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1. Introduction

Abstract

This study evaluates representation choice and training-boundary composition for document
stream segmentation. On Dutch OpenPSS LONG and SHORT, four document orders were
compared across five training seeds while holding document exposure, boundary prevalence
and pair multiplicity fixed. Term frequency—inverse document frequency (TF-IDF) features
outperformed frozen multilingual MiniLM in all eight corresponding comparisons by
5.22-7.26 percentage points of boundary F1. Native ordering gave the highest LONG
means. Similarity-based construction yielded a difference of —0.55 points versus random
ordering in the prespecified LONG MiniLM comparison (95% bootstrap confidence interval
[-1.19, +1.71]). A separate extension compared four procedures on LONG and English
TABME-++, using 10,000 training pairs, 3,000 validation pairs and three seeds per corpus.
Selective adaptation updated the final four encoder layers for two epochs. On TABME++,
it achieved 78.42% boundary F1 versus 73.72% for the matched frozen control, a difference
of +4.71 points (conditional 95% cluster interval [+3.20, +6.29]). TFE-IDF and frozen
MiniLLM with stochastic gradient descent achieved 86.43% and 85.23%, respectively. Exact
document recovery and local optimization time complemented boundary scoring. The
findings support comparing lexical and adapted representations under explicit training
budgets and retaining observed document order as a practical baseline.

Keywords: document stream segmentation, selective fine-tuning, TF-IDF,
sentence embeddings, training data composition, duplicate screening,
model evaluation

Document stream segmentation recovers individual documents from an ordered sequence of pages. It supports
downstream classification, extraction and retrieval: a missed transition can merge unrelated records, whereas
an unnecessary cut can separate a form from its continuation. OpenPSS provides public administrative streams
for studying these errors [1]. TABME constructs business-document streams from archived documents [2],
and TABME++ extends this setting with improved OCR and language-model experiments [3]. Together, these
resources make document segmentation accessible to reproducible experimental research.

Two choices shape a text-based segmentation pipeline. The first is the representation of each page: lexical
features, frozen pretrained embeddings or representations adapted using boundary labels. The second is
the construction of training streams. Concatenating the same documents in different orders changes cross-
document examples even when every page is retained. These choices can interact with vocabulary, templates
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and the distribution of document transitions encountered at evaluation.

Lexical methods warrant a substantive comparison. Wang and Manning showed that simple linear models
and appropriate lexical features can be strong text-classification baselines [4]. Their sentiment and topic
classification findings motivate a direct comparison of lexical and pretrained representations. Likewise,
BERT distinguishes fixed feature extraction from supervised fine-tuning [5]. These are distinct representation
strategies with different training requirements.

Training-boundary composition raises a separate hypothesis. Random concatenation can connect topically
unrelated documents, making a boundary visible as a change in vocabulary. Selecting more similar neighbors
could expose a classifier to transitions that lack that cue. Yet increased similarity may instead shift the training
distribution away from real streams. A useful test must separate this intervention from changes in class
proportions, repeated exposure or the documents available for learning.

This study compares four controlled training orders on two OpenPSS collections using term frequency—inverse
document frequency (TF-IDF) classifiers and frozen multilingual embeddings. A second experiment evaluates
selective encoder adaptation on LONG and English TABME++ using common labeled-pair budgets. The
study measures boundary and exact-document recovery, paired performance differences and local optimization
time. Together, these experiments examine the contribution of training-boundary composition and compare
lexical, frozen and adapted representations for the same segmentation task.

2. Related work

Segmentation quality has several levels. Insurance-document research evaluates pages, documents and
complete streams while connecting confidence to automation [6]. DocSplit addresses document-packet
recognition and splitting across a broader benchmark [7]. Multimodal approaches combine textual and
visual evidence [8], and work beyond page classification emphasizes the structural demands of document
understanding [9]. These studies motivate evaluating exact document recovery alongside local boundary
decisions. Our design examines adjacent-page classification using the supplied OCR.

Synthetic document streams are established in TABME and TABME++. The latter discusses how deduplicating
sampled pairs changes class proportions [3]. We extend this line of work through an exposure-controlled
comparison in which within-document examples, endpoints, class counts and pair multiplicities remain fixed
while cross-document neighbors change. Lexical similarity determines the new neighbors.

