














Figure 5: The Attention Head Overview showing at-
tention head roles for two transformer-based models.
(A) All heads in DistilBERT are important and heads in
early layers tend to have stronger linguistic alignment.
(B) Attention heads in earlier layers tend to be more
important and more semantic-aligned in BERT-Base.

we can analyze attention mechanisms at various
attention heads in DistilBERT to understand how
attention compares to its larger version, BERT.

Using the Attention Head Overview from DoO-
DRIO to visualize DistilBERT (Figure 5), we im-
mediately notice that all radial attention head rep-
resentations have the same diameter, unlike in the
case of BERT. Upon further inspection, we see that
all attention heads have a confidence score that
is very close to one via the tooltip present when
hovering over an attention head, which indicates
that every attention head has highly attended to
tokens on average. As we continue to explore the
attention heads, we recognize a similar pattern of
syntactic and semantic attention heads, but in the
later layers the attention head rings have a much
higher luminance in DistilBERT than they did in
BERT. According to the 2D color scale (Figure 1D),
this represents a lower overall score meaning that
these attention heads neither attend to primarily
text semantics of grammatical structure. It might
imply that DistilBERT has learned some other lin-
guistic knowledge beyond simple word semantics

and syntactice dependencies. We can then con-
duct quantitative experiment to test this hypothesis
formed by using DODRIO.

5 Discussion

DODRIO aims to help NLP researchers and
practitioners to explore attention mechanisms in
transformer-based models with linguistic knowl-
edge. With overview + detail, linking + brushing,
graph visualization techniques, DODRIO enables
the users to investigate attention weights with dif-
ferent levels of abstraction in a context with both
semantic and syntactic information. Through use
cases, we demonstrate that DODRIO not only helps
users validate existing research results regarding
the connections between attention weights with lin-
guistic information, but also inspires the users to
form hypothesis regarding the behavior and roles
of attention heads across different models.

We acknowledge that there is an active discus-
sion on whether attention weights can help peo-
ple interpret transformer-based models (Jain and
Wallace, 2019) and whether the attentions can be
directly linked to the corresponding tokens in in-
terpretation tasks (Brunner et al., 2020). Our work
joins the growing research body in NLP inter-
pretability and human-centered NLP, highlighting
novel visualization designs that can be generalized
to other interactive NLP systems. Despite the in-
creasing popularity of applying Human-computer
Interaction techniques to help people from various
fields interact with complex NLP systems, little
work have been done to evaluate how effective
these tools are (Wang et al., 2021). To fill this re-
search gap, we plan to run a user study to evaluate
the usability and usefulness of DODRIO.

6 Conclusion

We present DODRIO, an interactive visualization
system that fosters the exploration of the atten-
tion mechanism in transformer-based models with
linguistic knowledge. Through analysis from the
model to the attention head level, users can explore
how attention differs across a complex, state-of-the-
art architecture over any instance within a dataset.
Our tool runs in modern web browsers and is open-
sourced, broadening the public’s access to mod-
ern Al techniques. We hope our work will inspire
further research in understanding attention mecha-
nisms and development of visualization tools that
help people interact with complex NLP models.
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7 Broader Impact

We designed DODRIO with good intentions — to
help researchers and practitioners more easily ex-
plore attention weights in transformer-based mod-
els and investigate why their models succeed and
fail. However, bad actors could exploit this knowl-
edge of whether and how the models may perform
under different situations for malevolent purposes,
such as manipulating the model prediction by in-
jecting arbitrary keywords (Kurita et al., 2020).
The potential vulnerability warrants further study.
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Figure S1: The Instance Selection View within DODRIO encourages users to explore sentences with interesting
linguistic features to understand how various attention heads throughout a model attend to them. (A) Table View
presents all text instances in a tabular format with other dataset and task-specific information as well with sortable
columns for efficient instance browsing. (B) Embedding View motivates users to inspect text clustered by dataset
label to explore semantically interesting phrases. These views are linked, so that clicking an instance in either view
will update the state of the other view, while setting the instance will update the global state of the entire interface.
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Figure S2: The Comparison View visualizes syntactic relationships on the Penn Treeback dataset. It highlights at-
tention head (Layer 3 Head 9) that can accurately predict the nominal relationships (group of nouns and adjectives:
obj, nmod, obl, etc.) across multiple unique instances.
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Semantic Attention Graph
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Figure S3: The Attention Head Overview (left) helps users identify interesting attention heads (e.g., more
semantic-aligned and important heads), and then the Semantic Attention Graph (right) quickly visualizes the
attention weight pattern of the selected head on the current input sentence, allowing users to rapidly validate their
hypothesis regarding attention head’s linguistic knowledge.
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