context variants in Section 5.4). Follow-
ing the ES/GTE/Nomic recipe, each minibatch is
drawn from a single signal type to prevent cross-
task false negatives, with proportional sampling by
available pool size (Nussbaum et al., 2025). Ab-
lation variants train for 3 epochs at 10% warmup;
SciEmbed-FULL trains for 1 epoch at 5% warmup
over the full deduplicated ~ 30M-pair pool. Full
loss formulation (per-dimension InfoNCE with Ma-
tryoshka summation), per-signal mixing probabil-
ity, and the per-pool deduplication and validation
split details are in Appendix B.2.

3.5 Data Mixing

Ablation variants subsample 7M pairs (2M Signal-
A triplets + 5M Signal-B context pairs) per epoch
over 3 epochs (~ 1 day per variant); SciEmbed-
FULL trains on the complete deduplicated A+B
pool (~ 30M unique pairs after MD5 deduplication
of the raw 70M-pair pool) for a single epoch. The
full per-signal pool / ablation / FULL counts are in
Appendix B.2 (Table 3).

4 Experimental Setup

We evaluate SciEmbed’s representation quality on
established scientific and long-context benchmarks.

Benchmarks. Our primary benchmark is
SciRepEval (Singh et al., 2023): 22 tasks in four
categories: classification, regression, proximity
and ad-hoc search. They are evaluated via the
official allenai/scirepeval runner with the
official per-task metrics (macro-F1 / 7, / MAP
/ nDCG; the 22nd task, Paper-Reviewer Match-
ing, uses Hard/Soft P@{5,10} on a different
scale and is reported separately; aggregation
details and ordering-stability cross-checks in
Appendices C.1 and C.2). As an independent
leaderboard-comparable check we also evaluate the
MTERB Science Subset (Muennighoff et al., 2023)
(9 tasks) via the official mteb package. SciRepEval
and MTEB Science are dominated by short
inputs (Section 5.4) and cannot exercise the 8K
backbone, so we also evaluate LongEmbed (Zhu
et al.,, 2024) (6 retrieval tasks via the official
upstream mteb runner) and a science-specific
Body-Fact Retrieval (BFR) diagnostic probe
built from S20RC (Lo et al., 2020) full text
(9,749 papers encoded as title + abstract +

body; 1,000 held-out body-middle sentences
with < 20% trigram overlap with the abstract as
queries, so the answer is in the body but not the
abstract prefix; full construction in Appendix H.1).
The within-recipe gap between SciEmbed-CTX
variants (max_seq_length € {512,2048,8192})
isolates the Stage-2 context-length contribution on
scientific text.

Baselines. Within the single-model embedder
regime (one set of weights, one embedding per
document) our peers are SPECTER?2 Base (Singh
et al., 2023), SciNCL (Ostendorff et al., 2022),
SemCSE (Brinner and ZarrieB3, 2025), BGE-large-
en-v1.5 (Xiao et al., 2024), BGE-M3 (Chen et al.,
2024), E5-large-v2 (Wang et al., 2022), Nomic
ModernBERT (Nomic Al, 2025), Nomic Embed
v1.5 (Nussbaum et al., 2025), and GTE-large-
v1.5 (Li et al., 2023). IBM Granite Embedding
R2 (Awasthy et al., 2025) (149M, ModernBERT,
8K; trained on general enterprise retrieval data)
is the matched-architecture peer used throughout
to isolate the supervision-source contribution at
fixed architecture. We also report SPECTER?2 with
its four task-specific [CLF1/[QRYJ/[RGN]/[PRX]
adapters (68.3 overall, in-harness re-evaluation in
Appendix E.4.1) as a task-routed reference, dis-
tinct from the single-model regime; full backbone /
context / parameter table in Appendix A.2.

Trained variants. We train four headline vari-
ants: BASE (Signal A only, 2M-pair subsample, 3
epochs), CTX (Signals A+B, 7TM-pair subsample, 3
epochs), NODAPT-CTX (CTX initialised from raw
ModernBERT-base instead of the Stage-1 check-
point), and FULL (A+B on the full ~ 30M-pair
deduplicated pool, 1 epoch). Three long-context
variants CTX-2048, CTX-8192, and NoDAPT-
CTX-8192 are independent training runs of the
CTX recipe with max_seq_length extended at
Stage 2 (see Section 5.4); they are not inference-
time context extensions. FULL is the recom-
mended general-purpose artifact; CTX-8192 is the
recommended long-context artifact.

Contamination audit. Because SciEmbed trains
on the S2AG citation graph and SciRepEval draws
from the S2AG ecosystem, we audit structural over-
lap: paper-level overlap against the Signal-A can-
didate pool is 4.2%-31.0% across tasks (full au-
dit in Appendix D.1). No downstream label is
part of the training signal in either Stage 1 (self-
supervised MLM) or Stage 2 (contrastive over
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text triplets); this kind of unlabeled paper-level
exposure is structurally shared with SPECTER,
SPECTER?2, and SciNCL. We further re-evaluate
the five highest-overlap tasks on a cold-paper sub-
set that drops every test paper present in the pool
before scoring (Appendix D.1): the cold-vs-official
deltas are small (|A| < 3.2) and shared in di-
rection across SciEmbed-FULL, BGE-large, and
SPECTER?2, which reduces the plausibility of a
training-set leakage explanation. SciEmbed has the
smallest mean absolute delta of the three (1.20 vs.
1.38 for BGE-large and 1.33 for SPECTER?2; full
table in Appendix D.2).

Compute. Stage 1 MLM runs 16.1h on
4xH?200; Stage-2 training is ~ 1 day on a single
H100/A100 per ablation variant and ~ 2 days for
SciEmbed-FULL (single epoch over the ~ 30M-
pair pool); data generation uses SQL-level parti-
tioning over the citation graph.

5 Results

Table 1 presents the main results on SciRepEval.

5.1 Main Results

SciEmbed-FULL reaches 66.85 + 0.38 on
SciRepEval over three seeds, surpassing BGE-
large, SPECTER?2 Base, and the same-backbone
Nomic ModernBERT (Nomic Al, 2025). The
matched-architecture peer IBM Granite Embed-
ding R2 (Awasthy et al., 2025) reaches 67.44,
which is 0.6 above SciEmbed-FULL. The pair-
wise model ordering is stable to within 0.15
points across three aggregation conventions (Ap-
pendix C.2). The small gap to Granite R2 hides
the more informative question of where the two
same-architecture models specialise.

Mirror-image specialisation. Granite R2 shares
our backbone and recipe family but trains on gen-
eral enterprise retrieval data: a mixture of pub-
licly available retrieval pairs, IBM-internal pairs,
and LLM-synthesised query—document pairs. The
weights are open, but the internal and synthetic
subsets are not; SciEmbed’s S2AG citation-context
training pairs are fully open. At fixed architecture,
the two models specialise in opposite directions
on SciRepEval: SciEmbed-FULL leads regression
by +2.3 (28.2 vs. 25.9); Granite leads classifica-
tion (+0.7), proximity (+1.7), and search (+2.2).
Figure 3 renders this contrast as cohort-relative
z-scores: SciEmbed is a regression outlier, while

_
6)]
1

1.0 1

0.5 1

0.0 1

—0.54

—1.04

Z-score across reported peers
(z=0 is the peer average)

~1.5-
Classif.

Relgr. Prlox. Sealrch

=@= SciEmbed-FULL
=M= Granite R2

SPECTER2 Base
Nomic ModernBERT

Figure 3: Per-bucket standing of SciEmbed-FULL and
Granite R2 relative to SPECTER?2 and Nomic Modern-
BERT, with each bucket normalised by its own metric.
The two highlighted profiles cross between adjacent
buckets: SciEmbed peaks on regression (+1.60, the
only outlier in this bucket), while Granite peaks on
proximity and search (+1.60 and +1.50) and dips on
regression. No peer reproduces either shape, consistent
with a supervision-source effect rather than an inciden-
tal one.

Granite peaks on proximity and search. The two
profiles cross between buckets and no other peer in
our cohort reproduces either shape, which is con-
sistent with a supervision-source effect rather than
recipe noise. We treat the matched-architecture pair
as suggestive rather than definitive: a single com-
parison cannot fully rule out DAPT-corpus, batch,
or data-scale differences (see Limitations).

Where the regression lead concentrates. The
+2.3 regression advantage concentrates on tasks
that test persistent-citation recognition (publication
year, h-index, citation count); the single regression
task that runs against the pattern is Tweet Mentions,
a social-media metric not present in our citation-
context training signal. The same +2.3 regres-
sion deficit also holds against SemCSE (Brinner
and Zarrie$3, 2025) (183M, LLM-summary super-
vision), so the advantage is not specific to general-
retrieval alternatives — consistent with the lift com-
ing from training on author-written descriptions of
cited papers rather than from contrasting against a
general-retrieval recipe in particular.

Task-routed reference. SPECTER2’s four-
LoRA-adapter system reaches 68.3 overall, with
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Table 1: Main results on the official SciRepEval benchmark (Singh et al., 2023) (22 tasks via allenai/scirepeval).
Overall is the macro-average of the four task-category averages over 21 common-metric tasks (Appendix C.1);
Paper-Reviewer Matching uses P@{5, 10} and is reported per-task in Appendix C.3. SciEmbed rows are mean +
sample-std over three seeds; per-category columns show seed means. Bold marks the best score in the single-model

regime.
Model Params Classif. Regr. Prox. Search Overall
Baselines
ModernBERT-base 149M 71.1 252 65.7 73.3 58.8
SPECTER?2 Base 110M 74.9 277 814 81.7 66.4
SciNCL 110M 74.1 255 815 80.7 65.4
SemCSE 183M 75.3 259 802 824 65.9
E5-large-v2 335M 74.8 247 1787 83.8 65.5
Nomic ModernBERT 149M 75.9 26.7 793 83.2 66.3
BGE-large-en-v1.5 335M 76.1 256  80.5 83.9 66.5
Granite R2 149M 76.3 259 827 84.9 67.4
SciEmbed (ours, 149M params)
SciEmbed-BASE 149M 75.3 26.8  80.2 82.2 66.1£0.09
SciEmbed-B-only* 149M 75.2 28.0 80.3 82.0 66.4+0.04
SciEmbed-CTX 149M 75.5 283 809 82.5 66.8+0.02
SciEmbed-NoDAPT-CTX® 149M 75.3 28.2  80.8 82.6 66.7+0.07
SciEmbed-FULL 149M 75.6 28.2 809 82.7 66.85+0.38
Task-routed reference (different deployment regime)
SPECTER?2 + 4 adapters' 110M x 4 77.0 31.7 818 82.7 68.3

*Signal-B-only ablation: Stage 2 on citation-context pairs alone (no citation edges, no structured negatives), otherwise identical
to SciEmbed-CTX.
$Stage-1-skipped variant: identical to SciEmbed-CTX (Signals A+B, 7M-pair subsample, 3 epochs) but Stage 2 is initialised

from raw ModernBERT-base instead of the Stage 1 MLM checkpoint.

