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Abstract

Dense retrieval over long documents is ex-
pensive. Token-level encoders scale quadrat-
ically in sequence length, and most long-
context embedding models reach 32K tokens
only through architectural workarounds or by
stretching billion-parameter LLMs. We pro-
pose REIGN (Refurbished Embeddings with
Integrated Guidance Networks), a contrastively
trained bi-encoder that operates on sequences
of contextualised chunk embeddings from a
frozen Guidance Network (GN) rather than
on raw tokens. REIGN targets multi-chunk
inputs, primarily for document-to-document
retrieval; single-chunk inputs stay with the
GN. Decoupling token-level processing from
document-level reasoning, and caching the GN
embeddings to disk, cuts per-document train-
ing cost by roughly four orders of magnitude
relative to chunked Transformer fine-tuning.
We also release a synthetic long-document re-
trieval benchmark for contrastive training and
evaluation at long context lengths. Across
an in-distribution Wikipedia benchmark, the
LoCo out-of-distribution suite, and a real-world
patent retrieval case study, REIGN matches
dense long-context retrievers at smaller param-
eter budgets in each regime. A paired sig-
nificance test puts it on par with models 1.6—
4.3x larger on the patent task, and it stays
within 0.65 nDCG@10 of a 20 x-larger model
on LoCo. Our code is available at https:
//github.com/devrimcavusoglu/reign.

1 Introduction

Retrieval-augmented generation, multi-hop ques-
tion answering, and document-level semantic
search all need embeddings for inputs that exceed
the context window of a standard Transformer.
Efficient-attention variants (Beltagy et al., 2020;
Zaheer et al., 2020) and memory-augmented archi-
tectures extend the window, but embedding docu-
ments that run from tens of thousands to millions

of tokens still hits memory and compute walls in
practice.

Recent long-context embedding models (e.g.,
Nomic-Embed, Nussbaum et al., 2025; Jina-
Embeddings-v3, Sturua et al., 2025; M2-BERT,
Fu et al., 2023) reach 8K-32K tokens via RoPE
extensions, sparse attention, or structured sequence
mixing. A parallel line instruction-tunes billion-
scale LLMs into embedding models (Lee et al.,
2025; Choi et al., 2024; Zhang et al., 2025; Meng
et al., 2024); these are accurate but computationally
heavy, and beyond most groups’ training budgets
even with parameter-efficient adapters or quantisa-
tion. Both lines still take the sub-word token as the
base unit of representation.

Data poses a complementary challenge. Existing
embedding benchmarks target short passages and
lack the semantically aligned long-document pairs
and realistic hard negatives required for contrastive
learning at scale. We address this with a syn-
thetic long-document retrieval dataset derived from
Wikipedia, in which LLM-generated rephrasals
plus semantically injected distractors provide posi-
tive and graded negative pairs over documents av-
eraging several thousand words (Section 3).

We propose REIGN (Refurbished Embeddings
with Integrated Guidance Networks), a con-
trastively trained bi-encoder for long-document
retrieval. REIGN takes ToBERT’s chunk-and-
aggregate intuition (Pappagari et al., 2019) and
combines it with SimCLR-style contrastive train-
ing (Chen et al., 2020). The one shift is the chunk
encoder, a frozen pretrained text embedder (a Guid-
ance Network, GN; e.g., GTE or E5) whose out-
puts are cached. REIGN therefore (i) scales to
document-level inputs without changing the under-
lying architecture, and (ii) trains over precomputed
chunk embeddings, replacing repeated token-level
forward passes with a single small Transformer
over a short embedding sequence.

We evaluate REIGN on three retrieval regimes:
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the in-distribution synthetic Wikipedia benchmark,
the out-of-distribution LoCo long-context suite
(Saad-Falcon et al., 2024), and a real-world patent
prior-art case study (Ayaou et al., 2025). A 55M-
parameter REIGN+GTE-small beats every native
long-context dense baseline we test on GoodWiki-
Long and the LoCo-paper zero-shot baselines on
LoCo, and a 357M REIGN+GTE-large is statisti-
cally indistinguishable from dense baselines 1.6—
4.3 x larger on the patent task.

2 Related Work

We situate REIGN with respect to prior work along
three axes: (i) representation granularity, (ii) long-
context modelling, and (iii) efficiency-oriented
training.

2.1 Tokenisation and Representation
Granularity

Subword tokenisers such as WordPiece (Wu et al.,
2016) and BPE (Sennrich et al., 2016) are the de-
fault input layer for Transformer encoders, but at
the document scale the resulting token sequences
make the attention cost prohibitive.

Modern embedding models such as E5 (Wang
et al., 2022), GTE (Li et al., 2023b), and the sys-
tems on MTEB (Muennighoft et al., 2023) still treat
the subword token as the atomic input. REIGN
instead treats the chunk-level embedding from a
frozen Guidance Network (GN) as the atomic input,
and trains only on top of those embeddings.

2.2 Long-Context Modelling Strategies

Hierarchical encoders split documents into chunks,
encode each chunk independently, and aggregate.
ToBERT (Pappagari et al., 2019) and CogLTX
(Ding et al., 2020) use this recipe for supervised
classification over documents of a few hundred
to a few thousand words. PARADE (Li et al.,
2023a) is the closest precedent for REIGN archi-
tecturally. It aggregates passage-level represen-
tations from a BERT-style encoder with a small
Transformer, but it does so as a query—document
cross-encoder for supervised re-ranking. SMITH
(Yang et al., 2020), a Siamese hierarchical encoder
for document-to-document matching, is the closest
in task. Its sentence- and document-level Trans-
formers are trained jointly, need dedicated masked-
LM pretraining, and cap inputs at 2,048 tokens.
Where these systems train the hierarchy end-to-
end, REIGN freezes the chunk encoder and caches

its outputs, trains a bi-encoder under a contrastive
objective for first-stage retrieval, and targets docu-
ments several times longer on average, with tails
into the hundreds of thousands of tokens.

A separate line extends the Transformer itself
to longer contexts via sparse or structured atten-
tion (Longformer and LED (Beltagy et al., 2020),
BigBird (Zaheer et al., 2020)) or via sub-quadratic
structured-matrix backbones, as in M2-BERT (Fu
et al., 2023), which fits an 8K-32K-token encoder
into 80M parameters and is the strongest reference
on LoCo when trained in-distribution (Saad-Falcon
et al., 2024). These approaches change the atten-
tion machinery; REIGN keeps a standard Trans-
former over chunk embeddings and pushes the
long-context cost outside the training loop.

The closest settings to ours are therefore SMITH-
style Siamese document matching and PARADE-
style passage aggregation, but with a frozen, cached
chunk encoder, at first-stage retrieval scale, and
on documents averaging 5,065 words versus To-
BERT’s largest 1,788-word corpus (Cieri et al.,
2004).

2.3 Efficient and Lightweight Training

Parameter-efficient tuning methods (Adapters
(Houlsby et al., 2019), LoRA (Hu et al., 2022),
QLoRA (Dettmers et al., 2023), DoRA (Liu et al.,
2024)) cut the trainable parameter count when
adapting an LLM, but each training step still does
a full token-level forward pass over the document.
REIGN cuts cost on the other axis. Caching the GN
forward passes removes the expensive computation
from the training loop entirely, so the trainable en-
coder only ever sees a short, fixed-length sequence
of chunk embeddings.

3 Dataset

3.1 Challenges with Existing Datasets

Existing embedding benchmarks target short-text
similarity at the sentence or paragraph level;
document-level extensions rarely exceed a few
thousand tokens and lack the structural supervision
long-context models such as REIGN require. Al-
though large long-form corpora (Wikipedia (Foun-
dation, 2025), Common Crawl (Common Crawl
Foundation, 2024), BookCorpus (Zhu et al., 2015),
Project Gutenberg (Faysse, 2023)) provide text,
they do not contain the semantically aligned long-
document pairing required for contrastive learning,
and often exhibit noisy formatting or multi-topic



Table 1: Statistics for GOODWIKI-LONG-SYNTHETIC
in the BEIR/MTEB IR layout. Per-split rows are
query-disjoint qgrels, and length stats use tiktoken
cl100k_base.

score = 2 marks the LLM-rephrased positive, score = 1
a topical distractor.

Pools

Queries (long-form Wikipedia) 17,854
Corpus (positives + distractors) 53,562
of which positives (score=2, one per query) 17,854
of which distractors (score=1, ~~ 2 per query) 35,708
Qrels splits (query-disjoint)
Split Queries  Qrels score=2 score=1
train 10,000 30,000 10,000 20,000
val 2,000 6,000 2,000 4,000
test 5,854 17,562 5,854 11,708

Document length, tiktoken cl100k_base (median / p95 / max)

Query side 5.817/13,838/35,927
Corpus side 1,805/ 2,807 /32,382
mixing.

