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Abstract 8;3

Background: Retrieval-augmented generation pipelines that contextualize every 030

chunk against its whole document follow a “Red AI” pattern: quadratic self- 031
attention and a linearly growing key—value cache push index-time inference beyond

the 8 GB of a consumer GPU, while energy-sector auditing and policy work, 032

bound by data-sovereignty rules, must run locally. 033

Results: We formalize Document Slice contextualization, which conditions each 034

chunk summary on a bounded window of neighboring chunks, and add a two-tier 035

routing agent that selects the radius for each chunk using a regex gate and a single- 036

token forward pass of the same 4B-parameter model. On 25 scientific papers (382 037

chunks, 250 multi-hop questions) the router chose a mean radius of 1.37, skipped 038

32 % of the summaries and reached Recall@20 of 0.952 against 0.954 for full- 039

document contextualization, with higher MRR, while cutting tracked generation 040

energy from 106.7 to 13.2 Wh (—87.6 %), emissions from 21.8 to 2.8 gCOzeq 041

and generation time from 54.9 to 8.8 min. In four European Commission policy 042
documents, the fixed-radius variant remained within 0.6 points of the baseline, at

71.8 % lower energy. 043

044
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Conclusions: Bounded, routed contextualization offers a PEP-AI pathway (Pre-
cise, Explainable, Provable) to decentralized compliance auditing: reproducible
metrics, inspectable per-chunk decisions, and per-run energy ledgers.

Keywords: Retrieval-Augmented Generation, Green Al, Small Language Models, Edge
Inference, Energy Governance, Contextual Retrieval

1 Background

Large language models (LLMs) have changed how organizations search, summarize,
and reason over documents [1, 2], but the capability is concentrated where data-center-
scale compute is affordable, resulting in a “compute divide” [3-6] between high and
low resource institutions. Schwartz et al. called this culture “Red AI” and contrasted it
with “Green AI”, which reports efficiency as a first-class result [7]; the energy, carbon
and water footprints of large models [8-13] and frameworks for reporting them [14-17]
are well documented.

For most organizations, the practical answer to the compute divide is to rent data-
center capacity; for some, it is not an option. Energy governance cannot externalize
these costs to a cloud provider. The recast Energy Efficiency Directive [18], the
Energy Union governance framework [19]. The Commission’s plan for digitalizing
the energy system [20] produces long, structured documents that regulators and
operators must query precisely and in a defensible manner. In contrast, the General
Data Protection Regulation [21], and the Artificial Intelligence Act [22] impose data-
sovereignty, transparency, and record-keeping obligations on automated decision support
[23]. On-premises retrieval on commodity hardware is therefore a compliance property,
and it has to fit the 8 GB of a typical workstation GPU [24].

The standard way of querying such documents with a language model is to retrieve
first and generate second. Retrieval-augmented generation (RAG) grounds model

answers in retrieved text [25-27]; production systems combine dense retrieval [28] with



BM25 [29, 30] and late-interaction re-ranking [31-34]. Their weakest link is chunking: a
passage cut from its document loses the referents that make it retrievable [35-38], layout-
aware segmentation only partly repairs this [39, 40], and context-aware representations
have therefore been proposed at embedding time [41] and, most influentially, at index
time, by prepending a model-written summary of the chunk’s role before embedding
[42].

The repair is bought with compute, however, and its price is set by how much
context each chunk is given. Industrial index-time contextualization sends the whole
document with every chunk: (n + 1)L prompt tokens for a document of n chunks and
L tokens, and, since self-attention is quadratic in sequence length [43-45], attention
work grows with >~ (L + ¢;)?. The key—value cache grows linearly with the context
window [46-48], and once weights plus cache exceed physical VRAM the runtime
pages to host memory over PCle, where throughput collapses [49]; efficient kernels [50],
sparse attention [51] and quantization [52] lower the constants, not the dependence on
L [53-55]. Long contexts are also used badly: models retrieve information best from
the beginning and end of a prompt and degrade for the middle [56], an architectural
effect [57-59] that persists in embedding models [60] and multimodal retrieval [61],
so a summarizer handed a whole paper to describe one paragraph pays quadratically
for context it largely ignores. Giving each chunk less but better-chosen context is the
obvious remedy, and several designs move in that direction without settling on how
much context is enough. Sentence-window and parent—child retrieval [62, 63], summary
trees [64] and graph summarization [65] add neighboring or hierarchical context with
inputs that are hard to bound, and adaptive systems decide per query how much to
retrieve [66, 67] or which model to call [68, 69]; missing is a per-chunk decision, taken
at index time, of how much neighboring context a chunk needs, under a hard bound

that keeps every prompt inside a fixed memory envelope.
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This article extends our conference study of Document Slice contextualization [70]
in that direction with (i) a formal definition of the bounded, boundary-clamped slice
and its index-time cost; (ii) a two-tier routing agent that assigns each chunk a radius
k € {0,2} with a deterministic table gate and a single-token forward pass of the same
4-billion-parameter model that writes the summaries; (iii) a complexity and memory
model of why the full-document baseline leaves the 8 GB envelope; (iv) an evaluation
on 250 multi-hop questions in which the routed pipeline reaches Recall@20 of 0.952
against 0.954 for the baseline at 12.4 % of its tracked generation energy; (v) a cross-
domain check on European Commission policy documents; and (vi) a measurement
protocol with a noise-floor analysis and per-run energy ledgers. Section 2 presents
the method and its cost model, Section 3 presents the results, Section 4 presents the
implications, and Section 5 concludes. The complete architecture, the frozen chunk
and question files, the per-run energy ledger, the routing and retrieval records, and the
scripts that recompute each reported value and draw each figure are openly available
in the project repository [71], archived at Zenodo; the Declarations state which source

documents cannot be redistributed.

2 Methods

We first describe the two corpora and question sets on which every measurement is
taken (Sect. 2.1). The remaining subsections then follow a document through the
pipeline. The pipeline (Fig. 1) runs on a single workstation with a single 8 GB GPU.

A PDF is parsed into layout-aware chunks (Sect. 2.2), a routing agent decides
per chunk how much neighboring context, if any, the summarizer sees (Sects. 2.3—
2.4), and the summary is prepended to the chunk, embedded and indexed for hybrid
retrieval (Sect. 2.5). The only GPU-resident model during context generation is
gemma3:4b-it-qat [72], a quantization-aware-trained 4-billion-parameter model served

by Ollama [73], which acts as a router and a summarizer.
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Fig. 1 End-to-end on-premise architecture on one 8 GB consumer GPU: router and summarizer
share one resident gemma3:4b-it-qat runner (16 384-token window), the embedder runs after the
runner is stopped, and chunks routed to k& = 0 bypass the summarizer.

2.1 Datasets

The primary corpus consists of 25 open-access papers from IEEE and Nature-portfolio
journals across engineering, physics, computing, and the life sciences, chosen for their
heavy use of tables, formulas, and figure references. Following the LLM-as-a-judge
paradigm [74] we built a “silver standard” question set [75]: Gemini 3 Pro was given the
chunk JSON of one paper at a time (chunks as produced by the parser of Sect. 2.2) and
instructed to write exactly ten high-complexity question—answer pairs grounded only in
the provided text, each requiring at least two distinct chunk identifiers (abridged prompt
in the conference paper [70]), and a validator rejects questions with fewer than two
supporting chunks or with unknown identifiers: 250 questions with 530 gold references
over 226 distinct chunks (Table 1). The gold labels come from a large proprietary model
and the summaries from a 4-billion-parameter open model, so a shared preference for

particular chunks is unlikely. To test the method inside the target genre of regulatory
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Table 1 Evaluation corpora: the scientific silver-standard benchmark and the European
Commission policy set.