Sentence-BERT provides sentence representations suited to similarity calculations [10], and multilingual
knowledge distillation extends sentence embeddings across languages [11]. MiniLM compresses pretrained
transformer representations through self-attention distillation [12]. A task-specific linear head learns a decision
rule over these reusable page features, while supervised fine-tuning updates the representations themselves.

Repeated training also requires careful interpretation. Reimers and Gurevych demonstrate why single neural
scores can obscure variation across runs [13]. Dodge and colleagues study initialization and training-example
presentation order during language-model fine-tuning [14]. Their ordering intervention rearranges existing
examples; ours changes which page pairs exist at document transitions. Reporting selection budgets matters
because best-found validation performance depends on the number of trials [15]. More generally, data
sampling, initialization and hyperparameter choice contribute distinct sources of benchmark variance [16].
We distinguish training-seed variation from variation in the evaluated source streams.
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3. Materials and methods

3.1 Data and content screening

We used the original OpenPSS optical character recognition (OCR) text and boundary labels. LONG contains
63,815 released training pages and 25,676 test pages; SHORT contains 40,715 training pages and 11,462 test
pages [1]. LONG comprises original administrative streams. SHORT reconstructs streams by concatenating
documents in archive order. Both collections contain Dutch administrative material. Images were verified
against the released page records but were not supplied to the classifiers.

The source releases were recorded with URLSs, sizes and SHA-256 hashes. Inspection identified training/test
streams with identical ordered OCR and labels, including LONG pairs containing 72 and 5,187 pages. Stream-
identifier separation alone was consequently inadequate. Avoiding repeated evaluation content is a recognized
motivation for deduplication [17]; our procedure used text-shingle resemblance in the tradition of Broder [18]
to screen document content before fitting.

Normalization case-folded text and collapsed whitespace while retaining numbers and punctuation. Exact
matches required at least 200 normalized characters. Documents of at least 500 characters were also compared
using word-trigram sets. MinHash sketches with 128 permutations and a locality-sensitive hashing (LSH)
threshold of 0.85 generated candidate near matches; acceptance required exact Jaccard similarity of at least
0.90 and a normalized-length ratio of at least 0.80. Connected components joined exact and accepted near
matches.

Twenty percent of original training sources, rounded upward, were assigned to validation with seed 20260927.
Cross-split components were resolved with precedence test, validation, then training. Entire documents were
removed from lower-priority splits while original test pages were preserved. A removal divided the remaining
source into contiguous blocks, preventing invented adjacency across the deleted material. “Native” henceforth
means the original relative order within these retained blocks.

The process excluded 7,336 development pages from LONG and 3,702 from SHORT. Table 1 and Figure 1
summarize the retained population. Content screening used OCR alone and was completed before fitting. Six
LONG streams also lack leading pages, totaling 107 unavailable page numbers; evaluation covers observed
sequences rather than reconstructed prefixes.

Table 1. Retained data following source-level validation assignment and document exclusions. Boundary prevalence
excludes the known first page of each block. Blocks produced by exclusions remain associated with their original

sources.
Collection / split Pages Documents Source streams  Retained blocks Boundary rate
(%)
LONG / train 43,185 13,010 58 194 29.81
LONG / validation 13,294 3,843 16 31 28.74
LONG / test 25,676 6,347 34 34 24.62
SHORT / train 28,748 4,389 159 204 14.66
SHORT / validation 8,265 1,838 40 44 21.82
SHORT / test 11,462 1,404 108 108 11.41
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Figure 1. Disposition of page records. The original training partition is divided into retained training, validation and
excluded pages. Original test pages are unchanged. Both panels use a common horizontal scale.

3.2 Controlled training-boundary composition

Documents were permuted only within retained training blocks. Internal page sequences and each block’s first
and last documents were fixed. With M pages, D documents and S blocks, a complete presentation has D-S
cross-document pairs and M—-D within-document pairs. The constraints thus preserve boundary prevalence as
well as document exposure. Blocks with fewer than two internal documents remain unchanged.

Native retains the source order. Random uniformly permutes the internal documents. Similar greedily selects
the available internal document whose first page has the highest TF-IDF cosine similarity to the preceding
document’s final page; ties are randomized. Mixed assigns half, rounded downward, of the non-forced internal
placement decisions to this similarity rule and the remainder to uniform random selection. Mixed is therefore
a mixture of decisions rather than precisely half of all observed boundaries.