3.2 Synthetic Long-Document Dataset

We construct a long-document retrieval dataset by
rephrasing long-form Wikipedia articles with GPT-
40-mini (OpenAl, 2024), so each document and
its rephrasal form a semantically aligned positive
pair that supports contrastive learning over long
contexts. We build on GoodWiki (Choi, 2023), a
cleaned Wikipedia release in structured markdown,
and filter for articles exceeding 16,000 characters
(~4,000 tokens, following OpenAl); we refer to
this subset as GOODWIKI-LONG.

To introduce harder negative cases, we augment
positives with semantically overlapping distractors
inspired by HotpotQA (Yang et al., 2018), yielding
a graded relevance structure. During training, fully
relevant pairs enter the objective as positives and
distractors as partial matches at a reduced target
weight (Section 4.2); at evaluation time we use the
graded labels to assess ranking robustness.

Open-access contribution. We publicly release
GOODWIKI-LONG-SYNTHETIC in the canonical
BEIR/MTEB tri-config layout,! together with the
full training and evaluation code.”? We refer to
this benchmark as GOODWIKI-LONG in the ex-
periments. Pool sizes, grels splits, and document-
length summary statistics are in Table 1; full token-
length distributions appear in Figure 1 (tiktoken
cl100k_base, OpenAl, 2023).
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4 Method

REIGN is trained under a SimCLR-style con-
trastive scheme (Chen et al., 2020). Each docu-
ment is transformed into two semantically equiv-
alent views via rephrasing, forming positive pairs
(x,x); injected distractors act as graded partial
matches and other batch samples as negatives.
Each view is encoded into chunk-level embeddings
by a frozen Guidance Network (GN) and refined by
the REIGN encoder under a three-way cosine em-
bedding objective (Section 4.2). Figure 2 diagrams
the full pipeline.

4.1 Framework Overview

REIGN treats a pretrained text encoder as a Guid-
ance Network (GN) that maps raw subword to-
kens to fixed-dimensional chunk embeddings; the
REIGN encoder then operates entirely at this
coarser embedding level, trading token detail for
tractable context length (Figure 3).

A textual input of up to M tokens is segmented
by a sliding window of size K (matching the
GN’s context window, typically K = 512) ad-
vanced with stride S < K; consecutive windows
overlap by K — S tokens, with S = K giving
non-overlapping chunking. Each window Cj is
encoded as E; = GN(C;), yielding a sequence
{Er,...,En} with

N = max(1, [ME] +1), (1)

which reduces to [M/K| when S = K. GN
outputs are deterministic for a fixed GN/chunk-
size/stride/input, so we content-hash and cache
them to disk (HDF5); during training only the
REIGN encoder runs, over a fixed-length embed-
ding sequence. This compresses the per-document
cost from O(M?d) at the token level to O(N?d)
at the chunk level, so lightweight models can en-
code inputs of 105+ tokens; Appendix E formalises
what the move to chunk embeddings discards and
what training can recover.

The REIGN encoder is a small Trans-
former applied to the chunk-embedding sequence
{E1,...,EN} as a permutation-equivariant set
function with no positional encoding; average pool-
ing across chunks then makes the document repre-
sentation invariant to chunk order. Prior work and
our own ablation support this choice: chunk-level
positional encoding gave TOBERT only marginal
gains (Pappagari et al., 2019), and in our own abla-
tion learned absolute positions are near parity on all


https://huggingface.co/datasets/devrim/goodwiki_long_synthetic_ir
https://huggingface.co/datasets/devrim/goodwiki_long_synthetic_ir
https://github.com/devrimcavusoglu/reign

GoodWiki-Long-Synthetic — token-length distributions (BEIR/MTEB IR format)
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Figure 1: Token-length distributions of GOODWIKI-LONG-SYNTHETIC (tiktoken c1100k_base). (a) Queries
(n=17,854) are GoodWiki-Long source articles, long-tailed (median ~5.8K, p95 ~13.8K). (b) Corpus (n=>53,562)
holds LLLM rephrasals and topical distractors near a 1.8K-token median. The asymmetry puts the long-context
burden on the query side, the regime REIGN’s cross-chunk encoder targets.

Maximize agreement ~
Zi Z;

REIGN(-)

hi +—— Chunk Representations —

GN()

Figure 2: Training pipeline of REIGN. Each document
x is chunk-encoded by the frozen GN and refined by the
REIGN encoder; semantic rephrasing (¢ ~ 7T) generates
positive pairs, and in-batch negatives enforce separation.
Only the positive-pair path is drawn; injected distractors
enter the objective as graded partials (Section 4.2).

three benchmarks while sinusoidal encodings are
worse (Appendix D).> We therefore keep the en-
coder free of positional parameters. A linear projec-
tion adapts the GN output dimension to the encoder
hidden width when they differ (e.g. 1024—768
for GTE-LARGE). We sweep depth/width over
TINY-L1 (0.56M), SMALL-L2 (3.85M), BASE-L3
(22.45M), LARGE-L4 (52.49M); see Appendix B
for the full sweep, and Appendix G for training
hyperparameters.

Operating regime. An input that fits a single GN
window (M < K, i.e. N=1) is short. Its chunk
sequence is one embedding, so the cross-chunk

3The ablation arms share a controlled protocol (InfoNCE,
batch 48, 20 epochs) distinct from the released recipe; see
Appendix D.

encoder has nothing to aggregate. REIGN’s oper-
ating regime therefore starts at N > 2; at K=>512
this means inputs beyond one 512-token chunk.
Single-chunk inputs go to the bare GN, since on
them REIGN trails the GN by 5-7 nDCG@ 10 (Ap-
pendix A) and adds an encoder pass. In deployment
REIGN serves the long, multi-chunk side of a cor-
pus alongside a standard short-passage retriever.

4.2 Training Objective

REIGN is optimised with a three-way cosine em-
bedding loss over document pairs (z,y) carrying
graded targets s € {1,0,—1} (positive, partial,
negative):

1—c s =1,
L(z,y,8)=¢A(1—c)+(1—XN)cy s=0,
Ccy s=—1,
2)

where ¢ = cos(z,y), ¢+ = max(0,c), and the
partial weight is A = 0.5. Each batch of 18 an-
chors pairs every anchor with its rephrased posi-
tive, its two topical distractors as partials, and 17
in-batch negatives (360 pairs per step; full proto-
col in Appendix G). The choice of this objective
over InfoNCE (Oord et al., 2018) is empirical. In
a controlled ablation this objective outperforms
every InfoNCE variant we tried (temperature, dis-
tractor handling, batch size, warm start, epochs)
on all three benchmarks (Appendix H). InfoNCE
was also brittle in this setting: at batch size 18
its validation score degrades monotonically after
the first epoch, and stable training needs a much
larger negative pool (Appendix H). The pairwise
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Figure 3: REIGN architecture. A long document
is chunked; the frozen Guidance Network (GN) en-
codes each chunk and mean-pools its token embeddings
into one contextual chunk embedding (E1, ..., E,); the
trainable REIGN encoder aggregates across chunks and
average-pools into a single document representation F.

objective has no such requirement. The DAPFAM
fine-tuning experiments (Section 5.3) instead use
InfoNCE at temperature 0.07 over the dataset’s pro-
vided negatives (Appendix I).

4.3 Efficiency

We compare REIGN’s cost against representative
long-context embedding approaches analytically
and empirically, under a fixed 8K-token, 512-token-
chunk setting (Appendix F, Table 10). Token-level
Transformer models incur substantial overhead,
linear in chunk count for chunked inference and
quadratic in sequence length for full-context atten-
tion. REIGN’s cost is instead dominated by a small
embedding-level encoder over a short sequence of
chunk embeddings. With cached GN embeddings,
per-document training cost drops by nearly four or-
ders of magnitude relative to chunked Transformer
fine-tuning. Even uncached, REIGN matches stan-

dard chunked inference while enabling document-
level contrastive training that would otherwise be
prohibitive.

End-to-end measurements on a single RTX 4090
agree with this analysis (Table 11 in Appendix F).
With cached GN embeddings REIGN answers
queries in 0.40-0.52 ms versus 19.8—-118.2 ms with
the GN run per query (49-229x), and the one-time
cache build (8.9-53.3 ms per document) amortises
almost immediately. Uncached, REIGN runs at
parity with its own chunked GN (ratio 0.86—-0.97
over identical GN work). Peak GPU memory spans
0.24-1.73 GB across REIGN configurations, ver-
sus 4.8—18.9 GB for the native long-context dense
baselines (Jina-v3 at batch 4).

