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Abstract
Hierarchical Document Structure Analysis
(HDSA) aims to recover the logical tree and
reading order of a document, providing a struc-
tural foundation for downstream tasks such
as document question answering, information
extraction, and long-form document under-
standing. Extending HDSA to multi-page
documents remains challenging, as pagina-
tion introduces discontinuities between page-
local coordinate systems, making it difficult to
link structurally related elements across pages.
We present Scroll-Net, a geometry-aware con-
strained decoding framework for multi-page
document hierarchy parsing. Scroll-Net maps
page-local coordinates into a unified scroll-
space coordinate frame, enabling direct com-
parison of cross-page elements. It employs
a dual-stream encoder to disentangle geomet-
ric and semantic cues, injecting geometric in-
ductive bias before multimodal fusion. Under
the pre-order convention used by the evaluated
benchmarks, Scroll-Net constrains autoregres-
sive parent decoding with a hard reading-order
causal mask. This backward-pointer constraint
makes decoded parent graphs acyclic under the
imposed order while retaining O(K) per-step
decoding, reducing inference latency by 36.5%
and peak memory by 46.5%. Across four
benchmarks, Scroll-Net remains competitive
on simple layouts while achieving state-of-the-
art results on structurally complex documents,
improving TEDS by 4.8 points on DocHieNet.

1 Introduction

Hierarchical Document Structure Analysis (HDSA)
recovers the logical tree of a document together
with a consistent reading order. Both serve as pre-
requisites for downstream document QA, informa-
tion extraction, and long-form reading; recent mul-
timodal work shows that explicit document-level
structure substantially improves long-document un-
derstanding and agentic search (Fu et al., 2026;
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Figure 1: Scroll-space coordinate mapping.
(a) Parent–child edges can span pages. (b) Page-local
coordinates disrupt cross-page geometry. (c) Scroll-Net
maps blocks into a unified scroll spaceM.

Li et al., 2026). Existing methods differ in how
they represent layout and propagate dependencies.
Page-wise pipelines such as DSG (Rausch et al.,
2023) process pages independently and stitch pre-
dictions post hoc, severing cross-page geometric
continuity. UniHDSA (Wang et al., 2025) adds a
document-level grouping stage on top of unified
relation prediction, but its per-page encoder still
operates in page-centric coordinates. Sequence-
based formulations (Huang et al., 2022; Beltagy
et al., 2020) linearize 2D layouts into 1D streams:
they scale well with Transformers, yet they obscure
the spatial structure on which long-range linking
depends. Multi-stage frameworks (Wang et al.,
2024b) jointly infer ordering and hierarchy to avoid
cascading errors, but rely on dense pairwise scoring
with quadratic cost and soft constraints that admit
invalid outputs.

Three obstacles remain in the multi-page set-
ting. The most basic is geometric discontinuity
(Fig. 1a-b): cross-page neighbors reside in disjoint
coordinate frames, so distance-based locality does
not extend across page boundaries. A second obsta-
cle is the entanglement of geometry with semantics
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in dense layouts; spatial proximity becomes mis-
leading in multi-column pages or repeated patterns,
and models often fall back on semantic matching
to bridge the gap even when geometry would suf-
fice. The third obstacle is decoding cost: dense
pairwise parent scoring over all block pairs incurs
O(N2) work and, without a hard structural prior,
may produce invalid outputs such as cycles.

Scroll-Net addresses each obstacle directly. It
maps page-local coordinates into a single scroll-
space frame (Fig. 1c), so candidate pruning, atten-
tion, and pairwise scoring all operate in a unified
geometric space. A dual-stream encoder keeps ge-
ometric and semantic representations separate until
late fusion, which prevents spatial proximity from
being conflated with semantic affinity. The third
design choice rests on a structural observation: un-
der the pre-order convention used by the evaluated
benchmarks, a parent is expected to precede its
child in the reading order. Scroll-Net uses the pre-
dicted reading order as a hard causal mask over
parent candidates, yielding acyclic outputs under
the imposed order and admitting efficient candidate
pruning.

Our main contributions are: (1) We define a
scroll-space coordinate mapping coupled with ge-
ometric inference, providing a shared coordinate
frame for cross-page relation scoring and candi-
date pruning. (2) A causal tree decoding strategy
restricts candidate parents to each node’s reading-
order prefix; under the imposed order, it yields
acyclic decoded structures and removes the need
for post-hoc cycle removal. (3) Top-K geometric
candidate pruning cuts sequential decoding com-
plexity from O(N2) to O(NK), reducing infer-
ence latency by 36.5% and peak memory by 46.5%
while remaining competitive on simple layouts and
improving TEDS by 4.8 points on the structurally
complex DocHieNet.

2 Related Work

Page-Wise Pipelines and Stitching. Early visual
document understanding systems treated layout
analysis as a single-page task, driven by large-scale
datasets (Zhong et al., 2019; Li et al., 2020b) and
toolkits (Shen et al., 2021). A common paradigm
processes pages independently and stitches pre-
dictions via post-processing (Rausch et al., 2019,
2023): DSG, for instance, processes documents
as per-page renderings and applies a grammar-
based module for structural consistency. Uni-

HDSA (Wang et al., 2025) advances this with
a unified relation prediction head and a dedi-
cated document-level stage for cross-page group-
ing; however, its per-page encoding remains page-
centric, leaving cross-page geometric comparabil-
ity less explicit. Hi-VT5 (Tito et al., 2022) similarly
aggregates page-level representations but retains
page-centric coordinates.