Quantity Scientific benchmark EC policy set

Documents 25 (IEEE, Nature portfolio) 4 (COM(2016) 269,
COM(2021) 249, SWD(2013) 56,
IAP methodology 2023)

Chunks 382 141 (14 / 32 / 35 / 60 per docu-
ment)

Characters (total) / median 1056773 / 2090 259985 / 1206

chunk length

Chunk length, tokens (mean / 663.6 / 450 446.8 / 246

median; tokenizer of Sect. 2.2)

Questions 250 (10 per document) 80 (10 / 20 / 20 / 30 per docu-
ment)

Supporting chunks per question ~ 2-4 (mean 2.12; 223 / 24 / 3 2-3 (mean 2.05; 76 / 4)
questions with 2 / 3 / 4)

Gold references 530 164

Distinct gold chunks (share of 226 (59.5 %) 94 (66.7 %)

corpus)

Question generator / manual  Gemini 3 Pro / — Gemini 3 Pro / 20 % random sub-
validation set

text, we use four public European Commission documents on tobacco-control policy
(COM(2016) 269, COM(2021) 249, SWD(2013) 56 and the 2023 methodology report of
the Independent Advisory Panel on characterising flavours), chunked and questioned
with the same protocol (80 questions, 164 gold references; a random 20 % subset was
checked manually); they share the genre of energy-governance documents: directive
articles, member-state implementation tables, methodology sections and annexes. The
exemplars of the routing agent (Sect. 2.4) come from six additional papers that are
not in either benchmark, so no text the router has seen as an example can be retrieved

as an answer.

2.2 Layout-aware document parsing

Definition 1 (Chunk sequence) Let 7 be the tokenizer of the embedding model and ¢max a

token budget. A document is the ordered chunk sequence

n
D=(c1,-..,cn), L5 =1|m(cj)| < lmax = 2000, L= f;, id(c;)=SHA256(¢;), (1)
j=1



where ¢; is the cleaned chunk text; the content hash gives a chunk the same identifier in every

experimental condition.

The sequence of Definition 1 is produced as follows. Segmentation uses Docling
[39, 76]: layout analysis, table-structure recognition and OCR per page, then the
HybridChunker [77] splits along structural elements and merges adjacent elements of
a section while the token count under the nomic-embed-text-v1.5 tokenizer stays
below £i,ax = 2000, so that a table, its caption and the paragraph discussing it tend to
stay together; the chunks keep the reading order of the document, which is the order
the slices of Sect. 2.3 rely on. Chunk text is normalized (Unicode NFKD, ASCII dashes
and quotes, URLs removed, whitespace collapsed) before hashing (Fig. 2; Table 2).
Two properties matter later: a recognized table is serialized as one line of “<row>,
<column> = <value>.” cells, so tables are detectable by a regular expression (the
Tier-1 gate of the router, Sect. 2.4), and layout artifacts survive (formula placeholders

in 51 of the 382 chunks, glyph codes in 93).

25 papers, 382 chunks

Cleaning

Docling

Frozen chunk

PDE conversion Hybrid chunking Unicode NFKD; non- Identifier e
i breaki t
document layout analysis (text SR ST reaking spaces fo SHA-256 hash .
blocks, tables, captions, merge peers within a spaces of the cleaned {"text",
a scientific fUl’muI’as) » cap ! section dashes and curly quotes chunk text “"document”,
Paperasa table-structure copgeleogionic normallzed; URLs becomes the "id".}
FBIFI recognition tokens remove chunk id one file per paper

whitespace collapsed,

OCR paragraph breaks kept

—_—————— e e N m,——————
Serialized table I'Undecoded content

a table arrives as one line of comma- | a formula is replaced by the placeholder
| separated cells of the form "row, column = "</-- formula-not-decoded -->"

value." and a caption such as "TABLE I" or ligatures can survive as glyph codes, e.g

"Table 1|"", 1=.,2=0/.2.,3=.,4=490., | "GLYPH<28>rst" for "first"

|
|
|
|
|
| 5=421. Sandy, 1 =460, Sandy, 2 = 76.8." !

Fig. 2 Layout-aware parsing and chunking: layout analysis, structure-aware segmentation, token-
bounded merging of peers within a section, cleaning and hashing. The chunks keep the reading order
of the document and form the sequence D = (cy,...,cpn) of Definition 1 that the slices of Sect. 2.3
index; the serialized tables and undecoded content in the call-outs are what the routing agent of
Sect. 2.4 detects and has to cope with.
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Table 2 Structural parsing metadata and chunk statistics of the scientific corpus (Docling
HybridChunker output).

Quantity Value Note

Documents / chunks 25 / 382 380 distinct identi-
fierst

Chunks per document (min/median/max) 8 / 14 / 33 token budget 2000,
merge peers

Chunk length, characters 4 /2090 / 2766 / 10260 total 1056 773

(min/median/mean/max)

Chunk length, tokens 1 /450 / 666 / 1999 total 253488; 4.17

(min/median/mean/max) characters per token

Chunks per token band (< 250 / 251-500 119 /88 /78 / 37 / 60 25 chunks at > 1900

/ 501-1000 / 1001-1500 / 1501-2000)

Document length, tokens = 4.3k / 10.4k / 18.3k 17760-76 161 charac-

(min/median/max) ters

Chunks with formula placeholders / glyph 51 / 93 layout artifacts

codes

Chunks carrying a serialized table (Tier-1 42 cells or caption pat-

gate) tern

1The 43-character chunk “The authors declare no competing interests.” occurs in three papers and
has one identifier; none of the three is a gold chunk.

2.3 Bounded document slices

Definition 2 (Document slice) For a chunk ¢; € D and a context radius k£ € Ny the document

slice is the set of chunks within k positions of ¢;,

Slice(c;, k) = {¢; € D | max(1,i — k) < j <min(n, i+ k) }. (2)

Near a document boundary, where the ideal slice would underflow the start or
overflow the end of the document, the implementation compensates the truncated side
of Eq. (2) on the other side (Fig. 3): with u; = max(0, k¥ — 4+ 1) chunks missing before

¢; and o; = max(0, i + k — n) after it,

Wi(k) = {j: max(1, i—k—o0;) < j < min(n, i+k+u;) }, |W; (k)| = min(2k+1, n),
3)
and the target stays central except at the edges, away from the attention-degraded

middle of long prompts [56]. The window is all the context the summarizer is shown.



The summarizer receives a fixed system prompt (Table 3), the window text under the
header “FULL DOCUMENT:” (kept verbatim from the baseline, so that only the content
differs between conditions) and the chunk under “CHUNK:”; its one- or two-sentence

answer s; is prepended to the chunk before embedding. The prompt length of one call is
Pi(k)=s+ Z i+ 4 Versus Pl — s+ L4 ¢ (4)

for the full-document design, with s = 164 tokens of system prompt, so under fy,.x =
2000 every slice prompt is bounded by s+ (2k + 2)max (12190 tokens for k£ = 2, 16 190
for k = 3) regardless of the document: a fixed 16 384-token context window suffices for
the whole corpus, whereas the full-document baseline needed a 30 000-token window
(Sect. 2.6). Note that k£ = 0 in the static ablation (Sect. 3.1) still calls the summarizer
with the chunk as its only context, whereas a radius of 0 assigned by the router means

no summarizer call at all.

Ideal document slice

Chunkik .. ' Chunk 0 J ‘ Chunkii " Chunk i+k J

Chunk i+k+abs(i-k) ] ’ Chunk n J

L J
Y

Underflow adjusted document slice

Fig. 3 Boundary handling of the slice window. Underflow case shown; overflow at the end of a
document is the mirror image: when the ideal slice of radius k& around chunk i would reach before
the first chunk, the missing positions are appended after c;yx, so the realized slice still contains
min(2k + 1,n) chunks and the target chunk remains as central as the boundary allows.

