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Abstract

The theory of semantic proto-roles, devel-
oped in Dowty (1991), replaces discrete se-
mantic role representations with vectors com-
posed of real-valued scalar annotations of
proto-role properties, which are semantic en-
tailments about the role played by an argu-
ment in an event described in a sentence. In
this paper, we posit a deep conceptual link be-
tween the proto-role theory and the more gen-
eral and comprehensive Integrated Connec-
tionist/Symbolic Cognitive Architecture de-
veloped in Smolenksy and Legendre (2006).
Specifically, this architecture theorizes Tensor
Product Representations as the fundamental
form of all cognitive representations. TPRs are
explicitly compositional vector embeddings of
symbolic structures and share key properties
of both traditional discrete symbolic represen-
tations like parse trees and discrete semantic
roles, as well as neural vector representations
like word embeddings. Next, we test this theo-
retical link by training a TP-TRANSFORMER
language model, which learns TPRs of sen-
tences, and analyzing its learned parameters to
find associations between specific vector em-
beddings and proto-role properties or clusters.
In the spirit of recent work on using TPRs to
make neural networks more explainable, we
find that certain vectors used to compute TPRs
within the model can be interpreted as corre-
sponding to certain configurations of semantic
proto-role properties.

1 Introduction

Semantic roles are entities, also called arguments
and often syntactically evoked by nouns, involved
in events, also called predicates and often syn-
tactically evoked by verbs, that are described by
many sentences. They often answer the ques-
tion of "who did what to whom with what and
where?" in reference to these events. For example,

Figure 1: Output from University of Pennsylvania Cog-
nitive Computation Group’s online demo of SRL model
(Punyakanok et al. (2008)).

in the following sentence, which describes a hit-
ting event, the arguments Devanshu, baseball, and
bat play the semantic roles of AGENT, PATIENT,
and INSTRUMENT respectively.

Devanshu hit the baseball with
his bat.

Semantic roles are essential elements of an event-
based theory of linguistic representation and im-
portant for the natural language processing (NLP)
task of semantic role labeling (SRL), which tra-
ditionally focuses on classifying arguments into a
set of discrete semantic roles. The semantic roles
described above, AGENT, PATIENT, and INSTRU-
MENT, are three of the most common discrete se-
mantic roles used in SRL. If the argument and/or
event spans have been labelled and are part of
the data given to an SRL model, then the NLP
task reduces to a multi-class classification task or
a sequence classification task and can be accom-
plished by many standard classification or tagging
systems. If this data is not given, however, then
SRL can become as complex as semantic parsing,
in which the model itself must find all of the event
and argument spans, their labels, and the structural
relationships between them. In all cases, a discrete
structure is predicted by a model from a discrete
sequential input.



Figure 2: An example Universal Decompositional Semantics graph. Some semantic type information and most
syntactic structure information (e.g. dependency relation and part-of-speech tags) are not shown but are available
in the dataset (White et al. (2019)).

However, the theory of discrete semantic roles
runs into the problem of role fragmentation, which
is that linguists cannot agree on the correct num-
ber and definitions of these roles that all argu-
ments can be reliably classified into. In other
words, there are always edge cases, when using
a small number of roles, that could be reason-
ably classified into multiple categories, and indeed
share some combination of all their characteristics.
This results in ambiguous boundaries between cat-
egories and annotator disagreement. When a large
number of roles is used, in order to achieve clear,
fine-grained boundaries between categories, many
categories are extremely rare and highly similar to
more common categories, which raises the ques-
tion of whether they are indeed distinct categories.
In order to fully and unambiguously classify all
or almost all feasible arguments, the number of
roles required explodes dramatically and this ex-
plosion is termed role fragmentation (Reisinger
et al. (2015)).

Dowty (1991)’s theory of semantic proto-roles
tries to address these concerns by changing the
representation of the semantic role of an argu-
ment from a discrete category, equivalent to a
high-dimensional one-hot vector embedding, to
judgments on multiple features. Recent work in
Reisinger et al. (2015), White et al. (2016), and
White et al. (2019) takes this representations a step
further to being a real-valued, lower-dimensional,
continuous vector. The individual dimensions of
this vector represent an underlying set of semantic

