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Abstract

Self-attention weights and their transformed
variants have been the main source of informa-
tion for analyzing token-to-token interactions
in Transformer-based models. But despite their
ease of interpretation, these weights are not
faithful to the models’ decisions as they are
only one part of an encoder, and other compo-
nents in the encoder layer can have consider-
able impact on information mixing in the out-
put representations. In this work, by expand-
ing the scope of analysis to the whole encoder
block, we propose Value Zeroing, a novel con-
text mixing score customized for Transformers
that provides us with a deeper understanding
of how information is mixed at each encoder
layer. We demonstrate the superiority of our
context mixing score over other analysis meth-
ods through a series of complementary evalu-
ations with different viewpoints based on lin-
guistically informed rationales, probing, and
faithfulness analysis. '

1 Introduction

Transformers (Vaswani et al., 2017), with their im-
pressive empirical success, have become a prime
choice of architecture to learn contextualized repre-
sentations across a wide range of modalities, such
as language (Devlin et al., 2019; Brown et al.,
2020), vision (Dosovitskiy et al., 2021), vision-
language (Radford et al., 2021; Rombach et al.,
2022), and speech (Baevski et al., 2020), mainly
due to their ability to utilize pairwise interactions
between input tokens at every timestep.

To better understand the inner dynamics of
Transformers, we need to trace the information
flow from the input embeddings up to the output
representation (including quantifying the degree
of context mixing, which we will define below).
The attention weights from the multi-head atten-
tion mechanisms offer a straightforward starting

'Code is freely available at https://github.com/
hmohebbi/ValueZeroing

point for understanding this flow, and these weights
(‘raw attention’) have been used in many studies
(Clark et al., 2019; Kovaleva et al., 2019; Reif et al.,
2019; Htut et al., 2019a, inter alia). However, the
reliability and usefulness of raw attention weights
has also been questioned (Jain and Wallace, 2019;
Bibal et al., 2022). In particular, attention weights
tend to concentrate on uninformative tokens in the
context (Voita et al., 2018; Clark et al., 2019), and
removing or altering them may lead to the same
and sometimes even better model performance on
downstream tasks (Jain and Wallace, 2019; Toneva
and Wehbe, 2019; Hassid et al., 2022). These find-
ings suggest that Transformers do not solely rely on
self-attention, and other components in the encoder
block play an essential role in information mixing.

A number of methods have been proposed to
compute some form of ‘effective attention weights’,
with the goal of more faithfully tracing the relative
contributions of different input tokens at various
layers of the Transformer (as we will discuss in
Section 2). These methods show an improvement
over raw attention, but still ignore key components
of the Transformer encoder block. This is a partic-
ularly crucial shortcoming, given that most of the
parameter budget in a Transformer encoder is spent
on position-wise feed-forward networks outside
of the self-attention component, which can have a
considerable impact on the degree of information
mixing in the output representations.

In this paper, we focus on context mixing: the
property of Transformers that in each node, at each
layer, information from the context can be incor-
porated into the representation of the target token.
We propose Value Zeroing, a novel approach to
quantify the contribution each context token has in
determining the final representation of a target to-
ken, at each layer of a Transformer. Value Zeroing
is based on the Explaining-by-Removing intuition
(Covert et al., 2021) shared by many posthoc in-
terpretability methods, but it takes advantage of
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a specific feature of Transformers: it zeroes only
the value vector of a token ¢ when computing its
importance, but leaves the key and query vectors
(and thus the pattern of information flow) intact.

Based on extensive experiments and three com-
plementary approaches to evaluation, we demon-
strate that importance scores we can obtain with
Value Zeroing provide better interpretations than
other analysis methods.

Firstly, we use a set of grammatical agreement
tasks from the BLiMP corpus (Warstadt et al.,
2020) as a case study. Transformer-based mod-
els do extremely well on the task of distinguishing
grammatical from ungrammatical sentences, and
the BLIMP corpus provides information on the cue
words that determine the difference. We find that
Value Zeroing, unlike earlier approaches, indeed re-
veals that Transformers make use of relevant cues.

