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Abstract

We investigate semi-structured document clas-
sification in a zero-shot setting. Classification
of semi-structured documents is more challeng-
ing than that of standard unstructured docu-
ments, as positional, layout, and style infor-
mation play a vital role in interpreting such
documents. The standard classification setting
where categories are fixed during both train-
ing and testing falls short in dynamic environ-
ments where new document categories could
potentially emerge. We focus exclusively on
the zero-shot setting where inference is done
on new unseen classes. To address this task,
we propose a matching-based approach that re-
lies on a pairwise contrastive objective for both
pretraining and fine-tuning. Our results show
a significant boost in Macro F1 from the pro-
posed pretraining step in both supervised and
unsupervised zero-shot settings.

1 Introduction

Textual information assumes many forms ranging
from unstructured (e.g., text messages) to semi-
structured (e.g., forms, invoices, letters), all the
way to fully structured (e.g., databases or spread-
sheets). Our focus in this work is classification
of semi-structured documents. A semi-structured
document consists of information that is organized
using a regular visual layout, and includes tables,
forms, multi-columns, (nested) bulleted lists, and
that is either understandable only in the context of
its visual layout or that requires substantial more
work to understand without the visual layout. Au-
tomatic processing of semi-structured documents
comes with a unique set of challenges including
a non-linear text flow (Wang et al., 2021), layout
inconsistencies, and low-accuracy optical charac-
ter recognition. Prior work has shown that inte-
grating the two-dimensional layout information
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of such documents is critical in models for an-
alyzing such documents (Xu et al., 2020, 2021;
Huang et al., 2022; Appalaraju et al., 2021). Due
to these challenges, methods for unstructured doc-
ument classification, such as static word vectors
(Socher et al., 2013) and standard pretrained lan-
guage models (Devlin et al., 2019; Reimers and
Gurevych, 2019; Liu et al., 2019) perform poorly
with semi-structured inputs as they model text in
a one-dimensional space and ignore information
about document layout and style (Xu et al., 2020).

Past work on semi-structured document classi-
fication (Harley et al., 2015; Iwana et al., 2016;
Tensmeyer and Martinez, 2017; Xu et al., 2020,
2021) has focused exclusively on the full-shot set-
ting, where the target classes are fixed and iden-
tical across training and inference, neglecting the
zero-shot setting (Xian et al., 2018), which requires
generalization to unseen classes during inference.

Our work addresses zero-shot classification of
semi-structured documents in English using the
matching framework, which has been used for
many tasks on unstructured text (Dauphin et al.,
2014; Nam et al., 2016; Pappas and Henderson,
2019; Vyas and Ballesteros, 2021; Ma et al., 2022).
Under this framework, a matching (similarity) met-
ric between documents and their assigned classes is
maximized in a joint embedding space. We extend
this matching framework with two enhancements.
First, we use a pairwise contrastive objective (Reth-
meier and Augenstein, 2020; Radford et al., 2021;
Gunel et al., 2021) that increases the similarity be-
tween documents and their ground-truth labels, and
decreases it for incorrect pairs of documents and
labels. We augment the textual representations of
documents with layout features representing the
positions of tokens on the page to capture the two-
dimensional nature of the documents. Second, we
propose an unsupervised contrastive pretraining
procedure to warm up the representations of doc-
uments and classes. In summary, (i) we study
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zero-shot classification of semi-structured docu-
ments, which, to the best of our knowledge, has
not been explored before. (ii) we use a pairwise
contrastive objective to both pretrain and fine-tune
a matching model for the task. This technique uses
a layout-aware document encoder and a regular text
encoder to maximize the similarity between docu-
ments and their ground-truth labels. (iii) Using this
contrastive objective, we propose an unsupervised
pretraining step with pseudo-labels (Rethmeier and
Augenstein, 2020) to initialize document and label
encoders. The proposed pretraining step improves
F1 scores by 9 and 19 points in supervised and
unsupervised zero-shot settings respectively, com-
pared to a setup without this pretraining.

2 Approach

This section describes our proposed architecture
(§ 2.1), pretrained model (§ 2.2), as well as the
contrastive objective used for pretraining (§ 2.3)
and fine-tuning (§ 2.4).

