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Abstract

Semantic roles between a predicate and argu-
ment can be decomposed into proto-role prop-
erties (e.g., INSTIGATION). We introduce a
novel LLM feature attribution method, Gen-
eralized Contextual Decomposition for Trans-
formers (GCD-T), which we use to probe
which parts of a sentence enable models to
infer proto-role properties. We compare our
findings with human inferences.

1 Introduction

Semantic roles characterize the relationship be-
tween entities and their predicates. For example,
agents are initiators of events while patients re-
ceive event outcomes. These broad roles can be
decomposed into combinations of specific seman-
tic features called proto-role properties (Dowty,
1991), which are categorized by whether they
reflect more agent-like or patient-like features.
When processing a sentence, one must infer these
proto-role properties to form an understanding of
the events being conveyed (who caused the event
and how were others impacted?). However, it re-
mains an open question which parts of a sentence
convey these properties to readers.

Various linguistic theories have posited differ-
ent lexical categories to project proto-role proper-
ties but these theories have not been tested against
what processors actually use to infer these prop-
erties in a sentence. Following Jackendoff (1976)
and Davidson (1967), Dowty (1989) saw seman-
tic roles and thus proto-role properties (PRPs) as
“determined completely and solely by verb mean-
ings.” For example under this view, x murders y
entails that = is VOLITIONAL no matter the iden-
tity of x, while x kills y does not, and both entail y
is SENTIENT. Other scholars argue that semantic
roles are also determined by the semantic proper-
ties of the arguments or the syntax (Parsons, 1990;
Kratzer, 1996; Williams, 2015; Husband, 2023).
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Even if semantic roles are fully specified by the
verb, arguments may still be required to carry the
relevant PRPs in order to be validated against the
argument slots entailed by the verb. This explains
why (la) is acceptable while (1c-d) are not and
(1b) is only allowed metaphorically, as the disease
cannot be SENTIENT nor VOLITIONAL.

(D) The disease killed Mary.

a
b. ?The disease murdered Mary.
c. # Mary killed the disease.

d

# Mary murdered the disease.

Intuitively, we know that Mary is SENTIENT
and the disease is not, irrespective of whether this
is also lexically entailed by the verb. Therefore,
our research question is how much of the signal
used to predict PRPs comes from the argument

compared to the verb, or the other words in the

sentence? In this work, we introduce a novel ana-

lytical method to probe the contribution of nouns,

modifiers, and verbs to PRP prediction in LLMs
and validate our findings with an offline judgment
task by humans. While we do not assert that LLMs
model human cognition, they learn statistical reg-
ularities over their training corpora and thus can
reveal what information is useful for accurate se-
mantic inference. We find that both LLMs and hu-
man annotators utilize nouns and adjectives in ad-
dition to verbs to infer proto-role properties.! We
list our major contributions below:

* We implement Generalized Contextual Decom-
position for Transformers (GCD-T) to quantify
the contributions of arguments, modifiers, and
predicates in the Semantic Proto-Role Labelling
(SPRL) task.

e We find that NPs are at least as informative
for SPRL as verbs, especially for grammatical

'The code for our experiments can be found at
https://github.com/lucas-y-li/decomposing_transformers
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agents (active subjects and passive objects) and
agentive properties.

* We confirm experimentally that these compu-
tational results generalize to humans. We find
that both nouns and adjectives significantly af-
fect human PRP judgments of agentive proper-
ties, indicating that humans use non-verb ele-
ments when inferring semantic role properties.

2 Background
2.1 Proto-Role Property Labelling

PRP judgments have been experimentally stud-
ied using likelihood ratings of questions that ac-
cessibly paraphrase each property (Kako, 2006).
For example, to elicit a rating for VOLITION,
participants were asked, “How likely is it that
the [Arg] chose to be involved in the [Pred]?”
Reisinger et al. (2015) and White et al. (2016) later
scaled these elicitations to produce a large-scale
database of crowdsourced annotations, which they
released as the Universal Decompositional Se-
mantics dataset (Decomp).2

Following the introduction of Decomp, several
works have presented computational models for
the Semantic Proto-Role Labelling (SPRL) task,
which aims to predict the likelihood of each PRP
for an argument-predicate pair in a sentence. Te-
ichert et al. (2017) first approached the task as a
binary multi-label classification problem using a
Conditional Random Field (CRF) model. Simi-
larly, Rudinger et al. (2018) proposed a bidirec-
tional long-short term memory (BiLSTM) model
trained with multi-task learning and found that
predicting all PRPs jointly resulted in effective pa-
rameter sharing. Our work is the first to probe
SPRL classifiers to investigate which tokens in the
input the models utilize when making decisions.

2.2 Pre-Verbal Semantic Role Prediction

Existing psycholinguistic research has found
cross-linguistic evidence that humans use seman-
tic information from pre-verbal NPs to infer se-
mantic roles while reading sentences, prior to see-
ing the verb (Bornkessel et al., 2003; Chow et al.,
2018; Liao et al., 2022). These studies argue
that, based on an incremental processing model,
humans must make preliminary predictions about
the semantic roles of pre-verbal NPs using incom-
plete information. However, the influence of post-
verbal NPs on semantic role inference, when the

Zhttps://decomp.io/projects/semantic-proto-roles

Property Type Proto-Role Properties
AWARENESS, SENTIENT, VOLITION,
INSTIGATION, EXISTEDBEFORE,
EXISTEDDURING, EXISTEDAFTER
CHANGEOFSTATE, CHANGEOFLOCATION,

CHANGEOFPOSSESSION

Proto-Agent

Proto-Patient

Table 1: Proto-role properties used in our analysis.?

complete sentence is available to the readers, is
not yet known (Husband, 2023). These studies
were also limited in that they only tested small sets
of controlled stimuli. Our computational approach
allows the comparison of event elements in a large
corpus of naturalistic sentences.