Sequence-Based Formulations and Lineariza-
tion. Transformer-based document models often
linearize 2D layouts into 1D sequences, includ-
ing LayoutLM-style encoders (Xu et al., 2020;
Huang et al., 2022), BROS (Hong et al., 2022),
LiLT (Wang et al., 2022), OCR-free parsers (Kim
et al., 2022; Blecher et al., 2024; Lee et al., 2023),
and long-context architectures (Beltagy et al., 2020;
Zaheer et al., 2020). Such models scale naturally
with sequence processing, but linearization ob-
scures 2D locality and entangles geometry with
semantics, making dense multi-column layouts and
cross-page links difficult to model geometrically.

Unified Joint Frameworks. To avoid cascading
errors, recent unified frameworks attempt to jointly
infer ordering and hierarchy. Generative paradigms
like Seg2Act (Li et al., 2024b) and DSG (Rausch
et al., 2023), as well as end-to-end graph parsers
like DRGG (Chen et al., 2025), achieve joint predic-
tion but are limited to single-page documents. For
multi-page understanding, multi-stage frameworks
like Detect-Order-Construct (Wang et al., 2024b)
jointly infer structure across documents but still
face scalability and validity issues, often relying
on dense pairwise prediction withO(N2) complex-
ity. Autoregressive reading-order decoders can also
become a bottleneck on rich-text documents, as ob-
served in early end-to-end text reorganization mod-
els that couple graph encoders with pointer-style
decoding (Li et al., 2020a). To scale, some adopt
windowed/chunked training, which fundamentally
restricts the global receptive field and obscures
long-range dependencies. Without hard structural
constraints, long-document inference can produce
invalid structures (e.g., cycles) in practice. Reading
order has been shown to be critical for downstream
information extraction tasks (Zhang et al., 2023),
and has been explicitly modeled with transformer-
based RO predictors and dedicated resources such
as LayoutReader/ReadingBank (Wang et al., 2021).
RO-focused training (e.g., FocalOrder (Liu et al.,
2026)) is complementary: it improves RO learning,
whereas we use predicted RO as a hard causal prior
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at inference for constrained decoding.

Vision-Language Models and Benchmarks.
Recent document-oriented VLMs and LLM exten-
sions improve visual-document reasoning through
layout-aware generation, multi-image inputs, or
structural maps (Wang et al., 2024a; Li et al., 2024a;
Fu et al., 2026; Li et al., 2026; Jin et al., 2025),
but they do not provide specialized HDSA decod-
ing guarantees. Benchmarks such as HRDoc (Ma
et al., 2023) and DocHieNet (Xing et al., 2024)
further motivate models for cross-page structural
reasoning. Overall, prior work leaves three gaps
(page-local geometry, entangled cues, quadratic
inference), which Scroll-Net addresses via scroll-
space mapping (Section 3.2), dual-stream fusion
(Section 3.3), and sequentially constrained decod-
ing (Section 3.4).

3 Method

3.1 Task Formulation and Overview

3.1.1 Problem Statement
Let D = {bi}Ni=1 denote a multi-page document
comprising N layout blocks distributed across P
pages. Each block bi is characterized by a bounding
box xi = (cxi , c

y
i , wi, hi) ∈ R4 expressed in page-

local coordinates, a page index pi ∈ {1, . . . , P},
and a semantic feature vector si ∈ Rds extracted
from a LayoutLMv3 encoder (Huang et al., 2022).

The goal of Hierarchical Document Structure
Analysis (HDSA) is to recover the document’s log-
ical structure, represented as a rooted ordered tree:

T = (V, E, r, π), (1)

where V = {bi}Ni=1 is the node set (layout blocks),
E = {(v,pa(v)) : v ∈ V } ⊂ V × (V ∪ {r}) is
the directed child→parent edge set, r /∈ V is a
virtual document root representing the document
itself, and π : {1, . . . , N} → V is a bijection
representing the reading order. The reading order
provides a total ordering over V that matches the
document’s intended sequential consumption. By
convention we set π−1(r) = 0, so the root precedes
all blocks.

3.1.2 Reading Order as a Causal Prefix
Logical hierarchy (containment) and reading order
(sequential traversal) are tightly coupled under the
depth-first pre-order convention used to linearize
document trees in our evaluated benchmarks: a
parent is expected to precede its child, so reading

order provides a causal prefix for parent selection
in most cases.

DFS Pre-Order Linearization. Document tree
annotations in our evaluated benchmarks largely
follow depth-first pre-order traversal, placing a par-
ent node (e.g., a section header) before its descen-
dants (e.g., the section’s paragraphs).

Sequential Consistency. This traversal protocol
motivates a temporal constraint on the reading se-
quence: the parent of a node should appear earlier
in the sequence than the node itself. We formalize
this sequential-consistency constraint as:

∀ v ∈ V : π−1
(
pa(v)

)
< π−1(v), (2)

where π−1(v) denotes the integer position of node
v in the reading order, and we set the virtual root’s
position as π−1(r)=0.

Causal Prefix Constraint. We enforce Eq. 2 as
a hard prior: each node selects its parent only from
the reading-order prefix. This yields acyclic out-
puts under the imposed order, and we quantify the
exclusion rate and net benefit on Comp-HRDoc in
Section 4.5.

3.1.3 Architecture Overview
Model Pipeline. Fig. 2 provides an overview
of Scroll-Net. We map paginated geometry into
scroll space (Section 3.2), encode blocks via a dual-
stream encoder (Section 3.3), predict reading order
via Sinkhorn (Mena et al., 2018), and autoregres-
sively decode parent pointers under a hard causal
mask (Section 3.4), yielding acyclic outputs under
the imposed order with O(NK) parent-decoding
complexity.