TSingle-system upper bound that selects one of four task-specific LoORA adapters per downstream task; not a single-model
comparison. A deployment that accepts per-task routing can exceed both single-model recipes (mostly via a specialised
regression head), at the cost of dispatching a different model per task.

the gap to SciEmbed-FULL concentrated in
regression (31.7 vs. 28.2) where a dedicated
regression head specialises end-to-end. This is
a deployment trade-off rather than a redefini-
tion of the comparison: SciEmbed targets the
single-model regime (one set of weights, one
embedding per document, one index downstream),
whereas deployments that can afford per-task
model dispatch and are regression-dominated may
prefer SPECTER?2’s task-routed system.

Decomposing the citation-edge contribution.
Among prior citation-edge peers, SciNCL (Os-
tendorff et al., 2022) can be compared: graph-
proximity negatives over citation edges, SciB-
ERT backbone, 512-token cap, reaching 65.4 on
SciRepEval. SciEmbed-BASE (matched citation-
edge supervision but on ModernBERT-8K) reaches
66.1 £ 0.09, so the +0.7 from SciNCL to BASE
measures the joint backbone-and-recipe upgrade.
Adding citation-context queries on top of this lifts
SciEmbed-CTX a further +0.7 that isolates the su-
pervision upgrade itself. A separate data-scaling
sweep from 3.5M to 30M pairs is monotonic and
concentrated in regression (Appendix E.1).

Cross-check on MTEB Science. The same
mirror-image pattern recurs on the science-
relevant MTEB tasks (Muennighoff et al., 2023).
SciEmbed-FULL leads ArxivClassification and
MedrxivClustering outright across all eleven evalu-
ated models (including both matched-architecture
peers), while Granite R2 leads the five MS-
MARCO-style retrieval tasks (SciDocsRR, SciFact,
TRECCOVID, NFCorpus, BiorxivClustering). Sci-
Embed’s lead is on the classification and clustering
side; Granite’s is on the retrieval side. Per-task
scores are in Appendix F.

5.2 Ablation Study

We test whether supervision source drives the
model specialization. Adding citation-context
queries on top of citation edges (BASE — CTX)
is worth +0.7 overall, with the lift concentrated on
regression (+1.5). The signal exposes the model
to natural-language queries that title+abstract pairs
never see.

Citation context, not the edge, carries the re-
gression lift. A Signal-B-only run — Stage 2
on citation-context pairs alone (no citation edges,
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no structured negatives), otherwise identical to
CTX — reaches 66.4 overall with regression 28.0
(three seeds; Table 1). Regression thus moves
26.8 — 28.0 — 28.3 across BASE (edges only)
— B-only (contexts only) — CTX (both), so the
regression specialisation is carried by the citation-
context signal rather than the citation edge. Search
runs the other way — B-only (82.0) sits just below
edge-only BASE (82.2) — so the two signals are
complementary rather than redundant, and the full
A+B recipe is best overall.

Stage 1 MLM contributes negligibly. Remov-
ing the Stage 1 checkpoint (CTX — NoDAPT-
CTX) changes the SciRepEval score by only 0.1
(66.8 — 66.7), lifts the LongEmbed aggregate
by 0.5, and stays within |A|<0.8 on every BFR
R@10 variant at 8K. Once Signals A+B are in the
contrastive mix, DAPT’s marginal contribution is
essentially zero at our 8.3B-token budget.

Pool scaling saturates and alternative signals do
not help. Scaling the contrastive pool from 7TM
to 30M pairs is monotonic on the seed-42 curve
(+0.4 overall, saturating past ~ 21M; full curve in
Appendix E.1), though the three-seed FULL mean
(66.85) sits only +0.05 above CTX within the seed
band. Instruction-aware pairs (40.1) and intent-
conditioned training (—0.1) do not meaningfully
improve over A+B (Appendix B.3). Per-category
LoRA adapters (Hu et al., 2022) trade regression
for the other three buckets and end at 66.6 overall,
below SciEmbed-FULL (Appendix E.4).

5.3 Recipe-Space Saturation

We test whether the overall score of 66.85 reflects
saturation of our runs or of citation-context super-
vision itself. A 28-configuration sweep over the
CTX recipe varies contrastive temperature, batch
and pool composition, and four alternative aux-
iliary signals; no variant improves on FULL by
more than +0.01 (the best reaches 67.11 against
the same-seed FULL baseline of 67.10; full sweep
in Appendix E.3).

The flatness is not a benchmark artefact either.
On half of the common-metric SciRepEval tasks,
per-task variance across SciEmbed recipe variants
stays under 1.0 points, while across external mod-
els on the same tasks it runs 1.5 to 5.9 x larger. The
benchmark has room left for moves between mod-
els; the SciEmbed recipe family does not occupy
that room. We read these two probes together as
evidence that, within the configurations we tested,

saturation sits on the supervision-source axis, not
the recipe axis.

5.4 Long-Context Retrieval

Only 3.9% of SciRepEval inputs exceed 512 to-
kens, so we evaluate long context separately on
LongEmbed (Zhu et al., 2024) and on a science-
specific Body-Fact Retrieval (BFR) diagnostic
probe (Section 4). The same mirror-image pat-
tern from Section 5.1 repeats: Granite R2’s
general-retrieval supervision wins absolute scores
on both, while within the SciEmbed recipe a Stage-
2 context-length scan (512 — 2K — 8K) is mono-
tonically positive on both benchmarks. Two BFR
robustness variants preserve this monotonicity af-
ter restricting candidates to same-field neighbours
or rewriting queries with Qwen3-32B, ruling out
coarse topic separability and exact-string match-
ing as alternative explanations. We treat BFR
as a diagnostic rather than a benchmark. Per-
length NeedleRetrieval, Matryoshka truncation,
per-task LongEmbed curves, BM25 lexical con-
trols, and the full BFR robustness tables are in
Appendices E.2, G.2, G.4, H.2.

5.5 Efficiency

In fp16 on a single H100, SciEmbed processes
9,363 docs/sec at bs=128, exceeding BGE-large
(4,875 docs/sec) by 10% while using 2.6x less
peak GPU memory (445 MB vs. 1,168 MB). The
same advantage holds on a workstation-class GPU
(2,004 vs. 1,133 docs/sec, 1.77 %), so the efficiency
is not datacenter-specific. SPECTER2 reaches a
higher absolute throughput but is restricted to a 512-
token input window. The same-size Granite R2
matches SciEmbed’s throughput to within 1% (Ap-
pendix I.1), so the efficiency gap is with the 335M-
class models rather than between the two 149M
peers. The full throughput curve, the small-batch
latency table, and the UMAP visualisation are in
Appendices 1.1 and 1.2; per-task SciRepEval scores
in Appendix C.3.

6 Conclusion

We present SciEmbed, a scientific document em-
bedder that uses the citation context sentence, the
description a citing author writes about a cited
work, as its primary contrastive supervision signal.
On SciRepEval it reaches 66.85, surpassing prior
open scientific embedders such as SPECTER?2 and
SciNCL and coming within 0.6 points of the same-
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size Granite R2, which is trained on proprietary
general-retrieval data.

A matched-architecture comparison against
Granite R2 is consistent with a supervision-source
effect: with backbone, parameter count, and recipe
family held fixed, the two models specialise in op-
posite directions, SciEmbed on the impact-related
regression tasks and Granite on classification, prox-
imity, and search. Our recipe and pretraining abla-
tions leave this picture unchanged, so the speciali-
sation is best explained by the supervision source,
not by architecture, scale, or training recipe, though
the closed composition of Granite’s training data
leaves a residual data confound we cannot fully
exclude (see Limitations).

This positions the supervision source as a pri-
mary design choice for scientific document embed-
dings, alongside architecture and training recipe.
Citation-context and general-retrieval supervision
act as complementary signals, each strongest on
the tasks it targets: fine-tuning Granite R2 on our
citation contexts adds the regression specialisation
to a strong retrieval backbone for the best overall
of the three variants (67.6; Appendix E.5), con-
firming the two compose rather than trade off. We
release SciEmbed, its training pipeline, and evalu-
ation harness so the community can build on the
citation-context axis and combine it with others.

Limitations

Data and language. SciEmbed is trained exclu-
sively on English-language papers and inherits cov-
erage biases from S2AG, which underrepresents
certain fields, regions, and venues. Deployments
that rely on the impact-related regression scores
should pair them with field-normalized evaluation
and fairness checks across underrepresented fields,
languages, and regions.

General-retrieval and long-context gap.
Citation-context supervision does not close the gap
to general-purpose embedders on retrieval-style
tasks. SciEmbed trails BGE-large on SciRepEval
search (82.7 vs. 83.9), scores 49.3 on the full
41-task MTEB(eng,v2) suite against Nomic Embed
v1.5’s 63.4, and trails Granite R2, BGE-M3, and
GTE-large-v1.5 on LongEmbed.

Matched-architecture comparison. The Gran-
ite R2 baseline shares our backbone, parameter
count, and recipe family but trains on a mixture
that includes IBM-internal and LL.M-synthesised

query-document pairs whose composition and scale
are not public. We can therefore isolate the super-
vision style (citation-context vs. general retrieval)
only conditional on Granite’s training-data scale
and quality being broadly comparable. We miti-
gate this by triangulating against multiple matched-
architecture peers (Nomic ModernBERT, SemCSE)
on both SciRepEval and MTEB Science, and by
the recipe-space ceiling probe (Appendix E.3) that
shows no SciEmbed configuration we tested ex-
ceeds the headline, but the comparison cannot fully
rule out a data-scale or data-quality confound from
Granite’s closed corpora.

NoDAPT finding is budget-conditional. The
negligible Stage-1 contribution holds at our 8.3B-
token DAPT budget and single-phase cosine sched-
ule. We did not vary the Stage-1 corpus, the MLM
objective, or the architectural scale, and a longer or
differently scheduled DAPT could still contribute,
particularly where token-level vocabulary adapta-
tion is the dominant signal.

