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Abstract

Although transformer-based models dominate
many NLP benchmarks, classical lexical rep-
resentations such as Bag-of-Words (BoW) and
TF-IDF remain widely used due to their ef-
ficiency, interpretability, and robustness. In
this work, we revisit classical Bag-of-Words
representations and study how incorporating
lightweight structural and stylistic information
affects their performance, without introducing
the complexity of end-to-end neural models.
We propose Structural Bag-of-Words (S-BoW)
representations that augment TF-IDF with po-
sitional lexical features, function-word distribu-
tions, and document-level statistics, and eval-
uate them across multiple text classification
datasets under varying data regimes and distri-
bution shifts. Contrary to our initial expecta-
tions, S-BoW does not consistently outperform
strong TF-IDF or frozen transformer-based
baselines. However, our analysis highlights
when and why structural cues fail to provide
additional gains, clarifies the practical limits
of enriching classical representations, and of-
fers guidance for future work on bridging the
gap between simple lexical models and mod-
ern neural encoders. Our code and demo are
available at https://github.com/ChiaHan1/
CSE-261-Project.

1 Introduction

1.1 Problem statement
Recent advances in representation learning have
led to the widespread adoption of dense embedding
and transformer-based models for text classifica-
tion. These models often demonstrate strong em-
pirical performance, but their advantages are not
uniform across datasets and settings. In particu-
lar, factors such as limited training data, domain-
specific vocabulary, and distribution shift can re-
duce the effectiveness of complex representations
while increasing computational and deployment
costs. This project investigates how far classical

Bag-of-Words representations can be extended to
capture useful structural and stylistic information
while preserving their simplicity and interpretabil-
ity. We plan to further examine when extended lex-
ical representations remain competitive with frozen
transformer-based representations, particularly in
low-resource and distribution-shifted settings.

1.2 Significance

Representation choice has a significant impact on
model performance, interpretability, and robust-
ness. In many practical text mining applications,
deploying large neural models may be unnecessary
or undesirable due to limited data, computational
constraints, or the need for transparent decision-
making. Understanding when simpler representa-
tions suffice, and how they can be improved, can
lead to more efficient and reliable systems. By
revisiting and extending classical lexical represen-
tations, this project contributes to a clearer under-
standing of representation trade-offs and provides
insights that are directly relevant to real-world text
mining tasks.

This question is especially important because
representation choice is often treated as secondary
to model choice even though it strongly shapes per-
formance, computational cost, and interpretability.
By comparing classical, structurally enriched, and
frozen transformer-based representations under a
unified framework, this study helps clarify when
model sophistication yields meaningful gains and
when simpler alternatives are sufficient.

2 Related work

Classical lexical representations such as Bag-of-
Words (BoW) and TF-IDF have long served as
foundational methods for text classification and
information retrieval due to their simplicity, ef-
ficiency, and interpretability (Joachims, 1998;
Ramos, 2003). Despite their age, these sparse rep-
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resentations remain strong baselines and are still
widely deployed in practical text mining systems.

Distributed word representations, including
Word2Vec and GloVe, introduced dense vector en-
codings that capture semantic regularities and im-
proved performance across a range of natural lan-
guage processing tasks (Mikolov et al., 2013; Pen-
nington et al., 2014). These methods form the basis
of many embedding-based document representa-
tions and are often assumed to dominate sparse
lexical approaches.

Transformer-based models further advanced text
representation learning by modeling contextual and
long-range dependencies, achieving state-of-the-
art results on many benchmarks (Vaswani et al.,
2017; Devlin et al., 2019). However, these improve-
ments come with increased computational cost, en-
vironmental impact, and reduced interpretability,
and they can be sensitive to data distribution shifts
(Strubell et al., 2019; Belinkov and Glass, 2019).