Each seed generates one complete order per condition, repeated twice. This construction was fixed before
supervised fitting to match the number and multiplicity of unique page-ID pairs; combining two different
complete orders would not provide that match with duplicated Native. Assertions checked identical within-
document pair multisets, page exposure, class counts, endpoints and pair multiplicities. Reordering was
possible in 141 of 194 LONG blocks and 143 of 204 SHORT blocks. Construction and classifier randomization
used seeds 17, 29, 43, 71 and 101.

3.3 Page representations and boundary classifiers

The encoder was sentence-transformers/paraphrase-multilingual-MiniLM-L12-v2, pinned to revision
e8f8c211226b894fcb81acc59f3b34bal3efd5f42, with verified released weights [19]. It has 117,653,760
parameters and returns 384-dimensional vectors. Encoder weights remained frozen in the training-order
experiment.

Each page received up to 126 content tokens plus two special tokens. Longer pages retained the first 63 and last
63 content tokens. Attention-masked mean pooling, including special tokens, followed by L2 normalization
produced the page vector. The lexical comparator used 10,000 unigram/bigram TF-IDF features, minimum
document frequency 2 and sublinear term frequency. Its vocabulary and inverse document frequencies were
fitted on retained training pages only. It consumed decoded text from the same selected tokens, giving both
representations the same selected textual content.
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For vectors u and v of adjacent pages, the classifier input concatenated u, v, their absolute difference,
elementwise product and cosine similarity, plus log(1 + raw OCR character count)/10 for each page. Feature
dimensions were 1,539 for MiniLM and 40,003 for TF-IDF. The character counts supply identical full-page
length information to both methods. Filenames, document identifiers, source labels and external page indices
were excluded.

Both representations used scikit-learn logistic-loss stochastic gradient descent (SGD) classifiers [20], L2
regularization with alpha 0.0001, optimal learning-rate scheduling and 30 shuffled passes. There was no
class weighting, early stopping or hyperparameter search. The duplicated tables produce 60 presentations of
each unique pair. The fixed classifier settings and optimization counts make each representation comparison
reproducible.

For each fit, validation boundary F1 selected a threshold from 0.05 to 0.95 in increments of 0.01; ties favored
the value nearest 0.50 and then the smaller value. Four Native pilot fits checked infrastructure and validation
behavior and were retained with the unchanged configuration. All 80 fitted classifiers and selected thresholds
were saved before test scoring. Computation used an Apple M4 Pro computer with 24 GiB memory, MPS
encoder inference and CPU classifier fitting.

3.4 Outcomes and inference

Boundary precision, recall and F1 pool confusion counts across test streams within a seed, excluding each
stream’s forced first-page start. The reported mean is the arithmetic average of five seed-level metrics. Exact
document precision, recall and F1 require both endpoints of a predicted interval to match one labeled document
in the same observed stream, consistent with prior exact-match evaluation [3, 6]. Missed-boundary rate uses
true boundaries as its denominator; extra-cut rate uses true within-document adjacencies. Reporting both
rates separates missed transitions from unnecessary cuts.

The prespecified primary contrast is Similar minus Random boundary F1 for frozen MiniLM on LONG.
Bootstrap resampling [21] and paired evaluation [22] motivate uncertainty estimation using shared samples.
Detected duplicate-document links joined test sources into 26 LONG and 103 SHORT clusters. For each of
2,000 draws, five seed indices and the original number of clusters were sampled with replacement, using the
same selections across compared procedures. Counts were pooled within each sampled seed before calculating
F1, and the seed-level values were averaged. Reported 95% confidence intervals (Cls) are percentile intervals
for these paired differences.

Work on crossed data arrays motivates accounting for dependence across shared observations and factors
[23]. Our paired resampling retains seed and source-cluster structure and provides approximate intervals
conditional on the development split. Secondary comparisons are descriptive and unadjusted. Prespecified
sensitivity checks used threshold 0.50 and omitted the five largest test streams without refitting.

After inspecting the original results, additional analyses compared TF-IDF with MiniLM and Native with
Random using the same paired draws. These analyses did not modify models or thresholds and remain post
hoc and descriptive. Leave-one-cluster-out analysis removed each complete duplicate-linked cluster and
recomputed the paired mean difference. Its range of point estimates diagnoses sensitivity to individual clusters.
We also measured the distribution of test pages and true boundaries across sources and clusters.