Training and Runtime. The framework is
trained end-to-end via a composite multi-task loss
L. During training, the decoder receives the
ground-truth reading order to isolate structure pre-
diction from ordering errors. At inference, the
predicted order π̂ drives autoregressive decoding.
While the encoding stage requiresO(N2) complex-
ity (shared with standard Transformers), the decod-
ing stage runs in O(NK) time due to geometric
pruning (K ≪ N ), yielding substantial savings on
long documents.

3.2 Scroll-Space Coordinate Mapping

The paginated coordinate space P induces incom-
parable cross-page distances under page-local Eu-
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Figure 2: Overview of Scroll-Net. Scroll-Net maps paginated coordinates into scroll space, fuses geometric and
semantic cues, and decodes parent pointers under a hard causal mask.

clidean geometry. We define a scroll-space map-
ping Φ that projects all blocks into a single global
frame, enabling the downstream geometric infer-
ence pipeline (candidate construction, 2D-RPE
bias, and structured decoding) to operate uniformly
over the full document.

3.2.1 Scroll-Space Coordinate Frame
We address this discontinuity by mapping all blocks
onto a scroll spaceM = [0, 1]×R≥0, which mod-
els the document as a single vertical strip. For
a page-local box c = (cx, cy, w, h), the mapping
Φ : P → M outputs c̃ = Φ(c, p) via a page-
dependent vertical translation:

c̃x = cx, c̃ y = cy + p− 1,

w̃ = w, h̃ = h.
(3)

This maps page p to the interval [p−1, p) on the
global vertical axis. This mapping assumes unit-
normalized page heights, which is a reasonable
approximation for digitally typeset documents (e.g.,
LaTeX-compiled papers in HRDoc); perturbation
experiments in Appendix E show robustness under
synthetic page-height perturbations. After applying
Φ, ℓ2 distance dM is well-defined for all block
pairs, andM serves as a globally consistent frame
for downstream geometry-driven modules.

3.2.2 Pairwise Geometric Features onM
The mapped coordinates enable uniform computa-
tion of pairwise geometric features for all block
pairs, regardless of whether they reside on the
same page. For each candidate pair (bi, bj), we
compute a Dg-dimensional geometric descriptor
fij onM, including relative offsets, scroll distance,
scale ratios, and alignment cues. An MLP scorer

fθ : RDg→R maps fij to an additive scalar geo-
metric score for the pointer decoder (Section 3.4).

3.2.3 Scroll-Space Candidate Construction
The scroll distance dM also serves as the basis
for geometric candidate pruning in the pointer de-
coder. We precompute Ci = top-Kj ̸=i sΦ(bi, bj)
using a two-layer MLP scorer on pairwise scroll-
space geometry. Its edge logits are supervised by
Ledge (Appendix A.1), and its parameters are sep-
arate from fθ. The pointer decoder then restricts
each step to Ci (Section 3.4), reducing sequential
decoding to O(NK).

3.3 Geometry-Guided Dual-Stream Encoder

Geometric proximity and logical affiliation are dis-
tinct properties. Spatially adjacent blocks may be-
long to different columns, while a section header
and its last paragraph may span multiple pages. To
separate these signals, we use a dual-stream en-
coder E . It independently encodes geometry and
semantics, exchanges information via bidirectional
cross-attention, and then adaptively fuses the two
streams for each node.

3.3.1 Stream-Specific Encoding
The geometry stream takes each block’s mapped co-
ordinates x̃i onM, concatenates a learnable page
embedding (dimension dp), and projects the result
to dimension d via a two-layer MLP with GELU.
The semantic stream independently projects each
block’s LayoutLMv3 feature (dimension ds) to the
same dimension d. Both projected sequences are
then encoded by separate Pre-LN Transformer en-
coders (Le layers), ensuring geometric and seman-
tic representations occupy distinct subspaces before
fusion.
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3.3.2 Bidirectional Cross-Attention Fusion
We exchange complementary signals between the
two streams through Lf layers of standard bidi-
rectional cross-attention: in each layer, the ge-
ometry stream attends to the semantic stream and
vice versa, each followed by a feed-forward sub-
layer with Pre-LN residual connections. We update
semantics conditioned on the geometry-updated
stream, injecting a geometry-first inductive bias;
ablations show gains (Section 4.3).

3.3.3 Adaptive Gating
After cross-attention, we fuse the two streams
via a node-dependent gating mechanism. A two-
layer MLP ψ maps the concatenated stream out-
puts to softmax weights (αgeo

i , αsem
i ), yielding

hi = αgeo
i hgeo

i + αsem
i hsem

i . A final linear projec-
tion with layer normalisation produces the unified
node representations H ∈ RN×d consumed by all
downstream heads.

3.3.4 Geometric Contrastive Alignment
To strengthen the structural discriminability of H,
we introduce an auxiliary contrastive alignment
loss during training. For each node whose ground-
truth parent is not the virtual root, we form a pos-
itive pair using the true parent’s representation
hpa∗(bi) and draw hard negatives N−

i from the top-
scoring candidate parents (by current model logits)
excluding pa∗(bi). Let Snr = {i : pa∗(bi) ̸= r},
p∗i = pa∗(bi), z+i = sim(hi,hp∗i ), and z−ik =
sim(hi,hk). We then apply an InfoNCE objec-
tive (van den Oord et al., 2018) with temperature
τc:

Lcontrast = − 1

|Snr|
∑

i∈Snr

log
exp(z+i /τc)

Zi
. (4)

where Zi = exp(z+i /τc) +
∑

k∈N−
i
exp(z−ik/τc),

and sim(·, ·) denotes cosine similarity. By mining
hard negatives from the model’s own candidate set,
this loss specifically separates confusable parent–
non-parent pairs in embedding space, complement-
ing the cross-entropy signal from the pointer de-
coder.