2.4 Dynamic radius routing

Our conference ablation [70] showed that k = 2 and k = 3 are the best fixed radii,
but a fixed radius wastes work twice over: chunks that already describe themselves

(abstracts, conclusions, reference lists, author and funding statements, layout debris)
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gain nothing from a summary, and chunks carrying a serialized table are summarized
worse when the window is wide, because the model then describes the surrounding
prose or degenerates into one of its own prompt examples. A routing agent R therefore
chooses the radius per chunk in two cheap tiers, before any summary is written. Tier 1
is a deterministic table gate defined by string matching. Let A(c) = (A1,..., ) be
the lines of a chunk, i.e. ¢ split at its line feeds, and |w| the length of a string w.
For a set of strings X let vx(w) be the number of substrings of w that belong to X,
counted by a leftmost, non-overlapping scan of w, with v, for X = {u}, and write o—
for the three-character separator “ = 7 (blank, equals sign, blank). Let C' be the set
of strings matched by the cell expression of Table 3: the tails ¢, <col> = <val>.”
of Docling’s serialized cells “<row>, <col> = <val>.”, each cell from the comma
after its row label onward (the row label is unconstrained and may be empty, as in
header cells, so it is not part of the match). Captions are tested by matching predicates:
for an expression r of Table 3, 7P™(A) = 1 if r matches a prefix of the line A and

7_sub

Sub(X) = 1 if r matches some substring of A, and 0 otherwise. The set of caption tests

isT = {T}?Cr:p, Tf,lub}, where 7cap matches the caption heads “TABLE I”, “Table 1:” or
“Table 1 |” together with their leading blanks, which must therefore begin a line, and
r| matches the caption head “Table 1 |” of tables whose caption Docling has glued to

the first cell, which may therefore occur anywhere in a line. With the Iverson bracket

[P] € {0,1}, the gate is

gr(c)=|INEAC): (ve(N) >3 A A <100, (V) V IT€T: 7()) = 1], (5)
that is, a chunk is a table chunk if one of its lines carries at least three serialized cells
(three cell tails in C') at a density of at most 100 characters per separator, or passes a

caption test, a caption at the start of the line or a pipe caption anywhere in it; table

chunks, gr(c) = 1, receive kr = 2 without a model call. Tier 2 classifies every other

10



chunk with one forward pass of the resident model emitting a single token, from the
router system prompt 7, (Table 3), ten in-context exemplars X and the chunk clipped
to its first 1500 and last 500 characters; the agent takes the argmax of the top-20
next-token log-probabilities over the two answer letters (fallbacks: the emitted token,
then kgefaut = 2), with x(S) = 0 (self-describing, no summarizer call) and x(N) = 2
(needs its neighbors). In the fixed-radius control runs of Sect. 3.1 the agent is bypassed
and every chunk receives the same radius kg € {0, ...,4}; the full-document baseline
uses no slice at all and is not a case of the policy. The policy, and the two statistics

reported for every run, are

Kfix (control runs),
R(ci) = kr =2 if gr(c;) =1 (Tier 1), (6)

r(arg max,e sy log po(y | 7, X, clip(cy)))  (Tier 2),

k== ki,  Nens=|{i:ki>0}] (7)
=1

S|

One forward pass takes about 0.16s on the RTX 4060M (median 155 ms; the

exemplars form a cached prefix of roughly 2000 tokens), so the corpus is routed in

about a minute, and nothing is reloaded between the routing and summarizing phases.

With exemplars from six papers outside both benchmarks (109 chunks), the router
agrees with a 119-chunk hand-labeled set on 82 of the 99 chunks that reach Tier 2, and
the gate fires on all 20 gold table chunks with no false positives. The server’s logits
vary slightly with the state of its prefix cache, so chunks whose two letters lie within
about 0.1-0.3 nats can flip between runs; the agent logs the letter log-probabilities so

that such near-ties can be audited, the “explainable” half of the pathway of Sect. 4.
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Table 3 Prompt templates of the summarizer and of the routing agent, and the routing decision

criteria.
Component Specification
Summarizer gemma3:4b-it-qat served by Ollama; temperature O, num_ctx 16384 (SYSTEM

Summarizer system
prompt

Summarizer mes-
sages

Router

Router system

prompt

Router user message

Tier-1 gate, Eq. (5)
(Python re syntax)

block and PARAMETER lines of Models/chunker_full_doc.Modelfile, passed

per call so that the base model stays resident)

789 characters (164 tokens): return only a short, objective summary of the

chunk’s relevance, meaning, or contribution to the document as a whole, no

preamble, no phrases such as “This chunk is...”; three one-sentence examples

(verbatim in Models/chunker_full_doc.Modelfile)

user 1: “FULL DOCUMENT:” 4+ newline + the chunks of W;(k) joined by single

spaces; user 2: “CHUNK:” + newline + c¢;; embedded text s; + blank line + ¢;

for k; > 0, ¢; alone for k; = 0 (routed)

same resident runner and num_ctx; temperature O, num_predict 1, top_p

1, logprobs with top_logprobs 20; decision: argmax of the letter log-

probabilities, k(S) = 0, x(N) = 2; fallback: parse the emitted letter, else

kdefault = 2

“Decide whether the passage describes itself”: S—self-describing (abstract;

conclusion or summary of the whole paper, even when full of numbers; non-

content matter such as reference lists, acknowledgements, funding, author

biographies, competing interests, metadata, licence text, layout garbage);

N — needs its neighbours (any other passage); “Reply with the letter only”

(verbatim: BINARY_SYSTEM_PROMPT in the repository)

ten exemplar blocks “Passage: x / Answer: S|N” (from six held-out papers:

abstract, reference-list excerpt, conclusion, acknowledgement — S; formula

block, related work, caption fragment, results, device description, experimental

setup — N), then “Passage: clip(c;) / Answer:” with the query clipped to

its first 1500 and last 500 characters

cell set C, strings matched by , [~,=\n1{1,80} = ["=\n1{0,80}\S\.(?: |$)

Tcap, prefix test 7P*¢: ~[ \t1*(?:TABLE|Table) [ \t1+(?:\d{1,2} | [IVXLCI{1,5})\b
(7: 0 \t1*[.: 110 \t1x\SI[ \t1+[A-Z] [A-Za-z] | [ \t1*$)

7|, substring test 75UP: \pTable[ \t1+\d{1,2}[ \tl*\|

> 3 cells of C on one line with < 100 characters per “ = ” or a caption test

=kr =2

2.5 Context-enriched embedding and hybrid retrieval

The enriched text is embedded with nomic-embed-text-v1.5 [78], a 768-dimensional

open-weight encoder with a long native context and a competitive MTEB score [79]

that runs unquantized on the same GPU, through LanceDB’s embedding registry [80]

in fp32 with mean pooling, without task prefixes or normalization, identically in every

condition. LanceDB stores the enriched text with its vector, a BM25 index, the raw

chunk, the summary, the content hash, and the routing decision. Retrieval is hybrid

[33, 34]: the 20 nearest chunks by exact L2 search and the 20 best BM25 matches
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[29, 30] are re-scored by a ColBERTV2 re-ranker [31, 32] and cut to the top 20. Every

system, including the full-document baseline and the no-context control, is indexed

and queried with exactly this procedure, so the only experimental variable is the

embedded text. The Ollama runner and the PyTorch models cannot share the GPU

without spilling, so the phases run in sequence (routing and summarization, ollama

stop, embedding and indexing, retrieval); Table 4 lists the environment.