5 Experiments

We evaluate REIGN along three axes:
(i) GOODWIKI-LONG (Section 5.1, in-distribution
document-to-document retrieval, “doc-to-doc”);
(ii)) LoCo (Section 5.2, OOD query—passage,
12 subtasks across legal, scientific, and govern-
ment text); (iii) DAPFAM (Section 5.3, OOD
real-world patent doc-to-doc). Primary metrics are
nDCG@10/@100 following Thakur et al. (2021);
Muennighoff et al. (2023); Saad-Falcon et al.
(2024). One shared evaluation implementation
scores every system (sparse, dense, and REIGN)
over identical grels; on GOODWIKI-LONG the
graded labels enter nDCG with exponential gains
(2°'—1), so every system receives the same
partial credit for distractors. A short-context
MTEB generalisation study is in Appendix A;
REIGN underperforms there by construction (see
Limitations). The encoder-capacity ablation that
justifies our BASE-L3 paper-default is deferred to
Appendix B and Appendix C.

5.1 Retrieval Accuracy on GOODWIKI-LONG

Setup. Table 2 reports retrieval on the
GOODWIKI-LONG  test  split  (n,=5,854,
Necorpus=93,062) against sparse baselines (BM25,
TF-IDF), four native long-context dense baselines
(BGE-M3, Chen et al., 2024; Jina-Embeddings-v3,
Sturua et al., 2025; Nomic-Embed-v1.5, Nussbaum
et al., 2025; Stella-en-1.5B-v5, Zhang et al., 2024),
the GN backbones (GTE, Li et al., 2023b; BGE,
Xiao et al., 2024) used directly under truncated
and chunked mean-pool protocols, and a multi-GN
REIGN sweep. Sparse retrievers dominate raw
nDCG@10 (BM25 76.82). GOODWIKI-LONG’s
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Figure 4: Parameter efficiency of REIGN across three long-document retrieval regimes. Total parameters
(log-scale) vs. primary nDCG; solid lines connect the three GN scales (small / base / large). (a) GoodWiki-Long.
REIGN sits above the chunked baseline at every GN scale, and 55M REIGN+GTE-small beats the three plotted
native long-context dense baselines (BGE-M3, Jina-v3, Stella-1.5B) at 10-28 x smaller scale; Nomic-Embed-v1.5
(11.05 nDCG@10) is omitted for scale. (b) DAPFAM. REIGN+GTE matches or exceeds chunked-GTE across
scales; the strongest full-document dense baselines (Jina-v3, Stella-1.5B) reach comparable nDCG@ 100 with
1.6—4.3 x more parameters (Table 5). (c) LoCo. Bare GTE-chunked is at or above REIGN+GTE except at the

small-GN end (see Section 5.2).

positives are rephrased distillations of their queries,
and the pairs retain substantial lexical overlap,
which favours bag-of-words.

Headline result. Within dense methods,
REIGN+GTE-small (55M; Figure 4a) tops
nDCG@10, edging BGE-M3 (568M) by 0.10 with
10x fewer parameters and beating Jina-v3 and
Stella-1.5B by 3.4-3.7 points, while exceeding
the strongest bare-GN chunked baseline (GTE-
large, 335M) by 1.4. Chunked mean-pool buys
1.7-2.7 nDCG@10 over truncation across GNs;
REIGN’s cross-chunk encoder adds a further
0.7-2.2 on top, with the largest lift at the small-GN
end.

GN scaling. Within REIGN, GoodWiki-Long
performance is nearly saturated at the small-GN

end, since scaling the GN from 33M (GTE-
SMALL) to 335M (GTE-LARGE) does not improve
nDCG@10. REIGN is therefore best paired with
the smallest GN that crosses an embedding-quality
threshold.

5.2 Out-of-Distribution Long-Context
Retrieval: LoCo

Setup. Table 3 reports REIGN zero-shot on LoCo
(Saad-Falcon et al., 2024), an OOD suite of 12 long-
context retrieval subtasks (legal opinions, scien-
tific QA, government reports, summarisation, code
search), each with its own queries, corpus, and
grels. Following the benchmark convention we re-
port per-subtask nDCG@ 10, and compare systems
on the 12-subtask macro-average (Figure 4c). The
REIGN encoder is the BASE-L3 checkpoint trained



Table 2: GoodWiki-Long test. ng=>5,854,
Neorpus=93,562,  top-k=10. nDCG@10 in per-
cent; A is the lift over the truncated baseline of the
same GN. REIGN uses the BASE-L3 encoder (22M) at
the best-performing stride per GN.

Bold = best per column.

tNomic-Embed-v1.5’s native training context is 2K
tokens, and Nussbaum et al. (2025) mark its 8K RoPE
extension as experimental; it collapses on documents
whose median length already exceeds 5SK.

System Params nDCG@10 A
Sparse lexical

BM25 - 76.82

TF-IDF 74.19

Native long-context dense (truncate to 8K)

BGE-M3 568M 67.21 -
Jina-Embeddings-v3 572M 63.93 -
Stella-en-1.5B-v5 1.54B 63.66 -
Nomic-Embed-v1.5%  137M 11.05 -
Bare GN (truncated, 512)

GTE-small 33M 62.37 -
GTE-base 110M 63.48 -
GTE-large 335M 63.58 -
BGE-base 110M 61.95 -
BGE-large 335M 63.12 -
Bare GN (chunked mean-pool, 512)

GTE-small 33M 65.10 +42.73
GTE-base 110M 6536 +1.88
GTE-large 335M 65.94  +2.36
BGE-base 110M 64.07 +2.12
BGE-large 335M 64.79 +1.67

REIGN (this work)

REIGN + GTE-small 55M 67.31 +4.94
REIGN + BGE-base 132M 65.17 +3.22
REIGN + GTE-base 132M 66.03 +2.55
REIGN + BGE-large 35TM 6645 +3.33
REIGN + GTE-large 35TM 66.73 +43.15

solely on GOODWIKI-LONG, paired with GTE-
SMALL, GTE-BASE, and GTE-LARGE at strides
384 and 512; no LoCo-specific training.

Headline numbers. The bare-GN chunked base-
line GTE-SMALL (CHUNKED) already reaches
68.20 macro-average nDCG@ 10, outperforming
BGE-Large (56.5), OpenAl Ada-002 (63.2), and
Jina-Embeddings-v2 (67.2). Adding the REIGN
encoder on top (55M total) lifts the macro-average
to 68.92 (+0.72 over its GN). With a larger GN,
REIGN+GTE-LARGE (357M total) reaches 70.77,
within 0.65 of the 20 x-larger E5-Mistral (Wang
et al., 2024) (71.4), and achieves the best zero-shot
scores on passage_retrieval (64.76) and gmsum
(64.59).

Where REIGN helps over its GN. REIGN’s
added value concentrates at the small-GN end.
Relative to the same-GN chunked baseline it
is +0.72 macro on GTE-sMALL, —0.38 on
GTE-BASE, and —0.61 on GTE-LARGE; bare
GTE-LARGE (CHUNKED) is the highest LoCo

macro-average we observe across any configu-
ration tested (71.38, 0.02 below ES5-Mistral at
20x smaller scale). The per-subtask pattern ex-
plains the average. REIGN gives large lifts
where evidence must be aggregated across chunks
(passage_retrieval +13.30 at GTE-SMALL,
2wikimga +7.48), but a stronger GN’s chunked
mean-pool already saturates the query—-passage
subtasks that dominate LoCo (at the bare GN,
gov_report and qasper_abstract are >98;
gasper_title and summ_screen_fd are >89).
REIGN and its GN alike are weak on the lex-
ically driven legal subtasks (courtlistener_x,
legal_case_reports), a term-overlap regime the
embedding-level paradigm cannot exploit (see Lim-
itations).

Non-monotone GN scaling. The non-monotone
GN-scale pattern (REIGN+GTE-base worse than
both small and large) also appears in-distribution
(Table 7), so it is not LoCo-specific; we tentatively
attribute it to a mismatch between GTE-BASE’s
chunk-embedding geometry and the fixed 22M
REIGN-encoder capacity, and leave a co-varied
sweep to future work.

5.3 Real-World Validation: Patent Retrieval
on DAPFAM

To test whether REIGN’s gains on synthetic long-
form Wikipedia carry over to a real specialised
domain, we evaluate on DAPFAM (Ayaou et al.,
2025), a domain-adaptive patent retrieval bench-
mark of USPTO patent families. Documents are
substantially longer than those in typical retrieval
corpora (median ~7-12K whitespace tokens; tail
to several hundred thousand), squarely in REIGN’s
target regime. We use the FULLTEXT view through-
out.