properties, or features, of the argument’s relation-
ship to the event. These properties are annotated
by asking semantic questions about particular ar-
guments in event-bearing sentences. Vector repre-
sentations for roles allow for a similarity structure
to develop, which allows for semantic roles to vary
continuously and be similar to multiple discrete
semantic roles. Discrete semantic roles emerge
from particular configurations of these properties,
corresponding to specific regions of the proto-
role vector space. When the continuous space of
proto-role properties is binned or clustered, the
discrete roles emerge, but some are more frequent
than others, accounting for the long-tail frequency
distribution. Dowty (1991) additionally groups
properties into two categories, PROTO-AGENT and
PROTO-PATIENT. A PROTO-AGENT property is
positive when the argument is more AGENT-like,
and vice versa. Dowty’s argument is that instead
of clearly differentiated discrete semantic roles,
there are two prototypical roles, so-called when
an argument has more positively-valued proper-
ties from one category and less from the other.
These two prototypical clusters can be thought of
as super clusters, clusters of the clusters that cor-
respond to discrete semantic roles.

The UNIVERSAL DECOMPOSITIONAL SE-
MANTICS dataset, inspired by the proto-role the-
ory, consists of 1960 sentences with all arguments
annotated fully with the 14 proto-role properties
in Table 1. Sentences are annotated with depen-
dency parses and semantic parses with predicate



and argument nodes and edges between them, as
shown in Figure 2. These nodes and edges are
annotated with fine-grained real-valued scalar se-
mantic properties, including proto-role properties,
unlike most other semantic parsing datasets. We
hypothesize that descriptive statistics will uncover
clusters in the proto-role vector space, where ex-
emplars of these clusters correspond to common
discrete semantic roles like AGENT, PATIENT,
THEME etc. This kind of underlying structure
would explain the long tail of rare semantic roles
and their similarities to one or more of the com-
mon semantic roles. We also hypothesize that
clustering this space into 2 super-clusters should
uncover PROTO-AGENT and PROTO-PATIENT ex-
emplars, which would be additional verification of
Dowty’s hypothesis.

The argument for representing semantic roles as
vectors with similarity structure has strong paral-
lels to the extremely successful paradigm of us-
ing neural networks to learn word embeddings.
In both cases, discrete one-hot representations are
transformed into continuous vector embeddings
where various distance functions, like cosine sim-
ilarity, Euclidean distance, or dot products, can
be used as measures of similarity. The differ-
ence is that words are observable random vari-
ables, whereas abstract linguistic objects like se-
mantic roles are usually hidden random variables,
especially in the task of neural language model-
ing, and thus cannot be explicitly embedded. In-
deed, semantic roles are just one part of a seman-
tic parse tree. While traditionally semantic parse
trees are represented as discrete objects, like trees,
the neural embedding paradigm raises the question
of whether these more complex random variables
can also be represented as continuous neural em-
beddings.

The theory of Tensor Product Representations
(TPRs) developed by Smolensky (1990), and
the larger framework of Integrated Connection-
ist/Symbolic Cognitive Architecture (ICS) devel-
oped in Smolenksy and Legendre (2006), offers
a potential answer to this question. ICS is a
comprehensive theory of cognitive computation
that is inspired by the recognition that both sym-
bolic computation and neural/connectionist com-
putation contribute necessary but insufficient ex-
planations towards how the mind operates. ICS
tries to integrate these two computational systems

into one unified architecture that more completely
describes cognition. ICS combines symbolic com-
putational properties like discreteness, composi-
tionality, and interpretability with neural computa-
tional properties like learning from data, tolerance
to imperfections in data, and continuity.

Tensor Product Representations are ICS’s solu-
tion to the question of how the mind represents
data. Symbolic representations are discrete, com-
positional, and transparent/interpretable structures
like trees that are made from a small number of
constituent parts. Neural, or connectionist, repre-
sentations are continuous tensors learned by neu-
ral networks that are not clearly compositional
or interpretable, but are capable of represent-
ing similarities between different objects and em-
bedding and operating on imperfect objects, like
sentences with small grammatical errors. TPRs
are explicitly-compositional vector embeddings of
symbolic structures. At the lowest, formally spec-
ified level of analysis, TPRs are simply continu-
ous tensor embeddings. However, TPRs can be
described at a higher level as having emergent,
discrete structure with consituent parts that can be
parsed and queried. TPRs reuse certain tensors in
constituent parts for computing the representation
of a larger compositional, combinatorial structure.
A small number of tensors are combined using the
tensor product and sum operations, which corre-
sponds to how symbols can occupy different po-
sitions to create constituent nodes and multiple
nodes can be combined using edges in parse trees.
However, these tensors that are reused can vary
slightly to capture soft variations and imperfec-
tions in the data. Thus, only a small percentage of
the entire continuous tensor space is actually used
in computation, resulting in the key TPR prop-
erty of approximate discreteness. The result is
that parse trees can be embedded and similarity
between them computed.