Secondly, we use information-theoretic probing
(Voita and Titov, 2020; Pimentel et al., 2020) as an
independent approach to track information flow in
Transformer networks. The scores we obtain with
Value Zeroing turn out to be highly correlated with
layer-wise probing performance; that is, probing
accuracy is higher in layers where relevant tokens
are more effectively utilized by the model.

Thirdly, we assess the faithfulness of our method
(Jacovi and Goldberg, 2020); compared to alterna-
tive analysis methods, we show that Value Zeroing
is not only more plausible and human-interpretable,
but also more faithful to models’ decisions.

2 Related Work

While numerous studies have leveraged the weights
assigned by the self-attention mechanism to gain
intuition about the information mixing process in
Transformers (Clark et al., 2019; Kovaleva et al.,
2019; Reif et al., 2019; Lin et al., 2019; Htut et al.,
2019b; Raganato and Tiedemann, 2018), it is still
a matter of debate whether attention weights are
suitable for interpreting the model (see Bibal et al.
(2022)’s study for a full discussion). Thus several
post-processing interpretability techniques have
been proposed to convert these weights into scores
that provide a more detailed interpretation of the
inner workings of Transformers. We review the
main approaches below.

Abnar and Zuidema (2020) propose the
attention-flow and attention-rollout methods to ap-
proximate information flow in Transformers based
on raw attention weights. The former treats raw

attention weight matrices as a flow network and
returns the maximum flow through each input to-
ken. The latter recursively multiplies the attention
weight matrix at each layer by the preceding ones.
There is, however, an unjustified assumption in
the formulation of these methods that both multi-
head attention and residual connections contribute
equally to the computation of the output.

Kobayashi et al. (2020) propose a method that
incorporates the norm of the transformed value vec-
tors and report a negative correlation between these
norms and raw attention weights on frequent to-
kens, which partially explains the insufficiency of
raw attention weights for context mixing estima-
tion. Kobayashi et al. (2021) extend this method
to the whole self-attention block by incorporating
Residual connections (RES) and Layer Normaliza-
tion (LN) (two components with significant impact
on both model performance and training conver-
gence (Parisotto et al., 2020; Liu et al., 2020)), but
demonstrate that RES and LN components largely
cancel out the mixing process. Kobayashi et al.
(2021)’s method, however, ignores the effect of the
second sublayer in a Transformer’s encoder.

Brunner et al. (2020) and Pascual et al. (2021)
employ a gradient-based approach for analyzing
the interaction of input representations, but the gra-
dient measures the sensitivity between two vectors
and ignores the impact of the input vector. In our
experiments we show that despite their relative suc-
cess in explaining model decisions, gradient-based
approaches are not suitable for layer-wise analysis.

More recently, the effectiveness of combin-
ing these approaches has also been investigated.
Modarressi et al. (2022) propose a method that
uses Kobayashi et al. (2021)’s scores and incorpo-
rates the effects of the second layer normalization;
they aggregate those scores using rollout (Abnar
and Zuidema, 2020) to provide global token attri-
butions. In the same vein, Ferrando et al. (2022)
use rollout to aggregate a variant of Kobayashi et al.
(2021)’s scores: instead of relying on the Euclidean
norm of the transformed vector, they measure Man-
hattan distance of each transformed vector to the
context vector outputted from self-attention block.
In both studies, however, the fact that these con-
text vectors might undergo significant changes after
passing through the second sublayer in the encoder
layer is not taken into account. We will show (in
Section 7) that even at a global level, our scores
provide better interpretation than prior methods.
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3 Our Proposed Method

To remedy for the limited scope of the existing
methods, we introduce a new context mixing score
that takes into account all components in a Trans-
former encoder block.

3.1 Background and Notation

In this section, we set up the notation and briefly
review the internal structure of an encoder layer in
the Transformer architecture.