Setup. DAPFAM ships eval-only, so we build a
query-disjoint 70/15/15 stratified train/val/test par-
tition (seed 42), holding out n=187 test queries.
We retain the authors’ IN-/OUT-IPC distinction
within the held-out set, where TEST_IN (n=180)
and TEST_OUT (n=138) are positives-only sub-
sets of TEST, so the cross-domain breakdown is
reported on identical queries across systems. Re-
trieval is against the full 45,336-document FullText
corpus with self-matches removed; the authorita-
tive metric is nDCG@100. Fine-tuning uses the
dataset’s random score=0 negatives, with the ob-
jective’s partial branch disabled (further details in
Appendix I).



Table 3: LoCoV1 per-subtask nDCG @10. Baselines reproduced from Saad-Falcon et al. (2024), Table 13. “Ctx”

is the encoder’s native context window.

oo! marks REIGN (chunked at 512, effective context bounded only by GPU memory).

Above the midrule: zero-shot retrievers, bold = best per column. M2-BERT below it was trained on data including
the LoCo training splits (Saad-Falcon et al., 2024), so it is shown for reference rather than as a like-for-like
comparison; its large legal-subtask margins come from in-distribution supervision.

Abbreviations: 2wMQA, CL_H/T, GovR, LCR, MFQA, PR, QasA/T, QMS, SO, SSFD = 2wikimqa, courtlis-
tener_HTML/Plain, gov_report, legal_case_reports, multifieldqa, passage_retrieval, qasper_abstract/title, gmsum,

stackoverflow, summ_screen_fd.

System Params Ctx 2wMQA CL_H CL_T GovR LCR MFQA PR QasA QasT QMS SO SSFD Avg
BGE-Large 335M 512 69.4 100 10.1 926 189 89.3 20.1 945 871 460 741 658 565
OpenAl Ada-002 - 8K 78.9 163 168 97.1 282 90.1 312 989 938 488 723 862 632
Jina-Embeddings-v2 137M 8K 81.6 270 261 98.6 307 864 60.7 994 951 405 690 933 672
E5-Mistral 7.11B 4K 883 339 346 983 495 935 353 998 984 468 827 959 714
GTE-small (chunked) 33M 512 78.67 2899 26.68 98.67 33.83 88.41 49.88 99.67 93.76 64.48 61.70 93.61 68.20
GTE-base (chunked) 110M 512 8232 2791 2653 98.76 31.81 91.14 50.92 99.32 9429 63.36 62.06 89.07 68.12
GTE-large (chunked) 335M 512 85.78 31.16 29.28 9845 39.75 92.06 62.76 99.70 96.73 63.12 63.56 9425 71.38
REIGN + GTE-small @s384 55M oof 79.65 2723 2641 9855 3426 88.19 63.18 98.49 90.19 63.08 63.46 93.75 68.87
REIGN + GTE-small @s512 55M oof 86.15 26.15 24.89 98.67 32.69 89.45 60.53 98.69 90.11 63.37 62.69 93.68 68.92
REIGN + GTE-base @s384 132M  oof 81.68 2473 2441 9841 29.12 87.56 60.19 98.72 90.72 60.48 6545 91.46 67.74
REIGN + GTE-base @s512 132M  oof 80.96 24.86 23.67 9853 30.07 8893 56.39 9897 91.22 6098 6525 9279 67.72
REIGN + GTE-large @s384 357M  ocof 8390 27.69 2670 98.62 40.11 88.36 64.76 99.47 9421 64.59 67.37 93.49 70.77
REIGN + GTE-large @s512 357M  ocof 8494 2756 26.14 98.74 3998 89.96 61.18 99.56 94.93 63.00 66.81 93.09 70.49
Trained on LoCo splits; not a zero-shot comparison.

M2-BERT-8K 80M 8K 877 949 954 965 58.6 97.1 820 989 931 69.6 848 846 869
M2-BERT-32K 80M 32K 92.1 96.8 97.0 987 67.1 985 893 983 979 704 889 98.0 O9I.1

Headline result. Table 4 compares REIGN
against sparse (BM25, TF-IDF), native long-
context dense (BGE-M3, Jina-Embeddings-v3,
Nomic-Embed-v1.5, Stella-en-1.5B-v5), and chun-
ked dense (BGE-large, GTE-small/base/large)
baselines. REIGN trained only on GOODWIKI-
LoNG, with no patent-specific adaptation, has
the best mean, 33.10 nDCG @100 (REIGN+GTE-
LARGE, 357M total; Figure 4b), and is statistically
indistinguishable from the strongest single-stage
dense baselines Jina-v3 (572M) and Stella-1.5B
(1.54B) with 1.6-4.3 x fewer parameters (Table 5);
the lift over GTE-LARGE chunked alone is +0.67.
nDCG@100 grows monotonically with GN size
(31.69 — 32.72 — 33.10, best stride per GN).

Statistical significance. We test the TEST-split
margins with a paired bootstrap (B=10,000, seed
42) for confidence intervals and a paired randomisa-
tion test (B=10,000) for p-values, Holm-adjusted
across the five comparisons (Table 5). All three
dense margins are non-significant. REIGN is at
statistical parity with Jina-v3 and Stella-1.5B while
using 1.6-4.3x fewer parameters, and against
both it wins on fewer queries than it loses (81/95
and 80/95); its higher mean comes from larger
gains on the queries it wins. Against its own
chunked GN the margin of +0.67 is a bound-
ary case, since the bootstrap CI marginally ex-
cludes zero ([+0.01, +1.34]) while the randomi-

sation test does not reach significance (p=.051;
Holm-adjusted .154). REIGN is also the larger
system in that comparison (357M vs. 335M), so the
parameter-efficiency framing does not apply there.
REIGN beats both sparse baselines significantly;
sparse retrieval leads on the synthetic GOODWIKI-
LONG (Section 5.1) but not on these human-written
patents.

Cross-domain decomposition. The
TEST_IN/TEST_OUT columns split the held-
out set into IN-IPC and cross-IPC positives.
Absolute nDCG is dominated by IN-IPC (~38%);
the cross-IPC partition plateaus in the 4.6-5.6
range across the full GTE scale axis (chunked
small/base/large) and every REIGN variant. This
plateau is an intrinsic property of the OUT-split
(random non-cited families provide too weak a
training contrast against a topically dense 45K
corpus, a limitation noted by the dataset authors),
not a model-side deficit. On IN-IPC, REIGN’s
lift over the matched bare-GN chunked baseline
narrows with GN scale (+2.05 at GTE-SMALL,
+0.97 at GTE-BASE, +0.65 at GTE-LARGE),
mirroring the in-distribution GOODWIKI-LONG
pattern.

Fine-tuning does not exceed zero-shot. To rule
out under-tuning, we swept fine-tuning configu-
rations over warm- vs. cold-start, backbone scale,
stride, and a learning-rate x weight-decay grid (Ap-



Table 4: Patent retrieval on DAPFAM. nDCG@100
on TEST (n=187), IN-IPC subset TEST_IN (n=180),
and cross-IPC subset TEST_OUT (n=138); 45,336-doc
FullText corpus. A is the lift on TEST over the same-
GN bare chunked baseline (in/out columns not evaluated
for sparse and full-document baselines). REIGN rows
use the GOODWIKI-LONG-trained zero-shot BASE-L3
checkpoint at the best-performing stride per GN.

Bold = best mean per column; on TEST the margins
between REIGN and the strongest dense baselines are
not statistically significant (Table 5).
iNomic-Embed-v1.5’s native training context is 2K to-
kens, and Nussbaum et al. (2025) mark its 8K RoPE
extension as experimental; it collapses on documents
whose median length already exceeds the native win-
dow.

System Params test test_in test_out A
Sparse lexical

BM25 - 25.62 - -
TF-IDF - 30.06 - - -
Native long-context dense (truncate to 8K)

BGE-M3 568M 23.48 - - -
Jina-Embeddings-v3 572M  32.97 - - -
Nomic-Embed-v1.5 ¥ 137M  16.49 - - -
Stella-en-1.5B-v5 1.54B 3291 - - -

Bare GN (chunked mean-pool, 512)
GTE-small 33M 2995 3492 4.63

GTE-base 110M 31.53 36.68 5.14 -
GTE-large 335M 3243 3750 5.22 -
BGE-large 335M 31.19 - - -
REIGN (this work)

REIGN + GTE-small 55M 31.69 36.97 495 +1.74
REIGN + GTE-base 132M  32.72  37.65 5,55 +41.19
REIGN + GTE-large 357M 33.10 38.15 5.02 +40.67

pendix I). The best run, a regularised warm-start at
Ir 1075 and wd 1072, reaches 32.73 nDCG @100,
statistical parity with the zero-shot checkpoint it
started from (32.68 — 32.73). Naive fine-tuning at
Ir 10~ degrades by 0.4—1.5 points via catastrophic
forgetting (warm) or overfit (cold); cold-start loses
an additional 0.43 to warm-start at matched hyper-
parameters (32.30 vs. 32.73), confirming that the
GOODWIKI-LONG-trained encoder carries useful
inductive bias outside its training domain.