3 Interpretability Analysis Method

3.1 Generalized Contextual Decomposition

To quantify the degree to which the models uti-
lize NPs and verbs during SPRL, we implement
Generalized Contextual Decomposition (GCD),
an interpretability method originally proposed
for LSTM gates (Murdoch et al., 2018; Jumelet
et al., 2019), which we further generalize to self-
attention to apply it to Transformer-based models.

Given an input sequence x, GCD partitions the
tokens into in-focus (3) and out-of-focus (y) com-
ponents, xg and x,. This is done through mask-
ing, such that x = x5 + x,, and each component
has zero embeddings for the tokens not assigned
to it. The bias component x; is initialized as ze-
ros. The goal of GCD is to decompose the output
of encoder £ into its constituent contributions Lg,

E(X) = Lg(Xﬁ) + Lg(xw) + Lg(X(;) (1)

This is accomplished by propagating the in-focus
and out-of-focus partitions through all layers of £.
For any layer /, its hidden state representation h’
is linearly decomposed into

h' = Ly(h§ ") + Le(h% ") + Le(hf ™)

2
=hj + h + hj

where hg contains the information the layer re-
ceived from the in-focus input, hg contains infor-
mation from the out-of-focus input, and hg con-
tains information from the bias parameters of lay-
ers < ¢. Thus, GCD reveals how much, and
whether positively or negatively, each component
contributes to each classifier logit. This is distinct
from model interpretability methods that analyze

3CHANGEOFLOCATION is sometimes considered a
proto-agent property. See §4.4 for more discussion of why
we consider it a proto-patient property in the Decomp dataset.
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attention weights, which instead reveal the infor-
mation a model has access to for classification.

The output of a fully-connected layer can be
easily linearly decomposed,

Lre(xi) = Whx;, i€ {87}

(3)
Lpc(xs) = Wxs +b

Non-linear activation functions are decomposed
using Shapley values (Shapley, 1953).

3.2 GCD for Transformers

In this work, we introduce Generalized Contex-
tual Decomposition for Transformers (GCD-T).
We follow Jumelet et al. (2019) in allowing out-
of-focus material to inform decisions about when
to use in-focus information (and vice-versa), but
the representations themselves are kept in isolated

in-focus and out-of-focus partitions.*
Vaswani et al. (2017) defines self-attention as

T

Attn(x) = A(x)V, A(x) = Softmax(c\z/% ), @

Q=Wix, K=W§kx, V=W{x

Where A(x) is the attention weights, and Q, K,
and V are the queries, keys, and values, respec-
tively. We do not decompose A(x) so the layer
receives the full context to determine which xg
values to propagate forward.V is decomposed lin-
early as normal. Thus, the decomposition is

LAttn(xi) - A(Zz Xi)ng’i? (S {/87776} (5)

Ultimately, we want to determine the contri-
butions of the in-focus partition to the classifica-
tion logits (zg). While the original Murdoch et al.
(2018) CD method used raw output logits (Zz), we
normalize the raw outputs by the token length of
the in-focus element (|3]): zg = Zg/|5|. These
per-token contributions prevent long 3 spans (such
as complex NPs) from having disproportionately
large contributions.’

4 Semantic Proto-Role Inference

We now turn to our main research question: inves-
tigating which tokens give rise to PRP inferences
during processing.

“This differs from Murdoch et al., who fully partition rep-
resentations across all layers. Further discussion about the
differences between GCD and CD and an empirical analysis
with respect to Transformers is given in §B.

>An empirical validation of GCD-T by comparing be-
haviour to GCD on the tasks of subject-verb number agree-
ment and sentiment analysis is shown in §C.

4.1 Dataset

Following prior work on SPRL, we use the De-
comp dataset (Reisinger et al., 2015; White et al.,
2016). The dataset consists of 15,000 PRP judg-
ments across 10 properties, shown in Table 1. An-
notators used a 5-point likert scale to judge the ap-
propriateness of a PRP applying to a sentence (see
§2.1). As is standard with this data, we binarized
the judgments into < 3 and > 3. Full preprocess-
ing details and examples are given in §A.

4.2 Models

We evaluate the Transformer models RoBERTa-
large (355M parameters; Liu et al., 2019) and
GPT-2-medium (345M parameters; Radford et al.,
2019). The models are the same size, however
RoBERTa is encoder-only and has bidirectional
context while GPT-2 is autoregressive and thus
must base its decisions only on left context, anal-
ogously to humans during incremental process-
ing.® We fine-tune the LLMs for the binary seman-
tic proto-role labelling (SPRL) task on Decomp.’
We insert custom special tokens <Ipredl> and
<largl> around the relevant predicate and argu-
ment of each sentence to indicate which argument-
predicate pair is being queried.

Evaluation shows that both models perform
comparably to average human inter-annotator
agreement on all properties (Table 2).8 There is
no notable difference in F1 scores between active
and passive sentences nor between models. Al-
though GCD-T can be applied to any large Trans-
former LLM with trivial modifications, we choose
to probe RoBERTa-large and GPT-2-medium as
they already perform comparably to humans on
the SPRL task despite their small size.

4.3 Experimental Setup

We partition each sentence-argument-predicate
triplet into the following in-focus token spans:
ARG, which contains the tokens of the target argu-
ment excluding any modifiers; MOD, the modifier
tokens of the target argument; PRED, the tokens of
the predicate verb; and OTHER, which consists of
all non-target arguments of the predicate, if any.

®We also experimented with the smaller models
RoBERTa-base, GPT-2-small, DistilGPT, and Distil-
RoBERTa (Sanh et al., 2019) and found similar results.

"Both models were fine-tuned with hyperparameters
{lr=5e-5, \=0.1, epochs=4, batch_size=16, dropout=0.1}.

8Each Decomp V2 item has two annotator ratings, so hu-
man F1 is calculated as pairwise micro-F1. Model F1 is cal-
culated as average micro-F1 with respect to both annotations.