Each Transformer encoder layer is composed of
two sublayers: a multi-head self-attention mecha-
nism (MHA) and a position-wise fully connected
feed-forward network (FFN), followed by a Resid-
ual connection (RES) and Layer Normalization
(LN) around each of these two sublayers. This
encoder layer produces the next contextualized rep-
resentations (&1, ..., &, ) for each token in the con-
text, using the output representations from the pre-
vious layer (1, ..., Z,).

MHA. Foreachhead h € {1, ..., H} in the self-
attention module, each input vector x; is trans-
formed into a query qf»l, a key kf, and a value vzh
vector via separate trainable linear transformations:

q! =z, W, + b, (1)
k! = 2, Wh + b )
ol =, Wl + bl (3)

The context vector zzh for the i token of each
attention head is then generated as a weighted sum
over the transformed value vectors:

n

h h h

2= i) (4)
j=1

h is the raw attention weight assigned

where o' ;

to the jM token, and computed as a softmax-
normalized dot product between the corresponding

query and key vectors:

ijX \/&

Next, the context vector (z; € R%) for the i to-
ken is computed by concatenating all the heads’
outputs followed by a head-mixing Wy projection
and layer normalization:

qik;
o j = softmax eR (®)]

z; = CONCAT(z}, ...,z YWp (6)

z; = LNmua(2zi + ;) (7

FFN. Each encoder layer also includes two linear
transformations with a ReLU activation in between,
which is applied to every z; separately and identi-
cally to produce output token representations &;:

Z; = max(0, ;Wi + b1 )Wy + by (8)
Z; = LNpen(Zi + 2)) 9

3.2 Value Zeroing

We aim to measure how much a token uses other
context tokens to build its output representation
&; at each encoder layer. To this end, we treat
the self-attention mechanism as a fuzzy hash-table,
where we look up the sum of values weighted by
the query-key match in the context. Thus in Eq. 4
we replace a value vector associated with token
7 with a zero vector vé? < 0,Yh € H, where the
context vector for the i token is being computed.
This provides an alternative output representation
;" for the i token that has excluded token j in
the mixing process. By comparing the alternative
output representation &;” with the original Z;, we
can measure how much the output representation
is affected by the exclusion of the j™ token:

Cij =&, * & (10)
where the operation * can be any pairwise distance
metric that properly considers the characteristics
of the model’s representation space. We opted
for cosine distance throughout our experiments as
its superiority over other dissimilarity metrics has
been supported for textual deep learning models
(Yokoi et al., 2020; Hanawa et al., 2021).2 Com-
puting Eq. 10 for all &; in a given context provides
us with a Value Zeroing matrix score C where the
value of the cell C; ; € R (" row, j™ column) in
the map denotes the degree to which the i token
depends on the 7 token to form its contextualized
representation.

Note that unlike generic perturbation approaches,
our proposed method does not remove the token
representations x; from the input of an encoder. We
argue that ablating input token representations can-
not be a reliable basis to understand context mix-
ing process since any changes in the input vectors
will lead to changes in the query and key vectors
(Eq. 1 and 2), resulting in a change in the attention
distribution (cf. Eq. 5). Consequently, there will

2More details on the choice of distance metric is discussed
in Appendix A.1.
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Phenomenon UID Example Target word Foil word
Anaphor Number Agreement ana  Many teenagers were helping [MASK]. themselves herself
Determiner-Noun Aereement dna  Jeffrey has not passed [MASK] museums. these this
& dnaa Sara noticed [MASK] white hospitals. these this
. darn  The pictures of Martha [MASK] not disgust Anne. do does
Subject-Verb Agreement rpsv  Kristen [MASK] fixed this chair. has have

Table 1: Examples of the selected tasks with our annotations from the BLiMP benchmark (UIDs are unique

identifiers used in BLiMP). Cue words are underlined.

be a discrepancy between the alternative attention
weights and those for the original context. Instead,
our method only nullifies the value vector of a spe-
cific token representation. In this way, the token
representation can maintain its identity within the
encoder layer, but it does not contribute to form-
ing other token representations. Moreover, since
our Value Zeroing is computed from the encoder’s
layer outputs, it incorporates all the components in-
side an encoder layer such as multi-head attention,
residual connection, layer normalization, and also
feed-forward networks, resulting in a more reliable
context mixing score than previous methods.