6 Conclusion

We presented REIGN, a framework for scal-
able document-level representation learning that
operates directly on precomputed chunk embed-
dings from a frozen Guidance Network and trains
a lightweight cross-chunk encoder under a con-
trastive objective. The design (i) scales to inputs of
10°+ tokens without architectural modifications,
(i1) reduces per-document training and inference
cost by orders of magnitude through cached GN
embeddings (Section 4.3), and (iii) transfers zero-

Table 5: Paired significance on DAPFAM test.
REIGN+GTE-LARGE @s512 (33.10) vs. each base-
line on per-query nDCG@ 100 (n=187). Paired boot-
strap 95% CI (B=10,000) and paired randomisation
p (B=10,000), Holm-adjusted across the five compar-
isons (py). Deltas are computed on unrounded per-query
means from the significance re-runs, whose provenance
is given in Appendix L.

W/L/T = per-query wins/losses/ties.

Baseline A 95% CI p pu W/L/T

Jina-v3 +0.12 [—1.13,41.36] .857 1.000 81/95/11
Stella-1.5B +0.09 [—-1.71,41.98] .921 1.000 80/95/12
GTE-large chunked +0.67 [4+0.01,+1.34] .051 .154 103/73/11
BM25 +7.48 [+6.03,+49.03] <.001 <.001 136/43/8
TF-IDF +3.03 [+1.50,44.60] <.001 <.001 103/74/10

shot from synthetic long-form Wikipedia to a spe-
cialised long-document domain (IN-IPC patent
retrieval). Training runs on GOODWIKI-LONG-
SYNTHETIC, a synthetic long-document retrieval
benchmark we release, and Appendix E separates
the information the frozen GN discards from what
training can recover.

The smallest REIGN configuration (55M, GTE-
small) outperforms the LoCo-paper zero-shot base-
lines (BGE-Large, Jina-v2, Ada-002), the first two
at 2.5—6x smaller scale, and REIGN+GTE-large
reaches 70.77 macro nDCG@ 10 within 0.65 points
of E5-Mistral with 20x fewer parameters. On
DAPFAM REIGN has the best mean overall
(33.10 nDCG@100) and on the IN-IPC parti-
tion, and is statistically indistinguishable from
the strongest single-stage dense baselines Jina-v3
(572M) and Stella-1.5B (1.54B) with 1.6-4.3x
fewer total parameters (Table 5); the cross-IPC
plateau (~5 nDCG @100 across every system) is a
dataset property.

The LoCo picture is task-conditional. REIGN
delivers large lifts on multi-chunk-aggregation sub-
tasks, but the bare GTE-large chunked mean-pool
is the Pareto-best LoCo configuration overall. The
in-distribution / OOD encoder-capacity ablation
(Appendix B, Appendix C) establishes BASE-L3 as
the principled default and surfaces a methodologi-
cal caveat. In-distribution sweet-spot claims must
be verified out-of-distribution.

Natural future directions include adaptive or
overlapping chunking, joint GN fine-tuning, and
hybrid composition with a sparse lexical channel.

Limitations

Task-conditional value over the GN. REIGN’s
added value over its frozen Guidance Network



scales with how much cross-chunk reasoning the
retrieval task actually requires. On doc-to-doc re-
trieval the lift is consistent. REIGN+GTE-small
(55M) tops every dense baseline on GOODWIKI-
LoNG (Section 5.1), and REIGN+GTE-large
(357M) has the best DAPFAM mean against 1.6—
4.3x-larger dense baselines (Section 5.3); the
margins are small (0.10 nDCG@10 over BGE-
M3 in-distribution) and on DAPFAM not statis-
tically significant (Table 5), so the advantage is
parameter efficiency rather than raw accuracy. On
query—passage long-context retrieval (LoCo, Sec-
tion 5.2) the chunked mean-pool of a stronger
GN already saturates the per-subtask ceiling, and
REIGN’s encoder adds little on GTE-BASE (—0.38
macro) and slightly hurts on GTE-LARGE (—0.61
macro). On short-passage retrieval where the chun-
ked architecture cannot be exercised at all (MTEB
ARGUANA, FIQA-2018; Appendix A), perfor-
mance drops by 5-7 nDCG@10. Across the three
regimes, REIGN’s encoder is principally a doc-
to-doc cross-chunk-reasoning module, and deploy-
ment should target tasks whose retrieval signal re-
quires aggregating evidence across multiple chunks
of a document.

Short-context retrieval. REIGN is designed for
long-document retrieval and underperforms when
inputs are shorter than the chunk size. On the
two MTEB short-text benchmarks we evaluated
(ARGUANA, FIQA-2018; Appendix A), REIGN
trails the truncated GTE-small baseline by 5-—
7 nDCG@10 points. With a single chunk embed-
ding there is nothing to aggregate across, so the
cross-chunk signal REIGN is built to exploit disap-
pears.

Lexically driven long-form text. A concrete
in-distribution case appears on the legal subtasks of
LoCo (Section 5.2), where courtlistener_HTML
(26.15 nDCG@10), courtlistener_Plain
(24.89), and legal_case_reports (32.69) trail
REIGN’s QA and summarisation subtasks by as
much as 74 points. These corpora are dominated
by highly repetitive legal phrasing, so the retrieval
signal is concentrated in term-overlap rather than
document-level semantics; a cross-chunk encoder
over pooled GN embeddings discards exactly the
surface-level lexical contrast that such corpora rely
on. We view this as a deliberate trade-off of the
embedding-level paradigm; hybrid configurations
composing REIGN with a sparse lexical channel
are a natural direction for future work.

Coupling to the Guidance Network. REIGN’s
representation quality is upper-bounded by its
frozen GN, so any biases, semantic artefacts, or
compression errors in the GN embeddings are in-
herited unchanged. Switching to a new GN re-
quires full retraining of the REIGN encoder; the
cached chunk-embedding artefact is GN-specific.
The encoder-capacity ablation (Appendix B, Ap-
pendix C) further shows that an in-distribution
“sweet-spot” configuration can be misleading, be-
cause the OOD-justified default differs from the
in-distribution optimum. Practitioners adapting
REIGN to a new domain should plan an OOD veri-
fication step.

Chunk-size x memory trade-off. Smaller
chunks yield finer-grained signals but raise GPU
memory usage with chunk count. As a concrete
reference, a REIGN-SMALL-L2 model paired with
GTE-large at effective batch size 312 consumes ap-
proximately 1.8, 3.6, 4.5, and 8.4 GB for chunk
sizes 512, 256, 128, and 64 respectively.

Token-level fidelity. Because REIGN consumes
abstracted chunk embeddings, it is not suited to
tasks that demand token-level fidelity (syntactic
parsing, numerical reasoning, fine-grained entity
matching), where the lossy compression at the GN
boundary discards information the downstream task
cannot reconstruct.

Ethics Statement

GOODWIKI-LONG-SYNTHETIC derives from
GoodWiki (Choi, 2023), a cleaned release of En-
glish Wikipedia distributed under CC BY-SA; our
dataset release preserves that licensing and attribu-
tion. The rephrased corpus documents are machine-
generated with GPT-40-mini (OpenAl, 2024) and
are marked as synthetic in the dataset card. DAP-
FAM (Ayaou et al., 2025) is built from public
USPTO patent records. No human subjects were
involved, and neither corpus contains private or
personally identifying information beyond what
is already public in Wikipedia articles and patent
filings.
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A MTEB Short-Context Generalisation

Table 6 reports retrieval performance on two MTEB
benchmarks (ARGUANA and FIQA-2018) con-
sisting of short queries paired with comparatively
short documents. REIGN underperforms the trun-
cated GTE-small baseline by 5.1 nDCG@10 on
ARGUANA and 6.8 nDCG@10 on FIQA-2018.
The drop is not a GN artefact, since the truncated
baseline sees the very same single chunk embed-
ding. It comes from the REIGN encoder, which
is trained on multi-chunk sequences: applied to a
lone chunk embedding it has nothing to aggregate,
and the cross-chunk mechanism it relies on cannot
contribute. REIGN targets long-context retrieval,
and short-passage tasks lie outside the intended
operating regime.

