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Abstract

Classifying scanned pages by document type is a routing step in enterprise document processing.
Layout-aware models reach high accuracy but rely on large-scale document pretraining and full fine-
tuning, and seldom expose why a decision was made. We study a deliberately lightweight alternative,
GLaDViT, which keeps CLIP and BERT encoders frozen, derives a layout descriptor from Tesseract
hOCR word boxes, and trains only a gated fusion head. Because the classifier is linear in the gated
sum of modality embeddings, every class logit decomposes exactly into per-modality terms, which
yields an attribution that is faithful to the computation by construction, unlike the gate weights
alone. On a label-corrected release of Tobacco-3482 (2737 pages, fixed 2186/272/279 split), GLaDViT
reaches 93.7± 0.4% accuracy over three seeds (95% Wilson interval 90.2–96.0%), against 87.7% for
the best single modality; adding layout to vision and text contributes 2.8 accuracy points and gating
a further 1.1. The layout stream nevertheless receives at most about 10% of the gate mass, indicating
that gate weights are mixing coefficients rather than importance scores. A triple InfoNCE alignment
of the three streams, used as a warm-up on frozen features, lowers accuracy to 90.3%; we analyse this
negative result. Code and hOCR tooling will be made publicly available.

Keywords: Document image classification, Multimodal fusion, Gated fusion, Layout analysis,
Interpretability, Tobacco-3482

1 Introduction

Enterprises and public bodies digitise large
archives of scanned documents, and a recurring
first step is to recognise the type of each page—
letter, memo, form, invoice, report, and so on—so
that it can be routed, indexed and processed.
On the standard benchmarks RVL-CDIP [1] and
Tobacco-3482 [2], the strongest results come from
layout-aware transformers pretrained on millions
of pages [3–5] or, for the small Tobacco-3482 set,
from networks first trained on RVL-CDIP [6, 7].
These models are accurate but costly to adapt,

and they rarely report why a page was assigned
to a class, which limits their use where decisions
must be audited.

A cheaper operating point is to use general-
purpose foundation encoders as frozen feature
extractors and to train only a small head. Frozen
encoders are inexpensive to train on, easy to
update, and keep the pipeline auditable because
the OCR front end [8] remains explicit. Three
questions then arise. (a) How much does explicit
OCR geometry add to frozen image [9] and
text [10] embeddings, which already encode coarse
layout? (b) Can the fusion be interpreted with
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an attribution that is faithful to the computation
rather than approximated post hoc [11, 12]? (c)
Does multimodal contrastive alignment, which is
effective when encoders are pretrained [9, 13, 14],
help when the encoders cannot adapt?

We address these questions with GLaDViT
(Gated, Layout-aware Document classifier on

frozen ViT and BERT features). Our contribu-
tions are: (i) a parameter-efficient three-stream
design—frozen CLIP ViT-B/32 and BERT-base
embeddings plus a 262-dimensional layout descrip-
tor computed from hOCR word boxes—combined
by a normalised gating module, with an ablation
that isolates the contributions of layout and gating
and reports interval estimates; (ii) an exact, logit-
level modality attribution for gated fusion with a
linear head, together with evidence that raw gate
weights, which are often reported as explanations,
understate the contribution of the layout stream;
(iii) an analysis of triple InfoNCE alignment under
frozen backbones, reported as a negative result;
and (iv) a sourced comparison with published
Tobacco-3482 results that separates label ver-
sions and in-domain (RVL-CDIP) transfer. We do
not claim state-of-the-art accuracy; the aim is to
characterise a cheap and transparent operating
point.