2.1 Model
Our goal is to learn a matching function between
documents and labels such that similarity between
a document and its gold label is maximized com-
pared to other labels, which can be seen as an in-
stance of metric learning (Xing et al., 2002; Kulis
et al., 2012; Sohn, 2016). This requires encoding
documents and class names1 into a joint document-
label space (Ba et al., 2015; Zhou et al., 2019; Chen
et al., 2020; Hou et al., 2020). In this work, doc-
uments and class names are of different nature—
documents are semi-structured (§ 1), while class
names are one or two-word fragments of text.

We use two encoders to account for this differ-
ence: a document encoder Φdoc suitable for semi-
structured documents, and a label (class) encoder
Φlabel suitable for the natural language representa-
tions of the class labels. Φlabel is simply a vanilla
pretrained BERTBASE model (Devlin et al., 2019).
Φdoc, as in prior work (Xu et al., 2020; Lockard
et al., 2020), is a pretrained language model that
encodes the text and the layout of the document us-
ing coordinates of each token. The next section ex-
plains this model, LayoutBERT, in detail. We choose
this model for its simplicity, but our proposed ap-
proach can be combined with more sophisticated

1We use class names as the natural language representation
of a class, but more descriptive representations can be used
if available (e.g. dictionary definitions) (Logeswaran et al.,
2019)
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Figure 1: The unsupervised contrastive pretraining pro-
cedure. A random block of tokens from a document is
used as the pseudo-label for that document. Dot prod-
ucts between documents and their labels are maximized
and all other pairwise dot products are minimized.

document encoders that incorporate layout and vi-
sual information in different ways (Huang et al.,
2022; Xu et al., 2021; Appalaraju et al., 2021).

2.2 LayoutBERT

LayoutBERT is a 6-layer Transformer based on
BERTBASE (Devlin et al., 2019) and is pretrained
using masked language modeling on a large collec-
tion of semi-structured documents (§ 3). Unlike
prior work, LayoutBERT has a simpler architecture
that decreases model footprint while maintaining
accuracy. Specifically, there are three main archi-
tectural differences between LayoutBERT and Lay-
outLM, which is the most comparable architecture
in the literature (Xu et al., 2020): (a) LayoutLM
uses 12 transformer layers while LayoutBERT uses
only 6 layers (b) LayoutLM uses four positions per
token, namely upper-left and bottom-right coordi-
nates, while LayoutBERT use only two positions viz.
the centroid of the token bounding box. (c) Un-
like LayoutLM, LayoutBERT does not use an image
encoder to obtain CNN-based visual features.2

2.3 Unsupervised Contrastive Pretraining
Φlabel and Φdoc are models that have been pre-
trained independently. To encourage these models
to produce similar representations for documents
and their labels, we continue pretraining Φlabel and
Φdoc via an unsupervised procedure based on a
pairwise contrastive objective. The unsupervised
objective can learn from large amounts of unla-
beled semi-structured documents. This also allows
us to directly use the pretrained encoders in an
unsupervised zero-shot setting (§ 3.3.1).

2The results in Xu et al. (2020) show that image features
are not always useful. To keep things simple, we do not
include the CNN component in our model.

7500



Since we do not assume access to ground truth
labels for this step, our pretraining procedure relies
solely on self-supervision via pseudo-labels (Reth-
meier and Augenstein, 2020). These pseudo-labels
are generated by sampling a continuous block of to-
kens from the document with a length drawn from
a shifted geometric distribution. A pseudo-label
extracted from a document is treated as the posi-
tive label for that document and is encoded using
Φlabel.

We now describe our contrastive objective which
is based on the multi-class n-pair loss (Sohn, 2016;
Radford et al., 2021). Let B be a training batch
that consists of training documents D and their
pseudo-labels L, such that D = (d1, d2, ..., d|B|)
and L = (l1, l2, ..., l|B|). Let Φdoc and Φlabel

be the document and label encoders, respectively.
We start by encoding each document and pseudo-
label in the batch and then computing a match-
ing matrix MB ∈ R|B|×|B| of pairwise dot prod-
ucts between every document-label pair, such that
MB

ij = Φlabel(li)
T · Φdoc(dj). Our objective is to

increase the value of diagonal elements Mij , where
i = j, as compared to all other elements. More pre-
cisely, the loss function for a batch is a symmetric
loss, LB , that can be expressed with the equation:

LB =
1

2
[LB

row + LB
col]. (1)

Hhere LB
row and LB

col are the per-batch row-wise
and column-wise losses, respectively, with

LB
row =

|B|∑

i=1


− log(exp(MB

ii )) + log(

|B|∑

j=1

exp(MB
ij ))


 .