It is this property of approximate discreteness
that corresponds strongly to the proto-role the-
ory. Rather than exact discreteness, the proto-role
theory creates continuous vector embeddings, but
these embeddings are not uniformly distributed in
the vector space and instead create a very narrow
and structured space through their clusters.

Recent work has modified the Transformer ar-
chitecture, and other neural architectures, to be
able to compute and learn TPRs of sentences. In
this TP-TRANSFORMER, TPRs have a set of role



Proto-role property Annotator question
instigation ARG caused the PRED to happen?

volition ARG chose to be involved in the PRED?
awareness ARG was/were aware of being involved in the PRED?
sentient ARG was/were sentient?

change of location ARG changed location during the PRED?
existed before ARG existed before the PRED began?
existed during ARG existed during the PRED?
existed after ARG existed after the PRED stopped?

change of possession ARG changed possession during the PRED?
change of state ARG was/were altered or somehow changed during or by the end of the PRED?

change of state continuous the change in ARG happened throughout the PRED?
was used ARG was/were used in carrying out the PRED?

was for benefit PRED happened for the benefit of ARG?
partitive only a part or portion of ARG was involved in the PRED?

Table 1: Proto-role property annotations used in this project and the corresponding questions that were asked to
annotators (White et al. (2019)).

vectors (role used in a different sense here from
semantic roles) that are commonly shared and at-
tended to during computations of embeddings for
each token, which are combined with freely gener-
ated embeddings, called filler vectors, using either
the Hadamard or the Tensor Product. Roles have
been shown to learn structural, syntactic informa-
tion, and fillers content-based, semantic informa-
tion in previous work. This work has also shown
that particular roles can be identified as embedding
linguistic categories like predicates, which means
that given that a certain role vector is used in em-
bedding a token, then that token will be a predi-
cate with highly probability. The most important
result of this research is that, after learning TPRs
of highly compositional sequential data using spe-
cialized neural architectures, when the role vec-
tors of constituent embeddings of a TPR are ex-
perimentally changed and this TPR is transformed
back into a sequence, the sequence changes in
expected ways with high probability. This is a
causal result that shows that the TPR of a com-
positional symbolic representation of a sequence
has the same systematic productive properties as a
discrete representation like a parse tree.

Thus, the goal of this project is to investigate
whether semantic roles can be interpretably em-
bedded within TPRs in a TP-TRANSFORMER, and
whether these emergent representations have the
properties of semantic proto-role representations.
We hypothesize that, trained on language model-
ing, without any specific signal guiding the model
towards learning semantic role embeddings, the
role vectors in the TP-TRANSFORMER assigned

to arguments will learn to embed some kind of
semantic role structure. For example, one possi-
bility could be that individual learned role vectors
correspond to frequent clusters of proto-role prop-
erties. Alternatively, the role vectors could em-
bed proto-role properties and attention-weighted
combinations of them could represent the overall
proto-role vector. We generally wish to investigate
whether proto-role representations can be read-
ily interpreted within Transformers and particular
properties be associated with particular neural vec-
tors. This work builds on previous interpretability
research using neural networks with an inductive
bias towards learning TPRs. One major difference
is that, since this project is looking to identify an-
notated semantic data within role vectors, more
precise relationships between role vectors and an-
notations can be quantitatively calculated, instead
of the open-ended qualitative interpretation that
was more common in previous work.

In Section 2 we provide more detail on the the-
ories of proto-roles and TPRs, and the TPT archi-
tecture. Section 3 describes the model training and
analysis procedure. Results, visualizations, and
analysis of these results are given in Section 4.