Table 4 Experimental hardware and software environment and embedding configuration.

Item

Specification

CPU / system memory
GPU

OS / Python/server

Summarizer and router
model

Context
(num_ctx)

Embedding model

window

Vector store / search
Parsing / chunking

Energy tracking

Intel Core i7-14650HX, 24 threads / 31.06 GB

NVIDIA GeForce RTX 4060 Laptop GPU, 8 GB VRAM; memory band-
width 256 GB/s; peak use 7695 MiB over the full pipeline; resident
summarizer runner 4.54 GiB (16 384-token window) and 4.82 GiB (30 000),
all layers on the device (Sect. 3.6)

Linux (zen kernels 6.18-7.2); Python 3.13 (spring and summer 2026 runs)
and 3.12 (router study); Ollama 0.17.5 (March 2026 runs), 0.32.1 (July
policy-corpus runs), 0.34.0 and 0.34.3 (September router runs), 0.35.1
(memory measurements); one resident runner

gemma3:4b-it-qat (Gemma 3, 4B parameters, quantization-aware trained
int4 weights [52, 72]); 34 layers, ng = 5 global and ns = 29 sliding-window
(1024 tokens), ng, = 4 key—value heads of width d;, = 256, fp16 cache
(b=2)

16 384 tokens for the slice and routed pipelines (KV cache 494 MiB);
30000 tokens for the full-document baseline (764 MiB)
nomic-ai/nomic-embed-text-v1.5, 768-d, mean pooling, fp32 on CUDA
via the LanceDB HuggingFace registry

LanceDB 0.26.1; hybrid = exact-L2 vector top-20 U BM25 top-20 —
ColBERTV2 (colbert-ir/colbertv2.0) re-rank — 20

docling 2.68.0, docling-core 2.59.0 (HybridChunker, RapidOCR); trans-
formers 4.57.5; torch 2.9.1

CodeCarbon 3.2.3 (spring/summer 2026 rows) and 3.3.1 (September 2026
rows)

2.6 Computational complexity and memory analysis

Index-time contextualization issues one summarizer call per chunk, so a document costs

the sum of Eq. (4). With £ = L/n and the system prompt neglected, the prompt-token

13

953
954
955
5956
957
958
559
560
961
562
563
964
565
566
967
568
569
570
971
972
973
974
975
976
o977
978
979
580
581
582
583
o84
585
586
o987
588
589
590
991
592
993
994
595
596
997
598



599
600
601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644

volumes of the three designs are

Cran = i(L +4;) = (n+1)L, Cr = i( Z L; + &‘) < n (2k + 2) bmax,
i=1 =1 jeW;(k)

Cam= 2 (X G+a)+> (8)
i k>0 JEW, (k;) iET

where T = {i: gr(c;) = 1} is the set of table-gated chunks (which bypass the Tier-2
router and thus incur zero routing tokens), and p; the router prompt (about 2000
tokens, mostly a cached prefix): the full-document volume is quadratic in n, the bounded
volume linear with a constant 2k + 2 that the router lowers further by skipping chunks.

Attention widens the gap, since a forward pass over P tokens costs approximately [45]
F‘(-P)z2-vaarP"_27’LLdattnP2 (9)

(Npar non-embedding parameters, ny, layers, attention width dain), so a document’s

attention work is oc Y, P2.

Proposition 1 (Asymptotic index-time cost) Let P{" and P;(k) be the per-call prompt
lengths of Eq. (4) with the system prompt neglected (s = 0); they are the arguments P of

Eq. (9) for the two designs. Assume £; < max for every chunk and n > 2k 4+ 1. Then
_ n 9 _ B n
n3e? < Z(Pifuu) < 4n30? and nt? < ZPi(k)2 < n(2k+ 2)2 K?nax.
i=1 i=1
Hence the attention work of the full-document design is @(n3l72), that of the slice design is
O(nl2ay) for fized k, and their ratio is at least (£/fmax)? n?/(2k + 2)2; the prompt-token
volumes of Eq. (8) differ by at least (£/€max) (n + 1)/(2k + 2). For a token-bounded chunker

that merges peers up to its budget, £/fmax is a constant (0.33 on this corpus), so the ratios

are ©(n?) and O(n).
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Proof Full document: Pifun =L+40 with0< ¢ <L,soL*< (L+ Ei)Q < 4L? for every i;
summing over the n chunks and substituting L = nf gives the first chain. Slice: by Eq. (3)
the window W; (k) holds exactly 2k + 1 chunks when n > 2k + 1, each of at most ¢max tokens,
so P;(k) = ZjeWi(k) L; +€; < (2K + 2) fmax, which gives the upper bound. For the lower
bound, i € W(k) gives Pi(k) > i, s0 33 Pi(k)2 > 32,62 > (0, 4:)° /n = nl?, the last step
being the Cauchy-Schwarz inequality (L,1)? < ||L||?||1]|? for the vectors L = (£1,...,n)
and 1= (1,...,1),ie (3, &)2 <nd, 2. Each ratio follows by dividing the lower bound of
one design by the upper bound of the other; for the token volumes use Cgyy = (n + 1) nf and

Cr < n(2k 4 2) fmax from Eq. (8). O

On the corpus the bounds are loose but the ordering holds (Fig. 4): the full-document
design sends 18.73 M characters (& 4.5 M tokens) to the summarizer, fixed k = 1,...,4
send 4.25, 6.36, 8.43 and 10.32 M, and the routed pipeline 4.39 M (23.4% of the
baseline) in 261 instead of 382 calls; >, P? is 4.6 times smaller for k = 3 and 10.8 times
smaller for the routed pipeline than for the baseline, and the measured generation-time

ratio of 6.3 (Sect. 3.2) lies between this quadratic proxy and the linear one (4.3).

(a) index-time prompt volume (b) quadratic attention proxy
g 800 1 lines: theory with Z = 664 tokens; markers; the 25 corpus papers full d ¢
c legend: corpus totals in M tokens full document ull documen
3 700 1010 -
3 ]
3 E
£ 600 - .
= .
— .

9] S H e

500 o) ®
5 g Ry
] X 10°: fixed k=3
S 400 El ] / .
5 o 30 . , fixed k=2
[ [y 7/ H o -
2 300 N ] " // routed, k € {0, 2}
%) Y o Sl ,
c Fleg 2o e . fixed k=1
g fixed k=3 g -
S 200 B K g >
= fixed k=2 108 "0 _3— * . . & or SP2
by | . routed, k€ {0, 2} / corpus totals o Z "
£ 100 -  ——— fixedk=1 I . full / fixed k=3 = 4.6x
e St & 1 full / routed = 10.8x
[} 0 - 1

10 15 20 25 30 35 40 10 15 20 25 30 35 40
chunks per document n chunks per document n
—+= full document (4.49 M) —-— fixed k=1 (1.02 M) —-— fixed k=2 (1.53 M) fixed k=3 (2.02 M) routed, k € {0, 2} (1.05 M)

Fig. 4 Theoretical index-time cost: full-document contextualization grows quadratically in the number
of chunks in prompt tokens and cubically in attention work, bounded slices linearly with a constant
set by the radius, which the router lowers further by skipping self-describing chunks.