Several empirical studies have compared sparse
and dense representations for text classification,
often finding that linear models with BoW or TF-
IDF features remain competitive under certain data
regimes (Wang and Manning, 2012; Joulin et al.,
2017). More recent work has explicitly revisited
classical representations in modern contexts, ar-
guing that carefully designed sparse features can
still provide strong performance and favorable ef-
ficiency trade-offs (Arora et al., 2017; Galke and
Scherp, 2022).

Robustness under distribution shift has become
an important evaluation criterion in recent NLP
research. Prior studies emphasize the need to mea-
sure performance degradation when test data dif-
fers from training data and highlight substantial
robustness gaps in modern models (Oren et al.,
2019; Taori et al., 2020). Our evaluation follows
this line of work by comparing the robustness of
sparse, structured, and frozen transformer-based
representations under controlled shift scenarios.

3 Experimental Design

We conduct a controlled empirical study comparing
three families of text representations for document
classification: (i) classical sparse lexical models,
(ii) structurally enriched Bag-of-Words variants,
and (iii) frozen transformer-based encoders. Our
goal is to quantify when simple lexical representa-
tions suffice relative to more complex alternatives,
and to characterize the regimes in which structural

Dataset Training set size Test set size
20 Newsgroups 11314 7532
AG News 120000 7600
Amazon Polarity 100000 100000

Table 1: Training set and test set size of each dataset

cues or transformer features provide consistent ben-
efits.

3.1 Datasets
We evaluate on three widely used English classi-
fication benchmarks that differ in domain, label
space, and document style:

• 20 Newsgroups: a topic classification dataset
with 20 semi-specialized newsgroup cate-
gories, which emphasizes multi-domain vo-
cabulary and topical variation.

• AG News: a four-way news topic classifica-
tion benchmark covering broadly accessible
news headlines and descriptions.

• Amazon Polarity: a large-scale sentiment
classification dataset with user-generated
product reviews and substantial lexical varia-
tion.

Together, these datasets span topic-focused and
sentiment-focused tasks, as well as both moderate-
and large-scale training regimes. They also vary in
label granularity, lexical diversity, and dataset scale,
which allow a broader evaluation of representation
behavior.

3.2 Representations and Classifier
For each dataset, we construct multiple representa-
tions under a shared preprocessing pipeline (lower-
casing, basic tokenization, and minimal normaliza-
tion) and train identical linear classifiers for com-
parability.

Classical lexical representations. We consider
several strong sparse baselines that are standard
in text classification and information retrieval
(Joachims, 1998; Ramos, 2003):

• Binary BoW: indicator features marking the
presence of each token in a document.

• Count BoW: raw term frequency vectors.

• TF–IDF: unigram (and optionally bigram)
term frequency vectors reweighted by inverse
document frequency.
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Structural Bag-of-Words (S–BoW). We design
S–BoW variants that augment TF–IDF with simple
structural and stylistic cues motivated by prior work
on text structure and style:

• Position-aware TF–IDF, where we compute
separate TF–IDF vectors over document seg-
ments (e.g., beginning vs. end) and concate-
nate them to capture positional emphasis.

• Function-word distributions, which summa-
rize stylistic patterns via normalized frequen-
cies of common function words.

• Document-level statistics, including length
and type–token ratio to capture global lexical
richness and verbosity.

Frozen transformer-based representations. Fi-
nally, we extract document embeddings from a pre-
trained transformer encoder used strictly as a fixed
feature extractor. The representations are extracted
once from a pretrained encoder and used as fixed
document features. We obtain sequence representa-
tions by pooling the final-layer token embeddings,
and feed these fixed vectors into the same linear
classifier used for BoW models. This setting mir-
rors common practice in using large pre-trained
models as generic feature providers for downstream
tasks.

Classifier and training. Across all representa-
tions, we train multinomial logistic regression clas-
sifiers with cross-entropy loss. Hyperparameters
(e.g., regularization strength) are selected via vali-
dation on each dataset using the same search space
for all representations. This design isolates the
effect of the input representation while holding
the classifier family and optimization procedure
constant, so differences in performance can be at-
tributed primarily to representation quality rather
than downstream optimization choices.