2 Background

2.1 Tensor Product Representations

A Tensor Product Representation encodes a con-
stituent in a symbolic structure as a compos-
ite of a role, which encodes the structural infor-
mation (e.g., the dependency relation with an-
other word), and a filler, which encodes the con-



tent of the constituent (e.g., the meaning of a
word). Roles are generalizations of positional
embeddings, they could be for eg. left-child-of-
root, second-position-in-string, or something more
complex like a PoS tag. Fillers are the content,
they can be thought of as the meanings of words,
regardless of their position. The three core opera-
tions of a TPR are binding, bundling, and unbind-
ing. Binding is done through the tensor product
operation. The binding of a filler to a role creates
the representation of a constituent in a symbolic
structure. Multiple constituents at the same level
of a symbolic structure, such as the same depth
in a tree, are bundled together using the sum op-
eration. Fillers can be atoms, vectors that cannot
be decomposed further, or TPRs themselves, like
a subtree, and can be bound to a role to embed
hierarchical compositional structures like trees re-
cursively. Alternatively the information about hi-
erarchical structure can be embedded within roles
and fillers can be just embeddings. An important
property of the most basic system of TPRs is that
role vectors must be orthonormal. The equation
for creating a TPR using the sum and tensor prod-
uct operations is in (1) where S represents the list
of symbolic constituents of the structure, which
are represented as a pair of the filler and the role.

T =
∑

(i,j)∈S

f̂i ⊗ r̂j (1)

f̃i = T · r̂i =
k∑

j=1

(r̂j · r̂i)f̂i (2)

Importantly, a TPR is interpretable and trans-
parent because simple linear algebraic operations
can be used to recover the fillers of any of its con-
stituents. If the dot product of a TPR and particular
role vector is taken, then, if the roles are orthonor-
mal, each term in the TPR returns a 0 except for
the term with the same role, which returns a 1, and
is multiplied with the filler at that position to return
the filler. This retrieval is shown in (2). If the roles
are not orthonormal, then there is an error term,
which can be cleaned up using further operations.

2.2 TP-Transformer

The TP-TRANSFORMER modifies the Trans-
former architecture to create TPRs of input sen-
tences (Vaswani et al. (2017)). The computation
of the fillers is like the computations of traditional
contextualized word embeddings in Transformers

Figure 3: The TP-TRANSFORMER (Jiang et al.
(2021)).

at each layer. What this new architecture adds is
the learning and computation of role vectors. Each
layer contains a dictionary of learned role vectors,
creating a role matrix. Each filler vector at each
head of each layer is transformed using learned
weights and the softmax operation into an atten-
tion vector with the same dimensionality as the
number of roles in the role matrix. Then, this at-
tention vector is used to compute a blended role
vector for each token, which is a weighted average
of all roles in the role matrix. Finally, for each to-
ken, this blended role vector is bound to the filler
vectors using either the Tensor or the Hadamard
Product and summed with the unbound filler vec-
tor to create a residual connection. The Hadamard
Product was shown in previous work to be an op-
timal lower-rank approximation of the full TPRs
(Schlag et al. (2019)).

3 Experimental Procedure

3.1 Language Modeling

We trained a TP-TRANSFORMER with 3 layers, 3
heads per layer, dimension per head 64, model di-
mension 512, feedforward layer dimension 2048,
and 50 roles in the role dictionary of dimension 64
each. The model had a masked language modeling
head on top of the encoder, which is linear trans-
formation of each 512-dimensional token embed-
ding into a probability distribution over the vocab-
ulary. In masked language modeling, 15% of to-
kens are randomly masked in the input, replaced
with a dummy token, and must be correctly pre-
dicted by the model. Cross-entropy loss between
the model’s predicted sentence and the actual sen-
tence is calculated as the training signal. The TP-
TRANSFORMER is trained from scratch on 600



Figure 4: Cluster centers with 8 clusters.

MB of text from the C4 dataset for 20 epochs,
which consists of text snippets that are of short
to medium length. The model is trained using an
Adafactor Optimizer (Shazeer and Stern (2018))
with square root learning rate decay and dropout
rate of 0.1.

3.2 Clustering of Proto-role Vectors
The K-MEANS clustering algorithm is used to
cluster the space of proto-role vectors with ran-
dom cluster initialization. The optimal number of
clusters is determined using the Within-Clusters
Sum of Squares method, also known as the el-
bow method. The clusters are visualized in 2-
dimensional space using the t-SNE method. Sev-
eral frequent words associated with each cluster
are qualitatively examined, along with the values
of the proto-role properties in the cluster centers,
to determine whether the clusters correspond to
common discrete semantic roles.