Memory decides whether the arithmetic can be done on the device at all: the GPU

must hold the quantized weights M,,, the activations M., and the KV cache, which
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for P tokens occupies

MKV(P):ZnLnkvdth (10)

bytes (ng, key—value heads of width dj, b bytes per element, and the factor of 2

accounts for storing both keys and values) [46, 48], so the run stays on the device only if

VGPU - Mw - Mact

Mw + MKV(PctX) + Mact é VGPU — Pctx § P* =
2N Ny dp b

» (11)

where P,y is the window reserved at load time, not the current prompt length. The
bounded slice fixes Pty = 16384 for every document (k < 3); the longest paper alone is
about 18 300 tokens, so the full-document design needs Py > S+ Liax + fmax =~ 20400
tokens and was run with a 30 000-token window. What the wider window costs depends
on the cache architecture. For a dense cache, Eq. (10) with the constants of an 8B
model of 32 layers and 8 key—value heads of width 128 gives 3.7 GiB at 30000 and
2.0 GiB at 16 384 tokens in fp16, so next to about 4.6 GiB of int4 weights the wider
window no longer fits an 8 GiB device while the bounded one does. The model used
here is a more favorable case. Gemma 3 interleaves n; = 29 local layers, whose cache
is capped at the sliding window of 1024 tokens, with n, = 5 global layers, so only the

global share grows with the window:

MKV(Pctx) = 2Nk, dp b (ng Pex +ns ’LZI), (12)

with @ = 1536 cells (the 1,024-token sliding window plus a 512-token query/window
plus batch). The server allocates 764 MiB at 30000 and 494 MiB at 16 384 tokens,
and the resident runner measures 4.82 against 4.54 GiB on an otherwise empty device,
every layer on the GPU in both cases, under the server release of the March runs as

well as the current one. For this model, the reserved window therefore does not cross
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P* on an 8 GiB device by itself; what crosses it is the memory that other pipeline

components hold at the same time, which Sect. 3.6 measures.

2.7 Evaluation metrics and statistical protocol

For a question ¢ € @ let G, be its gold chunks, Rf the top-K retrieved list and

rank,(c) the 1-based position of ¢ in it; for K € {5, 10, 15,20} we report

IRE NG, N K
RecallaK = — Y —1 T k={9eQ:R; NG, #2},  (13)
\QI o 1Gdl
MRRGK = Z ! (14)
\QK| mincERé‘ﬁGq rank, (c)’
MARGK = —— Z TTEYen > rankg(c). (15)
\QKI [Rg' NGyl

ceRENG,

Recall is primary because every question needs at least two chunks; MRR [81] reflects
the first relevant chunk; MAR, our exploratory measure of attentional accessibility, is
the mean position of all retrieved gold chunks and tells whether the evidence sits where
the positional bias of Sect. 1 is least harmful. Ranking metrics are averaged over Qf{
(questions without a hit are excluded rather than scored zero; 233, 246, 247, and 248
of 250 for the routed pipeline), and gold sets are matched by content hash. Recall@20
differences are tested per question with a 99 % BCa bootstrap interval of the paired
difference [82, 83] (SciPy [84], 9999 resamples, fixed seed) and an exact McNemar test
[85, 86] on the event “all gold chunks in the top 20”, reporting the discordant counts b
(only the compared system succeeds) and ¢ (only the baseline succeeds). Because the
summarizer is stochastic even at temperature 0, we also measure the noise floor of a
single run by regenerating one configuration (Sect. 3.3): about 0.7 points of Recall@20

and 2 points of MRR@20, below which gaps are treated as ties.
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2.8 Continuous energy and carbon accounting

Every generation run is wrapped in a CodeCarbon tracker [15, 87] that samples GPU,
CPU, and memory power once per second and integrates it over the run; emissions

follow through the grid factor:

T [T/ At]

Brotal = / (Popu(t)+Pepu(t)+Poram(®) dt ~ > (Pipu+PEu+PSaan) AL,
0 t=1

(16)

Emissions = Eyotal X Clgig X PUE, (17)

with At = 1s, where Clgyiq is the operational carbon intensity of the regional grid in
g COseq per kWh and the power-usage effectiveness is 1 for a workstation. GPU power
is read from NVML; CPU power came from RAPL counters for the spring-2026 runs
and from a load-based estimate for the later runs; memory power is a constant estimate
(Table 5). Energy is therefore the primary efficiency metric, and GPU energy, measured
consistently throughout, is reported alongside the total as the component comparable
without qualification. Durations come in two scopes: the tracked generation scope,
the interval wrapped by the tracker (routing and summarization over pre-chunked
documents, without PDF parsing, embedding or indexing), to which all energy figures
refer; and the end-to-end preprocessing scope, including PDF conversion, to which the
conference paper’s headline times (71 min 34 s baseline, 29 min 09s fixed k = 3) and

the routed pipeline’s 10 min 30s measured for this article (Sect. 3.2) belong.

3 Results

All metrics are those of Sect . 2.7 on the corpora of Sect. 2.1; times and energies
refer to the tracked generation scope unless stated otherwise. Sect. 3.1 first reports
the fixed-radius sweep that motivated the router, Sect. 3.2 the central comparison of

the full-document baseline, the static slice, and the routed pipeline in accuracy, time,
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Table 5 Power-measurement coefficients, per-run power draw, and grid emission factors.

Quantity

Value

Sampling interval / tracking mode / PUE
GPU power
CPU power

1s / whole machine / 1.0
measured via NVML (all runs)
RAPL counters (runs of 5 March 2026); load-based

estimate with the tracker’s TDP fallback (“4 W per
thread X 24 threads = 96 W”) from 19 July 2026 on
constant 20.0 W estimate (31 GB installed)
204.19 g CO2eq/kWh (CodeCarbon 3.2.3 data set);
effective 209.9-214.0 g CO2eq/kWh in the 3.3.1 rows
51.5W / 46.5%; 55.0 W / 60.6 %; 62.5W / 90.1 %

Memory power
Grid carbon intensity (Hungary)

Mean GPU power / utilization: baseline;
static k = 3; routed

Mean CPU power: baseline; k = 3 (RAPL);
routed (estimate)

Mean host memory in use: baseline / k = 3
/ routed

Water footprint

46.1W; 58.0W; 10.4W
15.9 / 19.4 / 17.3GB

not tracked (WUE 0)

energy, and emissions, and Sect. 3.3 what the router decided, how its policy was arrived
at and how much a single run can resolve. Sect. 3.4 then examines where the retrieved
evidence lands in the ranking, Sect. 3.5 repeats the comparison on the European
Commission policy corpus, and Sect. 3.6 closes with the memory measurements that

test the model of Sect. 2.6.

3.1 Static radius sweep

Table 6 and Fig. 5 report the fixed-radius ablation that motivated the router. Generation
time grows linearly with the radius, about five minutes per unit of k£ over the 382
chunks, while recall saturates: k = 2 and k = 3 are the best fixed radii (Recall@20 of
0.94667 and 0.94533) and k = 4 falls back to the level of k = 1 (0.94333) although
it sends 62 % more prompt text than k = 2. The full-document baseline remains the
most accurate (0.95400) at 54 min 54 s and 106.7 Wh, and even the no-context control
reaches 0.93933, so contextualization is worth about 1.5 points on this benchmark,
most of it from the immediate neighborhood of a chunk. All recall differences among

k € {1,...,4} lie inside the single-run noise band (Sect. 3.3): the sweep identifies a
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plateau, not an optimum, which is where a per-chunk decision can save cost without

losing accuracy.

Table 6 Ablation over static window radii versus full-document context and the routed pipeline
(250 questions).

Method Time (min:s) Prompt (M chars) Recall@20 MRR@20 MAR@20
No context (hybrid only) — 0 0.93933 0.77484 4.03629
Slice k = 0 (chunk-only sum- 7:281 2.11 0.93733 0.78612 3.80827
mary)

Slice k =1 12:081 4.25 0.94333 0.79900 3.72605
Slice k = 2 17:281 6.36 0.94667 0.76799 3.80948
Slice k =3 22:411 8.43 0.94533 0.78774  4.01999
Slice k =4 28:111 10.32 0.94333 0.783352  3.95884
Full document (baseline) 54:54 18.73 0.95400 0.78635 3.93548
Routed (this work) 8:45 4.39 0.95200 0.79798 3.91062

1Wall-clock of the generation loop as recorded in the notebook; these runs were not energy-tracked.
Energies of the baseline, the static k = 3 slice and the routed pipeline are in Table 7.