3.5 Selective encoder adaptation on matched training samples

The adaptation experiment compares four procedures on LONG Native and English TABME++ [3]: TF-IDF
with SGD, frozen MiniLM with SGD, frozen MiniLM with an AdamW-trained linear head, and MiniLM with
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its final four transformer layers updated alongside the same head. The first two retain the classifier settings
in Section 3.3; the third provides the matched control for encoder adaptation. Both corpora use the pinned
encoder and page-input policy described above.

TABME-++ retains the released document-level splits. Applying the same content-overlap rules excluded
23 training documents containing 127 pages. The retained training, validation and test partitions contain
40,269, 2,238 and 2,238 documents, respectively, comprising 110,005, 6,089 and 6,237 pages. Within each
split, lexicographically sorted document IDs were permuted using one NumPy generator with seed 20260928,
applied sequentially to training, validation and test. Documents were assembled into packets of ten, retaining
incomplete final packets and each document’s original page order. This yielded 4,027 training packets and
224 packets in each evaluation partition. Each packet’s first page is a known start, and page pairs never cross
packets.

Each corpus supplies a fixed sample of 10,000 unique training pairs and 3,000 validation pairs, shared by
all four procedures and seeds 17, 29 and 43. Sampling is without replacement within boundary classes,
using proportional allocation with largest remainders and fixed sampling seeds 20260928 and 20260929.
LONG contains 2,981 training and 862 validation boundaries; TABME++ contains 3,420 and 1,030. TF-IDF
vocabulary and inverse document frequencies are fitted only on distinct pages appearing in the selected
training pairs. Evaluation uses the complete unchanged test populations: 25,676 LONG pages and 6,237
TABME++ pages.

Selective adaptation updates 7,097,856 encoder parameters in the final four transformer layers; embeddings
and the first eight layers remain fixed. Neural fits use a 1,539-input linear head, binary cross-entropy without
class weights, two epochs, batches of 16 and float32 computation. Frozen and adapted variants share initial
head weights, minibatch permutations, update counts and nominal head optimization. AdamW [24] uses
learning rates of 0.001 for the head and 0.00002 for updated encoder parameters, betas (0.9, 0.999), and
epsilon 1078, Encoder weight decay is 0.01, excluding biases and LayerNorm parameters; head decay is
zero. Both rates use 10% linear warmup followed by linear decay to zero. Dropout is disabled, and a global
gradient norm of 1 clips all trainable parameters. Optimization traces and parameter checks document training
behavior, consistent with the attention to fine-tuning stability in prior work [25]. SGD procedures retain 60
presentations per selected pair, compared with two for the neural procedures.

After each neural epoch, validation boundary F1 selects the threshold on the grid defined in Section 3.3. The
highest validation F1 determines the checkpoint, with the earlier epoch retained on a tie. SGD thresholds use
the same validation sample and grid. All 24 fits and selection decisions were finalized before test evaluation.

The primary extension contrast is selective adaptation minus its matched frozen control on TABME++;
LONG is exploratory because its test results were examined in the original experiment. Metrics pool test
counts within each seed and then average the three seed-level values. For 2,000 paired bootstrap draws,
duplicate-linked test clusters are resampled while all three fitted seeds remain fixed. There are 26 LONG and
224 TABME++ clusters. Percentile 95% intervals describe conditional sampling uncertainty; seed-specific
contrasts, threshold-0.50 results and leave-one-cluster-out estimates accompany the main comparison.

3.6 Reproducibility

The original protocol was recorded locally before supervised fitting. The paired representation and Native-
order analyses were added after the original results; the selective-adaptation extension was specified separately
before its new evaluation. The research package retains source and model hashes, development assignments,
exclusions, construction orders, fit parameters, seed-level predictions and figure data. Independent scoring
code verified boundary F1 and reconstructed exact documents from actual page identifiers. The saved manifests
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connect each reported estimate to its inputs and predictions.

4. Results

4.1 Representation choice and complete-document recovery

TF-IDF produced higher mean boundary F1 than frozen MiniLM for every corresponding order and col-
lection (Table 2; Figure 2). LONG Native achieved 84.75% with TF-IDF and 78.82% with MiniLM. The
corresponding SHORT values were 55.02% and 48.64%. The difference is consistent across the examined
procedures, although the absolute quality differs substantially between collections.