Construction caveats. Long-context experi-
ments use a single training seed; the within-
recipe monotonicity claim is replicated across four
probes (LongEmbed, which includes NeedleRe-
trieval, and three BFR variants). BFR itself is a
self-constructed probe and is framed as a diag-
nostic rather than a benchmark. Signal B treats
every S2AG citation context as a clean positive
without filtering perfunctory or self-citations (Wu
et al., 2026): a frontier-LLM audit of 2,000 pairs
(Appendix B.3) finds the cited title+abstract recov-
ers the referenced aspect in 62.5% of pairs and
misses it in 37.5%, so the +0.7 overall lift is an
aggregate-signal result that tolerates this noise (the
Signal-B-only ablation in Section 5.2 isolates it
end-to-end). Selecting higher-quality contexts — a
substantive-context or citation-quality filter over
Signal B, together with self-citation removal — is
a natural next step we leave to future work. Sym-
metrically, Signal D draws same-field negatives at
the s2fieldsofstudy granularity, rejecting only
the anchor and the gold positive, so a paper gen-
uinely related to the anchor can be sampled as a
negative. An audit of 1M training negatives (Ap-
pendix B.3) finds 4.7% of same-field negatives are
directly cited by or cite the anchor and 7.3% share
any citation or bibliographic-coupling link, against
a ~0% random-field floor, so this false-negative
contamination is small and, like the positive side,
leaves Signal D an aggregate-signal result. Text-
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level MDS5 deduplication of training pairs collapses
identical citing phrasings of the same target paper
into a single example, which flattens the underlying
citation-frequency distribution.

Recipe and architectural scope. All variants use
mean pooling and Matryoshka loss with uniform
weights across {768,512,256,128}; attention-
weighted and CLS pooling, late-interaction ar-
chitectures such as ColBERTv2 (Santhanam
et al., 2022), dimension-specific temperatures, and
capacity-aware Matryoshka weights are not ablated.
The recipe-space saturation analysis is bounded to
a single backbone, parameter count, and recipe
family; we do not test substantially larger back-
bones, teacher distillation, or cross-encoder heads.
Signal B also uses the cited title+abstract as the
positive; aligning the citation context to the most
relevant passage of the cited paper, in the style of
CL-SciSumm cited-text-span annotation (Jaidka
et al., 2016), is a promising richer-supervision di-
rection our released pipeline supports.

Ethics Statement

All inputs to SciEmbed are publicly available aca-
demic metadata and full-text papers under open-
access licenses (S20RC, PMC Open Access Sub-
set, arXiv, peS20); no personally identifiable infor-
mation is collected. Compute and infrastructure
are reported in Section 4.

Coverage bias and downstream use. S2AG
over-represents English-language, North American
and European, biomedical, and STEM publications,
and the citation-context (Signal B) signal is denser
in biomedical and computer-science papers than in
humanities-adjacent fields. These biases propagate
into the trained model and any downstream system
built on it. We do not recommend SciEmbed as the
sole signal in high-stakes settings such as reviewer
assignment, hiring, or funding decisions without
additional fairness-aware controls.

Misuse and release. SciEmbed could be misused
to construct citation cartels or amplify the coverage
biases above. We release weights, training pipeline,
evaluation runner, and the project-level uv. lock
under the MIT License with a model card docu-
menting these limitations.
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A Reproducibility

A.1 Software and dependencies

The released uv.lock pins the full depen-
dency graph. Stage 1 runs MosaicML Com-
poser (The Mosaic ML Team, 2021) 0.32.1 on
PyTorch 2.7.0 in BF16, with transformers
4.57.6, Flash Attention 2.8.3, and an 8.3B-token
mosaicml-streaming 0.13.0 MDS shard. Stage 2
uses sentence-transformers 5.3.0 on a single
A100 or H100 in BF16. Data construction uses
DuckDB 1.5.0 for SQL-level partitioning of the ci-
tation graph, PyArrow 23.0.1, and datasets 4.8.2
for in-RAM signal mixing. Evaluation uses the
official allenai/scirepeval protocol on the 22-
task benchmark and mteb 2.12.15 for MTEB and
LongEmbed. Python > 3.12 throughout.

A.2 Open embedding-model landscape

Table 2 lists a selection of open embedding models
with parameter count, native context length, spe-
cialization and backbone.

B Training construction

B.1 Stage 1: domain-adaptive MLM

Stage 1 MLM starts with 13.9M scientific full-text
papers from four sources: PubMed Central Open
Access Subset (PMC-OAS; 4.6M), S20RC (Lo
etal., 2020) (7.4M), arXiv (748K), and peS2o (Sol-
daini et al., 2024) (1.1M), filtered to 1,000—
500,000 characters of body text, yielding 13.4M
papers.

Text cleaning. We remove LaTeX artefacts
(while trying to preserve meaningful mathemat-
ical notation), strip XML markup from PMC
documents, remove reference sections and pub-
lisher boilerplate, normalise Unicode, and collapse
whitespace.

Train (smoothed)

—e— Eval

1.04 A

MLM Loss (cross-entropy)

1.02 T T T T

Tokens (billions)

Figure 4: Stage 1 MLM training and validation loss
over 8.3B tokens on 4 xH200 GPUs. Eval cross-entropy
decreases from 1.079 to 1.041 (—3.5%).

Tokenisation and chunking. The ModernBERT
BPE tokenizer (50,368-token vocabulary, byte-
level pre-tokenization) splits each document into
8,192-token sequences with 128-token stride over-
lap. We sample 8-10B tokens from the corpus.

Training recipe. Following the ModernBERT
architecture (Sounack et al., 2025; Warner et al.,
2025) we use a 30% masking rate. The MLM
objective is the standard masked-token negative
log-likelihood,

Lyim = — Z log po (= | B\ m(z)) >, (2)
teM(x)

where M(z) C {1,...,|z|} is the random 30%-
masking subset and @\ p4(,) is the unmasked con-
text. We optimise Ly with AdamW (87=0.9,
£2=0.95, weight decay 0.01), learning rate 2 x
1075, 2,000 warmup steps, cosine annealing, and
BF16 mixed precision. Training runs on 4 NVIDIA
H200 GPUs via MosaicML Composer (The Mo-
saic ML Team, 2021) for 16.1h (8.3B tokens at
143.6K tok/s steady-state). Training and validation
loss can be seen in Figure 4.

B.2 Stage 2: contrastive fine-tuning

Stage 2 contrastive fine-tuning uses sentence-
transformers (Reimers and Gurevych, 2019) with
MatryoshkalLoss (Kusupati et al., 2022) wrapping
MultipleNegativesRankinglLoss (Henderson et al.,
2017). For each batch B of anchor/positive pairs
(i, d;L) (optionally accompanied by per-anchor
hard negatives \; from Signals A and D), MNRL
optimises an InfoNCE objective with cosine simi-
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Table 2: Open embedding models, early 2026. “Sci” = trained on scientific signals; “Ctx” = native context length.

Model Params Ctx Sci Backbone
SPECTER?2 (Singh et al., 2023) 110M 512 v SciBERT

SciNCL (Ostendorff et al., 2022) 110M 512 v SciBERT

SciMult (Zhang et al., 2023) 110M 512 v SciBERT

SemCSE (Brinner and Zarrief3, 2025) 183M 512 v SciDeBERTa
BGE-large (Xiao et al., 2024) 335M 512 - BERT-large
E5-large (Wang et al., 2022) 335M 512 - BERT-large
GTE-large-v1.5 (Li et al., 2023) 434M 8192 - BERT+RoPE+GLU
Nomic Embed vl (Nussbaum et al., 2025) 137M 8192 - long-context BERT
Jina-v3 (Sturua et al., 2025) 570M 8192 - jina-XLM-R
BGE-M3 (Chen et al., 2024) 568M 8192 - XLM-R-large
NV-Embed-v2 (Lee et al., 2025a) 8B 32K - Mistral-7B
Qwen3-Emb-8B (Zhang et al., 2025) 8B 32K - Qwen3
nomic-modernbert-embed (Nomic Al, 2025) 149M 8192 - ModernBERT
lighton-modernbert-embed-1 (LightOn Al 2025) 395M 8192 - ModernBERT
Granite R2 (Awasthy et al., 2025) 149M 8192 - ModernBERT
BioClin. ModernBERT (Sounack et al., 2025) 149M 8192 (biomed MLM) ModernBERT
NeuML bioclin-mb-emb (NeuML, 2025) 149M 8192 (biomed sim.) ModernBERT
SciEmbed (ours) 149M 8192  (citation graph) ModernBERT

larity s(q,d) = cos(fp(q), fo(d)):

Zl og L ENT s(qi,df)/T 7
|B| Ze (¢:,d)/T

deC;

3

LinfoNCE =

where C; = {d;F }; UM is the per-anchor candi-
date set: every in-batch positive d;r (with d;r for
j # 1 acting as an in-batch negative for ¢;) plus any
explicit hard negatives N; (N; = & for pair-only
signals such as Signal B alone). T'=1/20 = 0.05
is the softmax temperature (sentence-transformers
scale=20); with the per-device batch of 64, each
anchor sees at least 63 in-batch negatives plus its
hard negative when present. The effective opti-
miser batch (256 for ablation variants, 512 for
SciEmbed-FULL) is produced by gradient accu-
mulation, so in-batch negatives still come from the
64-example forward step.

Let D = {128,256,512,768} denote the four
Matryoshka truncation dimensions. The wrapper
applies Eq. 3 at each d € D with uniform weights

Wy = 1:
L= Z Wd EInfoNCE 4
deD

The default embedding dimension at inference is
768.

Following the ES5/GTE/Nomic recipe,
each minibatch is drawn from a single
signal type to prevent cross-task false
negatives. With sentence-transformers’

MultiDatasetBatchSamplers.PROPORTIONAL
sampler, signal s € {A, B} is sampled with

probability p(s) o |Ss|, where S4 and Sp are the
per-signal pair pools (ablation regime: |S4|~2M,
|Sp|~5M; we use S here to avoid overloading D).
A 5% held-out validation split monitors training
with early stopping (patience 3-5).

The ~ 57% reduction from the 70M raw pool
to ~ 30M unique pairs reflects three properties of
the S2AG graph. (i) The raw s2ag.citations
table is itself not edge-unique: ~ 9% of rows
are duplicate (citing, cited) pairs (2.92B rows
vs. 2.65B distinct edges). (ii)) S2AG contains
multiple corpus identifiers for the same underly-
ing paper (preprint, journal, version-of-record), so
canonical (title, abstract) texts collide across dis-
tinct corpusids. (iii) Signal B is dominant: the
same citation context sentence frequently appears
in multiple citing papers pointing to the same tar-
get (boilerplate phrases such as “Following X ...”
for canonical references). MDS5 on the formatted
anchor/positive text collapses all three to a single
training pair, so any two pairs that would present
identical training signal to the encoder are merged.