2 Related work

Document image classification. RVL-CDIP
(400k pages, 16 classes) and Tobacco-3482 (3482
pages, 10 classes) are both drawn from the IIT-
CDIP collection [1, 2, 15]. Tobacco-3482 results
are usually reported under the protocol of Kang
et al. [16]: 100 pages per class for training and val-
idation, the rest for testing, over ten random par-
titions. Under this protocol, CNNs initialised on
ImageNet reach 75–78%, whereas initialisation on
RVL-CDIP—an in-domain source—raises accu-
racy above 90% [6]. Without RVL-CDIP transfer,
the strongest image-based results we found are
90.1% for DocXClassifier [7] and 91.1% when
OCR text is rendered into the image (Word-
VIS) [17]. Multimodal networks fuse CNN and
text features by feature concatenation or score
ensembling [18, 19], and VLCDoC learns cross-
modal document representations with intra- and
inter-modality contrastive objectives [14]. Label
quality has recently come under scrutiny: Lim et
al. report that 11.7% of Tobacco-3482 pages are

mislabelled or fall outside the ontology and 16.7%
admit several valid labels [20], and a compara-
ble audit of RVL-CDIP identifies label errors and
other evaluation pitfalls [21]. The label version and
protocol must therefore be stated when numbers
are compared.

Layout-aware multimodal models. Lay-
outLM and its successors [3–5], DocFormer [22]
and LiLT [23] jointly pretrain text, image and 2-D
position; UDOP [24] unifies the three modalities
in a generative framework. The six-dimensional
box encoding (x0, y0, x1, y1, w, h) that we use fol-
lows this line of work [3]. These models rely on
large-scale pretraining and full fine-tuning; GLaD-
ViT instead trains only a fusion head on frozen
features.

OCR-free and LLM-based understand-

ing. Donut [25], Pix2Struct [26] and mPLUG-
DocOwl [27] remove the OCR stage, and recent
multimodal large language models extend this
line to text-rich and multi-page documents. These
directions trade an explicit, auditable OCR stage
for scale; we retain the OCR front end.

Multimodal fusion and multi-way con-

trastive learning. Fusion strategies range from
early concatenation and late score averaging to
tensor fusion [28] and gated fusion [29]; see [30]
for a survey. Gated multimodal units (GMU)
learn input-dependent gates that weight modality-
specific representations [29]; the gate of GLaDViT
is a normalised, self-conditioned variant of this
idea (Section 3.4). For representation alignment,
CLIP optimises a symmetric InfoNCE loss [31]
between two modalities [9]; ImageBind binds
six modalities through image-paired InfoNCE
losses [13] and TupleInfoNCE contrasts tuples of
modalities [32]. Our triple objective, a weighted
sum of the three pairwise losses, is an instance of
this family; our interest is whether it helps when
the encoders are frozen.

Interpretability. Post-hoc methods such as
LIME [11] and SHAP [12] approximate a trained
model after the fact. Whether attention or gate
weights constitute explanations is debated [33,
34], and faithfulness—how accurately an expla-
nation reflects the model’s actual reasoning—has
to be demonstrated rather than assumed [35].
MM-SHAP quantifies modality contributions with
Shapley values [36], and DocXClassifier produces
attention-like maps for document images [7].
GLaDViT provides an exact additive modality
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decomposition at no extra cost, which we contrast
with the gate weights.

3 Materials and methods

3.1 Problem formulation

A document is a pair D = (I,W) with page image
I and OCR words W = {(wi, bi)}

N
i=1, where wi

is a word and bi ∈ R
4 its bounding box. GLaD-

ViT computes a fused representation z ∈ R
d from

which a linear head predicts the class distribu-
tion p(y | D) over C types. Fig. 1 shows the
architecture.

3.2 Dataset

Tobacco-3482 [2] contains 3482 pages in ten classes
(advertisement, email, form, letter, memo, news,
note, report, resume, scientific). We use a publicly
available label-corrected release1 that applies the
re-annotation of Lim et al. [20]: labels are replaced
by the corrected ones, pages with multiple valid
labels or without a valid label are removed, and
page images are distributed with OCR text and
Tesseract hOCR word boxes. The release con-
tains 2737 pages with a fixed train/validation/test
split of 2186/272/279; the 745 removed pages are
therefore the ambiguous or out-of-ontology pages
identified in [20]. Because label cleaning removes
ambiguous pages, and because about a third of a
strong model’s errors on the original labels have
been traced to such pages [20], accuracies on this
release are not directly comparable with results on
the original labels. No RVL-CDIP data are used
at any stage, so the model receives no in-domain
transfer from IIT-CDIP.