Table 2. Mean test boundary F1 / exact document F1 across five seeds, expressed as percentages. MiniLM encoder
weights are frozen. All four planned training orders are shown; seed-level scores and standard deviations are retained in

the research package.

Training order

LONG: MiniLM

LONG: TF-IDF

SHORT: MiniLM

SHORT: TF-IDF

Native 78.82/58.94 84.75/70.09 48.64 /28.13 55.02/36.57
Random 78.34/58.23 83.70/ 67.69 49.12/27.99 55.31/36.29
Similar 77.80/57.21 83.02/67.24 46.25/25.83 52.42/34.23
Mixed 78.57/58.59 84.31/69.40 47.28 126.63 54.54 1 36.56
A LONG B SHORT
_ —_ —_—
Native _
_0— _—0—
—_— —_—
Random A B
[ — —_——————i
L —{1— —{
Similar A B
—0— —O———
— " E——
Mixed B
—_—— —_—
4IO 5IO 6I0 7IO 8|0 9I0 4|0 5I0 6|O 7IO 8|0 9IO

Boundary F1 (%) Boundary F1 (%)

@® Frozen MiniLM + classifier [0 TF-IDF + classifier

Figure 2. Mean boundary F1 with 95% seed/cluster percentile bootstrap intervals. Filled circles denote frozen MiniLM
and open squares denote TF—IDF. Absolute intervals do not replace paired contrasts between procedures.

Exact document F1 was lower than boundary F1 in every condition. LONG Native yielded 58.94% document
F1 for MiniLLM and 70.09% for TF-IDF, despite boundary F1 values of 78.82% and 84.75%. SHORT document
F1 ranged from 25.83% to 36.57%. Local decisions consequently left substantial room for improvement in
full-document recovery. The two outcomes describe complementary aspects of the same segmentation output.
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4.2 Training-boundary composition

Similarity-based construction raised mean training-boundary cosine similarity from 0.0624 under Random to
0.2036 under Similar on LONG. Native and Mixed yielded 0.0862 and 0.1399. On SHORT, the corresponding
means were 0.0915, 0.2324, 0.1198 and 0.1650. Exposure and class-balance assertions passed throughout.
The construction increased lexical continuity across document transitions while preserving the controlled
exposure quantities.

The primary outcome did not establish a benefit from that change. LONG MiniLM boundary F1 was 77.80%
for Similar and 78.34% for Random: —0.55 percentage points, with a paired 95% interval of [-1.19, +1.71]
(Figure 3). The secondary LONG TF-IDF contrast was —0.68 points [-1.34, +2.30]. On SHORT, Similar-
minus-Random differences were —2.87 points [-4.64, —1.11] for MiniLM and -2.89 points [-4.37, —1.40] for
TF-IDF.

LONG - MiniLM (primary) k L 4 E -0.55[-1.19, +1.71]
|
|
]
|
|
i
|
LONG - TF-IDF I L 4 : -0.68 [-1.34, +2.30]
]
|
|
|
|
i
]
SHORT - MiniLM I L 2 i -2.87 [-4.64, -1.11]
|
|
|
|
|
!
|
SHORT - TF-IDF k @ i -2.89[-4.37, -1.40]
T T T T
-4 -2 0 2

Similar — Random: boundary F1 difference (percentage points)

Figure 3. Similar-minus-Random differences in mean boundary F1, in percentage points, with 95% percentile intervals
from 2,000 paired seed/cluster draws. LONG MiniLLM is the prespecified primary comparison; the others are
descriptive. The vertical reference marks zero difference.

For LONG MiniLLM, Similar missed 23.12% of true boundaries versus 21.37% under Random, while extra-
cut rates were 6.78% and 7.22%, respectively. Thus, fewer unnecessary cuts coincided with more missed
transitions. At threshold 0.50, Similar-minus-Random boundary F1 remained negative in all four corpus/rep-
resentation combinations. Removing the five largest test streams reduced the LONG MinilLM difference
to approximately —0.05 points and changed the LONG TF-IDF difference to approximately +0.24 points;
SHORT differences remained negative.

4.3 Representation and native-order differences

Paired TF—IDF-minus-MiniLM boundary F1 differences ranged from +5.22 to +5.93 percentage points across
LONG orders and from +6.17 to +7.26 points across SHORT orders. All eight descriptive intervals lay above
zero. LONG Native differed by +5.93 points [5.22, 9.17], and SHORT Native by +6.38 points [3.20, 10.04].
Interval widths ranged from 3.60 to 3.95 points on LONG and 6.39 to 7.02 on SHORT, showing appreciable
uncertainty around their magnitudes.