B.3 Construction details for ablation and
probe signals

This subsection covers two groups of signals out-
side the main A+B recipe: the recipe-side ablation
signals (C, D), and the four data-signal sources
used in the ceiling probe (Section 5.3). The Sig-
nal A+B construction itself is illustrated in Fig-
ure 1.
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Table 3: Training signal summary for Stage 2 contrastive fine-tuning. “Pool” is the total generated pairs; “Ablation”
is the subsample drawn per epoch (x 3 epochs); “Full” is unique pairs after MD5 deduplication (x 1 epoch). Signal D
is applied to A—B rather than contributing independent pairs. Signal C and instruction pairs were explored but did

not improve on A+B (Section 5.2).

Signal Source Pool  Ablation Full  Prefix

A: Citation edges S2AG citations  50M 2M ~25M  search_x

B: Context queries S2AG contexts  20M M ~5M  search_x

D: Hard negatives S2AG + fields - - — (applied to A-B)
Explored signals (not in the headline recipe)

C: Intent-conditioned ~ S2AG intents 15M - cite_x*

Instruction pairs OpenAlex 10M - classify:/search_x
Total (A+B) 70M ™ ~30M*

* After MD35 deduplication of the 70M raw pool to ~30M unique pairs.

Signal C (intent-conditioned, discarded).
S2AG provides citation intent labels (background,
method, result) inferred from context. We
construct intent-prefixed query/document pairs
of the form cite_method: {context} — {cited
title+abstract}. The raw distribution is heav-
ily skewed (approximately background 80%,
method 18%, result 4%; individual class fractions
are independently rounded and need not sum
exactly to 100%, since S2AG citations may carry
more than one intent label). We oversample
method 3x and result 10x subject to a global
cap of 15M pairs, yielding approximately 6.9M
background, 4.6M method, and 3.4M result pairs.
Intent-specific hard negatives draw from same-field
papers cited under the other intents.

Signal D (structured hard negatives). We add
an explicit structured hard negative to the standard
in-batch negatives, sampled from three strata drawn
from a pre-materialised pool of S2AG papers and
field-of-study labels: same-field non-cited (50%)
forces the model to distinguish topical proximity
from intellectual debt; forward-neighbour papers
(30%) are papers cited by the cited (positive) paper,
drawn from a forward citation index over Signal-A
candidates; random (20%) provide easy negatives
for calibration. Signal D is applied to Signals A
and B rather than contributing standalone pairs,
and is integrated into the headline SciEmbed-FULL
recipe (Table 1).

False-negative audit of same-field negatives.
Because the same-field stratum samples uniformly
within a field (median ~433K candidates) and re-
jects only the anchor and the gold positive, a paper
genuinely related to the anchor can be drawn as
a negative. We bound how often this happens by

Table 4: False-negative audit of Signal-D negatives,
scored on 1M sampled training triplets against the ci-
tation graph (criteria independent of the positive edge).
Cited: a direct citation in either direction other than the
gold positive; BC>3: bibliographic coupling of > 3
shared references; Any: either criterion. Rates in %.
Gold positives and random cross-field pairs are calibra-
tion references; bibliographic coupling is a coarse proxy,
as even gold positives reach only 49.9 at BC>3.

Pair population Cited BC>3 Any
Same-field negatives 4.7 5.5 7.3
All negatives (mix) 3.9 4.3 6.0
Gold positives (ref.) 100.0 499 100.0
Random cross-field (floor) 0.0 0.0 0.0

scoring 1M sampled training triplets against the
citation graph, using two relatedness criteria that
are independent of the positive citation edge: a
direct citation between anchor and negative in ei-
ther direction (other than the gold positive), and
bibliographic coupling of at least three shared ref-
erences. Among same-field negatives, 4.7% are
directly cited by or cite the anchor and 7.3% are
related by either criterion, against a ~0% random
cross-field floor and 100% direct citation for gold
positives (Table 4); roughly 93% carry no citation
or bibliographic-coupling link to the anchor. The
false-negative contamination is therefore small and
bounded, and Signal D is, like the positive side, an
aggregate-signal mechanism rather than a guaran-
tee that every sampled negative is unrelated.

Context-abstract alignment audit. Signal B as-
sumes the cited title+abstract is a usable positive for
the citation-context query. We audit this assump-
tion via a frontier LLM judge (Claude Opus 4.8).
We label 2,000 randomly sampled Signal-B pairs
on two axes and assess whether the specific aspect
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Table 5: Context—abstract alignment audit on 2,000 ran-
domly sampled Signal-B pairs, judged by a frontier
LLM. Aligned = FULL (aspect explicit in title/abstract)
-+ PARTIAL (recoverable from the abstract topic); Subst.
= the context describes the cited work rather than listing
it in passing. Rates in % over parsed judgments.

Judge FULL PARTIAL MISMATCH Subst.
Opus 4.8 (primary) 20.4 42.1 375 839
DeepSeek-V4 (check) 22.3 28.6 49.1 73.3

the citation attributes to the cited paper is recov-
erable from its title+abstract (FULL: stated explic-
itly; PARTIAL: clear from the abstract’s topic; MIS-
MATCH: not recoverable), and whether the context
substantively describes the cited work. The as-
pect is recoverable in 62.5% of pairs (20.4% FULL
+42.1% PARTIAL) and a MISMATCH in 37.5%;
83.9% of contexts are substantive (Table 5). A sec-
ond judge (DeepSeek-V4) reproduces the majority-
aligned-but-noisy picture (50.9% aligned, agreeing
with Opus on 79.9% of items), and author spot-
checks concur, so the finding is not an artifact of
a single judge. The signal is thus noisy but works
through the noise: InfoNCE with in-batch nega-
tives tolerates imperfect positives, and the Signal-
B-only ablation (Section 5.2) shows the context
signal alone still carries the regression speciali-
sation. Selecting for the recoverable majority (a
substantive-context filter over Signal B) is a natural
improvement we leave to future work.

Ceiling-probe data signals. Four data sources
were introduced specifically for the Section 5.3
ceiling probe. Each was evaluated both as a
pure replacement for Signal A+B and mixed into
A+B. None exceeded the FULL baseline; the per-
configuration scores are in Table 12.

OpenAlex related-works pairs. A paper-paper
topical-similarity edge set drawn from OpenAlex’s
works_related_works relation. We extracted
30M filtered (anchor, related) pairs in the same par-
quet schema as Signal A+B, with English-language
and abstract-length filters (50 < |abstract| < 5000
characters). At 30M pairs they ranked lowest of
the four probe signals (pure 63.25, mixed 65.08).

Co-citation pairs. The classical scientomet-
ric “co-citation” similarity signal: two papers are
co-citation siblings when they share a citing par-
ent. We extracted 1.19M pairs from a self-join of
s2ag.citations on the citing paper, restricted to
a 5M citing-paper sample with at most 10 outgoing

citations per parent. This is structurally the super-
vision underlying SciDocs CoCite, CoView, and
CoRead, where we trail Granite R2 by —1.1 on
average. Empirically: pure 65.37, mixed 66.53.

TLDR<sabstract pairs. The model-generated
TLDR of a paper (from S2AG’s tldrs table,
~70M paper-TLDR pairs) is treated as a query
for the paper’s full abstract. We extracted 15.55M
filtered pairs subject to the same length and En-
glish filters as Signal A+B. The bet was that an
asymmetric short-query/long-document structure
is closer to MS-MARCO retrieval than the sym-
metric citation-context structure of A+B and might
lift the search bucket. The search score on the pure
variant is 80.19, —2.50 below the NoDAPT-CTX
recipe base (82.69) on which the probe is built.
Empirically: pure 63.60, mixed 65.46.

Intent-filtered improvement citations. A drug-
discovery-style triplet: the anchor is a cited (prior)
paper, the positive is the citing (follow-up) pa-
per, restricted to citations with is_influential
= TRUE in S2AG (approximately 12% of cita-
tions). We drew 2.0M pairs by modular sampling
on citationid. Empirically: pure 65.38, mixed
66.63, the closest call in the entire probe.

C Evaluation protocol

C.1 SciRepEval task aggregation

Table 6 maps each SciRepEval task to its pri-
mary metric and the bucket used in our four-
category macro-average (the “Overall” column
of Table 1). We follow the per-task metrics of
Singh et al. (2023) with two deviations from their
format-based grouping: RELISH (nDCG) is scored
alongside the other nDCG-based ad-hoc retrieval
tasks rather than the proximity tasks, and Paper-
Reviewer Matching (PRM) is excluded from the
four-category macro because its Hard/Soft P@Fk
scale would distort a category mean. PRM is still
reported per metric in Table 8, and the cross-check
in §C.2 shows that the headline ordering is robust
to both choices.

C.2 Aggregation cross-check

To check that the headline ordering is not an arte-
fact of our four-category macro, Table 7 recom-
putes the overall score under three conventions:
(A) our four-category macro over the 21 common-
metric tasks; (B) the per-task mean over all 22
tasks, with PRM contributing the mean of its four
P@{5, 10} sub-metrics; (C) a 5-format macro treat-
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Table 6: SciRepEval task to category mapping. “Aggr.”
is whether the task contributes to the four-category
macro-average reported in Table 1.

Task Metric Bucket Aggr.
MeSH Descriptors Fl-macro Classification yes
FoS F1-macro Classification yes
Biomimicry F1-binary Classification yes
DRSM F1-macro Classification yes
SciDocs MAG F1-macro Classification yes
SciDocs MeSH F1 Classification yes
Citation Count Kendall 7 Regression  yes
Publication Year Kendall 7 Regression  yes
h-Index Kendall 7 Regression  yes
Tweet Mentions Kendall 7 Regression  yes
Peer-Review Score Kendall 7 Regression  yes
Same Author MAP Proximity yes
Highly Infl. Cite. MAP Proximity yes
SciDocs Cite MAP Proximity yes
SciDocs Co-Cite MAP Proximity yes
SciDocs Co-View MAP Proximity yes
SciDocs Co-Read MAP Proximity yes
Search nDCG Search yes
TREC-CoVID nDCG Search yes
NFCorpus nDCG Search yes
RELISH' nDCG Search yes
Paper-Reviewer Match. H/S P@5,@10 — no

TRELISH is officially a proximity task in Singh et al. (2023)
but uses nDCG; regrouping it with the nDCG tasks shifts the
four-category overall by 0.3-0.5 points and preserves the
top-4 ordering.