Implementation details For all lexical models,
the vocabularies were constructed from the train-
ing split only. For frozen transformer, we used
bert-base-uncased and obtained a fixed docu-
ment vector by mean pooling over the final hidden
layer (Devlin et al., 2018). Logistic regression
regularization strength was selected from a shared
validation grid, and all experiments were repeated
over three random seeds.

3.3 Evaluation Protocol

We focus on three complementary aspects of per-
formance.

Standard in-domain accuracy. We report accu-
racy and macro-F1 on held-out test splits using the
original training data for each dataset.

Data regime analysis. To probe sample effi-
ciency, we construct stratified subsamples of the
training data at multiple fractions (e.g., 1%, 5%,
10%, 25%, 50%, and 100%) and train separate
models on each subset. This yields learning curves
for all representations, allowing us to compare their
behavior in low- and high-resource regimes.

Robustness to distribution shift. We evaluate
robustness under shifts in topic and vocabulary by
constructing out-of-domain test settings where the
label space is preserved but the topic mix or docu-
ment sources differ from those seen during training.
We measure degradation in accuracy and macro-F1
relative to the in-domain setting.

Ablation of structural components. Within S–
BoW, we perform ablation studies that incremen-
tally remove structural features (position-aware TF–
IDF, function-word distributions, document-level
statistics) to estimate their individual contributions.

All experiments are run with multiple random
seeds; we report mean performance and, when ap-
propriate, standard deviations.

4 Results and Analysis

In this section, we summarize the main empirical
findings across datasets, data regimes, and robust-
ness settings. Overall, we find that plain TF–IDF
remains a very strong baseline, and that our struc-
tural extensions do not consistently improve over
it.

4.1 Overall Performance

Across all three datasets, TF–IDF with a linear clas-
sifier achieves competitive or best-in-class perfor-
mance among the lexical representations. S–BoW
variants occasionally match or slightly outperform
plain TF–IDF on specific datasets or metrics, but
these gains are small and not consistent across tasks.
Frozen transformer embeddings typically perform
on par with or better than the best lexical model,
especially on larger datasets, but the margin over
TF–IDF is often modest given their substantially
higher computational cost.
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Figure 1: Test accuracy and macro-F1 for all models
(BoW variants, TF–IDF, and transformer-based repre-
sentations) across the three datasets. TF–IDF and fine-
tuned transformer models achieve the strongest overall
performance.

Model Accuracy F1 score
BoW 0.71 0.70
BoW Binary 0.72 0.72
TF-IDF 0.82 0.80
S-BoW 0.75 0.74
Frozen BERT 0.73 0.72
Fine-tuned BERT 0.84 0.83

Table 2: Performance on 20 Newsgroups dataset for all
models

The strong TF-IDF performance suggests that
these classification tasks remain heavily driven by
lexical identity and high-level token salience. In
such settings, weighted sparse features already cap-
ture much of the discriminative information needed
by a linear classifier. This also helps explain why
the structural S–BoW variants do not consistently
improve performance since the added cues may
be intuitively meaningful, but they do not always
introduce information that is sufficiently distinct
from what TF–IDF already encodes.

To contextualize the gap between feature-based
baselines and full end-to-end neural modeling,
we also ran a small supplementary experiment
with light BERT fine-tuning. We trained a lightly
fine-tuned BERT classifier where BERT is fine-
tuned for three epochs. As expected, this model
achieved strong overall performance and outper-
formed sparse and frozen-representation base-
lines. However, fine-tuning introduces substantially
greater model capacity and computational cost, and
because our primary goal is to compare simple lex-
ical representations against lightweight structural
extensions and frozen transformer features under
a controlled setup, we treat this result only as a
contextual upper-bound rather than a central object
of study.