3.4 Sequentially Constrained Decoding
Under the sequential consistency constraint (Eq. 2),
inferring a node’s parent becomes a left-to-right,
autoregressive process over the reading-order pre-
fix. This formulation resembles incremental pars-
ing schemes that restrict decisions to the already-
processed context (Ma et al., 2018). We adopt a

pointer-network style decoder P (Vinyals et al.,
2015) to implement this mechanism. It steps
through the document nodes according to the read-
ing order, selecting the parent from the valid causal
prefix using a combination of semantic attention
and geometric bias.

3.4.1 Decoding Formulation
Let π denote the reading order (ground-truth dur-
ing training; predicted π̂ at inference). At step t,
the current node is i = π(t), and the causal pre-
fix At = {0} ∪ {π(1), . . . , π(t−1)} contains the
virtual root (indexed by 0) and all nodes that pre-
cede i in the imposed reading order. When Eq. 2
holds under the ground-truth reading order, the true
parent lies in At; if the annotated order violates
this convention or the predicted order misorders a
parent–child pair, the mask can exclude the true par-
ent, which we quantify in Section 4.5. The decoder
selects p̂a(π(t)) = argmaxj∈At ℓt[j], where the
logit ℓt[j] fuses three complementary signals:

3.4.2 Geometry-Aware Pointer Attention
A learnable root token r0 is prepended to the
reading-order-sorted node representations to form
the decoder memory bank. At each step, an autore-
gressive hidden state gt (updated via a GRU cell)
is projected into a query, and the memory bank
provides keys and values via standard learned pro-
jections. The attention logit combines three terms:

ℓt[j] =
q⊤
t kj√
d

+ βgeo(t, j) + γfθ(ftj). (5)

The first term is the semantic attention score. The
2D-RPE bias βgeo(t, j) is a learned 2D relative
positional bias onM. The explicit geometry score
projects the Dg-dimensional pairwise geometric
feature vector ftj (Section 3.2.2) through a two-
layer MLP fθ, scaled by a learnable factor γ.

Hard Causal Constraint. To impose the sequen-
tial consistency constraint (Eq. 2), we apply an
additive causal mask to the attention logits:

mt[j] =

{
0, j ∈ At,

−∞, otherwise.
(6)

The mask assigns zero probability to the current
node and all nodes outside At. Thus each non-root
decoded edge points to an earlier node in the im-
posed order, preventing self-loops, forward point-
ers, and directed cycles among document nodes.
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Figure 3: Constrained parent decoding. The pointer decoder selects a parent from the causal prefix; geometric
pruning narrows candidates and the score combines semantic, 2D-RPE, and geometry terms.

3.4.3 Geometric Candidate Pruning
Although the causal mask restricts attention to pre-
fix At, the prefix grows linearly with t, yielding
O(|At|) cost per step and O(N2) total. We reduce
this toO(K) per step via geometric candidate prun-
ing.

For the current node i = π(t), we retrieve the
candidate set Ci pre-computed by the auxiliary edge
scorer: the top-K nodes ranked by global geomet-
ric compatibility on the scroll spaceM. The effec-
tive attention set is then:

AK
t = At ∩

(
{0} ∪ Ci

)
, (7)

and all positions j /∈ AK
t receive mask value −∞.

Since |Ci| = K and K ≪ N , we have |AK
t | ≤

K + 1.

Complexity. Under geometric candidate pruning
with budget K, the autoregressive decoding com-
plexity reduces from O(N2) to O(NK). At each
step, the decoder computes attention and geometric
biases only over the pruned candidate set AK

t (at
most K+1 elements). The auxiliary edge scorer
retains O(N2) complexity but runs as a batched
parallel operation outside the sequential loop. Em-
pirically, end-to-end latency reduces by 36.5% un-
der a matched protocol (Fig. 4).

Decoder State and Root Classification. After
each decoding step, a GRU cell (Cho et al., 2014)
updates the hidden state gt by consuming the con-
catenation of the current node representation and
the attention-weighted parent context, with a learn-
able residual connection for stability. An indepen-
dent root classifier produces a calibrated logit that
is additively injected into the pointer score at the
root column, decoupling the root decision from the

relative ranking of non-root candidates. Detailed
formulations are provided in Appendix A.

3.5 Training and Inference

3.5.1 Training Objective
We train Scroll-Net with a multi-task objective:

L = Lroot + λparentLparent
+ λedgeLedge + λpathLpath
+ λROLRO + λcontrastLcontrast.

(8)

The terms supervise root prediction, parent selec-
tion, edge classification, path consistency, reading-
order prediction, and contrastive alignment. Full
definitions and weights are in Appendix A.

3.5.2 Hierarchical Structure Loss
Predicting whether a node is a root and selecting its
parent are distinct tasks. Merging them into a single
(N+1)-way softmax allows the N non-root alter-
natives to dominate the root class. We therefore
supervise root classification and parent selection
separately with Lroot and Lparent in Eq. 8.

4 Experiments

4.1 Experimental Setup

Datasets. HRDoc-Simple and HRDoc-Hard (Ma
et al., 2023) comprise academic papers with
simple and complex layouts, respectively. E-
Periodica (Rausch et al., 2023) contains historical
periodicals with challenging visual characteristics.
DocHieNet (Xing et al., 2024) provides diverse
real-world documents with fine-grained block-level
hierarchies. For fine-grained cross-page and com-
ponent analyses (Table 3), we additionally adopt
Comp-HRDoc (Wang et al., 2024b), which extends
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Table 1: Main results across four HDSA benchmarks. Link F1 is micro-F1 over directed child→parent edges;
TEDS measures normalized tree-edit similarity. Bold and underlined figures indicate the best and second-best
results, respectively. “–” indicates the metric was not reported by the original authors under this protocol.