429



Property Humans RoBERTa GPT-2
ACT PASS AcCT PAass AcCT PASs
awareness 89.7 889 91.7 89.7 912 90.5
A_location 779 778 800 774 81.8 79.0
A_state 650 683 672 655 693 68.3

A_possession  91.3  90.1 928 911 925 907
existed_after 855 869 875 883 872 875
existed_before 85.0 857 86.7 869 864 84.1
existed_during 96.1 964 97.2 974 967 978

instigation 724  69.0 757 714 73.0 683
sentient 89.5 885 921 903 926 915
volition 86.8 881 882 885 863 877
average 839 840 859 846 857 845

Table 2: Decomp inter-annotator and model F1.

a) Target: The police dog b) Target: the ruthless criminal

W <largl> B The
olice
-The negative g
. dog
.pohce . i negative
I tirelessly
—<|pred|>
dog
followed
<|arg|>
- larg| —<|pred|>
.tirelessly :t<h|:"9‘>
=< |pred|>
=== followed . ruthless
:;‘L‘Predb === criminal
=== ruthless = <|arg|>
— cri_mir\al === using
_lﬁiss'ng positive : his
- scent
== scent posltivel
- B

Figure 1: Example SPRL GCD-T GPT-2 token con-
tributions for INSTIGATION. Target NP (MOD, ARG)
contributions are shown in green and PRED contribu-
tions are in pink.

Argument modifiers are obtained using the
gold-label dependency relations and syntactic
parses from Universal Dependencies (Silveira
etal., 2014). We recursively consider any optional
adjunct and the nodes it dominates to be modifiers,
unless the argument itself is an adjunct (e.g., PP),
in which case we start with its children.

GCD-T is applied to obtain each component’s
contribution to each PRP. We first show an exam-
ple decomposition before presenting a quantitative
analysis of our Decomp V2 test set.

4.4 GCD-T Results

Qualitative Example. Figure 1 shows an example
GPT-2 decomposition for the proto-agent prop-
erty INSTIGATION of the sentence “The police dog
tirelessly followed the ruthless criminal using his
scent.” In Figure 1a, the target argument is The po-
lice dog and in Figure 1b, the target argument is
the ruthless criminal. Both arguments share the
followed predicate. Based on our categorization,
ruthless is considered a modifier, but police is not
because police dog is a compound noun.

In Figure 1a, GPT-2 identifies dogs as typically

non-instigative, which is correct given the training
data as non-human living entities are less likely
to initiate actions than humans. However, the
attribute police is identified as contributing pos-
itively to instigation. In Figure 1b, the model
identifies objects of followed as typically non-
instigative and assigns it a negative contribution,
while the modifier ruthless contributes positively.

Quantitative Results. First, we observe
that although Reisinger et al. (2015) described
CHANGEOFLOCATION as a proto-agent property,
GCD-T reveals that it behaves more similarly to
proto-patient properties’ and we thus consider it as
such. This categorization is supported by Dowty
(1991), who states that CHANGEOFLOCATION
is agentive only if the other argument is non-
instigative, otherwise it is patientive. As annota-
tors labeled each PRP in Decomp separately, they
would not have been aware of this detail, so in this
way we can see that GCD-T actually provides em-
pirical evidence for a theoretical PRP distinction.

For proto-agent properties (Figure 2a, 2c), the
ARG rarely contributes negative evidence, and
only contributes positive evidence in active sub-
jects or passive objects (grammatical Agents).
In RoBERTa, ARG and PRED contribute equally
(Figure 2a), however GPT-2 disproportionately
identifies agentiveness using the ARG (Figure 2c).
Surprisingly, passivization has only a small effect
on ARG contributions, as contribution trends are
largely the same for active subjects and passive ob-
jects (grammatical Agents), and active objects and
passive subjects (grammatical Patients). There-
fore, it appears there is little difference in how
models use the PRP cues of post-verbal NPs com-
pared with pre-verbal NPs, even for the incremen-
tal model GPT-2.

For proto-patient properties, ARG and PRED
contribute largely negatively in RoOBERTa (Figure
2b) but positively in GPT-2 (Figure 2d). Relative
to ARG, PRED contributes more to GPT-2’s proto-
patient interpretation than its proto-agent interpre-
tation, particularly in active sentences, indicating
that agentive inferences primarily originate from
arguments, while patienthood primarily originates
from verbs with some input from entities. This is
consistent with theoretical proposals that agents,

?CHANGEOFLOCATION contributions have mean KL di-
vergence of 6.9 from proto-agent properties and 2.5 from
proto-patient properties in RoBERTa and 5.7 from proto-
agent properties and 4.5 from proto-patient properties in
GPT-2.
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Figure 2: Average GCD-T SPRL token contributions of event constituents. Scales differ between proto-agent and
proto-patient contributions likely because of the greater frequency of proto-agent properties in the training data
(e.g., in intransitive sentences). Error bars represent 95% CI.

but not patients, are severed from the verb as the
verb combines directly with the latter and not the
former (e.g., Kratzer, 1996; Levin, 2012).

While GPT-2 identifies positive evidence for
both proto-agent and proto-patient properties (Fig-
ure 2c, 2d), RoOBERTa focuses mostly on positive
evidence of agentiveness even when the goal of
the task is to identify a proto-patient property (Fig-
ure 2a, 2b). This perhaps indicates the strength of
proto-agentive features learned by RoBERTa dur-
ing pretraining. Furthermore, although MOD and
OTHER contribute less to SPRL than ARG and
MoD, their contributions are still non-zero. This
is particularly interesting for OTHER, as it means
semantic role properties can depend on other sen-
tence elements outside of the target predicate-
argument pair. Overall, it is clear that both models
strongly utilize non-predicate elements for SPRL
of all PRPs and syntactic positions.