3.3 Modality encoders

Vision. The page image is encoded by a frozen
CLIP ViT-B/32 backbone [9, 37] at its native
input resolution of 224 × 224 pixels, giving the
512-dimensional image embedding hv.

Text. The OCR text is encoded by frozen
BERT-base [10]; inputs longer than BERT’s limit
of 512 WordPiece tokens are truncated, and the
final hidden states are mean-pooled over the atten-
tion mask to give ht ∈ R

768.

1https://huggingface.co/datasets/anirudh1112/
corrected-tobacco-dataset-with-ocr

Layout. Each hOCR word box bi =
(x0, y0, x1, y1) is normalised by the page width and
height and expanded to b̃i = (x0, y0, x1, y1, w, h),
following [3] (Fig. 2a). The word boxes of a page
are pooled into a 16× 16 text-density map, which
is concatenated with six global geometry statistics
to form the document-level descriptor hℓ ∈ R

262

(Fig. 2b). When a word is split into several sub-
word tokens, its box is propagated to every token;
this alignment is required by a token-level head
but, for the document-level descriptor used here,
word boxes alone determine hℓ. Because CLIP at
224 × 224 pixels already sees coarse page struc-
ture, the contribution of hℓ measures what explicit
OCR geometry adds beyond that view.

3.4 Gated fusion

Each stream is mapped by a learned projection
fm (for the layout stream, a small encoder) to a
shared space, zm = fm(hm) ∈ R

d with d = 256
and m ∈ {v, t, ℓ}. A scalar gate is computed for
each modality and the modalities are combined as

gm = σ
(

w⊤

mzm+cm
)

, ĝm =
gm

∑

m′ gm′

, z =
∑

m

ĝm zm,

(1)
with wm ∈ R

d and cm ∈ R. Each gate is condi-
tioned only on its own modality, whereas in GMU
every gate sees all modalities [29]. The class scores
are s = Wz + b with W ∈ R

C×d, followed by
a softmax and trained with cross-entropy. Only
the projections, gates and linear head are trained;
the two frozen encoders contain about 2 × 108

parameters.

3.5 Exact modality attribution

Because the head is linear and z is a weighted sum,
each class logit decomposes exactly as

sc =
∑

m

ϕm,c + bc, ϕm,c = ĝm w⊤

c zm, (2)

where wc is the c-th row of W . For a given input,
ϕm,c is the exact share of modality m in the logit
of class c, so this attribution is faithful to the com-
putation by construction and is available for every
decision at no extra cost. It differs from the gate
weight ĝm because it also reflects the norm of zm
and its alignment with wc: a modality with a small
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Scanned
page image

Tesseract
hOCR

(words +
word boxes)

OCR

CLIP ViT-B/32
(frozen)
hv ∈ ℝ512

BERT-base, mean-pooled
(frozen)
ht ∈ ℝ768

Layout descriptor
16×16 box density
+ 6 geometry stats

hℓ ∈ ℝ262

fv
zv ∈ ℝ256

ft
zt ∈ ℝ256

fℓ

zℓ ∈ ℝ256

Gated fusion

gm =σ(w⊤
m zm + cm)

ĝm =gm/∑
m0
gm0

z=∑
m
ĝmzm

Linear head
s=Wz+b

softmax (10 types)

Exact attribution
ϕm, c = ĝmw⊤

c zm
sc =∑

m
ϕm, c +bc

Optional tri-modal InfoNCE on (zv, zt, zℓ) -- analysis variant only

input data frozen / fixed (not trained) trained fusion head

Fig. 1 Overview of GLaDViT. Frozen CLIP and BERT encoders and a fixed layout descriptor computed from hOCR word
boxes give three feature vectors, which are projected to a shared 256-dimensional space and combined by a normalised
gate. Only the projections, gates and linear head are trained. Because the head is linear, each class logit splits exactly into
per-modality terms ϕm,c. The triple InfoNCE objective is an optional variant analysed in Section 4.4.