Model Accuracy F1 score
BoW 0.89 0.89
BoW Binary 0.89 0.89
TF-IDF 0.92 0.92
S-BoW 0.89 0.89
Frozen BERT 0.91 0.91
Fine-tuned BERT 0.94 0.94

Table 3: Performance on AG News dataset for all mod-
els

Model Accuracy F1 score
BoW 0.84 0.84
BoW Binary 0.89 0.89
TF-IDF 0.92 0.92
S-BoW 0.88 0.88
Frozen BERT 0.91 0.91
Fine-tuned BERT 0.95 0.94

Table 4: Performance on Amazon Polarity dataset for
all models

4.2 Data Regime Analysis

Learning curves reveal that all representations ben-
efit from additional training data, with performance
generally saturating as the training fraction ap-
proaches 100%. In low-resource regimes (e.g., 1%
and 5%), S–BoW often starts from a lower accu-
racy and macro-F1 than plain TF–IDF, suggesting
that the added structural features may introduce
sparsity or noise that is harder to estimate from few
examples. As the amount of data increases, S–BoW
tends to catch up and can sometimes reach simi-
lar end performance to other BoW variants, but it
does not reliably surpass TF–IDF. On the large and
relatively simple Amazon Polarity dataset, some S–
BoW configurations come closer to the best lexical
and transformer baselines, but the improvements
are not robust across seeds or feature choices.

4.3 Robustness to Distribution Shift

Under topic and vocabulary shifts, both S–BoW
and TF–IDF exhibit similar patterns of degrada-
tion: accuracy and macro-F1 drop substantially
on out-of-domain data relative to in-domain test
sets. The structural cues we introduce do not mean-
ingfully mitigate this degradation; in some shifted
settings they slightly worsen performance, likely
because the positional or stylistic patterns they en-
code are themselves domain-specific. Frozen trans-
former representations are also affected by distribu-
tion shift, but in several cases they show somewhat
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Figure 2: Learning curves on AG News across different
training fractions, comparing BoW variants, TF–IDF,
and transformer-based representations.

Figure 3: Learning curves on Amazon Polarity across
different training fractions, highlighting how S–BoW
compares to other BoW variants and TF–IDF in a large
binary classification task.

smaller relative drops, consistent with their broader
pre-training.

4.4 Ablation of Structural Components

Ablation experiments indicate that our current posi-
tional weighting scheme can even hurt performance
relative to plain TF–IDF in some settings: remov-
ing position-aware TF–IDF sometimes yields small
but consistent gains. Function-word distributions
and simple document-level statistics have more
mixed effects, providing slight improvements on
certain datasets but negligible or negative changes
elsewhere. Taken together, these results suggest
that naïve structural augmentations to BoW do not
reliably capture task-relevant information beyond
what is already encoded in TF–IDF.

5 Discussion and Conclusions

5.1 Discussion

Our study highlights the enduring strength of sim-
ple lexical representations for document classifica-
tion. Despite incorporating a range of lightweight
structural and stylistic cues, S–BoW does not con-
sistently outperform carefully tuned TF–IDF or
frozen transformer-based features across datasets,

Figure 4: Learning curves under an out-of-vocabulary-
focused setting, illustrating how different representa-
tions respond to increased lexical novelty.

Figure 5: Robustness of TF–IDF under distribution shift,
measured by accuracy and macro-F1 drops between in-
domain and out-of-domain test settings.

data regimes, and robustness settings. This nega-
tive result is nevertheless informative: it clarifies
that many intuitive structural features are either
redundant with existing lexical statistics or insuf-
ficiently aligned with the underlying task signal.
However, a limitation of this study is that the struc-
tural cues we evaluate are intentionally simple and
mostly surface-level. As a result, the negative re-
sults should be interpreted as evidence against these
lightweight augmentations, not against all possible
forms of structural representation.

5.2 Future Work

Our findings point to several concrete directions
for future investigation.