4.5 Contextualization Analysis

A possible algorithmic hypothesis about what
causes the above results is that, rather than relying
on ARG cues to predict PRPs (as the above results
suggest), the models could rely on ARG to iden-
tify the word sense of PRED, and once the correct
sense is selected, the models use that verb sense
to infer the PRPs. Because GCD-T isolates ARG
from PRED, the results look like the models use
ARG because that is the first step in their process-
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ing pipeline, when in fact they may rely on the
sense-disambiguated PRED in practice. To test this
hypothesis, we move the GCD-T partition layer to
later model layers. If the models use ARG to con-
textualize PRED, then we should see PRED contri-
butions increase in later layers.

Method. We compute the SPRL contributions
but vary the partitioning layer (the point at which
in-focus and out-of-focus elements are partitioned
from one another)!® over the 24 Transformer
blocks of each model. The average percent-
contribution is measured as a proportion of all
event elements; that is, the percent-contributions
of ARG, MoD, PRED, and OTHER sum to 100%
in each layer.

Results. In the percent-contributions of
RoBERTa (Figure 3a), the ARG and PRED em-
beddings contain approximately equal amounts of
thematic information for the first 20 Transformer
blocks. In the last few layers, however, the impor-
tance shifts towards ARG and MOD while the rel-
ative contributions of PRED and OTHER decrease.
In GPT-2 (Figure 3b), the relative contribution of
ARG gradually decreases as those of PRED and
OTHER increase. As with RoBERTa, the direction
of the trends switch after approximately layer 20.

These results suggest that GPT-2 may adhere
to something like the hypothesized processing

19See §C.2 for more information about partitioning layers.



a) RoBERTa

b) GPT-2 span

% contribution

— arg
—— mod
pred
other
PRP
—— proto-agent
proto-patient

T T T
0 4 8 12 16 20 24
partitioning layer

4 8 12 16 20 24
partitioning layer

Figure 3: Average proportional GCD-T token contribution by partitioning layer. Ribbons represent 95% CI.

proto-agent properties

a) RoBERTa b) GPT-2

agent position  patient position agent position  patient position

e fLL L

True  False True  False True False True False
restricted restricted restricted restricted

ion

contribut
contribution
w

=}

Figure 4: GCD-T SPRL positive token contributions by verbal lexical specification.

span
. arg pred

d) GPT-2

patient position

I

proto-patient properties

c) RoBERTa

patient position agent position

Lakd

False  True False  True
entailed entailed

agent position

I

IS

N

contribution
contribution

o

False  True
entailed

False  True
entailed

Restricted denotes that the

PRP is a selectional restriction and entailed denotes it is a lexical entailment. Agent-position denotes active sub-
jects/passive objects; patient-position denotes active objects/passive subjects. Error bars represent 95% CI; note
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pipeline: initially focusing primarily on ARG,
which is then used to reinterpret the semantic in-
formation from PRED. RoBERTa seems to do the
opposite, contextualizing ARG using PRED. Future
studies could explore which conditions give rise
to different contextualization strategies, but this is
beyond the scope of this paper.

S5 Human Experiments

5.1 Research Questions and Design

Our GCD-T analysis revealed that LLMs rely on
non-verb sentential elements to make PRP judg-
ments, even for post-verbal arguments, and that
this was especially true for proto-agentive prop-
erties. In this section we test whether this find-
ing holds for humans as well. To that end, we
elicited PRP judgments from humans using stim-
uli with various elements masked to see how
masking of sentence components influenced their
proto-agentive PRP inferences in pre-verbal and
post-verbal contexts.

To elicit PRP judgments, we adopt the annota-
tion paradigm of Reisinger et al. (2015) and Kako
(2006). However, to isolate the contribution of
each component (PRED, ARG, and MOD), we re-
place the other two regions with phonologically-
plausible pseudo-words in the style of Berko
(1958). In doing so, participants must use the se-
mantic content of the remaining real word to make
their PRP judgments. This allows us to assess the
extent to which inferences are made on the basis

of cues present in each element. Since our GCD-
T analysis suggested that proto-agentive PRPs
should be most influenced by non-verbal elements,
we focused on the following proto-agentive PRPs
highly correlated with animacy: A, I, S, and V.

Participants. We recruited 62 participants from
the Prolific crowdsourcing platform,'! all located
in the United States and self-reported monolingual
English speakers. Participants were compensated
at a rate equivalent to $15/hour.

5.2 Experimental Setup

Materials. There were four levels of the real
word factor (PRED, MOD, INANIMATE-ARG, and
ANIMATE-ARG), which varied which of the po-
tential PRP triggers was left as a real word while
others were masked by pseudo-words. There was
also a position factor with two levels, Subject and
Object, which varied whether the argument of in-
terest was the grammatical subject or object of an
active transitive sentence allowing us to vary the
target argument’s syntactic position. These fac-
tors were fully crossed resulting in 8 total cont-
ditions. Stimulus sentences were all of the form
"[Proper Name] [PRED]-ed the [MOD] [ARG]" or
"The [MOD] [ARG] [PRED]-ed [Proper Name]".
We use state-of-mind adjectives for MOD as we
hypothesize they are the most likely to increase an-
imacy. However, all sentences include an adjective
to control for any focus or salience effect result-

"https://www.prolific.com
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Figure 5: Average SPRL human ratings and model GCD-T contributions, z-scored by PRP and syntactic position.
A-Arg denotes ANIMATE-ARG and I-Arg denotes INANIMATE-ARG. Error bars represent 95% CI.

ing from modifying an argument at all. Similarly,
when the ARG is unmasked, we use two classes
of nouns, Animate (animals) and Inanimate. The
real PREDs were selected from a list of the most
frequent active transitive verbs in Decomp V1. To
study the influence of selectional restriction, we
chose verbs which, according to VerbNet, require
animate subjects, but may use both animate and
inanimate objects.