(a) hOCR word boxes

word wi with box bi = (x0, y0, x1, y1)

normalised by page width/height:

b̃i = (x0, y0, x1, y1,w,h) ∈ [0, 1]6

sub-word tokens inherit the word box:

ti1 ti2 ti3

(required by a token-level head; for the
document-level descriptor used here,
word boxes alone suffice)

(b) 16×16 text-density map

+ 6 global
geometry
statistics

hℓ ∈ ℝ262

Fig. 2 Layout descriptor. (a) Each hOCR word box is normalised to a six-dimensional vector; sub-word tokens inherit the
box of their word. (b) The word boxes of a page are pooled into a 16× 16 text-density map (computed here from the boxes
drawn in (a)), which is concatenated with six global geometry statistics.

gate but a large, well-aligned embedding can dom-
inate a logit, and vice versa. Equation (2) holds
the gates fixed and therefore measures the direct
contribution of each modality; the indirect effect
that a modality exerts through the normalisation

of the other gates is captured only by total-effect
measures such as modality deletion or Shapley
values [36, 38].

4



3.6 Triple contrastive alignment
(analysis variant)

For a batch of B documents and a modality
pair (a, b), the InfoNCE loss [31] with learnable
temperature τ is

Lab = −
1

B

B
∑

i=1

log
exp

(

⟨zia, z
i
b⟩/τ

)

∑B

j=1 exp
(

⟨zia, z
j
b⟩/τ

)
, (3)

where ⟨·, ·⟩ is cosine similarity. The three pairs are
combined as

Lcon = λvt Lvt + λtl Ltl + λvl Lvl, (4)

with weights λvt, λtl, λvl (dashed box in Fig. 1). In
the variant evaluated here, the projection heads
are first warmed up with Eq. (4) and the model is
then trained with cross-entropy.

3.7 Training and evaluation

Features are precomputed once. Training uses
Adam [39] (learning rate 10−3, weight decay 10−4)
with early stopping on validation macro-F1. The
gated model is compared with single-modality
heads and with mean fusion (the unweighted aver-
age of the projected modalities) on the same fea-
tures and split. Results are the mean ± standard
deviation over three seeds. We report accuracy,
macro-F1 and weighted-F1, the test confusion
matrix and the mean gate weight ĝm per class.
For test accuracy we give the Wilson 95% inter-
val [40]. With 279 test pages, one page equals 0.36
accuracy points, so a difference of about one point
involves only two or three pages; confirming such
a difference requires paired tests on per-page pre-
dictions, such as McNemar’s test [41, 42], and we
interpret small differences accordingly.

4 Results

4.1 Ablation

Table 1 reports the ablation on the cor-
rected release. Among single modalities, vision
is strongest (87.7% accuracy), followed by text
(84.0%) and layout (60.2%); layout is weak alone
but complementary. Combining vision and text
by mean fusion gives 89.8%; adding the layout
stream raises accuracy by 2.8 points (about eight

test pages), and replacing mean fusion by the
gate adds a further 1.1 points (1.0 weighted-F1
point, about three test pages), for a best result
of 93.7 ± 0.4% accuracy and 93.6% weighted F1.
The Wilson intervals of the mean-fusion and gated
models overlap substantially, so the gating gain
should be regarded as indicative; the layout gain
is larger (about eight pages) but likewise requires
paired testing.

Fig. 3 shows the ablation and the test con-
fusion matrix of the gated model. The matrix
is strongly diagonal; recall is highest for memo,
note and report, and the main confusions involve
email, which is mistaken for form, report, news or
resume, and form, which is mistaken for letter.