2The conference paper printed 0.8933; 0.78335 is the value in the evaluation notebook.

k=0
generation time (min) 7.5
prompt volume (M chars) 2.11

Fig. 5 Cost surface of the static radius: generation time grows linearly in k£ and prompt volume with
2k + 2 (notebook wall-clock of the generation loop over 382 chunks; k = 0 still calls the summarizer
with the chunk alone), while the reserved context window, and with it the resident device memory of
the runner, stays at 4.54 GiB for every k (Sect. 3.6).

3.2 Primary benchmark: full-document baseline, static slice

and routed pipeline

Table 7 is the central result. The routed pipeline reaches Recall@20 of 0.952 against
0.954 for the full-document baseline and 0.94533 for the static k& = 3 slice, both
differences inside the single-run band, with the best MRR@20, MAR@20 and Recall@5
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of the three; the recall trajectories (Fig. 8) show it ahead at K =5 and 10, 0.7 points
behind at K = 15 and 0.2 at K = 20. The cost side (Figs. 6 and 7) is not inside any
noise band: 261 summarizer calls instead of 382, 23.4 % of the baseline’s prompt text,
8min 45s instead of 54 min 54s (6.3 times faster), 13.22 Wh instead of 106.68 Wh
(—87.6 %; GPU energy —81.2%) and 2.83 instead of 21.78 g COseq (—87.0%). The
tracked scope excludes PDF parsing; the saving survives when it is included. End to
end from the PDFs, the routed pipeline needs 10 min 30s on the same machine (parsing
1min 41s, routing 1 min 08s, summarizing 7 min 39s; 15.24 Wh for the whole run),
against the conference paper’s 71 min 34 s and 29 min 09s; its routing and summarizing
part, 8 min 48s, reproduces the tracked 8 min 45s of the September run. The static
k = 3 slice of our conference paper halves the baseline’s energy (—50.8 %) and time
(—56.6 % tracked, —59.3 % end to end) for a 0.9-point loss of Recall@20; the router
removes a further 63 % of its generation time and 75 % of its energy (60 % of GPU
energy) while adding 0.7 points of recall. A second, independent generation of the same
configuration also reached Recall@20 of 0.952 (MRR@20 0.79791, MAR@20 3.92171)
in 543.7s and 13.51 Wh. Per-question tests on that replicate give a paired difference
of mean Recall@20 (baseline minus routed) of +0.0020 with a 99 % BCa interval of
[—0.0153, +0.0200] and McNemar discordant counts of 5 and 6 (p = 1.00; 222 questions
solved by both, 17 by neither); for the static k = 3 slice the difference is 40.0087, the

interval [—0.0067, +0.0260] and the counts 3 and 6 (p = 0.51).

3.3 Routing statistics, ablation of the routing policy and the
noise floor

Of the 382 chunks, 42 were assigned k& = 2 by the table gate and 340 reached the SLM,

which labeled 121 as self-describing (k = 0, no summary) and 219 as needing their

neighbors (k = 2): k = 1.37, 31.7% of the chunks never reached the summarizer, and

the 261 summaries average 201 characters; the replicate run decided 120 and 262. The
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Table 7 Primary benchmark on 250 multi-hop questions: full-document contextualization
versus static k = 3 slice and routed pipeline.

Metric Full doc.  Static k =3 Routed A vs full Avsk=3
Recall@5 0.73733 0.74100 0.75167 +1.4pt +1.1pt
Recall@10 0.86500 0.85900 0.86700 +0.2pt +0.8pt
Recall@15 0.93333 0.91067 0.92600 —0.7pt +1.5pt
Recall@20 0.95400 0.94533 0.95200 —0.2pt +0.7pt
MRR@20 0.78635 0.78774 0.79798 +1.5% +1.3%
MAR@20 3.93548 4.01999 3.91062 —0.6% —2.7%
Summarizer calls 382 382 261 —-31.7% —-31.7%
Mean radius k whole doc. 3 1.37
Prompt volume (M chars) 18.73 8.43 4.39 —76.6 % —47.9%
Generation time (min:s) 54:54 23:481 8:45  —84.1% (6.3x) —63.2%
End to end from the PDFs 71:342 29:092 10:302 —85.3% (6.8x) —64.0%
(min:s)
Energy (Wh) 106.68 52.521 13.22 —87.6% —74.8%
of which GPU (Wh) 46.78 21.73% 8.80 —81.2% —59.5%
Emissions (g COzeq) 21.78 10.721 2.83 —87.0% —73.6%

1Tracked generation of 5 March 2026; the retrieval columns come from the ablation generation
of the same configuration. CPU energy: RAPL for the March rows, load estimate for the routed
run; GPU energy is comparable across rows. |Q;’O|: 248, 246, 248.

2Notebook wall-clock including Docling conversion: the conference-paper runs of March 2026 for
the baseline and the static slice (comments in the notebooks); for the routed pipeline, one run of
5 October 2026 from the PDFs (RnD/end_to_end_dynamic_doc_slice_generation.ipynb: parsing
1:41, routing 1:08, summarizing 7:39, 15.24 Wh; 377 chunks with the current Docling release
against 382 in March).

(a) energy by component (b) emissions

140 -
B GPU (NVML)

g o B CPU (RAPL/ load estimate) 25 1
; 106.7 Wh RAM (estimate) 21.78 g
£ 100 - o 20
c o)
o O
s 807 o 15 -
= 52.5 Wh @ 1072 g
5 60 - -50.8 % s —50.8 %
< @ 10 -
o )
()} 40 -
] 46.8 13.2 Wh 5 - 2.83 %
g 20 - —87.6 % —87.0 %
5 21.7 S—

0 0

full static routed full static routed
document k=3 document k=3

Fig. 6 Tracked generation energy and emissions on the 25-paper corpus: the static k = 3 slice halves
the baseline’s energy and emissions, the routed pipeline removes 87.6 % and 87.0 % of them. The
GPU component (NVML; —53.6 % and —81.2 %) is the one measured identically in every run; the
CPU component came from RAPL counters in March and from a load-based estimate in September

1011 (Table 5).

1012
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(a) tracked generation scope (b) end-to-end scope, incl. PDF parsing 1013

1014
71.6 min 1015
1016
60 - 54.9 min T 1017
1018

40 - J 2.5x faster 1019

2.3x faster 29.1 min 1020
23.8 min
20 - 6.3x faster 6.8x faster 1021

8.8 min 10.5 min 1022

N . | o - 1023

- 0 T

full document  static k=3 routed full document  static k=3 routed 1024

Fig. 7 Preprocessing runtime in the two scopes of Sect. 2.8: tracked generation is 2.3 times (static 1025
slice) and 6.3 times (routed) faster than the baseline; end to end, from the PDFs, the static slice is 2.5 1026
times and the routed pipeline 6.8 times faster than the baseline’s conference-paper time (10 min 30, 1027
of which parsing 1 min 41s, routing 1 min 08s and summarizing 7 min 39s). 1028

1029

*0.7 pt single-run band 1030
& 0.954 1031

./f:\ 0.952 1032
;;;,;a———‘""”' 1033
: 1034
1035
1036
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1038
1039