Removing any single source cluster preserved the positive representation difference in all eight conditions.
For Native, leave-one-cluster-out differences ranged from +5.71 to +6.95 points on LONG and from +5.56 to
+7.15 on SHORT. Exact document F1 differences also favored TF-IDF: +9.46 to +11.14 points on LONG and
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+8.31 to +9.93 on SHORT. The observed representation difference therefore extends from local boundary
classification to complete-document recovery.

Native ordering had the highest observed LONG boundary means. Its post hoc advantage over Random was
+0.48 points [0.09, 1.48] for MiniLM and +1.05 points [0.62, 2.95] for TF-IDF. Both directions persisted
after removing any one cluster. SHORT did not show this pattern: Native-minus-Random differences were
—0.48 points [-1.30, +0.43] and —0.29 points [-1.12, +0.61], respectively. Retaining observed adjacency was
useful on LONG, whereas Random produced the stronger boundary means on SHORT.

4.4 Source concentration and robustness

The LONG test contains 34 sources but only 26 detected duplicate-linked clusters. Its largest cluster joins
eight sources and contains 18,362 pages - 71.51% of test pages - and 62.22% of true boundaries. The five
largest individual streams all belong to this cluster. SHORT is less concentrated: its largest cluster contains
three sources and 13.83% of pages.

The LONG primary MiniLLM contrast remained negative after every single-cluster removal, ranging from
—0.76 to —0.08 points. LONG TF-IDF Similar-minus-Random changed sign after removal of one cluster,
with a range from —0.84 to +0.48 points. SHORT ordering differences remained negative throughout. These
results distinguish the comparatively stable representation ranking from a smaller, more distribution-sensitive
ordering effect.

4.5 Selective adaptation on LONG and TABME++

The four procedures used the same 10,000 selected training pairs and 3,000 validation pairs within each
corpus. Table 3 and Figure 4 report test boundary F1 and exact document F1.

Table 3. Test performance and local optimization time using shared training pairs. Values are means across three seeds.
Optimization time measures the training loop only: 60 presentations per pair for SGD and two for the neural procedures.
Neural timing includes forward/backward computation and batch feature assembly. Timings exclude OCR, offline
preprocessing, validation, model loading and test prediction. Measurements used the same computer with possible
concurrent workloads.

Corpus Procedure Boundary F1 (%) Exact document Optimization time (s)
F1 (%)

LONG TF-IDF + SGD 82.89 67.07 0.5

LONG Frozen MiniLM + 77.99 57.97 2.3
SGD

LONG Matched frozen 65.18 36.25 8.3
MiniLM

LONG Selective MiniLM 81.67 65.44 510.2
(last 4)

TABME++ TF-IDF + SGD 86.43 71.33 0.3

TABME++ Frozen MiniLM + 85.23 68.17 14
SGD

TABME++ Matched frozen 73.72 50.84 7.3
MinilLM

TABME++ Selective MiniLM 78.42 56.44 391.1
(last 4)
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Figure 4. Boundary and exact document F1 for the four procedures. Points are means across three seeds; lines show

95% percentile intervals from 2,000 paired resamples of test source clusters, holding the trained seeds fixed. Selective

MiniLM updates the last four encoder layers. All procedures share the selected training and validation pairs. TABME++
comprises fixed, document-disjoint synthetic packets.

On TABME-++, selective adaptation achieved 78.42% boundary F1, compared with 73.72% for the matched
frozen control. The prespecified extension contrast was +4.71 percentage points (95% CI +3.20 to +6.29).
The corresponding LONG difference was +16.49 percentage points (95% CI +13.46 to +17.46) (Figure 5).

On LONG, the three seed-specific differences ranged from +16.27 to +16.71 points; removing individual
clusters yielded point differences from +15.68 to +16.77 points. On TABME++, the three seed-specific
differences ranged from +4.54 to +4.92 points; removing individual clusters yielded point differences from
+4.43 to +4.83 points.