B Encoder-Capacity Ablation:
In-Distribution Sweep

Table 7 reports the full 4 x3 sweep of REIGN en-
coder configurations against GTE Guidance Net-
works on the GOODWIKI-LONG test set, evalu-
ated at top-k = 10. The A column makes the
inverted-U pattern immediately readable. Under-
capacity TINY-L1 sits below the bare-GN baseline
on all three GNs; over-parameterised LARGE-L4
drops below baseline on GTE-BASE and GTE-
LARGE; SMALL-L2 reaches the per-GN maximum
on GTE-SMALL and GTE-LARGE, with BASE-
L3 essentially tied on GTE-BASE (visualised in
Figure 5, left). Read in isolation, this would
make SMALL-L2 the paper default. The out-of-
distribution head-to-head in Appendix C reverses
that conclusion, since BASE-L3 wins 11 of 12
cells (the 12th is a —0.20 near-tie), with average

margins of +-0.71 nDCG @100 on DAPFAM and
+0.59 nDCG@10 on LoCo. The in-distribution
SMALL-L2 optimum is therefore an overfitting
artefact; BASE-L3 generalises better under cross-
domain transfer, the regime the paper targets, so
an in-distribution capacity ablation alone is insuf-
ficient. We adopt BASE-L3 as the paper-default
REIGN encoder throughout the headline tables.

C Encoder-Capacity Ablation: OOD
Head-to-Head Detail

Table 8 reports the full per-cell out-of-distribution
head-to-head between SMALL-L2 and BASE-L3
on DAPFAM and LoCo at both strides; the
bar-chart panel in Figure 5 (Appendix B) vi-
sualises the DAPFAM @s512 slice. BASE-L3
wins 11 of 12 cells (the 12th is a —0.20 near-
tie, LoCo at GTE-LARGE stride 384); average
margins are +0.71 nDCG@ 100 on DAPFAM and
+0.59 nDCG@10 on LoCao.

D Positional-Encoding Ablation

We ablate the chunk-position signal referenced in
Section 4.1, comparing no positional encoding (our
design) against learned absolute chunk positions
and against fixed sinusoidal encodings, both in-
jected after the GN projection. We train all three
arms from scratch under one protocol, using BASE-
L3 on GTE-SMALL, chunk/stride 512, InfoNCE
(7=0.07, partial weight 0.5), batch 48 with 47 in-
batch negatives, 20 epochs, Ir 10~°, seed 42, and
best-validation selection. The arms sit below the
released operating point (Table 2) because the re-
leased checkpoints use the cosine recipe of Sec-
tion 4.2.

Table 9 supports the no-PE design. Learned ab-
solute positions are near parity on all three bench-
marks, and sinusoidal encodings are worse every-
where; positional encoding adds parameters with-
out improving any benchmark. Unit tests give an
independent check. Without a positional signal
the pooled document representation is invariant to
chunk order (maximum deviation 3x10~%), while
the other two arms are order-sensitive.

E Theoretical Analysis: Information Loss
and Recovery

We formalise the information lost in the move from
sub-word tokens to GN embeddings, and separate
that fixed loss from the trainable remainder.
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Table 6: Selected MTEB IR results. Baselines are evaluated with truncation (512 tokens). REIGN uses the
paper-default BASE-L3 encoder (22M) with GTE-SMALL as the Guidance Network. A is computed with respect to
the truncated GTE-small baseline. ARGUANA provides only a test split.

"Trained only on GoodWiki-Long; no MTEB-specific fine-tuning.

Model MAP@1 MAP@10 R@10 P@10 nDCG@10 A nDCG@10
ArguAna

GTE-small (baseline) 30.73 46.60 83.57 8.36 55.42 -
REIGN + GTE-small’ 26.53 41.52 78.66 7.87 50.32 —5.10
FiQA-2018

GTE-small (baseline) 19.34 31.72 45.63 11.16 39.31 -
REIGN + GTE-small” 15.23 25.66 38.14 9.35 32.55 —6.76

(a) In-distribution (GoodWiki-Long): capacity inverted-U
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(b) OOD verification (DAPFAM @s512): base-13 wins everywhere
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Guidance Network (GN)

Figure 5: Encoder-capacity sweet-spot reverses between in-distribution and OOD. The left panel plots REIGN
nDCG@10 on GOODWIKI-LONG vs. encoder size, per GN; stars mark per-GN maxima, dotted lines are bare-GN
baselines. The right panel compares DAPFAM @s512 SMALL-L2 against BASE-L3, which wins at every GN scale.

Full per-cell numbers in Appendix C.

Scope. Theorem 1 assumes nothing about § or
about the objective that produced it, so it covers
every REIGN variant, the released checkpoints in-
cluded, and Theorem 2 states when the trainable
part of the gap closes. Only the recovery bound
of Theorem 3 depends on the objective. It cov-
ers the InfoNCE-trained arms of Appendices D
and H, whose in-batch negatives are draws from
the positive marginal as the proposition assumes;
the DAPFAM fine-tuning runs (Appendix 1) also
use InfoNCE, but their provided corpus negatives
and false-negative masking sit outside that sam-
pling assumption. The three-way cosine objective
of the released checkpoints (Section 4.2) admits no
such bound; Theorem 4 states what it does give,
with the empirical case in Appendix H.

Theorem 1 (Embedding Refurbishment). Let X
be a random variable over natural-language texts,
T = f(X) the (deterministic*) sub-word token se-
quence with H(T') < oo (which holds whenever
document length is bounded), E = g(T) the frozen

*For a fixed tokeniser and vocabulary.

GN embedding sequence, and Ry = hy(E) the
fixed-size embedding produced by a REIGN en-
coder hg with trainable parameters 0. Because f
and g are deterministic, X T — FE — Ry is a
Markov chain and T, E, Ry take countably many
values. For every 0 and every measurable hy:

(i) (GN coarsening.) I(X; E) < I(X;T), and
the gap is

I(X;T)-I(X;E) = H(T| E),

which vanishes iff g is injective on the support

of T.

(ii) (End-to-end loss decomposition.) The total
loss in mapping X to Ry decomposes as

I(X;T) — I(X; Rg) =
I(X;T)-1(X; F)
GN coarsening (fixed)
+I(X; E) — 1(X; Ry),

closed by training




Table 7: REIGN config x GN ablation on GOODWIKI-LONG test (in-distribution). nDCG@10 (x100); A
measured against the per-GN bare chunked-mean-pool baseline. Head dimension is held at d/ H=64 across configs.
L/d/H/FFN = the REIGN encoder’s number of Transformer layers, hidden width, attention heads, and feed-forward

dimension.
Bold = best REIGN config per GN.

REIGN config Params L d H FFN GTE-small (A) GTE-base(A) GTE-large (A)
GN-only baseline - - - - - 65.10 65.36 65.94
TINY-L1 056M 1 192 3 768 64.46(—0.64) 63.70(—1.66) 65.49 (—0.45)
SMALL-L2 38M 2 384 6 1536  67.67 (+2.57) 66.02(+0.66) 67.27 (+1.33)
BASE-L3 2245M 3 768 12 3072  67.31 (+2.21) 66.03 (+0.67) 66.73 (+0.79)
LARGE-L4 5249M 4 1024 16 4096 6598 (+0.88) 64.65(—0.71) 65.67 (—0.27)

Table 8: Out-of-distribution head-to-head: SMALL-
L2 vs. BASE-L3. DAPFAM nDCG @100 (test split);
LoCo macro-avg nDCG@10 (12 subtasks). BASE-L3
wins 11 of 12 cells. Deltas are computed on unrounded
scores.

Bold = winner per cell.

Benchmark GN, stride small-12  base-13 A
DAPFAM GTE-small,384 30.68 31.10 +40.42
DAPFAM GTE-small,512 30.60 31.69 +1.10
DAPFAM GTE-base,384 31.92 32.72  +0.80
DAPFAM GTE-base,512 31.68 32.68 +1.00
DAPFAM GTE-large,384 32.55 33.06 -+0.51
DAPFAM GTE-large,512 32.64 33.10 +0.45
LoCo GTE-small,384 68.03 68.87 +40.84
LoCo GTE-small,512 67.72 6892 +1.20
LoCo GTE-base,384 66.97 67.74 +0.77
LoCo GTE-base,512 66.84 67.72 +0.88
LoCo GTE-large,384 70.97 70.77 —0.20
LoCo GTE-large,512 70.42 7049 +0.07

Table 9: Chunk-pesition ablation. nDCG@10 on
GOODWIKI-LONG test and LoCo (macro over 12 sub-
tasks), nDCG@100 on DAPFAM test; deltas vs. the
no-PE arm, computed on unrounded scores.

Chunk-position signal GoodWiki LoCo DAPFAM

64.52 65.25 30.46
64.45 (—0.08) 65.12(—0.13) 29.88 (—0.58)
62.36 (—2.16) 59.48 (—5.77) 21.40 (—9.06)

None (our design)
Learned absolute
Sinusoidal

with both terms non-negative. The first is an
intrinsic property of the frozen GN, fixed at the
value in (i). The second equals I(X; E | Ry)
and is the only term 0 moves.

Proof.