Table 7: SciRepEval overall score under three aggrega-
tion conventions. (A) our 4-cat macro (21 tasks). (B)
22-task mean with PRM folded in. (C) 5-format macro
with PRM as its own format. The model ordering is iden-
tical under all three; pairwise gaps are stable to within
0.15 points. SciEmbed-FULL averages over seeds 123,
456, and 789.

Model A B C
SPECTER?2 + 4 adapters 68.30 67.62 63.72
Granite Embedding R2 67.44 66.77 63.16
SciEmbed-FULL (3 seeds) 66.85 66.21 62.65
BGE-large-en-v1.5 66.52 65.85 62.36
SPECTER2 Base 66.43 65.84 62.23
Nomic ModernBERT 66.27 65.59 62.15

ing PRM as its own format. Convention B mir-
rors the per-task average reported by Singh et al.
(2023), who additionally apply In-Train / Out-of-
Train weighting and the SciDocs conventions of
Cohan et al. (2020).

The absolute level shifts as PRM is folded
in (its P@{5,10} scale runs lower than
F1/7/MAP/nDCG), but pairwise comparisons are
preserved: SciEmbed-FULL trails Granite R2
by —0.59, —0.56, —0.51 under A, B, C and
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Figure 5: Cumulative length distribution of SciRepE-
val inputs vs. natural scientific text. SciRepEval inputs
nearly match raw abstracts in the bulk but have a thinner
right tail (3.9% vs. 8.2% over 512 tokens), consistent
with construction-time selection for SciBERT-class en-
coders. Full-text papers live almost entirely beyond 512
tokens, with 33% requiring more than 8,192.

exceeds BGE-large by +0.33, +0.36, +-0.29. The
remaining gap to the 70.9 Adapters figure of Singh
et al. (2023) (and the 71.2 they obtain by stacking
MTL CTRL on top of Adapters) is largely from the
SciDocs and In-Train / Out-of-Train conventions
we do not replicate; the per-category directions of
effect are consistent across all three aggregations.

C.3 Per-task SciRepEval scores

Table 8 reports per-task scores for SciEmbed-
BASE, -CTX, -NoDAPT-CTX, and -FULL along-
side the strongest baselines on all 22 SciRepEval
test tasks. SciDocs MeSH (F1) is grouped with clas-
sification; RELISH (nDCG) with ad-hoc search;
Paper-Reviewer Matching is shown separately be-
cause its primary metrics are H/S P@5,10. SciEm-
bed columns are representative single-seed runs
from the multi-seed cohort; per-category multi-
seed means appear in Table 1.

C.4 Input length distribution

Our pipeline uses long context asymmetrically:
Stage 1 MLM processes the 13.4M filtered full-text
papers at the full 8,192-token window from Mod-
ernBERT, while Stage 2 contrastive fine-tuning
runs on title+abstract and citation-context inputs
at max_seq_length=512. We tokenize a stratified
sample of inputs from five SciRepEval tasks (FoS,
Biomimicry, Citation Count, MeSH, DRSM; 1,500
each) with the ModernBERT tokenizer, and com-
pare against (i) 5,000 raw S2AG abstracts and (ii)
3,000 full-text papers from PubMed Central and
S20RC.
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Table 8: Per-task SciRepEval scores (official evaluation). Best in bold, second-best underlined. SciEmbed columns
are representative single-seed runs (the multi-seed mean is in Table 1). “GR2” is Granite R2; “NoDAPT” is

SciEmbed-NoDAPT-CTX.

Task SPEC2 BGE-l Nomic GR2 BASE CTX NoDAPT FULL
Classification (F1)

MeSH F1 86.8 879 874 887 869 86.8 86.9 87.3
FoS F1 422 481 456 469 450 465 46.3 46.4
Biomim. F1 742 725 731 730 734 738 73.3 74.6
DRSM F1 76.5 752 779 753 745 758 75.3 75.7
MAG F1 81.0 82.6 82.1 827 81.1 81.8 81.1 81.7
SciDocs MeSH F1 89.0 90.1 89.2 91.2 89.3 88.9 88.6 89.7
Regression (1y)

Cite cnt Th 384 364 374 355 356 373 37.3 38.0
Pub year b 356 320 33.1 339 340 392 39.2 39.6
hIndex Th 15.8 160 158 14.0 169 182 18.0 18.6
Tweets b 277 261 276 28,5 274 276 27.7 28.4
Review Th 208 173 193 176 21.8 182 18.5 20.1
Proximity (MAP)

Cite MAP 920 88.6 87.1 932 89.0 894 89.3 89.7
Co-cite MAP 91.7 89.8 884 923 89.8 904 90.4 90.7
Co-view MAP 855 846 838 858 839 848 84.5 84.6
Co-read MAP 872 860 855 878 86.6 87.3 87.2 87.5
Hi-infl. MAP 450 47.1 458 481 450 459 459 459
Author MAP 87.0 870 854 887 869 87.7 87.5 87.7
Ad-hoc Search (nDCG)

Search nDCG 73.8 745 742 755 73.1 735 73.6 73.8
TREC-C nDCG 89.5 91.0 921 929 915 912 91.2 91.5
NFC nDCG 720 780 746 777 73.1 742 74.5 74.9
RELISH nDCG 91.6 923 919 935 916 0915 91.5 91.7
Recommendation: Paper-Reviewer Matching®

PRM H-P@5 340 342 348 344 344 346 34.8 342
PRM H-P@10 254 256 254 258 258 257 25.6 25.8
PRM S-P@5 66.7 677 67.1 67.7 667 67.7 67.7 67.1
PRM S-P@10 555 555 554 563 559 558 55.8 56.0

THard (H) counts a top-k candidate as correct only if the reviewer-paper match is in the highest ground-truth bucket of Singh
et al. (2023); Soft (S) includes all positive buckets. Not aggregated into the four-category macro of Table 1.

Figure 5 shows the resulting cumulative distri-
butions. Only 3.9% of SciRepEval inputs exceed
512 tokens (median 256, 95th percentile 480, max
2,664); raw S2AG abstracts contain roughly twice
as many over-512 inputs (8.2%, 95th percentile
610). The simplest explanation is that SciRepE-
val was assembled around 512-token encoders.
Real scientific papers are dramatically longer than
either (median 6,314 tokens, 33% above 8,192),
so SciRepEval cannot reward an 8K-context en-
coder for processing long inputs, which motivates
LongEmbed and BFR as complementary axes.

D Contamination audit

We analyze and quantify structural overlap between
SciRepEval test tasks and the SciEmbed training
dataset.

D.1 Per-task overlap

Table 9 reports overlap between every SciRepEval
test task and two upper-bound training universes
(cf. §4), computed against the 2026-03-01 s2ag
snapshot using (s2ag.papers, s2ag.citations
and fulltext.papers). Non-integer Sci-
Docs identifiers are resolved to S2 corpus ids
via the official scidocs_view_cite_read and
scidocs_mag_mesh meta configs; ad-hoc search
corpora (search, nfcorpus, trec_covid) use
benchmark-specific identifiers not directly map-
pable to S2AG.

D.2 Cold-paper subset evaluation

We re-evaluate the five highest-overlap classifica-
tion and regression tasks (Biomimicry, MeSH De-
scriptors, SciDocs MeSH, Citation Count, Pub-
lication Year) on a cold-paper subset that drops
every test paper present in the Signal-A pool;
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Table 9: Overlap between SciRepEval test tasks and the Signal A+B candidate universe (12.4M papers) and the
Stage 1 MLM universe (13.4M papers). “Edge” counts positive (g, ¢) pairs that appear in either direction in the
S2AG citation graph restricted to Signal-A candidates; numbers measure unlabelled paper-level exposure only (no
downstream labels enter training). N/A: external corpus, identifiers not mappable to S2AG.

Task Kind #papers Sig A+B  MLM  #edges Edgen
FoS Classif. 472 7.6% 6.6% — —
MeSH Descriptors  Classif. 51,738 13.4% 10.3% — —
Biomimicry Classif. 2,748 209% 25.1% — —
DRSM Classif. 954 43% 4.1% — —
SciDocs MAG* Classif. 3,709 53% 5.6% — —
SciDocs MeSH* Classif. 3,521 18.0% 17.5% — —
Citation Count Regress. 6,012 187% 16.8% — —
Publication Year Regress. 6,000 27.5% 18.2% — —
h-Index Regress. N/A N/A N/A — —
Peer-Review Score Regress. N/A N/A N/A — —
Tweet Mentions Regress. N/A N/A N/A — —
Same Author Proximity 15,585 262% 33.7% 62,487 1.3%
Highly Infl. Cite. ~ Proximity 58,453 16.0% 14.1% 8,840 12.2%
SciDocs Cite* Proximity 26,642 19.1% 11.9% 4,928  7.0%
SciDocs Co-Cite*  Proximity 25,356 194% 11.9% 4,948  2.5%
SciDocs Co-Read™  Proximity 20,263 31.0% 20.4% 4,827 3.8%
SciDocs Co-View™ Proximity 28,394 21.5% 14.9% 4,890  23%
RELISH Proximity 162,971 42% 3.7% 135,115 0.0%
Search Ad-hoc N/A N/A  N/A N/A N/A
NFCorpus Ad-hoc N/A N/A  N/A N/A N/A
TREC-CoVID Ad-hoc N/A N/A  N/A N/A N/A

*SciDocs tasks use SHA-1 document identifiers; overlap is computed after resolving them to S2 corpus ids via the official meta

mapping.

the linear probe is still trained on the full offi-
cial training set. Proximity tasks are excluded
by construction because dropping in-pool test pa-
pers would break their query/candidate pairings.
Table 10 reports SciEmbed-FULL (single-seed)
alongside BGE-large and SPECTER?2; all three
are run through the same modified evaluator, with
SciDocs MAG re-encoded unfiltered as a control
whose cold score reproduces the official score to
two decimals for every model.

Cold-vs-official deltas are small (|A| < 3.2) and
the signed direction is shared across all three mod-
els on every task, regardless of whether they were
trained on Signals A+B (SciEmbed), the S2AG
citation graph (SPECTER?2), or English web text
(BGE-large). This is the pattern expected if the
delta reflects a property of the cold subset (label-
distribution and time-of-publication shift) rather
than training-set leakage: a leakage explanation
would predict the largest drop for the model trained
on Signal-A papers, yet SciEmbed has the smallest
mean |A| of the three.

E Recipe and scaling ablations

We run extensive ablations and probes to char-
acterise where SciEmbed’s headline number is
bounded by supervision vs. recipe.