4.2 Comparison with the literature

Table 2 lists published Tobacco-3482 results
together with the modalities, whether the model
was first trained on RVL-CDIP, and the label
version. Accuracies reported on RVL-CDIP (for
example 92.1% for DiT-B [43] and 95.9% for
LayoutLMv3-large [5]) concern a different dataset
and are not included. Among methods without
RVL-CDIP transfer, the best published result
we found is 91.14% (WordVIS [17]). GLaDViT
obtains 93.67% on the corrected release; because
the labels and split differ, this value is indicative
and not a head-to-head comparison. Methods with
RVL-CDIP transfer (up to 95.57% [7]) benefit
from in-domain pretraining on the same IIT-CDIP
collection and form a separate category.

4.3 Interpretability

Gate weights. Fig. 4 shows the mean normalised
gate weights ĝm per class on the test set. They fol-
low document intuition: visually distinctive types
put most gate mass on vision (news 89%, adver-
tisement 81%, letter 80%), whereas text-dense
types shift mass to text (memo 65%; report,
resume and scientific about 40%), and forms and
notes receive the largest layout share (about 10%).

Gate weights are not importance scores.

The layout stream receives at most about 10% of
the gate mass, and almost none for letters and
emails, yet adding it to mean-fused vision and
text improves accuracy by 2.8 points. Reading
the gate weights as explanations, as is common
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Table 1 Results on the corrected Tobacco-3482 release (train=2186, val= 272, test= 279), frozen backbones, mean ±

standard deviation over three seeds. The Wilson 95% interval is computed at the seed-mean accuracy with n = 279.

Configuration Acc. (%) 95% CI Macro F1 (%) Weighted F1 (%)

Vision only 87.7 ± 0.3 83.3–91.0 88.0 ± 0.4 87.5 ± 0.4
Text only 84.0 ± 0.2 79.2–87.8 82.1 ± 0.0 84.0 ± 0.2
Layout only (hOCR) 60.2 ± 0.8 54.4–65.8 55.4 ± 1.6 59.1 ± 0.9

V + T, mean fusion 89.8 ± 1.0 85.7–92.8 90.9 ± 0.8 89.8 ± 1.0
V + T + L, mean fusion 92.6 ± 0.2 88.9–95.1 92.4 ± 0.5 92.6 ± 0.2

V + T + L, gated (GLaDViT) 93.7 ± 0.4 90.2–96.0 93.7 ± 0.5 93.6 ± 0.4
+ triple contrastive warm-up 90.3 ± 0.8 86.3–93.2 90.8 ± 0.7 90.2 ± 0.8

V T L V+T
(mean)

V+T+L
(mean)

V+T+L
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Fig. 3 Results on the corrected Tobacco-3482 release. (a) Weighted F1 of the ablation (mean of three seeds; error bars are
standard deviations; the y-axis starts at 50%). (b) Row-normalised test confusion matrix of the gated model (values in %).

for attention-like mechanisms [33], would there-
fore understate the role of layout. Equation (2)
explains the gap: the share of a modality in a logit
depends on ĝm and also on the norm of zm and its
alignment with the class weight wc, so a stream
with a small gate can still shift the decision. The
decomposition ϕm,c gives this share exactly for
every prediction and is therefore the attribution
we recommend reporting alongside, or instead of,
the gate weights.

4.4 Triple contrastive alignment

Warming up the projection heads with the triple
contrastive objective lowers accuracy from 93.7%
to 90.3 ± 0.8% (weighted F1 90.2%; Table 1), a
loss of about ten test pages that lies outside the
seed variation of either configuration.

5 Discussion

The results support three claims. First, the
three streams are complementary: the best sin-
gle modality reaches 87.7% and the three-stream
model 93.7%, and layout, although weak alone,
contributes about eight test pages when added to
vision and text. Second, gating adds a smaller gain
over mean fusion, about three test pages, which
is within the overlap of the confidence intervals
and should be read as indicative until confirmed
by paired tests. Third, gate weights and modal-
ity importance diverge: the layout stream carries
little gate mass but a measurable effect, and the
exact decomposition of Eq. (2) provides a faithful
account of each decision at no extra inference cost.