(2)

The first term in Eq. 2 maximizes the diagonal
elements, while the second term minimizes the off-
diagonal elements. The column-wise loss is the
same with i and j swapped. We directly optimize
the raw dot products rather than cosine similarity as
we observed dot-products to perform much better,
which also agrees with Karpukhin et al. (2020).

2.4 Contrastive Fine-tuning

For the supervised zero-shot setting (§ 3.3.2), we
fine-tune the model using the same objective as the
pretraining step (Equation 1), except that the labels
L = (l1, l2, ..., l|B|) for a batch B are ground-truth
labels and not pseudo-labels.

3 Experiments and Results

3.1 Data
We evaluate our approach on the RVL-CDIP
dataset (Harley et al., 2015), which consists of
400K documents balanced across 16 classes such
as letter, advertisement, scientific report, form, etc.
Since zero-shot performance can vary depending
on which classes are used for train and test, we fol-
low previous work (Ye et al., 2020) and create four
zero-shot splits of the data with non-overlapping
test classes. Thus, each split has 8 training classes
(200K documents), 4 validation classes (100K doc-
uments), and 4 test classes (100K documents).3

Our document encoder is pretrained on docu-
ments from CommonCrawl (see Appendix B for
more details).4 While this pretraining corpus is
different from the one used for LayoutLM, our ob-
jective is not to compare directly with this model
but to explore zero-shot classification. Our con-
trastive pretraining corpus consists of 800K docu-
ments sampled from this pretraining corpus. We
first sample l ∼ Geometric( 1

20), and then sample
a block of l tokens from each document to obtain a
pseudo-label for that document. We run contrastive
pretraining for 50K steps with batch size of 256.

3.2 Experimental Setup
LayoutBERT is a 6-layer model initialized using
BERTBASE weights and further pretrained using
the MLM loss with layout information for 50K
steps with a batch size of 2048 and a peak learning
rate of 10−4. Unlike LayoutLM, where the extra
position embeddings are initialized from scratch,
we initialize them from BERT positional embed-
dings, which we found to speed up convergence.
We used dynamic subtoken masking (Liu et al.,
2019) with pmask = 0.15 and preplace = 0.80.

The representation of the [CLS] token is used as
the encoding of input documents and an affine layer
with a dimension of 768 is applied to the output of
both encoders. We fine-tune the matching model on
the data from the train classes for 30 epochs with
a batch size of 40 and a learning rate of 3× 10−5.
The model with the best macro F1 on the validation
set is used for evaluation on the held out test set.

3.3 Results
We experiment with two settings — unsupervised
zero-shot, and supervised zero-shot. In the former,

3The exact classes used for each split are in Appendix A.
4https://commoncrawl.org/
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Method I II III IV
Valid Test Valid Test Valid Test Valid Test Avg.

BERT (doc and label) 12.05 10.64 13.77 14.08 10.89 13.28 13.94 12.25 12.61
LayoutBERT (doc), BERT (label) 12.05 30.64 16.77 22.04 31.11 17.32 21.75 12.04 20.47
CPT, LayoutBERT (doc), BERT (label) 50.5 21.25 24.60 61.36 21.65 24.58 61.50 51.57 39.63

Table 1: Unsupervised zero-shot performance (Macro F1) on 4 splits of RVL-CDIP. CPT: Contrastive Pretraining.

Method I II III IV
Valid Test Valid Test Valid Test Valid Test Avg.