=e= full-document baseline 1040
—e= routed pipeline 1041
—eo=— static k=3 slice 1042
—e-. no context (hybrid only) 1043
0.70 - ' . 1044
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1046
Fig. 8 Recall trajectories on the 250 scientific questions: the routed pipeline leads the baseline at 104
K =5 and 10 and trails it by 0.7 points at K = 15 and 0.2 at K = 20, inside the single-run band; the 047
static k = 3 slice trails beyond K = 5; the dashed line is hybrid retrieval without any generated context. 1048
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preprocessing time (min)
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-

©

o
1}

Recall@K

0.75 1

1049
skipped chunks are what the prompt asks for: author blocks, abstracts, conclusions, 182(1)
reference lists, and acknowledgments. 1052
1053

This policy is the endpoint of an ablation of more than 40 simulated policies recorded 1054

in the repository. A first four-class genre router with tables at k = 3 scored Recall@20 1822

of 0.9380, below fixed k = 2 (0.94667) and even below the no-context control, because 1057
1058
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1059 wide slices produced degenerate table summaries (for one large table, a verbatim copy
1060

1061 ©f @ prompt example); gating tables to k = 1 recovered part of the loss (0.9420 in
1062
1063
1064 summaries and replays the exact retrieval procedure then ranked alternatives without

1065
1066 Summarizer noise: k = 3 is never needed once tables are gated below it, skipping

two identical live runs). An offline simulator that re-assembles a policy from stored

182; self-describing chunks costs nothing and gives the best MRR, MAR and Recall@5,

1069 length- or position-only heuristics (0.9373-0.9447) cannot replace the classifier, and a
1070

1071 Per-question oracle over k € {1, 2,3} reaches 0.964, so the headroom above fixed k = 2
1072
1073
1074 prompt with tables at k = 2 was the best offline (0.9507) and, with held-out exemplars,
1075

1076 achieved 09487, then 0.952 live.

1077
1078
1079 Recall@20 exactly as 0.94667. Yet, only 26 of 380 summaries were identical, 238 of

1080
1081 250 questions received different top-20 lists, and MRR@20 increased from 0.768 to

is 1.7 points and only 17 of the 226 gold chunks are sensitive to k at all. The two-class

The noise floor was measured with a constant k = 2: regeneration reproduced

182; 0.792. In contrast, the same request sequence, issued twice from a freshly loaded model,

1084 yielded 380 identical summaries. The summarizer thus depends deterministically on

1085
1086 the request history rather than on a seed, and a single run resolves about 0.7 points of

182; Recall@20 and 2 points of MRR@20; hence, policies are ranked offline and confirmed

1089 live, and the two independent generations of the final configuration (0.952 and 0.952)
183(1) show that its result is not a favorable draw. Moving the exemplars to held-out papers
1092
1093
1094 outcome in the offline replay.

1095

1096

1097 3.4 Retrieval quality and ranking dynamics

1098

1099 The ranking metrics explain why skipping a third of the summaries does not hurt: a
1100

1101 summary prepended to a chunk that already states what it is about only dilutes its
1102
1103
1104

changed the router’s letter for 15% of the chunks but did not affect the question’s

embedding, and embedding such chunks raw lifts Recall@5 above the baseline (0.75167
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against 0.73733) and MRR@20 to 0.79798, the highest in this study. With MAR@20
of 3.91, the gold chunks sit, on average, at rank four of twenty in the primacy region
of the U-shaped accessibility curve (Fig. 9); the baseline (3.94) and the static slice
(4.02) are marginally deeper. Questions with no relevant chunk retrieved are few and
similar across systems (17, 4, 3, and 2 of 250 at K = 5,10, 15, 20 for the routed pipeline

against 17, 6, 2, and 2).

20 Total Retrieved Documents (~4K tokens)

Accuracy

1st 5th 10th 15th 20th
Position of Document with the Answer

=@®- gpt-3.5-turbo-0613

== gpt-3.5-turbo-0613 (closed-book)
Fig. 9 The “lost in the middle” effect, reproduced from Liu et al. [56]: answer accuracy of a language
model as a function of the position of the relevant passage among 20 retrieved documents is highest
at the first positions, lowest in the middle, and only partly recovers at the end. The curve is shown as
a general, model-agnostic tendency in long-context reading and is not a measure of our system; it
motivates interpreting the mean average ranks in Table 7 (about four of twenty) as evidence placed

in the primacy region. Reproduced from Figure 1 of Liu et al. [56], (© the authors, licensed under
CC BY 4.0.

3.5 Cross-domain robustness on European Commission policy

documents

Table 8 repeats the static comparison on the policy corpus: the fixed k = 3 slice reaches
Recall@20 of 0.9625 against 0.96875 for the full-document baseline (—0.6 points),
MRR@20 0.813 against 0.822 and MAR@20 3.66 against 3.52, in 252s instead of
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1151 8585 (—70.6 %) and 5.08 instead of 18.00 Wh (—71.8 %; GPU energy —72.1%). The
1152

1153 recall gap equals that on the scientific corpus. The efficiency gain is larger because
1154
1155

1156 Proposition 1 predicts the widest gap; regulatory text is thus served by the bounded

1157
1158 slice at least as well as scientific prose. The router has not yet been run here: its

the documents are longer (up to 60 chunks, 103000 characters), the regime in which

ﬂgg prompt names abstracts and conclusions and needs policy-specific exemplars (executive
1161 summaries, legal bases, annex tables).
1162
1163 Table 8 Out-of-distribution evaluation on the European Commission policy
1164 corpus (full document versus static slice). 80 multi-hop questions, 4 documents, 141
1165 chunks; the routing agent has not yet been run on this corpus.
1166
1167 Metric Full document  Statick=3 A k=3 vs full
1168 Recall@5b 0.78958 0.75833 —3.1pt
1169 Recall@10 0.90625 0.90000 —0.6 pt
11 Recall@15 0.95000 0.94375 —0.6 pt

70 Recall@20 0.96875 0.96250 —0.6 pt
1171 MRR@20 0.82218 0.81296 -11%
1172 MARQ@20 3.51667 3.65625 +4.0%
1173 Generation time, tracked scope 14 min 18s 4min 12s —70.6 %

Energy, tracked scope (Wh) 18.00 5.08 —-71.8%

1174 of which GPU (Wh) 14.53 4.05 —721%
1175 Emissions (g CO2eq) 3.68 1.04 —-71.8%
1176
1177
1178
1179
1180
1181 .
1182 3.6 Hardware profiling
1183

1184 The memory model of Sect. 2.6 was checked after the fact on the benchmark machine,

1185
1186 first with the summarizer runner alone and then with the other GPU users of the

1187 pipeline resident. Alone, the gemma3:4b-it-qat runner occupies 4.54 GiB of the 8
1188

1189 GiB device at the 16 384-token window and 4.82 GiB at 30000, independent of the

11
113(1) radius and of the document, with all 35 layers on the GPU under both server releases,

1192 and evaluates the full-document prompt of the longest paper (19900 tokens) in 5.5s.
1193

1194 The device is shared, however: the Docling converter keeps 1.8 GiB of device memory
1195

1196 after one PDF, and the fp32 embedder, as the LanceDB registry loads it, a further
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4.1 to 4.4 GiB after embedding the corpus, so a notebook kernel that has parsed and
embedded holds 5.9 to 6.1 GiB. Under that load the runner can no longer be placed
on the device (Fig. 10): the March release keeps 12 of 35 layers on the GPU, fills the
card to 7.4 GiB and evaluates the same prompt in 10.3s; the current release keeps
none and needs 13.4s; the server’s host memory grows from 2.6 to 6.2 GiB. The two
releases degrade differently because they place layers with different code, Ollama’s own
engine against llama.cpp’s automatic fit, but both keep every layer on the device with

up to 1.8 GiB held by others, which is why the architecture of Fig. 1 stops the runner

before the embedder loads. Peak device use over the whole pipeline was 7695 MiB.