We create 16 sets of stimuli, each with a unique
real proper name, verb, adjective, inanimate noun,
and animate noun. Example stimuli are shown
in §E. Pseudo-words were generated using the
Python package gibberish'? and compared to
transition probabilities for English orthography to
ensure phonological plausibility. We also manu-
ally checked the generated pseudo-words to ver-
ify they do not look like misspellings of real En-
glish words nor can be pronounced as real English
words. Proper names were gender-balanced.

Procedure. Prior to the experiment, partic-
ipants underwent a training phase'’ and were
told that they would be shown unfamiliar words
and would need to use the context to figure out
the meaning of each sentence. Participants saw
only one of the eight sentence arrangements of
each item, in addition to seeing only Subjects
or only Objects, to reduce confusion and mini-
mize potential confounding factors. They were
asked to rate the likelihood of all four PRPs on
each sentence however each sentence-PRP ques-
tion pair was displayed on a different screen and
randomized throughout the trials to reduce cross-

Zhttps://github.com/greghaskins/gibberish

BThe practice questions during the training phase were
completely separate from the experiment and given only to
familiarize participants with the 5-point Likert scale.

contamination between PRP questions. As such,
each participant saw 64 total experimental trials.

Models. In addition to collecting human judg-
ments, we also obtained GCD-T contributions
from RoBERTa and GPT-2 following the methods
described in §4. To align with humans who give a
single PRP rating, we sum all GCD-T logits, pos-
itive and negative, to get a single PRP rating.

To decrease the variance of the model results,
we augmented the stimuli by generating all com-
binations of argument-predicate pairs, resulting in
256 sets. Unlike with humans, it is not problem-
atic for the LLMs to see all arrangements of each
set, as their parameters are frozen after fine-tuning
on Decomp. As GCD-T allows for the contribu-
tion of each component in a sentence to be com-
puted independently in a single forward pass, the
use of pseudo-words is not necessary to probe the
models. Thus, the models receive two sentences
from each set, one with the ANIMATE-ARG and
one with the INANIMATE-ARG, and both contain-
ing the PRED and MOD. PRED and MOD contribu-
tions are averaged across both sentences when the
target argument is the object, but computed using
only the ANIMATE-ARG with subject targets.'*

5.3 Results and Discussion

Figure 5 shows the average contributions for the
human annotators and LLLMs, z-scored by syntac-
tic position and PRP. RoBERTa accurately cap-
tures word-level human ratings in all conditions
(Figure 5b, 5e), despite only being trained on

"“This is because sentences with the INANIMATE-ARG
subjects were ungrammatical due to violating the semantic
restrictions of the PRED. Indeed, humans participants never
see the true PRED and INANIMATE-ARG together, and likely
assume the pseudo-word subject represents an animate noun.
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annotations using full-sentence contexts. Of the
tested properties, ROBERTa struggles most with
I, however this property also has the lowest inter-
annotator agreement in humans. Conversely, GPT-
2 fails to predict human ratings, particularly in
subjects (Figure 5c). This result makes sense since
both RoBERTa and the humans have access to
the full sentence context when making their judg-
ments, while GPT-2 does not.

All analyses of the human data are done us-
ing the ANIMATE-ARG condition as the base-
line for the comparison. We see that in the
object syntactic position (Figure 5d), A and S
judgments are significantly lower in PRED and
INANIMATE-ARG compared to ANIMATE-ARG.
The difference in S between MOD and ANIMATE-
ARG is smaller but still significant. Addition-
ally, the MOD condition shows moderately sig-
nificant increases in V and I while INANIMATE-
ARG showed a moderately significant decrease in
V. These results show that MOD, ANIMATE-ARG,
and INANIMATE-ARG have larger impacts on PRP
inferences than PRED, which is notable given the
centrality of predicates in conveying events. We
will return to this in the General Discussion.

In the subject position (Figure 5a), S and V for
the MOD condition and V and A for the PRED con-
dition are significantly higher than the correspond-
ing values for ANIMATE-ARG. These results sug-
gest that, aside from S, active-voice subjects are
agentive by default (as most lexical items in sub-
ject position don’t influence PRPs) but can be ma-
nipulated by verbs and adjectives.

These human findings concur with our GCD-T
results that non-verbal elements contribute to PRP
inferences in readers. We even see, through the
different conditions, that these various grammati-
cal elements contribute to PRPs in distinct ways.
Most notably, we see that MOD and ANIMATE-
ARG increase A and S, especially in the object
condition, while the INANIMATE-ARG condition
decreases the inferences of all four properties.

6 General Discussion

We introduced a new method, Generalized Con-
textual Decomposition for Transformers (GCD-
T), for feature attribution in LLMs, based on
previous (Generalized) Contextual Decomposition
methods for earlier neural architectures (Murdoch
et al., 2018; Jumelet et al., 2019). GCD-T re-
quires no additional training or gradient compu-

tation and is therefore less expensive than other
probing methods. One common concern with
LLM probing methods is that the probes used to
interpret an LLM can produce false positives be-
cause the probes can learn to solve the probe tasks
even when the LLM does not (Hewitt and Liang,
2019). GCD-T avoids this issue because it simply
decomposes the representations within a model to
disentangle the input-output mappings learned by
the model during training.

We used GCD-T to investigate how differ-
ent event elements contribute to the inference of
semantic proto-role properties (PRPs) in Trans-
former language models. A priori, one could
imagine several different ways that processors
could infer PRPs. First, because events are com-
municated using predicates, one could imagine
that processors would rely as much as possible
on predicates, minimizing the ability of arguments
to modulate PRP inferences. We find that is
not the case, and that LLMs rely heavily on ar-
guments and modifiers to infer PRPs. Second,
readers could adopt a maximally incremental ap-
proach where they use pre-verbal arguments to in-
fer PRPs but they neglect to use post-verbal argu-
ments, having already seen the verb and much of
the sentence. We show that they do not. Post-
verbal material is used similarly to pre-verbal ma-
terial. Finally, all PRPs could be inferred using
the same procedure (e.g., all PRP inferences could
rely 20% on the argument and 80% on the pred-
icate). We find that this is not the case either:
proto-agent properties rely more on argument cues
while proto-patient properties rely more on predi-
cate cues, though we find differences within these
broad proto-role categories as well.