(i) T and E are deterministic functions of X,
so I(X;T)=H(T)and I(X;E) = H(E),
both finite, and E = ¢(T') gives H(T,E) =
H(T).Hence I[(X;T)-I(X;E)=H(T)—
H(E)=H(T | E) > 0. For countably val-
ved I, H(T | E) = 0iff T is almost surely
a function of FE, i.e. iff token sequences of
positive probability receive distinct GN em-
beddings; collisions on the rest are harmless.

(i) Both gaps are non-negative by the data-
processing inequality along X — 7T — E and
X — E — Ry, and adding and subtracting
I(X;E)in [(X;T)—I(X; Rp) gives the de-
composition. Since Ry is a function of E
we have I(X; Ry | E) = 0, so expanding
I(X; E, Ry) by the chain rule in both orders
leaves I(X; E) — I(X; Ry) = I(X; E | Ry).

O]

Proposition 2 (Sufficiency closes the trainable
gap). Under the assumptions of Theorem I, the
trainable gap 1(X; E) — I(X; Rp) vanishes iff
X 1L E | Ry, that is, iff Ry is a sufficient statis-
tic of F for X, and in particular whenever hg is
injective on the support of E.

Proof. The gap equals I(X;E | Ry) by Theo-
rem 1(ii), which is zero exactly under that con-
ditional independence. Injectivity on the support

of E makes F almost surely a function of Ry, so
0<I(X;E|Ryp) <H(E|Ry) =0. O

Proposition 3 (Contrastive recovery under In-
foNCE). Let (E, E™) be a positive pair under a
stochastic augmentation t ~ T and let Lncg(0)
be the InfoNCE objective over batches of B > 1
pairs drawn i.i.d., each anchor scored against
its own positive and B — 1 independent draws
from the marginal of E*, with critic (e*,r)
sim(hg(e™),r)/7. Then

I(ET;Rg) > log B — Lncg(9)

for every 0 (Oord et al., 2018, Appendix A.1).

The bound applies at every 6, not only at the op-
timum, and tightens as the loss falls, but it certifies
at most log B of mutual information.

Remark 4 (What the cosine objective gives). The
released recipe admits no analogue of Theorem 3,
since its per-pair terms are not normalised over a



candidate set and so support no likelihood-ratio
bound on mutual information. It does bear on
the condition of Theorem 2. Consider two doc-
uments with nonzero embeddings e # €’ that
appear together as an s=—1 pair. Their cost
¢t = max(0,cos(hg(e), hg(€'))) is at most 1,
with equality iff the two embeddings point the same
way, the collapse hg(e) = hg(e’) included, and
strictly below 1 otherwise. The negative branch
thus penalises, on the negative pairs seen in train-
ing, the collapses that violate the injectivity condi-
tion of Theorem 2. We claim only that direction of
pressure, with no bound on I(X; E' | Ry) and no
property of the minimisers.

Interpretation. Statement (i) prices the swap of
token space for GN embeddings at H (T | E), an ir-
reversible loss that no choice of 6 recovers once the
GN is fixed. Statement (ii) leaves the remainder to
training, and Theorem 2 names its target. REIGN
cannot recover what the GN discarded, but can in
principle preserve everything E carries about X,
the formal counterpart of the empirical claim that
REIGN’s quality is upper-bounded by its GN (Limi-
tations, “Coupling to the Guidance Network™). Our
two objectives differ in what supports that “in prin-
ciple”. InfoNCE brings the quantitative handle of
Theorem 3; the released cosine recipe brings the
qualitative pressure of Theorem 4 and the bench-
mark comparison of Appendix H, where it beats
every InfoNCE arm we ran.

F Efficiency Analysis

Table 10 reports concrete training and inference
FLOPs for representative long-document embed-
ding models under a fixed 8K-token setting with
512-token chunks (k=16). For token-level Trans-
former models, we approximate the cost of a stan-
dard encoder layer as O(16nd? + 2n%d), where n
is the token sequence length, accounting for linear
projections in the attention and feed-forward blocks
as well as the quadratic self-attention term, follow-
ing established practices in prior efficiency analy-
ses (Vaswani et al., 2017; Kaplan et al., 2020). For
Longformer-style sparse attention, the quadratic
term is reduced to O(2nwd), where w denotes the
local attention window size (Beltagy et al., 2020).

All FLOPs counts treat a multiply—add as two
floating-point operations. Training FLOPs are com-
puted as three times the forward-pass cost to ac-
count for forward and backward propagation, with
additional overhead from the contrastive objective

at batch size B=48; this B is a fixed analytic set-
ting applied to all systems, not the training batch
size of Appendix G. Unless otherwise stated, GTE-
large, Longformer-large, and the full-attention 8K
encoder assume hidden dimension d=1024 and
L=24 encoder layers. REIGN pairs a frozen GTE
Guidance Network with a 1024—384 projection
and a lightweight two-layer (SMALL-1.2) encoder
over k=16 chunk-level embeddings. When Guid-
ance Network embeddings are cached, REIGN
avoids repeated token-level computation entirely,
resulting in several orders-of-magnitude reductions
in both training and inference FLOPs relative to
token-level long-context baselines.

Measured cost. Table 11 complements the an-
alytic model with measured end-to-end latency
and peak memory on a single RTX 4090 (24 GB).
We time 500 corpus documents and 100 queries
from the GOODWIKI-LONG test split at batch 8,
with one warm-up plus three timed repeats on an
otherwise-idle GPU. Cached REIGN serves GN
chunk embeddings from disk and answers queries
in 0.40-0.52ms (49-229x faster than with the
GN run per query, i.e. the uncached rows); the
one-time cache build costs 8.9 ms (GTE-small),
18.0 ms (GTE-base), and 53.3 ms (GTE-large) per
document. Uncached REIGN performs identical
GN work to the chunked baseline (verified at 167
chunks in both paths on the sampled documents),
so we report parity; the sub-1.0 ratios reflect base-
line batching, not less work. Two caveats remain.
The cached peak-memory figures still include the
GN weights resident on the device, which a corpus-
only indexing deployment would not need, and
Jina-v3 could not run at batch 8 on this card (mea-
sured at batch 4, peaking at 18.9 GB).

G GoodWiki-Long Training Protocol

Optimisation. REIGN is trained on GOODWIKI-
LONG with the three-way cosine embedding ob-
jective of Section 4.2 (partial weight A=0.5). Op-
timiser AdamW with Ir=10"° and weight decay
10~*; cosine-annealing schedule. Batch size is 18.
Each anchor is paired with its rephrased positive
(target 1), its two topical distractors as partials (tar-
get 0), and 17 in-batch negatives formed by shifting
the positives (target —1), giving 360 pairs per opti-
misation step. Training runs 50 epochs with valida-
tion every 4 epochs; the released checkpoints are
the best-validation snapshots (nDCG@ 10 on the
val split). GN chunk embeddings are precomputed



Table 10: Concrete FLOPs comparison for long-document embedding methods (per document) under an
8K-token setting with 512-token chunks (k=16). Token-level baselines run self-attention over subword tokens;
REIGN also runs full self-attention but over chunk-level embeddings (sequence length k=16 instead of n=>512 or
8K), and caches the GN forward pass. Multiply—add operations count as 2 FLOPs; training FLOPs assume 3 x
forward passes (forward + backward) plus the contrastive-objective overhead at batch size B=48.

Model Attention Type Representation Training TFLOPs  Inference TFLOPs Scaling
GTE (truncated, 512) Full self-attn Token-level 0.657 0.219 o (n2 )

GTE (chunked, 16 x512) Full self-attn (repeated) Token-level 10.514 3.505 O(kn2)
Longformer (full 8K) Sparse windowed (w=>512) Token-level 10.509 3.503 O(nw)
Full-attention encoder (8K) Full self-attn Token-level 19.785 6.595 O(nQ)

REIGN (small-12, no cache) Full self-attn Embedding-level 10.514 3.505 O(kn?)
REIGN (small-12, cached GN)  Full self-attn Embedding-level 0.00027 0.000088 O(k?)

Table 11: Measured inference cost on GOODWIKI-
LONG (500 documents, 100 queries), single RTX 4090
(24 GB), otherwise-idle GPU. Latency is end-to-end per
query (encode + retrieve).

Uncached runs the Guidance Network per query; cached
serves its chunk embeddings from disk.

Jina-v3 measured at batch 4 (batch 8 exceeds 24 GB);
all other dense rows at batch 8.