Prefix caching did not help the baseline either: under the March release every chunk
re-evaluated the whole document even with a constant header (18200 to 19900 tokens
per call), and the current release reuses the document prefix only when the preceding
chunk is shorter than the 1024-token sliding window, so the baseline’s time and energy

are those of a full re-evaluation per chunk.

Docling Docling + E Docling Docling +
converter embedder kernel G} converter embedder kernel
>
. 35 -m ll\. r 45_ 2.5% -
A \ £ '
[ (9]
o 0
; 0 /
o 24 - Y <
G 2 2.0x - ®
) o
= z L]
S v
e 12 - [} g 1.5% -
% ° = o
~ ©
0 3
: \ : /
(]
o 8 1.0x - ° ¢
0 - n g .
0 1 2 3 4 5 6 7 o 0 1 2 3 4 5 6 7
. o .
GPU memory held by other processes (GiB) GPU memory held by other processes (GiB)
= QOllama 0.17.5 (release of the March 2026 runs) ® longest k=3 prompt (11.8k tokens)
= Ollama 0.35.1 (current) B full-document prompt, longest paper (19.9k tokens)

Fig. 10 Layer placement and prompt-evaluation slowdown of the runner under shared GPU memory.
Measured for the gemma3:4b-it-qat runner at the 30 000-token window as a function of the device
memory other processes already hold, for the server release of the March runs (0.17.5) and the current
one (0.35.1); circles: longest k = 3 prompt, squares: full-document prompt of the longest paper. Shaded
bands: measured footprint of the Docling converter (1.8 GiB) and of a kernel that has parsed and
embedded the corpus (5.9-6.1 GiB).
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1243 4 Discussion

1244

1245 . . .
124¢ 4.1 Practical applicability

1247
1248 For an authority indexing thousands of pages on-premises, the relevant trade-off is

1950 dmong accuracy, time, and energy. On it, the full-document baseline buys its last 0.2

1251 points of Recall@20 with 8.1 times the generation energy and 6.3 times the wall-clock
1252

1253 of the routed pipeline, and the static k£ = 3 slice sits in between, at half the baseline’s
1254
1225 energy for a 0.9-point loss. Because every recall gap lies inside the +0.7-point band of a

1256 single run while the energy gaps exceed run-to-run variation by an order of magnitude,
1257

1258 the Pareto choice is unambiguous: bounded, routed contextualization dominates, and
1259
1260
1261 Jength through the baseline’s paging penalty. The routing agent is the part of this
1262

1263 result that was tuned, and its history shows where its gain came from. The router’s
1264
1265
1266 to-radius mapping rather than from prompt wording; it costs one token per chunk,
1267

1268 about a minute per corpus, and no second model. Its limits are equally clear: the oracle

1269
1270 headroom above fixed k = 2 is 1.7 points, and the summarizer’s run-to-run variation is

the savings scale with corpus size, recur at every re-index and grow with document

development path (0.938, 0.942, 0.9487, 0.952) shows that its gain came from the class-

1271 of the same order, so further gains must come from the summarizer or from multi-run
1272

1273 evaluation.

1274

1275 e e . .

1276 4.2 Limitations and future directions

1277

1278 The slice is intra-document: a chunk whose meaning depends on another document,

1279
1980 A1 annex cited in a report, or a standard referenced by an audit, receives no help.

1281 Thousand-page audit or financial filings have not been tested; Proposition 1 predicts
1282

1283 the largest gains there, but also the largest exposure to cross-section dependencies.

1284
1985 The routing agent also suggests how such cases could be handled without giving up

1286 locality. The natural extension is edge-to-cloud collaborative routing: the agent already

1287
1288 exposes a confidence margin, so near-tie chunks, or questions a local generator cannot
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answer from the retrieved context, can be escalated selectively to a larger model
while low-entropy work stays local. Next steps are a router run on the policy corpus
with policy-specific exemplars, memory instrumentation during the benchmark runs
themselves rather than after the fact (Sect. 3.6), and sufficient repeated generations to

replace single-run bands with interval estimates.

5 Conclusions

Index-time contextual retrieval can be made to fit the memory, time, and energy
budget of a single consumer GPU without giving up its accuracy: bounding each
chunk’s context to a window of neighbors makes prompt length and reserved memory
independent of document length, and a one-token routing decision of the same small
model removes a third of the summaries and most of the remaining cost. On 250 multi-
hop questions over 25 scientific papers the routed pipeline matched full-document
contextualization within the noise of a single run (Recall@20 0.952 against 0.954) with
better ranking metrics, at 12 % of its generation energy and 16 % of its generation time,
and the fixed-radius variant transferred to European Commission policy documents
with the same accuracy gap and a 72 % energy saving. The pipeline is precise (its
metrics are reproducible per question), explainable (every routing decision is logged
with its evidence), and provable (every run carries an energy and emission ledger), the
PEP-AI footing we consider necessary for Al-assisted compliance auditing at the edge

of the energy system.
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1335 Availability of data and materials. The data and code supporting this article

1336
1337 are in the public project repository at [71]; the revision used for this article (v1.0.0)

ggg is archived at Zenodo under the DOI https://doi.org/10.5281/zenodo.23337978, so

1340 that it remains available independently of GitHub. The code is released under the
1341

1342 MIT license and the data and figures produced by the authors under CC BY 4.0; the
1343
1344
1345 the source PDF's of the scientific corpus in input/ and of the exemplar papers in

1346
1347 input_router/; the frozen chunk files in split_documents/ (scientific corpus), split_

source PDFs keep the licenses of their publishers. Under RnD/ the repository holds:

gig documents/smoking/ (policy corpus), split_documents_router/ (exemplar papers)

1350 and split_documents_end_to_end/ (the end-to-end run of Sect. 3.2); the question
1351

1352 sets in q_and_a/Gemini/scientific_multi_chunk_control.json and q_and_a/

ggi Gemini/smoking. json; the generated contexts of every run in preprocessed_chunks/;

1355 the indexed LanceDB tables in db/; the per-run energy ledger emissions_data/
1356

1357 emissions.csv; the end-to-end timings in benchmarking_results/preprocessing/;

ggg the hand-labeled radius set and routing records in dynamic_slice_length/, with the

1360 live-run records in dynamic_slice_length/router_experiments/real_runs/ and
1361

1362 the per-question retrieval results and policy simulations in dynamic_slice_length/
1363
1364
1365 generation, indexing, evaluation and the offline policy simulator) and the notebooks of

1366
1367 every reported run; the verification scripts that recompute each reported number from

router_experiments/results/; the complete pipeline (parsing, routing agent, slice

ggg these records in RnD/verification/ (its README maps each script to the table it

1370 checks; some scripts need a GPU and a running Ollama server); and the scripts that

1371

1372 draw the figures in RnD/nature_article/images/. The policy-corpus PDFs are the

1373

1374
of the scientific corpus are distribute their publishers under licenses that do not

1375 of the scientifi distributed by thei blish der li hat d

1376

1377 permit redistribution; their source PDFs, frozen chunk files and gold radius labels

1378

public European Commission documents named in Table 1. Five of the 25 papers

are therefore not included, the public copy covers the remaining 20 papers, and the

1380
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https://doi.org/10.5281/zenodo.23337978

corpus-level statistics that depend on all 25 papers can be regenerated in full only once
those five papers are added back from the publishers’ sites. The question sets, the
energy ledger, the routing and retrieval records and the per-question results of every
reported run are complete. Because the summarizer’s output is not bit-reproducible
(Sect. 3.3), regenerated summaries differ from the archived ones within the single-run

band reported there.
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