The triple contrastive objective did not help in
the frozen-backbone setting. Three explanations
are plausible: because the same projection heads
feed both the alignment loss and the gate, the
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Table 2 Published Tobacco-3482 accuracies as reported in the cited works. RVL: model first trained on RVL-CDIP.
Earlier results use the original labels and their own train/test protocols, most following Kang et al. [16]; GLaDViT uses the
corrected labels and fixed split of Section 3.2. Values in different groups are therefore indicative rather than head-to-head.

Method Modality Labels RVL Acc. (%)

AlexNet, ImageNet init. [6] image original no 75.73
VGG-16, ImageNet init. [6] image original no 77.52
EfficientNet [19] image original no 85.99
Audebert et al. [18] image+text original no 87.80
EfficientNet + BERT [19] image+text original no 89.47
DocXClassifier [7] image original no 90.14
WordVIS + DocXClassifier [17] image (text rendered) original no 91.14

ResNet-50, RVL-CDIP init. [6] image original yes 91.13
EfficientNet, RVL-CDIP init. [19] image original yes 94.04
DocXClassifier-L, RVL-CDIP init. [7] image original yes 95.57

GLaDViT (ours) image+text+layout corrected no 93.67

vision zv

text zt

layout zl

vt

tl
vl

 =λvtvt +λtltl +λvlvl

(a) Triple contrastive alignment

V
T

L

0.0 0.2 0.4 0.6 0.8 1.0
mean gated contribution ĝm

Advertisement

Email

Form

Letter

Memo

News

Note

Report

Resume

Scientific

(b) Per-class contribution (measured)

vision text layout

Fig. 4 Mean normalised gate weights ĝm per class on the
Tobacco-3482 test set. They are mixing coefficients rather
than importance scores (Section 4.3).

alignment pulls them towards cross-modal agree-
ment and away from class-discriminative direc-
tions; small batches provide few negatives; and
frozen features leave only a low-capacity projec-
tion to align. Joint training with a down-weighted
alignment term, separate contrastive heads dis-
carded after warm-up as in SimCLR [44], and a
low-label regime would test these explanations.
Contrastive alignment is expected to pay off when
the encoders themselves adapt [14].

Several limitations remain. The results use a
single fixed split of a label-corrected subset whose
remaining pages are less ambiguous than the origi-
nal set, and a test set of 279 pages gives confidence
intervals of about ±3 points; an evaluation under

the classic protocol of Kang et al. [16] on the orig-
inal labels, paired significance tests, and further
fusion baselines on the same features (concatena-
tion, late fusion, static weights and GMU [29])
are needed to place the results more firmly. The
attribution analysis reports gate weights and the
exact direct decomposition; total-effect measures
such as modality deletion and Shapley values [36]
remain to be computed. The evaluation uses one
English dataset and one OCR engine at fixed res-
olution, and OCR quality and latency directly
affect the text and layout streams. The layout
stream is a document-level descriptor rather than
a per-token encoder, and the token-level extension
for key information extraction is not evaluated.

6 Conclusion

We presented GLaDViT, a gated fusion of frozen
CLIP, BERT and hOCR-layout features for doc-
ument image classification in which only a small
head is trained. On a label-corrected release of
Tobacco-3482 it reaches 93.7% accuracy (95%
interval 90.2–96.0%). Layout contributes beyond
image and text, and an exact logit decomposition
provides faithful per-decision modality attribu-
tions that differ from the gate weights themselves.
A triple contrastive objective does not help when
the backbones are frozen. Future work will eval-
uate the model under the classic protocol with
paired significance tests and additional fusion
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baselines, fine-tune the encoders end to end, eval-
uate a token-level head for key information extrac-
tion, and extend the evaluation to RVL-CDIP and
to other scan qualities and languages.
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