Cross-entropy FT 34.76 25.33 35.64 23.29 11.67 28.84 29.68 36.75 28.76
Contrastive FT 37.35 25.76 32.55 26.05 18.14 27.63 29.86 32.74 28.25
CPT + Standard FT 48.24 26.97 30.45 37.81 27.20 28.11 48.82 46.09 36.71
CPT + Contrastive FT 49.68 25.82 30.31 44.44 20.80 30.43 51.26 45.07 37.23

Table 2: Supervised zero-shot performance (Macro F1) on 4 splits of RVL-CDIP and with two different finetuning
objectives. FT: Finetuning using standard cross-entropy or contrastive losses. CPT: Contrastive Pretraining.
Performance is averaged across 3 runs with different seeds.

no fine-tuning is involved and all models are di-
rectly used for inference. In the latter, all models
are fine-tuned on data from classes different than
those present in the test set. Thus, the latter is
strictly more challenging.

3.3.1 Unsupervised Zero-shot
We start with the more challenging unsupervised
setup and compare three models (Table 1). The
first model uses a vanilla pretrained BERTBASE as
both the document and label encoders. The second
model replaces the BERTBASE document encoder
with LayoutBERT model. For these two models, we
remove the affine layer after both encoders (§ 3.2)
since in the absence of pretraining/finetuning, they
will not be trained. The third model uses the same
components as the second model but is pretrained
using the unsupervised contrastive loss (§ 2.3).

The results yield three key observations. First,
the vanilla BERT model performs the worst with
an F1 score of 13. This is unsurprising as BERT
does not capture any layout information. Second,
the value of layout information can be verified by
replacing the BERTBASE document encoder with
LayoutBERT. This improves the average F1 by ~8
points. Finally, contrastive pretraining (CPT) is
critical to produce better initialization for the en-
coders and it improves the average performance of
the previous model by ~19 F1 points.

3.3.2 Supervised zero-shot
Next, we turn to the supervised zero-shot setup,
where models are finetuned on data from classes
different than those in the test set. We only ex-
periment with the LayoutBERT (doc), BERT (label)
setup since it performed the best in unsupervised

settings. Table 2 shows the Macro F1 with our
in-batch contrastive training objective as well as a
standard cross-entropy loss (Dauphin et al., 2014;
Ye et al., 2020). We also show the fine-tuning per-
formance with contrastive pretraining (§ 2.3).

We observe that the in-batch contrastive objec-
tive yields comparable F1 to the cross-entropy loss
on average (with and without pretraining). How-
ever, the in-batch loss also has higher variance
across different runs compared to the cros-entropy
loss,5 possibly due to the stochastic nature of in-
batch contrastive training. Crucially, though, we
observe a strong F1 boost in almost all cases with
contrastive pretraining, and in some cases as much
as ~21 F1 points. This reemphasizes the importance
of pretraining in producing similar representations
for related documents and labels.

Finally, comparing Tables 1 and 2 shows that the
zero shot performance is better in the unsupervised
case than the supervised case. This is likely due to
the fact that in the latter, the model is fine-tuned
towards a specific type of documents (i.e. those
present in the training/validation) classes, which
hinders generalization to unseen inference classes.
More sophisticated approaches (Finn et al., 2017;
Nichol et al., 2018) can potentially improved the
supervised setup, but we leave this to future work.

4 Conclusion

This work explores zero-shot classification of semi-
structured documents. We proposed two con-
trastive techniques for pretraining and fine-tuning

5Tables 4 and 5 in Appendix C show means and standard
deviations with three random seeds. Experiments with more
random seeds did not yield any meaningful differences.
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of a matching model. Our fine-tuning objective
showed comparable results to the standard cross-
entropy loss used widely in the literature and our
contrastive pretraining significantly boosted zero-
shot F1 in supervised and unsupervised scenarios.

5 Limitations

The current work is an initial attempt at studying
the problem of zero-shot classification of semi-
structured documents. There are two key aspects
that this work does not cover and we encourage
future work to explore.

First, as pointed out in §2.1, we choose
LayoutBERT as our document encoder, Φdoc. This
work does not experiment with the variety of encod-
ing strategies in the literature that combines textual,
visual, and layout information (Appalaraju et al.,
2021; Xu et al., 2021; Huang et al., 2022). It is
likely that richer document representations derived
from these diverse encoders will further push the
limits of zero-shot classification when combined
with our proposed unsupervised contrastive pre-
training procedure.