67.2 |- N
66.9

66.6 |- N

66.3

SciRepEval Overall

66 | | | | |
35 7 14 21 30

Training pairs (millions)

Figure 6: Data-scaling curve (SciEmbed, Signals A+B;
all points are seed-42 runs). Gains are monotonic with
diminishing returns past 21M pairs (+0.87 total from
3.5M to 30M).

E.1 Data-scaling curve

Figure 6 plots SciRepEval overall against Stage 2
training-pair count from 3.5M to 30M with all other
hyperparameters fixed.

E.2 Matryoshka per-seed results

The headline Matryoshka analysis reports SciRepE-
val overall scores at four truncation dimensions, av-
eraged over three FULL seeds. Table 11 gives the
per-seed breakdown so the spread is visible. These
overall scores are computed with the scirepeval
code-path evaluator (as in Table 15), which runs
~0.3 higher than our main harness; the dim-768
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Table 10: Cold-paper subset evaluation on the five highest-overlap classification and regression SciRepEval tasks.
Pool is the fraction of test papers in the candidate dataset. F1 macro for classification; F1 (binary) for Biomimicry;

Kendall 7, for Citation Count and Publication Year.

SciEmbed-FULL BGE-large SPECTER2
Task Pool | Official Cold A | Official Cold A | Official Cold A
Biomimicry 20.9% 74.6  76.0 +1.5 725 754 429 742 774 432
MeSH Descriptors  13.4% 873 873 0.0 879 881 +0.1 86.8 86.8 +0.1
SciDocs MeSH 18.0% 89.7 90.0 +04 90.1 899 -02 88.9 89.1 +0.1
Citation Count 18.7% 38.0 36.1 -—19 364 344 =20 384 368 -—1.7
Publication Year 27.5% 39.6 373 -23 320 302 -1.8 356 340 -16
mean |A| | 1.20 | 1.38 | 1.33

Table 11: SciRepEval overall (x100) at each Ma-
tryoshka dimension, across three FULL training seeds.

mean =+ std

67.11 £ 0.08
65.72 £1.01
65.41 £ 0.95
64.83 £1.06

run C

67.03
65.02
64.94
64.23

run B

67.10
65.27
64.78
64.20

run A

67.20
66.88
66.50
66.05

dim
768
512

256
128

mean of 67.11 therefore corresponds to the 66.85
that SciEmbed-FULL reaches under the main har-
ness in Table 1.

E.3 Recipe-space ceiling probe

Table 12 groups the 28 single-seed configurations
into parameter families, and Table 13 reports the
per-task variance underlying the within-SciEmbed
vs. across-external-recipe comparison. Probe data-
signal construction is detailed in Appendix B.3.

28 configurations. Table 12 groups the 17
contrastive-recipe parameter variants into four pa-
rameter families with their 4-category SciRepEval
range, and reports the four probe data signals sep-
arately as pure-replacement and mixed-with-A+B
rows alongside the Phase 3 best-parameter applied
to FULL and the SciEmbed-FULL baseline. One
additional parameter (alpha_ep4_1rie5, 66.03) is
outside the displayed LR/warmup/epoch range and
is omitted as an outlier.

Per-task variance: full 13-task table. Ta-
ble 13 reports within-SciEmbed std (over the
23 single-seed recipe variants in the probe) and
across-external-recipe std (over Granite R2, BGE-
large, Nomic ModernBERT, SPECTER2 Base,
and SPECTER?2 + 4 adapters), sorted by exter-
nal — within gap. Most tasks where SciEmbed
is recipe-locked (within std < 1.0) have a mean-
ingfully larger external std, so different supervision
sources (not recipes within ours) are what move

Table 12: Recipe-space ceiling probe (28 single-seed
SciEmbed configurations, Granite R2 shown only as
external reference). The 17 NoDAPT-CTX parameter
variants are grouped into four parameter families and re-
ported as ranges. The best configuration (1/7 = 18
applied to FULL) reaches 67.11, +0.01 above the
SciEmbed-FULL baseline (within seed noise). No con-
figuration exceeds the baseline by more than +0.01.
Overall scores here use the scirepeval code-path eval-
uator (as in Table 11), ~0.3 above the main harness of
Table 1. n is the number of variants in that row.

Configuration n 4-cat
Reference

Granite Embedding R2 (external) 1 67.44
SciEmbed-FULL baseline (seed 123) 1 67.10
Best parameter applied to FULL recipe

FULL + 1/7 =18 1 67.11
NoDAPT-CTX parameter sweep on 7M-pair A+B
Contrastive scale 1/7 € [12, 30] 6 66.70-66.82
Loss formulation (MNRL variants) 4 66.48-66.74
LR / warmup / epoch budget 4 66.52-66.68
Pooling / Matryoshka schedule 3 66.36-66.63
DAPT+CTX (Stage 1 + A+B, seed 42) 1 66.17
Additional data-signal sources (mixed with A+B)

+ intent-filtered cites 1 66.63
+ co-citation pairs 1 66.53
+ TLDR +>abstract pairs 1 65.46
+ OpenAlex related-works 1 65.08
Additional data-signal sources (pure, no A+B)
Intent-filtered cites only 1 65.38
Co-citation pairs only 1 65.37
TLDR <+abstract pairs only 1 63.60
OpenAlex related-works only 1 63.25

them; SciDocs MAG and RELISH are the only
genuinely benchmark-saturated tasks (low std in
both cohorts).

E.4 Task-specific adapter experiments

Per-task adapters trade single-model simplicity for
category-specific lift; we evaluate both directions,
re-running SPECTER?2’s released task adapters and
training matched LoRA adapters on SciEmbed-
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Table 13: Per-task SciRepEval variance, within SciEm-
bed (23 single-seed recipe variants) vs. across external
recipes (Granite R2, BGE-large, Nomic ModernBERT,
SPECTER?2 Base, SPECTER?2 + adapters).

Task Bucket SciEmbed External A
Citation Count regr. 1.19 4.12 42.93
NFCorpus search 1.00 299 +1.99
Search search 0.27 1.60 +1.33
Publication Year regr. 2.68 4.04 +1.36
Peer Review Score  regr. 1.34 2.55 +1.21
MeSH cls 0.62 .79 +1.17
Fields of Study cls 0.89 2.00 +1.11
SciDocs Cite prox. 1.30 2.37 +1.07
Same Author Detec- prox. 0.73 142 +0.69
tion

TREC-CoVID search 0.68 1.25 +0.57
Tweet Mentions regr. 0.46 1.01 +0.55
SciDocs MAG cls 0.57 0.63 +0.06
RELISH search 0.78 0.68 —0.10
Bucket mean (cls) cls 0.78 1.31 +0.53
Bucket mean (regr.) regr. 1.46 2.60 +1.14
Bucket mean prox. 0.97 1.34 +0.37
(prox.)

Bucket mean search 0.69 1.63 40.94
(search)

Table 14: SPECTER?2 Base vs. SPECTER2 with four
task-routed adapters. A is the task-routing lift. The
matched-configuration number reported by Singh et al.
(2023) for the released Adapters checkpoints is 70.9 un-
der their own aggregation (Appendix C.2); per-category
directions of effect are consistent.

Category Base + Adapters A

Classification ~ 74.9 77.0 +2.1

Regression 27.7 31.7 +4.0

Proximity 81.4 81.8 +0.4

Search 81.7 82.7 +0.9

Overall 66.4 68.3 +1.9
FULL.

E.4.1 SPECTER2 with task-routed adapters

The single-model vs. task-routed distinction (§4)
is central to our baseline choice, so we re-
ran the official SPECTER?2 task-adapter system
([CLF1/[RGN]/[PRX]/LQRY] adapters of Singh et al.
(2023)) under the exact protocol used for Table 1
rather than relying on a reported number under a
different aggregation; Table 14 reports both config-
urations.

The lift concentrates on the categories the [RGN]
and [CLF] adapters were trained for (Citation
Count +8.5 73, Publication Year +7.7, MeSH De-
scriptors +5.1 F1-macro); proximity is unchanged
because the [PRX] adapter is the SPECTER2-base
weights themselves.

Table 15: SciEmbed-FULL with and without LoRA
adapters. Each adapter is evaluated only on its task
category. A is change from FULL. Bucket averages use
the scirepeval code path (a different evaluator from
our main harness); the seed-42 FULL row gives Overall
67.2 here vs. 66.85 in Table 1 (3-seed mean). Adapter
deltas are interpretable within this table.

Category FULL + Adapter A
Classification ~ 75.9 74.5 —14
Regression 29.0 31.9 +2.9
Proximity 81.0 78.6 —24
Search 82.9 81.3 —-1.6
Overall 67.2 66.6 —0.6

E4.2 SciEmbed-FULL with LoRA adapters

Following the SPECTER?2 multi-adapter paradigm,
we trained four LoRA adapters on SciEmbed-
FULL, one per task type (CLF/RGN/PRX/QRY).
Each adapter is trained for 2 epochs at Ir 51077,
LoRA weights are merged into the base, yielding
four task-specialised checkpoints; Table 15 reports
per-bucket scores against FULL.

The regression adapter yields the largest im-
provement (+2.9), driven by Citation Count (4+5.9)
and Publication Year (+6.0), the directly super-
vised tasks. Classification, proximity, and search
all degrade: independent per-type LoRA over-
specialises at the expense of general representation
quality. SPECTER2’s task-routed system gains
+1.8 overall over its own base under the same setup,
plausibly because (i) it uses joint multi-task training
with shared routing rather than four independent
adapters, and (ii) SciEmbed-FULL’s base represen-
tations are already stronger (66.85 vs. 66.4), leav-
ing less headroom and making them more sensitive
to fine-tuning perturbation. Multi-task LoRA with
task routing or AdapterFusion could be a next step.

E.5 Granite R2 initialised with

citation-context Stage 2

To test whether citation-context supervision com-
poses with a strong general-retrieval backbone
rather than only substituting for it, we run our
Stage-2 recipe from the Granite R2 weights in-
stead of our Stage-1 MLM checkpoint: identical
A+B citation-context data (the 7M-pair CTX mix),
identical hyperparameters, with CLS pooling to
match Granite’s native pooling. Results are the
mean-+sample-std over three seeds (Table 16).
Fine-tuning Granite R2 on our citation con-
texts raises its regression from 25.9 to 28.0 + 0.01
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Table 16: Fine-tuning Granite R2 on our open citation-
context data (A+B), three seeds. The off-the-shelf
Granite R2 and SciEmbed-CTX rows are from Table 1.
Citation-context Stage 2 adds Granite’s missing regres-
sion specialisation (4-2.1) while retaining its proximity
and most of its search.