Selective adaptation versus TF-IDF gave the following descriptive boundary-F1 differences: LONG: -1.22
percentage points (95% CI -3.92 to +0.92); TABME++: -8.01 percentage points (95% CI -9.51 to -6.45). The
SGD and neural comparisons therefore describe alternative training procedures under a common labeled-pair
budget.
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Figure 5. Differences in boundary F1 between selective fine-tuning and the matched frozen control. Diamonds show
the mean across three seeds; lines show conditional 95% paired-cluster intervals. Hollow circles show individual seed
differences. TABME++ is the prespecified extension comparison; LONG is exploratory. The dashed line marks zero.

5. Discussion

Representation choice produced the clearest observed difference in the original controlled experiment. Across
both collections and all training orders, TF-IDF supported higher boundary and exact-document F1 than the
frozen MiniLM procedure. Paired analysis and single-cluster deletion preserved the boundary-level direction.
This supports including a trained lexical classifier as a serious candidate in document pipelines alongside
reusable pretrained features.

Representation choice includes both feature extraction and the task-specific decision rule. Lexical features
preserve explicit word patterns, whereas the selected encoder provides dense pretrained features. Earlier
lexical and BERT research [4, 5] motivates evaluating these strategies together with supervised adaptation.
The substantial gap between boundary and document F1 also suggests evaluating richer context and structural
consistency, rather than optimizing only isolated page-pair decisions.

The adaptation experiment separates two practical decisions: whether to update the encoder, and how to train
its boundary classifier. With the neural head recipe held fixed, selective adaptation changed mean boundary F1
by +16.49 points on LONG and +4.71 points on TABME++. The separately trained frozen SGD comparator
and TF-IDF procedure provide the broader engineering comparison in Table 3. On TABME++, frozen
MiniLM with SGD achieved 85.23%, compared with 78.42% after selective adaptation. The adaptation gain
is therefore specific to the matched two-epoch neural training recipe, and classifier optimization remains
consequential for representation selection. These comparisons evaluate complete training procedures on
common labeled pairs; the shared-data design makes their observed differences relevant to representation
selection.

Training-boundary construction produced smaller and corpus-dependent effects. The similarity intervention
worked mechanically but did not establish a primary predictive advantage. Increasing lexical continuity across
boundaries may weaken a cue useful on native evaluation streams, or the fixed representations may fail to
express the distinctions required by those examples. These explanations motivate subsequent experiments on
the cues used by boundary classifiers. Native’s stronger LONG performance also makes retained source order
a useful practical comparator.
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The contrast between LONG and SHORT underlines the importance of the evaluation distribution. SHORT
uses reconstructed archive order and has markedly different validation and test boundary prevalences. Its
lower absolute quality and different ordering ranking make corpus-level evaluation consequential. LONG’s
source concentration further explains why cluster-based uncertainty and influence diagnostics add information
beyond pooled page counts. The paired representation analyses provide a coherent descriptive account of
these evaluated sources.

Local optimization time provided a second comparison axis. TF-IDF classifier fitting averaged 0.5 s on
LONG and 0.3 s on TABME++; selective encoder adaptation averaged 510.2 s and 391.1 s, respectively.
These measurements cover optimization after offline input preparation on the same computer; neural timings
include forward/backward computation and batch feature assembly. Parameter count, runtime, memory and
operation counts can differ as efficiency measures [26]. A deployment assessment additionally includes OCR,
tokenization, feature preparation, model loading and inference under the intended workload. The measured
quality and training time provide concrete inputs to that assessment.

The evaluation covers fixed development splits in two Dutch administrative collections and one English
constructed-packet population. The shared text budget truncates approximately 82% of OpenPSS pages, and
the models use OCR without visual page context. LONG estimates reflect a concentrated source distribution,
while duplicate screening identifies only detectable text overlap. The adaptation results characterize the
specified two-epoch, last-four-layer training recipe; its intervals are conditional on the three fitted models.

6. Conclusions

TF-IDF exceeded frozen multilingual MiniLLM in all eight corresponding comparisons in the OpenPSS training-
order experiment. Native ordering produced the highest observed LONG means, while similarity-based
boundary construction did not establish an advantage in the original primary comparison. In the extension
using common training pairs, TF-IDF with SGD had the highest mean boundary F1 on LONG (82.89%)
and TABME++ (86.43%). Selective adaptation differed from its matched frozen control by +4.71 points on
TABME-++. The combined results support evaluating representation, classifier training and document order
together, with lexical baselines, exact-document recovery and clearly scoped computational measurements.
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