3.3 Probing and Analysis on UDS Dataset
The trained TP-TRANSFORMER is used to en-
code sentences annotated with proto-role proper-
ties in the UNIVERSAL DECOMPOSITIONAL SE-
MANTICS dataset. These encodings are used to
create a dataset of the attention-blended role vec-
tor used for argument tokens and the index of the
role vector with the highest attention value in the
role dictionary of the last layer of the encoder, as-
sociated with the corresponding proto-role vector
annotation, for each head of the last layer. The
blended role vectors are mapped to the proto-role

vectors using a linear layer. An accuracy metric is
calculated for these probes by comparing the clus-
ter ids of the predicted proto-role vectors with the
cluster ids of the actual proto-role vectors. This
probe is used to determine which head carries the
most proto-role information.

Furthermore, the index of the max-attention role
vector is used to predict the cluster ids of its asso-
ciated proto-role vectors using multinomial logis-
tic regression. The p-values of individual relation-
ships between max-attention role indices and clus-
ter ids are calculated. The same data is also used
to predict the continuous real values of each proto-
role property using multiple linear regression, with
associated p-values.

4 Results and Analysis

4.1 Interpretation of Proto-role Clusters

The elbow method revealed that the best number
of clusters was around 8, as shown in Figure 5 in
the appendix. It is important to note that there is
not a sharp elbow in the plot, which would indicate
very cleanly separable clusters. Instead, the soft
elbow indicates that the clusters are not clean sep-
arations, which is in accordance with the long-tail
frequency distribution of fragmented roles, where
many rare roles are highly similar to multiple com-
mon role categories.

The 8 clusters are highly interpretable and their
cluster centers are shown in Figure 4. Cluster 1
could be an AGENT because it is high in all at-
tributes associated with human or living beings,



Cluster Number Interpretation
Cluster 0 Unclear
Cluster 1 AGENT

Cluster 2 living PATIENT

Cluster 3 INSTRUMENT

Cluster 4 Unclear
Cluster 5 non-living PATIENT

Cluster 6 Object that changes state during event
Cluster 7 LOCATION

Table 2: Qualitative interpretations of cluster centroids of proto-role space.

such as awareness and sentience, in addition to
being high in agentive attributes like volition and
instigation. In contrast, Cluster 2 is high in liv-
ing attributes, but importantly not in volition or in-
stigation, which suggests that it could be a living
PATIENT. Cluster 3 might correspond to INSTRU-
MENT, since it is high in was used, but negative
in living attributes. Cluster 5 could be a PATIENT

that is not living because it is strongly negative in
living attributes and volition. Cluster 6 could be an
object that changes state during an event and may
cease to exist afterwards, since it is high in change
of state and change of state continuous. Cluster 7
is difficult to interpret solely based on the cluster
centers, but common words assigned to that clus-
ter reveal that it is highly associated with locations.
Clusters 4 and 0 are difficult to interpret. Cluster
0 seems to be a default cluster since it is close to 0
for all attributes.

Clustering of this space into 2 super-clusters
very clearly reveals a PROTO-AGENT cluster and
a PROTO-PATIENT cluster. One of the clusters
is very positive in highly agentive attributes such
as sentience, awareness, volition, and instigation,
whereas the other is moderately negative in these
attributes. These results are shown in Figure 8 in
Appendix A.

In conclusion, these results largely follow our
hypothesis about the proto-role space, that this
space is weakly clustered and common clusters
correspond to common discrete semantic roles.

4.2 Associations between TPT Roles and
Proto-roles

The results of mapping attention-blended role vec-
tors of argument tokens to their annotated proto-
role vectors shows that the roles of Head 3 were
most likely to contain information about proto-
roles (see Table 3). Thus, we show the results from

Input source Accuracy
Head 1 14.54%
Head 2 17.73%
Head 3 24.46%

Concatenated Heads 22.00%
All Heads 16.10%

Table 3: Accuracy of linear classifier mapping
attention-blended role vectors to proto-role vectors. All
heads indicates that the vector from each head paired
with the same proto-role vector was a separate data
point used to train the same classifier.

that head.
In using linear and logistic regression to predict

clusters and individual proto-role properties from
the index of the role with the highest attention
value, we find that results are significant for most
associations between clusters and role indices, but
not properties and role indices (although there are
still a few significant coefficients in that case that
are useful as supplemental evidence for some in-
terpretations). This may just be because linear re-
gression is a more difficult task than logistic re-
gression. Instead of predicting the exact scalar val-
ues, logistic regression is predicting a general blob
of proto-role vectors, within which there is high
variation in the exact values. This does however
show that there is not a clear relationship between
individual role vectors and proto-role properties,
but there are some relationships where certain role
vectors can be interpreted as embedding certain
semantic roles. In the following paragraphs, we
summarize the most interpretable results. Figure
6 shows the significant coefficients for predicting
clusters and Figure 11 shows the significant coef-
ficients for predicting individual properties. For
reference, Table 2 shows the qualitative interpre-
tations for each cluster.