Model Cls. Regr. Prox. Search Overall
Granite R2 (off the shelf) 76.3 259 82.7 849 674
SciEmbed-CTX (ours) 755 283 809 825 66.8
Granite R2 + CTX (ours) 75.6 28.0 82.7 84.2 67.6

(close to SciEmbed-CTX’s 28.3) while keeping
proximity unchanged (82.7) and almost all of its
search (84.9 — 84.2). The +2.1 regression gain
more than offsets the small classification (—0.7)
and search (—0.7) give-back, so the combined
model reaches 67.6 + 0.03 overall (three seeds),
above off-the-shelf Granite R2 (67.44) and our own
SciEmbed-CTX (66.8). The citation-context signal
thus transfers its regression specialisation onto a
strong general-retrieval backbone at little cost to
the other buckets: the two supervision sources com-
pose rather than trade off, which is the reading the
controlled comparison in Section 5.1 argues for,
and it shows the specialisation is not tied to our
particular Stage-1 initialisation.

F Full MTEB Science evaluation

Table 17 reports SciEmbed performance on nine
science-relevant MTEB tasks, evaluated using the
official mteb package (v2.12.15) under identical
conditions for all models shown; no leaderboard
estimates.

Within the SciEmbed cohort, FULL improves
over CTX on 8/9 tasks (largest gain SciFact
+5.0) and CTX over BASE on 7/9 (largest TREC-
COVID +5.0, BiorxivClustering +2.2). The 9-
task mean inverts the SciRepEval picture: matched-
architecture Granite R2 (53.7) leads on five tasks
while SciEmbed-FULL reaches 47.0, so general-
retrieval supervision dominates MS-MARCO-style
scientific retrieval. Granite R2 vs. Nomic Mod-
ernBERT differ by 3.6 on the mean here and 1.1
on SciRepEval, so the supervision-source axis
dominates over recipe within both benchmarks.
SciEmbed-FULL nevertheless leads ArxivClassi-
fication (75.5) and MedrxivClustering (37.1) out-
right, the two tasks closest to citation-context su-
pervision. SciNCL trails SciEmbed-BASE on
7/9 tasks under matched citation-edge supervi-
sion but on the SciBERT-512 backbone, consis-

tent with the backbone-upgrade lift in Section 5.1.
On the full 41-task MTEB(eng,v2), SciEmbed-
BASE/CTX reach 49.9/49.3 vs. Nomic Embed
v1.5’s 63.4; the gap is expected since SciEmbed’s
contrastive training uses only citation signals.

G Long-context retrieval

We separate the cost of training at longer Stage-
2 context (on SciRepEval) from the benefit (on
LongEmbed aggregate and per-length NeedleRe-
trieval).

G.1 Stage-2 long-context ablation

Table 18 sweeps Stage 2 max_seq_length on the
CTX recipe: SciRepEval is insensitive to it while
LongEmbed (Table 19) is not.

G.2 LongEmbed main table

Table 19 reports aggregate LongEmbed scores for
the four SciEmbed-CTX context-length variants
alongside the matched-architecture peer Granite R2
and three general-purpose long-context models (up
to 3.8 x larger). The within-recipe transfer is mono-
tonic (24.7 — 28.9 — 37.0); SciEmbed’s citation-
context supervision otherwise does not target gen-
eral long-context retrieval, matching the SciRepE-
val supervision-source pattern.

G.3 LongEmbed per-task results

Table 20 reports the per-task LongEmbed scores
that aggregate to the “LongEmbed avg” column
of Table 19. Each value is the mteb main_score
(nDCG @10 for the four multi-document tasks; Re-
call@1 for the two single-document tasks) aver-
aged across all eight length splits where the task is
multi-length (Needle, Passkey).

Endpoint ordering CTX-512 — CTX-8192 is
preserved on all six tasks; strict monotonic-
ity through CTX-2048 holds on three (QMSum,
SummScreenFD, Needle). The other three show
a CTX-2048 dip that CTX-8192 recovers from:
< 0.2 on NarrativeQA and WikimQA (within
noise), —5.2 on Passkey before recovering to +6.2
above CTX-512. Granite R2 is co-leader with the
much larger BGE-M3 and GTE-large on the four
multi-document tasks and leads the two synthetic
needle/passkey probes outright; SciEmbed-CTX-
8192 sits below the long-context peer group on
every task.
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Table 17: MTEB science task scores (x100), all evaluated locally with official mteb v2.12.15 under identical
conditions; no leaderboard estimates. Bold = best, underline = second-best. GR2 = Granite Embedding R2
(matched-architecture peer); NMB = Nomic ModernBERT; BGE-b/l = BGE-base/large-en-v1.5; Nomic = Nomic
Embed v1.5; E5S = E5-base-v2; SPEC2 = SPECTER2 Base. SciDocsRR is the official MTEB v2 main score

(MAP@1K).
Task Type  BASE CTX FULL GR2 NMB SciNCL BGE-b BGE-1 Nomic E5 SPEC2
ArxivClass.  Classif. 737 75.1 755 685 721 721  73.1 742 607 682 739
BIOSSES STS 83.0 786 790 86.5 854 753 869 847 862 836 784
SciDocsRR ~ Rerank 59 63 65 91 72 65 82 85 74 70 65
SciFact Retrieval 61.6 622 672 758 67.6 540  73.8 735 702 711 428
TRECCOVID Retrieval 454 504 504 704 678 331 672 644 700 522 337
ArguAna Retrieval 42.1 413 427 592 50.6 384  63.6 63.6 536 516 367
NFCorpus ~ Retrieval 249 259 266 37.6 300 188 368 369 341 353 113
BiorxivCl.  Cluster 354 37.6 379 398 357 365 392 397 333 352 384
MedrxivCl.  Cluster 362 366 371 362 346 356 351 345 329 328 356
9-task avg 454 460 470 537 501 411 538 533 498 486 397

Table 18: Long-context Stage 2 ablation. All rows use
the SciEmbed-CTX recipe (Signals A+B, 7M pairs, 3
epochs); only max_seq_length differs. Longer con-
text yields no SciRepEval improvement (which contains
essentially no long inputs). GPU-h is measured single-
GPU train_runtime; CTX-512 and CTX-2048 ran
on H100, CTX-8192 on A100, so wall-times are not
directly comparable. The CTX-8192 run was early-
stopped at 2.5 epochs to match the < 3-epoch budget.

max_seq_len  SciRepEval Overall GPU-h
512 66.8 31
2K 66.5 22
8K 66.5 39

Table 19: Official LongEmbed results via the up-
stream mteb package (v2.12.15). Aggregate is the mean
main_score over the six benchmark tasks (nDCG@ 10
for four multi-document tasks, R@1 for the two single-
document tasks; multi-length tasks averaged over the
eight 256-32K length splits). Best in bold.

Model Params Ctx LongEmbed avg
General-purpose long-context

BGE-M3 568M 8K 59.5
GTE-large-v1.5 434M 8K 522
Nomic Embed v1.5 137M 8K 30.5
Matched architecture (149M ModernBERT-8K)

Granite R2 149M 8K 65.6
SciEmbed-CTX 149M 8K 24.7
SciEmbed-CTX-2048 1499M 8K 28.9
SciEmbed-CTX-8192 149M 8K 37.0
SciEmbed-NoDAPT-CTX-81928 149M 8K 37.5
SciEmbed-FULL 149M 8K 19.0

§Single seed (42). SciEmbed-NoDAPT-CTX-8192
reproduces the CTX-8192 recipe but skips Stage 1 DAPT; the
within-recipe match (A = +0.5) confirms the SciRepEval
NoDAPT finding generalises to long context.

G.4 NeedleRetrieval per length

Table 21 reports Recall@1 by document length on
NeedleRetrieval (LongEmbed); the within-recipe
transfer summarised in §5.4 is visible at every long
length.

H Body-Fact Retrieval

BEFR forces the retrieval target into the body: each
query is a body sentence with < 20% word-3-gram
overlap with its source paper’s abstract, so a 512-
token model cannot rely on the abstract prefix to
recover the paper.

H.1 Construction

BFR is built from S20RC against the 2026-03-
01 snapshot. The candidate pool is 9,749 papers
with a non-empty title, an abstract of > 50 charac-
ters (s2ag.abstracts), an S20RC body of 8,000—
80,000 characters (5th percentile 10,599), and ci-
tation count € [1,4] to guarantee structural exclu-
sion from Stage-2 training (which required > 5).
For each paper we draw one sentence at random
from the body middle-third (chars 33%—-66%) and
reject it if more than 20% of its word-3-grams
overlap the abstract’s; the first 1,000 surviving
sentences are kept as queries. Encoding is title
. abstract body, truncated to each model’s native
max_seq_length (short-context models see only
the title/abstract prefix; long-context models see the
body); embeddings are L2-normalised, and we re-
port Recall@{1, 10, 100} and nDCG@ 10 against
the full 9,749-candidate pool. The 0.20 overlap
threshold is heuristic and not tuned on a valida-
tion set; BFR should be read as conditional on this
construction recipe.
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Table 20: Per-task LongEmbed scores (x100). NarrQA = NarrativeQA, SummScr = SummScreenFD. Rows of

the same architecture group as in Table 19. Best per task
models. The right-most “Avg” column matches the “Lon

in bold, second-best underlined across all nine evaluated
gEmbed avg” in Table 19 to within rounding.

Model NarrQA QMSum SummScr WikimQA Needle Passkey Avg
General-purpose long-context

BGE-M3 48.8 36.1 939 79.5 39.5 59.0 595
GTE-large-v1.5 40.0 375 94.6 84.1 16.8 402 522
Nomic Embed v1.5 14.5 15.9 72.3 37.0 17.0 262 305
Matched architecture (149M ModernBERT-8K)

Granite R2 479 41.5 93.6 85.9 42.8 82.0 65.6
SciEmbed-CTX 12.6 22.9 45.0 28.7 18.2 21.0 247
SciEmbed-CTX-2048 12.5 29.2 60.9 28.6 26.8 15.8 289
SciEmbed-CTX-8192 16.7 35.6 76.9 34.8 31.0 272 370
SciEmbed-NoDAPT-CTX-81928 17.8 37.0 75.7 34.4 32.0 27.8 375
SciEmbed-FULL 10.9 22.3 37.1 21.8 12.0 9.8 19.0

Table 21: NeedleRetrieval Recall@1 (x100) by document length in tokens. Granite R2 is the strongest model
overall, retaining 32 at 8K and tying SciEmbed-CTX-8192 at 16K. Within the SciEmbed-CTX recipe, longer

contrastive context produces strictly monotonic gains al

t every length from 2K to 16K (8K: 4 — 6 — 22; 16K:

0 — 6 — 16); at 256-1K the ordering is non-strict, plateauing at the short-context ceiling. Either way, the
long-context contribution is isolated. Best per length in bold.