Deeper structural representations. The surface-
level cues explored in this work (positional bins,
function-word frequencies, document statistics) are
provably expressible within or redundant with TF–
IDF weighting. A natural next step is to evaluate
structural signals that sparse lexical models can-
not capture, such as dependency-parse features
(e.g., subject–verb–object triples) (de Marneffe
et al., 2006), discourse-level structure derived from
Rhetorical Structure Theory (RST) parses (Ji and
Eisenstein, 2014), or learned soft positional encod-
ings over sparse features (Vaswani et al., 2017).
These representations encode relational and hierar-
chical information that is absent from any bag-of-
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Figure 6: Robustness of S–BoW under distribution shift,
compared to TF–IDF and other BoW variants.

Figure 7: Ablation study of S–BoW components, show-
ing the impact of removing positional, function-word,
and document-level features on performance.

words variant and may provide the non-redundant
signal needed to improve over TF–IDF baselines.

Task-aware feature selection. Our ablation re-
sults show that structural features can hurt perfor-
mance when concatenated indiscriminately. Prior
work has demonstrated the importance of princi-
pled feature selection for text classification (Yang
and Pedersen, 1997). Future work could apply
task-driven feature selection, for example using
mutual information or chi-squared filtering to re-
tain only class-discriminative structural features
before concatenation, or using sparse group lasso
regularization (Yuan and Lin, 2006) to allow the
classifier to zero out entire feature groups that are
uninformative for a given task.

Controlled distribution shift analysis. Our
cross-dataset robustness experiments reveal that
structural cues are themselves domain-specific, but
the shifts we evaluate are coarse-grained. Recent
benchmarks have highlighted the need for fine-
grained characterization of distribution shifts in
machine learning (Koh et al., 2021), and studies
on pretrained models have shown that robustness
varies substantially across shift types (Hendrycks
et al., 2020). More controlled experiments that iso-
late specific shift types, such as vocabulary shift
(same topics, different register), topic shift (same

register, different topics), or temporal shift (same
source, different time periods), would clarify which
representation components are most sensitive to
which kinds of distributional change and whether
normalization strategies can mitigate the fragility
of structural features.

Hybrid sparse–dense representations. Our re-
sults identify a persistent gap between strong TF–
IDF baselines and fine-tuned transformers, with
frozen transformer features falling between the two.
A promising direction is to explore hybrid repre-
sentations that concatenate sparse lexical features
with low-dimensional projections of frozen trans-
former embeddings, following the spirit of learned
sparse–dense models in information retrieval (For-
mal et al., 2021), or to use knowledge distillation
(Hinton et al., 2015) from a fine-tuned transformer
into a sparse linear model, thereby transferring con-
textual knowledge into a lightweight, interpretable,
and deployable system.

Broader evaluation settings. This study is lim-
ited to English-language document classification.
Extending the evaluation to morphologically rich
languages, where BoW representations face addi-
tional challenges from agglutination and inflection
(Tsvetkov et al., 2015), and to tasks beyond classifi-
cation, such as information retrieval, clustering, or
extractive summarization, would test whether the
patterns we observe generalize to settings where
structural sensitivity may play a larger role. Cross-
lingual evaluation frameworks such as XTREME
(Hu et al., 2020) could provide standardized bench-
marks for such comparisons.

5.3 Conclusion

Our findings underscore the importance of treat-
ing TF–IDF as a genuinely strong and competitive
baseline, rather than a strawman, when evaluating
new representation learning methods. The failure
of lightweight structural augmentations to consis-
tently improve over TF–IDF clarifies that bridging
the gap between sparse lexical models and modern
neural encoders will require structural representa-
tions that are deeper, task-adapted, and robust to
domain variation. By releasing our code and ex-
perimental pipeline, we hope to facilitate further
investigations into when and how simple text rep-
resentations suffice in the presence of powerful
neural encoders.
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