Role 3 positively predicts clusters 5 and 6 and



Figure 5: Coefficients of multinomial logistic regression predicting cluster of proto-role vector from the index of
the max-attention role used. Cluster 0 is not shown because it was used as the reference.

Figure 6: P-values of the multinomial logistic regression coefficients.

negatively clusters 2, 3, 4, and 7 (see Figure 5). It
also positively predicts the change of state proper-
ties and negatively the existed before property (see
Figure 10). This implies that Role 3 encodes prop-
erties that are common between clusters 5 and 6,
which are both non-living PATIENT-like clusters.

The most significant result is that role 10 is very
clearly representing an AGENT semantic role. It is
strongly predictive of cluster 1 and slightly nega-
tively of all others (see Figure 5).

Role 15 is highly negatively predictive of cluster
1, 3, and 4 (see Figure 5). It is also negatively
predictive of volition, existed before, and existed
during (see Figure 10). It can be clearly said that
it is encoding the opposite of AGENT-like traits,
but it is difficult to ascertain what it is positively
encoding.

Role 19 is negatively predictive of cluster 5, and
moderately positively predictive of all others (see
Figure 5). This suggests that it encodes a property
that all clusters share except for cluster 5. Cluster
5 is most negative in living attributes and volition,
which suggests that this role encodes the opposite
of those properties.

Role 32 is another clearly interpretable embed-
ding. It seems to encode locations, since it is pos-
itively predictive of cluster 7 and strongly nega-
tively of all others (see Figure 5). It is also neg-
atively predictive of volition and awareness (see
Figure 10), which further strengthens this hypoth-
esis.

Role 35 is strongly predictive of clusters 1, 2,
and 4, and negatively predictive of clusters 3, 5,
6, and 7 (see Figure 5). The properties shared by
clusters 1 and 2 are that they are high in living at-
tributes. On the other hand, clusters 3, 5, 6, and
7 are low in living attributes. Thus, Role 35 can
be interpreted as a configuration of the living at-
tributes.

Role 38 is strongly predictive of clusters 1, 2,
3, and 4 and negatively of clusters 5, 6, and 7 (see
Figure 5). Clusters 1 and 2 are high in living at-
tributes, whereas clusters 5, 6, and 7 are objects
that are high in PROTO-PATIENT properties.

One reason why Roles 10 and 32 stand out as
being clearly associated with one cluster over all
others is that AGENT and LOCATION are highly
distinctive semantic roles that only very specific
types of objects can play. On the other hand, many
more types of objects can be involved in events in
a PROTO-PATIENT capacity.

Finally, Roles 6, 8, 20, 21, 25, 29, 31, 34, 36, 40,
42, 43, 44, and 47 are difficult to qualitatively in-
terpret because they either have too many insignif-
icant coefficients, or they are too weakly predictive
of clusters, or it is difficult to find a meaningful
commonality from which clusters they are mean-
ingfully predictive of.



5 Conclusion and Future Work

In this work, we posit a conceptual link between
the theory of proto-roles and the Integrated Con-
nectionist/Symbolic Cognitive Architecture, par-
ticularly the motivation behind Tensor Product
Representations. Following intepretability re-
search that uses neural network architectures mod-
ified to learn TPRs of individual words in sen-
tences, we train a TP-TRANSFORMER on part of
the C4 dataset and use this language model to en-
code UNIVERSAL DECOMPOSITIONAL SEMAN-
TICS sentences annotated with proto-role proper-
ties. We cluster the space of proto-role vectors to
uncover clusters that correspond to common dis-
crete semantic roles, further validating the the-
ory. Finally, we analyze significant associations
between role vectors in the TP-TRANSFORMER

and proto-role properties and clusters, uncovering
some interpretable encodings within role vectors.
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Figure 8: Cluster centers with 2 clusters, showing proto-Agent and proto-Patient clusters.

Figure 9: Exemplar words from each cluster.

Figure 10: Coefficients of multiple linear regression predicting proto-role properties from the index of the max-
attention role used.



Figure 11: P-values of the multiple linear regression coefficients.