Model 256 512 1K 2K 4K 8K 16K 32K
BGE-M3 8 70 58 26 34 18 16 8
Nomic v1.5 58 24 12 10 12 4 10 6
GTE-large 76 28 10 10 4 2 2 2
Granite R2 84 74 54 36 36 32 16 10
SciEmbed-CTX 52 34 24 18 12 4 O 2
SciEmbed-CTX-2048 56 46 44 26 26 6 6 4
SciEmbed-CTX-8192 54 46 44 30 28 22 16 8
SciEmbed-NoDAPT-CTX-8192% 54 36 42 28 32 26 24 14

Example query/candidate pair. Table 22 shows
a representative pair (query id 6): the body sen-
tence states a quantitative methodological claim
(a particle-size threshold above which OIT de-
creases) that the cited paper’s abstract enumerates
around but never states, so a 512-token model sees
a strictly harder task than an 8K-context model.

H.2 Full table and robustness checks

Consolidated BFR results. Table 23 gathers
all BFR results in one place: the within-recipe
SciEmbed-CTX rows, the matched-architecture
Granite R2, two BM25 lexical controls, and BGE-
M3 / Nomic Embed v1.5 for cross-model orienta-
tion, across all three pools (full, same-field, and
paraphrased-query). The two robustness pools are
discussed below.

Same-field pool. To rule out cross-field topi-
cal separability as the source of the within-recipe
lift, we restrict each query’s candidate pool to pa-
pers whose first-listed S2AG s2fieldsofstudy
category matches the source paper (median pool

size 398 vs. 9,749 in the full pool; “Same-field”
columns of Table 23). The within-recipe order-
ing is preserved and the CTX-512 — CTX-8192
gap widens on every metric: +4.0 - 4+7.3 R@1,
+54 — +6.5 R@10, +4.9 — +6.9 nDCG@10.
The BGE-M3 vs. SciEmbed-CTX-8192 R@1 gap
also shrinks from 5.7 to 0.6, with SciEmbed-CTX-
8192 overtaking BGE-M3 on R@10 (82.7 vs. 78.6)
and nDCG@10 (0.685 vs. 0.670). We do not
present this as a leaderboard claim — same-field
BFR carries the same lexical-leakage caveat as the
full pool, and the SciEmbed-vs-BGE-M3 swap may
be sensitive to the topic-overlap definition — but it
does establish that topical separability is not what
drives the cross-model gap.

Paraphrased queries. To rule out the dense-
side counterpart of the BM25 (t+a+b) leakage
path, we rewrite all 1,000 queries with Qwen3-
32B (enable_thinking=False) under an instruc-
tion to preserve facts, numbers, and named enti-
ties while changing > 60% of content words (in-
struction only, not post-hoc filtered); the candi-
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Table 22: Example BFR query and its gold candidate (query id 6 in the released file). Both query and gold candidate
refer to the same paper, since by construction each query is a body sentence drawn from the paper that is the retrieval
target. The trigram-overlap filter rejects queries whose word-3-gram set has more than 20% of its members in the
abstract’s word-3-gram set, so the answer is in the body but not in the abstract prefix.

Query (body sentence): “In comparisons between samples with different particle sizes, there is a limit above which OIT

significantly decreases.”

Gold candidate title: How the Dimensions of Plant Filler Particles Affect the Oxidation-Resistant Characteristics of

Polyethylene-Based Composite Materials

Abstract excerpt (truncated): “This study analyzed the possibility of using plant-originated waste materials [...] as
functional polyethylene fillers. The dependence between the size of the filler particles and their antioxidant potential is
discussed. Six fractions were selected: below 50 um, 50-100 pm, [...] using the extraction method to analyze antioxidant

activity (DPPH method) and total phenolic content [...]”

Why the body is needed: the abstract describes which fractions were tested and what overall antioxidant assays were used,
but the specific quantitative claim that there exists a particle-size threshold above which oxidation-induction time (OIT)

drops is reported only in the results section of the body.

Table 23: Body-Fact Retrieval (BFR) diagnostic probe on 9,749 scientific full-text papers (1,000 body-sentence
queries), across three pools. Full: all 9,749 candidates. Same-field: candidates restricted to the source paper’s
first-listed S2AG s2fieldsofstudy category (median 398). Paraphrased: queries rewritten by Qwen3-32B to
change > 60% of content words, full pool. The probe isolates Stage-2 context length on the SciEmbed-CTX recipe:
varying only max_seq_length (512 — 8192) is monotonic on every metric in every pool. BM25 (t+a+b) indexes
the body, which contains the query verbatim, so its R@1 is the exact-match ceiling, not a comparable dense baseline.

Bold marks the best dense model per column.

Full pool Same-field Paraphrased
Model Ctx R@1 R@10 nDCG R@1 R@10 nDCG R@1 R@10 nDCG
Lexical controls (full-pool reference)
BM25 (t+a) 512 342 47.1  0.407 - - - - - -
BM25 (t+a+b)’ 8K 952 98.9 0.971 - - - - - -
Cross-model dense (orientation)
Nomic Embed v1.5 8K 127 30.8 0.208 233 52.8  0.366 7.8 21.1  0.135
BGE-M3 8K 473 643 0.553 56.1 78.6 0.670 314 45.6  0.385
Granite R2 8K  50.9 72.0 0.611 614 853 0.731 36.2 51.8 0.438
Within-recipe (SciEmbed-CTX, only max_seq_len differs)
SciEmbed-CTX 512 37.6 61.7 0490 482 762 0.616 21.7 39.0 0.301
SciEmbed-CTX-2048 2K 39.6 62.2 0502 50.8 773 0.634 229 41.7 0.316
SciEmbed-CTX-8192 8K 41.6 67.1 0.539 555 82.7 0.685 253 452 0.347
SciEmbed-NoDAPT-CTX-8192% 8K  41.4 66.6 0.535 534 822 0.675 265 46.0 0.357

fContains the query string verbatim; exact-match ceiling, not a dense baseline (paraphrased BM25 not run). $Single seed (42).

date pool is unchanged (“Paraphrased” columns
of Table 23). Paraphrasing strips ~ 15-17 R@1
from every dense system with a non-trivial base-
line (Granite R2 50.9 — 36.2; BGE-M3 47.3 —
31.4; SciEmbed-CTX-8192 41.6 — 25.3), con-
firming the BM25 ceiling reflected an active leak-
age path. The within-recipe long-context mono-
tonicity nonetheless survives.

I Efficiency and embedding space

I.1 Inference efficiency

Table 24 and Figure 7 report H100 throughput,
latency, and peak VRAM for SciEmbed-FULL
and the two strongest baselines, averaged over 50

timed runs (10 warmup) on 300 scientific abstracts
via sentence-transformers. At bs=128 in fp16,
SciEmbed exceeds BGE-large by 10% at 2.6 x less
peak VRAM (5,363 vs. 4,875 docs/sec; 445 vs.
1,168 MB); the advantage transfers to a worksta-
tion A4500 GPU (1.77x over BGE-large) so it is
not datacenter-specific. SPECTER?2 leads in ab-
solute throughput but only supports a 512-token
input window. The same-backbone Granite R2
is an efficiency wash with SciEmbed (5,375 vs.
5,363 docs/sec at bs=128, near-identical single-
document latency), so between the two 149M peers
the choice is about supervision rather than cost; the
throughput advantage is over the 335M-class gen-
eral models. The higher single-document latency
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Model Prec. Thr. Lat. VRAM
SPECTER2 (110M) {p32 2700 3.5 1317
BGE-large (335M) fp32 849 7.3 2303
SciEmbed (149M)  {p32 1926 10.8 858 R
[&]
SPECTER2 (110M) fpl6 8465 3.3 675 2
BGE-large (335M) fpl6 4875 5.9 1168 E
SciEmbed (149M) fpl6 5363 10.9 445 _8
Granite R2 (149M) fpl6 5375 10.8 1200 =
=
SciEmbed (149M)  bfl6 5277 10.8 445 f_j
)
S
Table 24: H100 inference benchmark. Through- E
put in documents/second, latency in ms/doc, [
peak VRAM in MB at bs=128. Bold marks

SciEmbed’s primary fp16 deployment configu-
ration; SPECTER?2 reaches a higher absolute
throughput but is restricted to a 512-token in-
put window and a SciBERT-class encoder. The
two 149M ModernBERT peers, SciEmbed and
Granite R2, have effectively identical through-
put and latency; their peak-VRAM difference
reflects checkpoint precision and loading rather
than architecture.

(10.9 vs. 5.9 ms) reflects ModernBERT’s longer
kernel-launch path, rarely a bottleneck in batched
embedding workloads.

I.2 Embedding-space structure (UMAP)

Figure 8 projects 2,800 Fields of Study papers un-
der UMAP (Mclnnes et al., 2018) from each of
the three matched-architecture embedders. Both
general-retrieval models cluster topically adjacent
fields together with substantial central overlap; Sci-
Embed yields cleaner disciplinary separation, with
Computer Science forming a distinct cluster and
Mathematics, Materials Science, and Chemistry
in separate regions. The structure emerges from
citation-graph supervision alone (no FoS labels in
training), visualising the supervision-source effect
that the SciRepEval bucket split in §5.1 reports
numerically.

8000 o

6000 -

4000 A

2000 A

—@— SciEmbed (149M)
—— BGE-large (335M)
—A— SPECTER2 (110M)

T T T T T

1 8 32 64 128
Batch size

Figure 7: H100 fp16 inference throughput as a function of batch
size. SciEmbed narrows the gap to BGE-large from 0.68x at
bs=32 to 0.88 x at bs=64, then overtakes between bs=64 and
bs=128, exceeding BGE-large by 10% at bs=128 while using
2.6x less peak GPU memory.
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Figure 8: UMAP projection of 2,800 papers from the SciRepEval Fields of Study task (350 per class, top 8 fields)
under three matched-architecture (149M ModernBERT-base) embedders with different contrastive supervision:
Nomic ModernBERT (general retrieval), IBM Granite R2 (general enterprise retrieval), and SciEmbed-FULL
(citation contexts). Each model uses its default pooling (CLS for Granite R2, mean for Nomic ModernBERT
and SciEmbed-FULL); UMAP parameters (n_neighbors=25, min_dist=0. 15, cosine metric) are identical across
panels. Nomic and Granite produce broadly similar mixed structures; SciEmbed yields visibly cleaner disciplinary
separation, consistent with the controlled-comparison finding in Section 5.1.
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