System Index (s) ms/query Peak GPU (GB)
Sparse lexical

BM25 0.2 6.5 -
TF-IDF 0.1 1.1 -
Native long-context dense (truncate 8K)

BGE-M3 37.6 430.3 9.80
Jina-Embeddings-v3 26.0 336.7 18.90
Stella-en-1.5B-v5 30.6 3189 14.34
Nomic-Embed-v1.5 13.4 160.5 4.81
Bare GN (chunked mean-pool, 512)

GTE-small (chunked) 4.1 23.0 0.23
GTE-base (chunked) 7.7 42.7 0.61
GTE-large (chunked) 21.6 121.4 1.56
BGE-base (chunked) 7.7 429 0.61
BGE-large (chunked) 21.6 121.4 1.56
REIGN, uncached GN (cold cache)

REIGN + GTE-small 33 19.8 0.35
REIGN + GTE-base 6.6 39.7 0.76
REIGN + GTE-large 19.9 118.2 1.73
REIGN, cached GN embeddings (warm)

REIGN + GTE-small 0.2 0.40 0.24
REIGN + GTE-base 0.2 0.47 0.55
REIGN + GTE-large 0.2 0.52 1.45

and cached. 16-bit mixed precision, seed 42.

Encoder configuration. The paper-default
BASE-L3 REIGN encoder is a 3-layer Transformer
over chunk-level embeddings (22.45M parameters;
see Table 7 for the full configuration sweep).
An internal linear projection adapts the GN'’s
chunk-embedding dimensionality to the REIGN
encoder hidden width when the two differ (e.g.
1024—768 for GTE-LARGE). Chunking uses
a sliding window of K'=512 tokens with stride
S=K unless otherwise specified.

Data and evaluation. Training uses the
GOODWIKI-LONG-SYNTHETIC train split
(10,000 query-disjoint queries; positives enter the
loss at full weight and distractors as A-weighted

partials, and the graded labels also provide the
test-time ranking signal documented in Table 1).
Reported test numbers (Table 2) are nDCG@ 10
on the 5,854-query test split with the full 53,562-
document corpus; self-matches are removed.
nDCG uses exponential graded gains (2"'—1),
so the rephrased positive (score 2) carries gain 3
and each topical distractor (score 1) gain 1; the
auxiliary precision/recall metrics in the released
result files use linear gains rel/2. We apply the
same protocol and metric implementation to every
system in Table 2 (sparse, native long-context
dense, bare-GN, and REIGN). All runs use a single
24 GB consumer GPU.

H Training-Objective Ablation

Table 12 compares the three-way cosine recipe
of Section 4.2 against InfoNCE variants under
matched conditions (BASE-L3 on GTE-SMALL,
chunk/stride 512, 20 epochs unless noted, seed
42, best-validation selection). The InfoNCE grid
covers temperature 7 € {0.07,0.1}, distractors
included as graded soft positives (a=0.5) or ex-
cluded (a=0), batch size 18 vs. 48, a warm start
from the released checkpoint, and a 50-epoch run.
The cosine recipe wins every benchmark against
every InfoNCE variant; its 20-epoch replica (66.99)
tracks the released 50-epoch checkpoint at the
matched stride (67.09 @s512), so training length
does not explain the gap. Within the InfoNCE
family the graded distractor signal does not help.
The a=0 arms beat their «=0.5 counterparts on
all three benchmarks at 7=0.07 and on two of
three at 7=0.1. Whether the pairwise cosine ob-
jective would also gain from excluding distrac-
tors is untested; the released recipe includes them
as A\-weighted partials. The same ordering holds
on short-text MTEB retrieval (ARGUANA/FIQA -
2018 at 50.94/33.62 nDCG @10 for the 20-epoch



cosine arm, best of the arms measured on MTEB;
the released checkpoint’s MTEB numbers are in
Table 6).

Table 12: Training-objective ablation (BASE-L3 on
GTE-SMALL, chunk/stride 512, 20 epochs unless
noted). nDCG@10 on GOODWIKI-LONG test and
LoCo (macro over 12 subtasks), nDCG@ 100 on DAP-
FAM test. The reference row reports the released
checkpoint’s main-table values at their respective strides
(GoodWiki @s384; 67.09 at the matched s512; LoCo
and DAPFAM @s512).

« = distractor (soft-positive) weight; bs = batch size;
bold = best ablation arm per column.

tValidation only degrades after the first validation
epoch; the row is the epoch-1 best-validation snapshot.
YWarm start from the released checkpoint; validation
decays monotonically from the warm-start value, so the
row is an epoch-1 snapshot close to the released model.

Objective GoodWiki LoCo DAPFAM
Three-way cosine, bs18 (recipe) 66.99 68.26 31.60
Three-way cosine, bs48 65.42  66.77 31.11
InfoNCE 7=.07, a=0, bs48 6591 65.94 30.71
InfoNCE 7=.07, a=0, bs48, 50 ep 66.37 66.20 30.49
InfoNCE 7=.07, a=.5, bs48 64.52 6525 30.46
InfoNCE 7=.07, a=.5, bs48, warm* 65.74 65.88 30.87
InfoNCE 7=.1, a=0, bs48 64.76  64.95 30.64
InfoNCE 7=.1, a=.5,bs48 64.25 64.98 30.19
InfoNCE 7=.07, a=.5, bs181 60.16 63.15 29.48
Released ckpt (cosine, 50 ep) 67.31 68.92 31.69

Reproducibility note: InfoNCE needs a large
negative pool. The InfoNCE path contrasts each
anchor against the shifted in-batch positives only,
so at batch 18 the per-step pool is 324 pairs, ver-
sus 360 pairs including partials on the cosine path.
At 7=0.07 this pool is too small for stable train-
ing. Validation nDCG @10 peaks at the first vali-
dation epoch (0.73) and decays monotonically to
0.20 by epoch 19, so the batch-18 row above is
an epoch-1 snapshot. Batch 48 (2,304 pairs) re-
moves the collapse; the a=0 arm improves steadily
(0.76 — 0.78), while the a=0.5 arm still decays
after an early peak (0.76 — 0.61). The cosine ob-
jective shows no such sensitivity, and its validation
improves monotonically at both batch sizes.

I DAPFAM Protocol Details

Dataset. DAPFAM (Ayaou et al., 2025) pairs
1,247 query patent families with a corpus of 45,336
candidate families, each represented by the con-
catenated text of its constituent patent documents.
Relevance is binary, averaging 19.99 cited pos-
itives and 20 provided random non-cited nega-
tives per query. Sampled whitespace-token length

statistics give queries a median of 12,330 tokens
(p75 21,204, p95 60,616, max 485,712) and corpus
documents a median of 7,346 tokens (p75 12,262,
P95 31,952, max 294,417). We use the FULLTEXT
view throughout, which is the long-document set-
ting REIGN targets.

Split construction. DAPFAM ships eval-only.
To train REIGN on patents we built a query-disjoint
train/val/test partition: (i) stratify the 1,247 query
patents by quartiles of positive count; (ii) split ran-
domly ~70/15/15 with seed 42, query-disjoint (no
query appears in more than one split); (iii) scope
the original IN-/OUT-IPC partition to the held-out
test set, so TEST_IN and TEST_OUT are positives-
only subsets of TEST and the cross-domain break-
down is computed on identical queries across
systems. The resulting counts are 872/188/187
unique queries (34,869/7,520/7,480 grels rows) for
train/val/test, with 180 and 138 queries in TEST_IN
and TEST_OUT respectively.

Training protocol. REIGN is fine-tuned on
DAPFAM via a standard query/positive/negative
contrastive setup with InfoNCE and false-negative
masking. Binary qrels disable the objective’s
partial branch (partial-policy = ignore in
the released configuration). Negatives are
DAPFAM’s provided random score=0( families
(n-negatives-per-sample = 4 plus in-batch neg-
atives; using all 20 provided negatives exceeds
24 GB of memory at FullText sequence length).
Warm-start runs initialise from the GOODWIKI-
LoNG-trained REIGN checkpoint; cold-start runs
initialise the REIGN encoder from scratch with
the same frozen GN. Optimiser AdamW, Ir €
{1075,5-1076,2.107%,1076}, weight decay €
{107%,1072,10~'}, cosine schedule, temperature
0.07, 16-bit mixed precision, seed 42, validation
every 3 epochs.

Evaluation protocol. The authoritative metric is
nDCG @100 computed with a grels-based evaluator
over the full 45,336-document FullText corpus at
top-k = 100; the in-training validation nDCG@ 10
is an in-batch proxy only and is not the reported
number. Self-matches are removed before scoring:
for typically ~12-16 of the 187 test queries the
query document itself appears in the corpus, and
those corpus copies are dropped from the candidate
pool. The same protocol is applied identically to
zero-shot REIGN, fine-tuned REIGN, and every
sparse or dense baseline; only the encoder varies.



Significance re-runs. Two deltas in Table 5 come
from re-runs. Jina-v3 scores 32.98 against the main-
table 32.97 (fpl16 non-determinism) and Stella-
1.5B 33.00 against 32.91 (batch 8 rather than the
main-table batch 4); every other row matches Ta-
ble 4 exactly, and holding Stella at its main-table
32.91 leaves the verdict unchanged (p=.843).
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