Finally, we validated the results of our compu-
tational experiments using a human experiment.
We confirmed that humans also heavily use non-
predicate elements to infer PRPs, even in post-
verbal sentence contexts. In fact, we found that
non-verbal elements had larger impacts on PRP
inferences than predicates in our task. As with
LLMs, each PRP was affected differently by our
experimental manipulations, indicating that read-
ers adopt different strategies for inferring each
PRP. There remains much to do in this area, in-
cluding analyzing more proto-role properties, and
exploring the specific ways in which verbal selec-
tional restriction and lexical entailments influence
each PRP inference in humans, but we hope our
work can serve as a first step in this direction.
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A Dataset Preprocessing And Examples

In this section, we describe in greater detail the
datasets used for the SPRL task, Decomp V1
(Reisinger et al., 2015) and Decomp V2 (White
et al.,, 2016), in addition to our preprocessing
methods. Examples from the Decomp dataset for
SPRL are shown in Table 3.

Decomp V1 contains PRP judgments of 9,738
predicate-argument pairs in the Penn Treebank
WSIJ corpus (Marcus et al., 1993). Annotators
rated the likelihood of each pair and PRP on a 5-
point Likert scale (1=very unlikely, 2=somewhat
unlikely, 3=not enough information, 4=somewhat
likely, and S5=very likely). Negated and modal
verbs were removed.

Decomp V2 contains PRP judgments of 6,091
predicate-argument pairs from the Universal De-
pendencies English Web Treebank (Silveira et al.,
2014). The same annotation protocol was used as
V1, with some modifications, including switching
from using one annotator to two for each pair.

In our combined dataset, we use the 10 PRPs
annotated in both V1 and V2 (see Table 1). We
use binned scores of > 3 and < 3 following Te-
ichert et al. (2017) and Rudinger et al. (2018). This
corrects for class imbalances, as only 8.8% of pre-
binarized scores are 2 or 4. As more than 96% of
predicates are in active voice, we deterministically
passivized active transitive verbs from the corpus
to preserve semantic roles but balance syntactic
positions. We manually checked augmented sen-
tences to ensure grammaticality. We assume that
passivization generally does not affect PRP ratings
and so use the active PRP ratings for our gener-
ated passives; while passivization can result in de-
creased agentiveness (e.g., 5 — 4), we believe it
is unlikely to cause a PRP rating to flip from < 3
to > 3, or vice-versa. To offset the large number
of active, non-transitive sentences, we upsampled
the resulting passive sentences during training to
ensure that the models saw a balanced number of
passive and active structures. Dataset statistics are
shown in Table 4.

We train on Decomp V1 and V2, but the re-
sults in Table 2 include only evaluation on De-
comp V2 so that inter-annotator agreement can be
used as a benchmark against which to compare
LLM performance. Evaluation results on the De-
comp V1 dataset in comparison to prior models
are presented in §D, Table 6.

B Comparison of GCD and CD in
Transformers

In this section, we compare the differences be-
tween the formulations of GCD (Jumelet et al.,
2019) and CD (Murdoch et al., 2018) and explain
why we chose to follow GCD for the decompo-
sition of Transformers. Additionally, we provide
empirical evidence using the subject-verb number
agreement task that GCD provides more intuitive
results when used to interpret the behaviour of
Transformers than CD.

B.1 Theoretical Motivation for GCD

Any contextual decomposition method needs to
decide how to allow the in-focus partition to in-
teract with the out-of-focus partition. On the one
hand, keeping the two partitions totally separate
simplifies the interpretability objective. On the
other hand, the interaction between the in-focus
and out-of-focus elements could be critical to the
model behavior at hand. The original Contex-
tual Decomposition (CD) method (Murdoch et al.,
2018) maximized the separation between the parti-
tions by only considering representations in-focus
when they solely consisted of in-focus interac-
tions (rendering out-of-focus any representations
that resulted from interactions with out-of-focus
material). Formally, the hidden state at time ¢,
hé’t, only consisted of information resulting from

the interactions between hg’t_l embeddings in the
previous recurrent cell. In contrast, (Jumelet et al.,
2019) argued that this tight in-focus constraint led
to a loss of information, such as syntactic knowl-
edge about when information should be expressed.
Therefore, they allowed, for example, interactions

between previous cell state values cg’t_l and for-

get gate values ff;’t to be included in current cell

state cé’t, as ff’t is only used in the cell state to in-

form which of the cé’til values should be passed
on, and is not able to contribute other information.

Thus, following the reasoning of Jumelet et al.,
we chose not to decompose the attention weights
in GCD-T to also allow for interactions between
in-focus and out-of-focus queries and keys, so that
both partitions may inform which of the in-focus
values should be passed onto the next in-focus en-
codings. Otherwise, we keep the in-focus and out-
of-focus partitions separate by decomposing the
value vectors. However, we also confirm this de-
cision experimentally.
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Sentence Predicate  Argument V A S EB ED EA CoS CoP ColL
I e-mailed your as- e-mailed I 5 5 5 5 5 5 1 1 3
sistant earlier this
morning and have
had no response .
your assistant 1 2 5 5 5 5 1 1 1
In the meantime, extend we 5 5 5 5 5 1 1
we extend our best
wishes for a safe
and happy holiday
season .
our best wishes for 1 1 1 3 5 5 1 1 1

a safe and happy
holiday season

Table 3: Examples of items in the Decomp dataset for the SPRL task. PRP judgements are shown on the 5-point
Likert scale. PRP labels are, from left to right: INSTIGATION, VOLITION, AWARENESS, SENTIENT, EXISTEDBE-
FORE, EXISTEDDURING, EXISTEDAFTER, CHANGEOFSTATE, CHANGEOFPOSSESSION, and CHANGEOFLO-