Method HRDS HRDH E-Periodica DocHieNet

Link F1 ↑ / TEDS ↑ Link F1 ↑ / TEDS ↑ Link F1 ↑ / TEDS ↑ Link F1 ↑ / TEDS ↑
DocParser (Rausch et al., 2019) 56.8 / 28.7 47.4 / 22.4 35.2 / 18.7 23.3 / 6.8
DSG (Rausch et al., 2023) 84.8 / 83.2 74.0 / 64.3 67.2 / 60.1 53.5 / 33.9
DOC (Wang et al., 2024b) – / 95.1 – / 85.5 – / – – / –
DHFormer (Xing et al., 2024) 99.3 / 98.7 93.4 / 89.1 92.5 / 84.9 77.8 / 57.6

Scroll-Net-B (ours) 95.3 / 91.2 90.5 / 87.4 87.9 / 83.5 78.3 / 61.6
Scroll-Net-L (ours) 98.2 / 96.5 94.2 / 89.8 91.5 / 87.4 80.1 / 62.4

Table 2: Comparison on Comp-HRDoc under Uni-
HDSA’s STEDS protocol. Results for DOC and Uni-
HDSA are from their original papers.

Method Micro ↑ Macro ↑
DOC-R18 (Wang et al., 2024b) 83.7 83.7
UniHDSA-R18 (Wang et al., 2025) 88.0 87.8
UniHDSA-R50 (Wang et al., 2025) 88.9 88.6

Scroll-Net-B (ours) 87.5 87.3
Scroll-Net-L (ours) 89.4 89.1

HRDoc-Hard with multi-page annotations support-
ing hierarchical structure reconstruction. All re-
sults are reported on the standard held-out test par-
tition. We use all existing artifacts only for research
evaluation under their released benchmark proto-
cols and do not redistribute derivative data.

Evaluation Metrics. We evaluate hierarchy qual-
ity using Link F1, computed as micro-F1 over di-
rected child→parent edges, and Root F1 for identi-
fying roots under the virtual root r. This Link F1
is directly comparable to the relation-triple F1 re-
ported in prior work (Rausch et al., 2023) because
HDSA uses a single relation type (parent-of).
For reading order, we report Kendall’s τ between
the predicted permutation and the benchmark or-
der under a deterministic linearization (sorting by
(pi, roi, i) to break ties). Finally, TEDS (Gao et al.,
2019) measures normalized tree-edit similarity be-
tween predicted and ground-truth hierarchies.

Implementation Details. Scroll-Net uses a dual-
stream encoder (d=128, Lf=4), an 8-head pointer
decoder, and geometric pruning K=64. Seman-
tic features are extracted via LayoutLMv3 (Huang
et al., 2022) (BASE and LARGE variants) with the
top-2 Transformer layers unfrozen. We train for 40
epochs on two NVIDIA GeForce RTX 3090 GPUs
using AdamW (lr=2×10−4). Full training details
are in Appendix A for reproducibility.

Input Blocks. Layout blocks and their bounding
boxes are obtained from dataset-provided annota-
tions; we do not train or evaluate the upstream de-
tection stage. Block-level semantic features are ex-
tracted by LayoutLMv3 from the annotated bound-
ing boxes and associated text.

Experimental Protocol. All Scroll-Net variants
in the controlled analyses share the same back-
bone and splits; we change only the component
under study and compute Comp-HRDoc metrics
offline from exported predictions. External base-
line results in Table 1 are literature-reported under
their respective published protocols. Our quantita-
tive comparisons focus on methods with compati-
ble HDSA or STEDS evaluation protocols, while
Section 2 discusses broader multi-page document
models with different output spaces or evaluation
settings. We report UniHDSA separately under its
released STEDS protocol in Table 2.

4.2 Main Results

Table 1 presents comparisons across four bench-
marks. Scroll-Net achieves the best results on
HRDoc-Hard (94.2 Link F1, 89.8 TEDS) and
DocHieNet (80.1 Link F1, 62.4 TEDS). On E-
Periodica, Scroll-Net-L surpasses DHFormer in
TEDS (87.4 vs. 84.9) despite trailing in Link F1
(91.5 vs. 92.5). On HRDoc-Simple, DHFormer
retains a lead (99.3 vs. 98.2), as near-deterministic
layouts are well-captured by dense attention. Ta-
ble 2 provides a protocol-matched Comp-HRDoc
comparison.

4.3 Ablation Study

Cross-Page Analysis. Table 3(a) shows that
scroll-space mapping substantially improves cross-
page edge prediction compared to page-local base-
lines.
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Table 3: Ablation results on Comp-HRDoc. (a) Cross-
page performance, (b) cumulative components under
oracle RO, and (c) mask robustness.

(a) Cross-page performance
Model Intra CPE Overall Pred Cross

Single-Page 88.0 — 56.8 —
Page-Emb 88.5 81.5 84.8 55.8
Scroll-Net 92.8 88.4 90.5 52.5

(b) Cumulative component ablation
Component added Link CPE TEDS

Single-page baseline 56.8 — 43.2
+ Scroll-space frame 82.4 78.6 76.5
+ Geometric bias 86.9 84.3 82.8
+ Sequential consistency 89.7 87.5 86.4
+ Contrastive alignment 90.5 88.4 87.4

(c) Mask robustness
Model Mask RO Link CPE

Page-Emb None Oracle 84.8 81.5

Scroll-Net Soft Predicted 62.0 55.3
Scroll-Net None Predicted 84.2 80.8
Scroll-Net Hard Predicted 87.4 83.9
Scroll-Net Hard Oracle 90.5 88.4

Component Ablations. Table 3(b) shows that
the scroll-space frame yields the largest gain, iden-
tifying cross-page geometric comparability as the
primary source of improvement. Geometric bias,
sequential consistency, and contrastive alignment
(Eq. 4) each add complementary improvements,
with the latter contributing +0.8 Link F1 and +1.0
TEDS.