Second, results in this paper are on a single
dataset, i.e. the RVL-CDIP dataset. While we
mitigate this to a large extent by creating four non-
overlapping test splits (see §3.1 and Appendix A),
results on more datasets might yield more useful
insights. In practice, the lack of datasets for this
task (of semi-structured document classification)
is what makes this exploration difficult and might
require creation of new resources
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and Huajun Chen. 2020. Zero-shot text classification
via reinforced self-training. In Proceedings of the
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tational Linguistics, pages 3014–3024.

Ben Zhou, Daniel Khashabi, Chen-Tse Tsai, and Dan
Roth. 2019. Zero-shot open entity typing as type-
compatible grounding.

A Data Splits

As stated in section 3, we split the RVL-CDIP
dataset into four splits with non-overlapping test
classes. Table 3 shows the classes used in each
split.

B Pre-training data from Common Crawl

We build our pre-training corpus by first extracting
all documents from CommonCrawl with a ‘.pdf‘
extension. We then remove duplicate documents
based on the MD5 hash using fdupes.6. The re-
sulting documents are then passed through PDF-
PLUMBER7 to extract both the text as well as the
co-ordinates of the tokens in the documents, and
any documents that cannot be processed byPDF-
PLUMBER are discarded. We analyzed a sample of
the crawled documents and found a large amount
of structured information in the documents, so we
use all documents at this stage without additional
filtering. This leaves us with 2.3 million documents
with approximately 850 million tokens.

C Supervised Zero-shot Results

Tables 4 and 5 shows the full results of the su-
pervised zero-shot finetuning with macro F1 means
and standard deviations across three different runs.
While in-batch contrastive fine-tuning outperforms
the standard loss in many cases, we can see that,
in general, the contrastive loss exhibits higher F1

variance. For example, in Table 4, the standard
deviation when evaluating on the test set of the split
II is 10.28, which is very high.

6https://github.com/adrianlopezroche/fdupes
7https://github.com/jsvine/pdfplumber
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Split Train Classes Val Classes Test Classes
I letter, form,

email, handwritten,
advertisement,
scientific report,
scientific publication,
specification

file folder, news
article, budget,
invoice

presentation,
questionnaire,
resume, memo

II file folder, news
article, budget,
invoice, presentation,
questionnaire, resume,
memo

letter, form, email,
handwritten

advertisement,
scientific report,
scientific
publication,
specification

III advertisement,
scientific report,
scientific publication,
specification, file
folder, news article,
budget, invoice

presentation,
questionnaire,
resume, memo

letter, form, email,
handwritten

IV presentation,
questionnaire, resume,
memo,letter, form, email,
handwritten

advertisement,
scientific report,
scientific
publication,
specification

file folder, news
article, budget,
invoice

Table 3: The four splits of the RVL-CDIP dataset. Each split contains 8 training classes, 4 validation classes and 4
test classes. Validation and test classes do not overlap across splits.

I II
Valid Test Valid Test

Standard FT 34.76 ± 6.75 25.33 ±2.40 35.64 ± 2.25 23.29 ± 2.92

Contrastive FT 37.35 ± 2.34 25.76 ± 1.70 32.55 ±1.03 26.05 ± 2.78

CPT + Standard FT 48.24±3.08 26.97±3.10 30.45±1.05 37.81±5.36

CPT + Contrastive FT 49.68±0.95 25.82±1.96 30.31±0.99 44.44±10.28

Table 4: Supervised zero-shot performance (Marco F1) on splits I and II of the RVL-CDIP dataset. We show the
mean and standard deviations across 3 runs with different seeds.

III IV
Valid Test Valid Test

Standard FT 11.67 ±0.98 28.84± 1.84 29.68 ±7.03 36.75 ±3.32

Contrastive FT 18.14 ± 1.37 27.63 ±3.91 29.86 ±4.55 32.74 ±2.33

CPT + Standard FT 27.20±4.70 28.11±1.55 48.82±1.88 46.09±2.10

CPT + Contrastive FT 20.80±0.40 30.43±0.71 51.26±2.19 45.07±5.27

Table 5: Supervised zero-shot performance (Marco F1) on splits III and IV of the RVL-CDIP dataset. We show the
mean and standard deviations across 3 runs with different seeds.
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