CATION.
Decomp V1 Decomp V2
Dataset Split ~ Active Passive Active Passive
Subject Object Subject Object Subject Object Subject Object
Train 4097 3662 1520 1544 3898 1627 1864 1514
Validation 490 477 183 182 507 231 277 221
Test 477 488 200 177 517 249 263 241

Table 4: Distribution of annotated argument-predicate pairs in Decomp V1 and V2 dataset after passivized sen-
tences were generated. Note that the models were trained and validated on both Decomp V1 and V2, but tested on
only Decomp V2 for our analyses. The Object column includes both direct and indirect objects.

B.2 Comparison of GCD-T and CD-T on
Number Agreement

We experimented with fully decomposing atten-
tion weights based on the method of CD (Murdoch
et al., 2018), which we call Contextual Decom-
position for Transformers (CD-T). CD-T attention
weights are decomposed based on CD’s (Murdoch
etal., 2018) f; ® ¢;—1 and iy ©® gy decompositions,
such that the (3 attention weights contain only in-
formation from the 5 and § Q and K.

We compare the results of CD-T to GCD-T on
the Number Agreement task (see §C.1) in Figure
6. Results show that CD-T failed to accurately
capture model behaviour. In BERT, CD-T incor-
rectly states that singular nouns provide evidence
against predicting singular verbs, and in GPT-2, it
states that plural nouns provide evidence against
predicting plural verbs. GCD-T has the expected
behaviour and shows that singular nouns provide
evidence for predicting singular verbs and plural
nouns provide evidence for predicting plural verbs
in both models.

C Validating GCD-T

As GCD-T is a new method, prior to using it
in our novel task of studying the locus of signal

for proto-role properties, we choose to validate
that the method works as intended on two other
well-studied interpretability tasks: 1) subject-verb
number agreement, which has been widely used
in the interpretability literature and was used to
motivate the original GCD work, and 2) sentiment
analysis, which provides an indication of how the
method works with richer semantic signals.

C.1 Number Agreement

We validate GCD-T against GCD for LSTMs us-
ing a Number Agreement dataset (Lakretz et al.,
2019) which tasks models with predicting the
proper verb form when the sentence contains an
intervening distractor of the opposite number. For
example, given the sentence prefix “The boy near
the cats ...” a model should assign higher proba-
bility to the singular continuation ‘knows’ than the
plural ‘know’ due to the singular subject ‘boy’.

We compute average token contributions of pre-
trained GPT-2-Medium (Radford et al., 2019) and
BERT-base-uncased (Devlin et al., 2019) models
on this dataset. We discard sentences with multi-
token verbs to permit verb masking and we nor-
malize contributions over all single-token verbs in

438



VsingVplur VsingVplur VsingVplur VsingVplur
<s> -0.07  <s> 0.04 <s> 0.05 -0.16  <s> 0.20 -0.19
The 0.36 -0.34 The -0.14 -0.23  The -0.01 -0.28

The [Hrg
Nsing L8k 1-0.46  Nplur BRI IS Nsing-0.12 Nplur -0.18

PREP 0.20 PREP -0.10 -048 PREP -0.25 -0.16 PREP -0.17 -0.01
the 0.06 -0.42 the 0.05 the -0.04 0.00 the 0.09 0.13
Nplur -0.41 Nsing 0.25 Nplur 0.26 0.02 Nsing 0.12 0.09
i) BERT w/ GCD-T iy BERT w/ CD-T
(a) BERT comparison

VsingVplur VsingVplur VsingVplur VsingVplur
N/A N/A N/A N/A
The The 0.03 The [0 The
Nsing Nplur Nsing-0.05 Nplur 0.20
PREP -0.37 PREP -0.07 0.10 PREP 0.11 -0.37 PREP 0.29 -0.44
the -0.02 the -0.19 the -0.09 -0.25 the 0.15 -0.29

Nplur -0.13 Nsing

i) GPT-2w/ CD-T

Nplur 0.12 0.07 Nsing 0.24 0.18 -0.07
i) GPT-2w/ GCD-T

(b) GPT-2 comparison

Figure 6: Average token contributions using GPT-T and CD-T for the number agreement task. The two columns
in each group correspond to GCD-T/CD-T logits over singular and plural verb forms. Red cells indicate positive
contributions of that row’s token to the verb form tracked by that column (color scaled from [0,1]), while blue cells
correspond to negative contributions (color scaled from [-1,0]).
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Figure 7: Average token contributions for the number agreement task. The two columns in each group correspond
to GCD-T logits over singular and plural verb forms. Black borders indicate the subject’s correct number. Red
cells indicate positive contributions of that row’s token to the verb form tracked by that column (color scaled from
[0,1]), while blue cells correspond to negative contributions (color scaled from [-1,0]). INIT denotes initial LSTM
state. PREP denotes preposition. MultiBERT values indicate upper and lower bound of the 95% CI across BERT

25 models.

the vocabulary,'® using a complete verb list ob-
tained from Google Books Ngram. To verify ro-
bustness, we also evaluate all MultiBERTS, a set
of 25 BERT-base-uncased models pretrained from
randomly initialized seeds (Sellam et al., 2022).
Results are presented in Figure 7 with the
LSTM results of Gulordava et al. (2018) after
reimplementing the GCD method of Jumelet et al.
(2019).10  As expected, GCD-T shows that in
both BERT and GPT-2, singular nouns provide
positive evidence in predicting singular verbs and
plural nouns provide positive evidence for plural

'SNormalizing over verbs makes results more interpretable
than prior methods since a value of 0 can then be interpreted
as the token’s logit contribution towards the average verb.