Robustness to Predicted Reading Order. In Ta-
ble 3(c), the hard mask is consistently stronger than
soft-mask and no-mask settings under predicted
RO. Moving from oracle to predicted reading or-
der yields only a moderate drop (−3.1 Link F1).
Although noisy predicted RO can exclude a true
parent, the hard mask remains beneficial overall
by trading a bounded recall ceiling for structural
validity and more stable decoding.

Additional Ablations. Appendix C reports leave-
one-out ablations: removing scroll-space map-
ping causes the largest single-component drop
(−7.7 Link F1), followed by sequential consis-
tency (−3.6) and geometric bias (−3.1). Remov-
ing the contrastive alignment loss (Eq. 4) decreases
Link F1 by 1.4 points (Appendix C, Table 5), sup-
porting its complementary role.

4.4 Efficiency Analysis
Efficiency. With K=64, pruning reduces latency
by 36.5% and peak memory by 46.5% without mea-
surable loss in Link F1/CPE-F1 (Fig. 4 and Table 4).

Figure 4: Accuracy–efficiency trade-off on
Comp-HRDoc. Accuracy saturates at K=64, while
latency and peak memory increase with K.

Table 4: Efficiency metrics at different pruning bud-
gets. Memory (MB), latency (ms), and hierarchy scores;
bold numbers indicate lowest cost.

Setting Cand. Mem. Lat. Link CPE

K=64 69.8 3384 2466 87.4 83.9
K=256 161.9 5318 3624 87.4 83.9
No Pruning 167.5 6324 3884 87.4 83.9

Geometric candidate recall@64 is 95.6% and rises
to 98.9% at K=256 (Appendix E, Table 9).

Representative qualitative examples are provided
in Appendix F.

4.5 Sequential Consistency Analysis

Across the five evaluated settings, the true-parent
exclusion rate before top-K pruning is at most
0.57% under oracle RO and 1.43% under predicted
RO. The hard mask guarantees acyclicity for the
imposed order, while these rates quantify the risk
of excluding the true parent when the reading order
does not preserve the parent-before-child relation.

4.6 Discussion

Role of Scroll-Space Geometry. The leave-one-
out ablation (Appendix C) confirms that scroll-
space mapping is the single most impactful com-
ponent. These results suggest that cross-page geo-
metric comparability helps causal constraints and
geometric scoring add complementary gains.

5 Conclusion

We present Scroll-Net, a multi-page HDSA frame-
work that maps page-local layouts into a unified
scroll-space frame and combines geometry-aware
encoding with efficient O(NK) parent decoding.
The scroll-space mapping restores geometric con-
tinuity across page boundaries. The hard causal
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mask guarantees acyclic outputs under the imposed
order, while geometric candidate pruning reduces
parent-decoding cost. Across four benchmarks,
Scroll-Net remains competitive on simple layouts
and achieves state-of-the-art results on structurally
complex documents. These results show that restor-
ing geometric comparability is effective for multi-
page hierarchy parsing.

Limitations

Although Scroll-Net performs well across multiple
HDSA benchmarks, multi-page document struc-
ture analysis remains constrained by the diversity
of available evaluation settings. Existing datasets
cover important document families, but they can-
not fully reflect the long tail of documents encoun-
tered in real-world applications, including hetero-
geneous templates, multilingual reports, heavily
annotated pages, degraded scans, and layouts with
multiple plausible reading paths. Practical systems
also depend on upstream OCR and layout pars-
ing pipelines, whose quality can vary substantially
across domains. Future work could expand eval-
uation to more diverse and challenging document
collections and study robustness under different
upstream parsing conditions, so hierarchy parsers
can generalize more reliably to unseen document
types.
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A Implementation Details

Model and Optimization. Scroll-Net uses a
dual-stream encoder with hidden dimension d =
128, Lf = 4 cross-attention fusion layers, and a
pointer decoder with 8 attention heads. We set
the geometric pruning budget to K = 64 and use
a log-ratio geometric bias. Semantic features are
extracted via LayoutLMv3 (BASE and LARGE vari-
ants) with the top-2 Transformer layers unfrozen.
We train Scroll-Net with AdamW using a learning
rate of 2 × 10−4 and cosine decay for 40 epochs,
with batch size 8 and gradient clipping at 1.0 on two
NVIDIA GeForce RTX 3090 GPUs. Depending on
dataset size, one 40-epoch run takes approximately
2–8 hours on this hardware. The loss weights
are λparent = 1.2, λedge = 0.3, λpath = 1.2,
λRO = 1.0, and λcontrast = 0.5.

Root Classification (Lroot). The independent
root classifier ρt = MLProot(hπ(t)) uses weighted
binary cross-entropy on the calibrated logit ρ̃t =
αrρt + βr:

Lroot = −
1

N

N∑

t=1

[
w+y

r
t log σ(ρ̃t)

+ (1− yrt ) log
(
1− σ(ρ̃t)

)]
,

(9)

where yrt ∈ {0, 1} is the ground-truth root la-
bel, σ is the sigmoid function, and the positive
weight w+ = (1 − ρ̂)/ρ̂ adapts to the batch root
ratio ρ̂. At inference, the same ρ̃t is injected into
the pointer logits at the root column via ℓt[0] ←
ρ̃t +maxj>0 ℓt[j]. During training, αr and βr are
learned through Lroot, while Lparent is computed
only over non-root candidates.

Parent Selection (Lparent). For non-root nodes
S = {t : yrt = 0}, we apply cross-entropy over the
pointer logits:

Lparent = −
1

|S|
∑

t∈S
log

exp
(
ℓt[y

∗
t ]
)

Zt
,

Zt =
∑

j∈AK
t \{0}

exp
(
ℓt[j]

)
.

(10)

where y∗t is the ground-truth parent index in the
reading-order sorted vocabulary, and the normal-
izer sums over non-root candidates in the masked
set AK

t (excluding the virtual root 0), since root
decisions are supervised by Lroot and y∗t ̸= 0 for
all t ∈ S.

A.1 Auxiliary Losses
Edge Classifier Loss (Ledge). An auxiliary pair-
wise edge classifier (operating on original node
order) provides dense gradient signal:

Ledge = −
1

N2

N∑

i=1

N∑

j=1

[
yij log σ(eij)

+ (1− yij) log
(
1− σ(eij)

)]
,

(11)

where yij = 1[pa∗(bi) = bj ] and eij is the edge
logit.

Path Consistency Penalty (Lpath). While the
hard causal mask zeroes out invalid edges during
parent selection, the unmasked pointer logits may
still assign large scores to future candidates. We
therefore penalize raw logits at positions that vio-
late the reading order:

Lpath =
1

|V|
∑

(t,j)∈V
max

(
0, ℓt[j]

)
,

V =
{
(t, j) : j ∈ {1, . . . , N}, j ≥ t

}
.

(12)

Here j indexes positions in the RO-sorted memory
M = [r0;hπ(1); . . . ;hπ(N)], excluding the root at
index 0. Memory position j ∈ {1, . . . , N} corre-
sponds to node π(j); equivalently, π−1(π(j)) = j
by construction. Therefore, ‘self-or-future’ posi-
tions for step t are exactly those with j ≥ t. This
regularizer is applied to the unmasked logits and
complements the hard causal mask used during
decoding.

Reading Order Loss (LRO). The Sinkhorn head
produces a doubly-stochastic matrix S ∈ RN×N

via iterative row–column normalisation. We super-
vise it with a permutation cross-entropy:

LRO = − 1

N

N∑

i=1

logS
[
i, π∗(i)

]
, (13)

where π∗(i) is the ground-truth position of node bi.

Contrastive Alignment Loss (Lcontrast). We use
the contrastive alignment loss defined in the main
text.

A.2 Full Objective
The complete training loss is:

L = Lroot + λparentLparent
+ λedgeLedge + λpathLpath
+ λROLRO + λcontrastLcontrast.

(14)
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Algorithm 1 Scroll-Net Inference
Require: Node features {xi, si, pi}Ni=1

Ensure: Tree T̂ = (V, Ê, r, π̂)
1: x̃i ← Φ(xi, pi) for all i
2: H← E({x̃i}, {si})
3: S← Sinkhorn(H)
4: π̂ ← Hungarian(S)
5: Precompute Ci for all nodes using the auxiliary scorer
6: g1 ← r0
7: for t = 1, . . . , N do
8: i← π̂(t)
9: AK

t ← {0} ∪
(
Ci ∩ {π̂(1), . . . , π̂(t−1)}

)

10: Compute logits ℓt[j] for j ∈ AK
t using the unified

pointer score
11: Inject calibrated root score into ℓt[0]
12: p̂a(i)← argmaxj∈AK

t
ℓt[j]

13: Update gt+1 ← GRU([hπ̂(t); ct], gt)
14: end for
15: return T̂

where the λ values are trade-off weights balancing
the multi-task objectives.

A.3 Target Inclusion During Training

During training, geometric candidate pruning may
exclude the ground-truth parent from AK

t . If the
annotated parent falls outside the pruned candidate
set, it is included for loss computation during train-
ing. This affects training only and does not alter
the inference-time candidate set.

A.4 Inference Algorithm

At test time, Scroll-Net performs joint inference in
two sequential stages:
At inference, the parent decision is made over the
unified candidate set AK

t after injecting the cal-
ibrated root logit, ensuring consistency with the
decoupled training objective. The representation
stage (scroll-space mapping + encoder) has O(N2)
complexity from self-attention. Candidate precom-
putation is O(N2) but fully parallel. The autore-
gressive pointer decoding therefore runs inO(NK)
time under geometric candidate pruning.

B Additional Analyses

Cross-Page Evaluation Details. CPE-F1 Def-
inition. We define the cross-page edge set as
Ecross = {(c→ p) | page(c) ̸= page(p), p ̸= r}.
CPE-F1 is the micro-F1 computed over Ecross; if
a model predicts no cross-page edges while the
ground truth contains cross-page edges, CPE-F1 is
0. Configuration Details. The Single-Page variant
uses page-local normalized coordinates [0, 1]2 and
restricts candidate parents to the same page. The
Page-Emb variant keeps page-local coordinates but

Table 5: Leave-one-out ablation on Comp-HRDoc
(evaluated under oracle RO). Each row removes a
single component from the full model. Bold figures
indicate the best results.

Variant Link CPE ∆

Full Model 90.5 88.4 —
w/o Scroll-space mapping 82.8 77.2 −7.7
w/o Sequential Consistency 86.9 84.3 −3.6
w/o Geometric bias 87.4 84.8 −3.1
w/o Dual-Stream Encoder 87.8 85.5 −2.7
w/o Contrastive Alignment 89.1 86.8 −1.4
Sem-first Fusion Order 89.6 87.2 −0.9

adds learnable page embeddings and allows cross-
page candidates. Scroll-Net applies scroll-space
mapping to obtain continuous global coordinates
and uses geometric pruning with log-ratio bias.
Observed Results. In the cross-page comparison,
Single-Page predicts no cross-page edges. Page-
Emb obtains CPE-F1 81.5 with Cross% 55.8, while
Scroll-Net reaches CPE-F1 88.4 with Cross% 52.5.