$Our LSTM numbers differ slightly from those reported
in Jumelet et al. (2019) because we use our per-token con-
tribution measure in our reimplementation of their code. We
find the contribution measurements of Jumelet et al., zg =
73/% = Zp/(Zp + Z + Zs), are problematic when it is pos-
sible for the logits to be negative. For example, if Z and Zg
are both negative, then zg > 0, which is unintuitive given the
in-focus partition contributed negatively. Furthermore, neg-
ative logit values can distort the denominator when summed
with other, positive logit values.

verbs. This pattern aligns with the LSTM contri-
butions and demonstrates that the proposed GCD-
T is comparable to the original GCD for LSTMs.

C.2 Sentiment Detection

GCD-T also provides insight into how word to-
kens become contextualized across the layers of
the model, by permitting manipulation of the
Transformer layer at which tokens are first parti-
tioned into 8 and v components. We call this the
partitioning layer. By default, partitioning occurs
prior to the first layer (layer 0), but withholding
this until a higher layer allows for inter-component
interactions to occur up to the partitioning layer.
This application of GCD is an innovation of our
work. To illustrate how contextualization analysis
can be performed with GCD-T, we apply it to the
widely used task of sentiment detection.

We additionally compare GCD-T to traditional
Shapley values using the package shap.!” The
latter method computes model-level rather than

7https://github.com/shap/shap
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Figure 8: Example sentiment detection net-positive contributions to negative, neutral, and positive classes using a)
GCD-T (layer-level decomposition) and b) Shapley values (model-level decomposition). The first and last token

are the special tokens <s> and </s>.

layer-level decompositions, meaning shap gives
less accurate estimations for large models like
Transformers.

Figure 8 shows an example using a RoOBERTa
sentiment detection model (Loureiro et al., 2022)
with a 1.5/5-star review for the movie Joker: Folie
a Deux from the review aggregator website Rot-
ten Tomatoes. With GCD-T, when components
are partitioned before the first encoder layer (Fig-
ure 8a(i)), the start of the review (“I respect the
visuals, I respect the performances”) is interpreted
as contributing a positive sentiment. When parti-
tioning is done just prior to the final layer (Figure
8a(ii)), the words instead contribute neutrally to
the sentiment. This is a result of the tokens get-
ting contextualized across layers, likely because
the review conclusion (“but... nah”) forces a
reinterpretation of the rest of the sentence. Con-
versely, the model-level Shapley value decompo-
sition (Figure 8b) incorrectly shows “respect the
visuals” and “respect performances” as contribut-
ing a negative sentiment.

Note that the model was originally trained to
classify the sentiment of sequences, not individual
tokens. Yet GCD-T still allows us to study the to-
ken level representational contributions learned by
the model.'® Because GCD-T does not require fur-
ther model or probe training it is thus highly com-
putationally efficient compared to other probing
techniques. For instance, unlike Integrated Gra-
dients (Sundararajan et al., 2017; Sanyal and Ren,
2021), GCD-T does not require the costly compu-

8The original final classifier logits are equivalent to the
summation of all GCD-T token contributions, plus the con-
tribution of bias parameters.

tation of gradients during the forward pass.

D SPRL Comparison to Prior Models

We compare the performance of RoBERTa and
GPT-2 on the Decomp V1 dataset with models
proposed by prior works: Logistic Regression
(LR) (Reisinger et al., 2015), CRF (Teichert et al.,
2017), and BiLSTM (Reisinger et al., 2015). Re-
sults are shown in Table 6. As we use the re-
sults reported by the original authors, the LR,
CREF, and BiLSTM F1 scores are only for the sen-
tences present in the original V1 dataset. Note
that ROBERTa and GPT-2 models are additionally
trained on Decomp V2 and passive sentences from
our data augmentation process (described in §A),
making the task more complex and the models
more robust; however, there is a slight trade-off in
performance on the original Decomp V1 dataset.

E Human Experiment Examples

For our human experiment, Table 5 shows an ex-
ample set and Figure 9 shows the task given for
the INANIMATE-ARG/Object arrangement.

Read the sentence below and answer the question using the scale below it.
John queked the wise dunt.
How likely or unlikely is it that the wise dunt caused the queking to happen?

very somewhat
unlikely unlikely

not enough somewhat very
information likely likely

Figure 9: Example of display shown to participants.
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Sentence Condition Position
John wanted the veect dunt. PRED
John queked the wise dunt. MoD Object
John queked the veect bird. ANIMATE-ARG
John queked the veect book.  INANIMATE-ARG
The veect dunt wanted John. PRED
The wise dunt queked John. MobD .

Subject

The veect bird queked John.

The veect book queked John.

ANIMATE-ARG
INANIMATE-ARG

Table 5: Example set of stimulus in all arrangements.
Emphasis not shown to participants.

LR CRF BIiLSTM RoBERTa GPT-2
Active  Passive  Active  Passive
instigation 76.7 85.6 88.6 84.4 90.6 82.8 92.2
volition 69.8 86.4 88.1 86.5 93.1 86.2 92.5
awareness 68.8 87.3 89.9 89.8 94.2 87.8 94.0
sentient 42.0 85.6 90.6 84.1 93.5 84.5 93.9
existed_before 79.5 84.8 85.1 86.9 89.4 85.9 86.8
existed_during 93.1 95.1 95.0 93.5 96.9 94.0 96.7
existed_after 823 875 85.9 87.1 90.3 85.9 89.0
A_state 54.6 66.1 71.0 67.5 69.6 67.0 70.1
A_possession 0.0 38.8 58.0 61.8 71.8 61.8 71.8
A_location 6.6 35.6 45.7 53.4 51.3 53.2 58.5

Table 6: Binary F1 scores of models on Decomp V1.
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