Robustness to Predicted Reading Order. Un-
der predicted RO, the soft, no-mask, and hard-
mask settings obtain Link F1/CPE-F1 of 62.0/55.3,
84.2/80.8, and 87.4/83.9, respectively. Under ora-
cle RO, the hard mask reaches 90.5/88.4.

Oracle and End-to-End Protocols. The cross-
page analysis in the main text isolates geomet-
ric contributions by feeding ground-truth read-
ing order to the decoder (Oracle RO). Experi-
ments marked Predicted or E2E use the Sinkhorn-
predicted reading order (mean Kendall’s τ≈0.91
on Comp-HRDoc), whereas experiments marked
Oracle RO use the ground-truth order. Under E2E
inference, Scroll-Net achieves 87.4 Link F1 and
83.9 CPE-F1. Under Oracle RO, the corresponding
numbers are 90.5 and 88.4. The Page-Emb baseline
with oracle RO obtains 84.8 Link F1.

C Additional Ablations

Leave-One-Out Analysis. To complement the
cumulative ablation, Table 5 removes each compo-
nent individually from the full model, isolating its
marginal contribution.
Removing scroll-space mapping causes the largest
drop (−7.7 Link F1), indicating that globally com-
parable coordinates are the most impactful single
component among the tested components on Comp-
HRDoc. Sequential consistency (−3.6) and ge-
ometric bias (−3.1) rank second and third. Re-
moving the dual-stream encoder costs −2.7, con-
trastive alignment −1.4, and reversing the fusion
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Table 6: Dataset statistics. Cross-page edge ratio
is macro-averaged over documents. E-Periodica is a
single-page benchmark and is included for complete-
ness.

Dataset #Docs #Pages Max P. Cross % Span

HRDoc 2,500 31,651 35 24.9 2.4
E-Periodica 542 542 1 0.0 0.0
DocHieNet 1,673 15,610 50 37.4 5.4
Comp-HRDoc 1,500 21,408 35 48.7 3.6

Table 7: Reading-order stability across datasets.
Kendall’s τ is computed between predicted and anno-
tated reading order on each test split.

Dataset Kendall’s τ ↑
HRDoc-Simple 0.97
Comp-HRDoc 0.91
E-Periodica 0.90
DocHieNet 0.87

order −0.9.

C.1 Empirical Verification of Sequential
Consistency

Violation Statistics. We compute the fraction
of parent–child edges where the parent does not
precede the child in a deterministic document-level
reading order, using the deterministic linearization
defined in Section 4.1 of the main text. On Comp-
HRDoc, the overall violation rate is 0.57%. We do
not observe cross-page violations in the annotated
train (1,000 docs, 66,817 cross-page edges) or test
(500 docs, 31,094 cross-page edges) splits.

D Dataset Statistics

Table 6 summarizes the scale and cross-page char-
acteristics of the evaluated benchmarks. For
HRDoc, E-Periodica, and DocHieNet, we use
the statistics reported by DocHieNet (Xing et al.,
2024). For Comp-HRDoc, we compute the statis-
tics from the official released annotations (Wang
et al., 2024b).

E Robustness Analysis

Page-Height Perturbation. The scroll mapping
(Eq. 3 in the main text) assumes unit-normalized
page heights. To evaluate robustness to heteroge-
neous page geometries, we apply random page-
height perturbation at inference: each page p is
assigned a height hp ∼ Uniform(1−σ, 1+σ), and
the mapped vertical coordinate becomes c̃y =∑

j<p hj+c
y ·hp. Table 8 reports results on Comp-

HRDoc under predicted RO.

Table 8: Robustness to page-height perturbation on
Comp-HRDoc (predicted RO). σ denotes the maxi-
mum relative deviation from unit height.

Perturbation τ ↑ Link F1 ↑ CPE-F1 ↑ ∆F1

None (unit height) 0.91 87.4 83.9 —
±5% 0.908 87.2 83.6 −0.2
±10% 0.905 86.9 83.2 −0.5
±20% 0.895 86.1 82.2 −1.3
±30% 0.882 85.1 80.8 −2.3

Table 9: Geometric candidate recall at different prun-
ing budgets on Comp-HRDoc (predicted RO).

K=32 K=64 K=256

Candidate Recall 91.2% 95.6% 98.9%

At ±5%, Link F1 drops by only 0.2. At ±20%,
a substantial perturbation setting, the drop is 1.3
and the result (86.1) remains above the unperturbed
no-mask baseline (84.2 in Table 3(c) of the main
text). At ±30%, Link F1 (85.1) still exceeds the
unperturbed no-mask setting, suggesting gradual
degradation under large geometric perturbations.

Geometric Candidate Recall. We report candi-
date recall@K to quantify how often the ground-
truth parent remains in the geometric candidate set
Ci before reading-order masking. Table 9 reports
results on Comp-HRDoc under end-to-end infer-
ence.
At the default budget K=64, 95.6% of ground-
truth parents fall within the geometric candidate set
before reading-order masking; increasing the bud-
get toK=256 raises this coverage to 98.9%. These
values isolate geometric candidate coverage and do
not measure additional exclusions introduced by
the predicted reading-order mask.

F Qualitative Analysis

Figure 5 provides representative cross-page linking
examples on dense multi-page documents.
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Figure 5: Qualitative cross-page linking examples. Green/red lines denote correct/incorrect predicted
child→parent links.
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