4 Experimental Setup

4.1 Data

We used the BLIMP benchmark (Warstadt et al.,
2020) which contains a set of pairs of minimally
different sentences that contrast in grammatical ac-
ceptability under a specific linguistic phenomenon.
The benchmark isolates linguistic phenomena such
that only one word determines the true label of
each sentence. We refer to this crucial context to-
ken as the cue word. The nature of this task makes
it especially suitable for evaluating context mix-
ing scores, since it gives us a strong hypothesis on
which context token is the most relevant for the
representation of the masked target word.

From this benchmark, we select five datasets
with three different linguistic phenomena for which
Pre-trained Language Models (PLMs) have shown
high accuracy to ensure that the model captures the
relevant information. We expand contractions such
as doesn’t — does not) and generate dependency
trees using SpaCy (Honnibal and Montani, 2017)
to extract and annotate the position of target and
cue words in a sentence. In Table 1, we provide
an example of each phenomenon in the benchmark
together with our automated annotations. We accu-
mulate examples from the five selected tasks as a
unified dataset for grammatical agreement, result-

ing in 4,276 data points, and divide them equally
into Train and Test sets. The Train set is only used
for the fine-tuning phase; the Test set is used for all
evaluation experiments.

4.2 Target Model

We conduct our experiments on three Transformer-
based language models: BERT (uncased, Devlin
et al., 2019), RoBERTa (Liu et al., 2019) and
ELECTRA (Clark et al., 2020).> The results for
the latter two are reported in Appendix A.3. By
replacing the target words with the [MASK] token,
we perform a Masked Language Modeling (MLM)
task using the model’s pre-trained MLM head. For
instance, in the Subject-Verb Agreement example
“The pictures of Martha do not disgust Anne.”, we
replace the verb ‘do’ with the [MASK] token and
feed the example to the model.

We perform our experiments on both pre-trained
and fine-tuned versions of each model. Including
a fine-tuned model in our analysis study gives us
a complementary insight into the importance of
the cue words, since fine-tuning allows the model
to concentrate on the most helpful words for the
downstream task of choice (i.e., agreement) and
makes sure that target word representations take the
cue word into account. We use prompt fine-tuning
(Schick and Schiitze, 2021a,b; Karimi Mahabadi
et al., 2022) and compute Cross Entropy loss only
over the output logits corresponding to the target
and foil classes. Accuracy is 0.96 for pre-trained
and 0.99 for fine-tuned BERT.

4.3 Baselines

Here we describe the existing context mixing meth-
ods which we include in our experiments. For each
method, we select the m™ row of its context mixing
map where m is the position of the [MASK] token,
resulting in a 1-D array of scores for each context

Base, with 12 layers and 12 attention heads, obtained
from the Transformers library (Wolf et al., 2020).
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token. We normalize the scores for all tokens in
a sentence so that they are all positive values and
sum to one. For completeness, we also include
a few gradient-based attribution methods in our
comparisons.

Rand: random scores generated from a uniform
distribution for each sentence in the dataset.

Attn: raw attention scores o, from Eq. 5.

Attn-rollout: An aggregation method for approx-
imating the attention flow based on raw attention
weights (Abnar and Zuidema, 2020).

Attn-Norm: norm-based method of Kobayashi
et al. (2020) that also incorporates the norm of
the transformed input vectors to compute context
mixing scores.

Attn-Norm + RES + LN: the extended norm-
based method of Kobayashi et al. (2021) in which
they also incorporates Residual connection (RES)
and Layer Normalization (LN) located only in the
first sublayer of a Transformer’s encoder.

GlobEnc & ALTI: Two global token attribution
methods proposed by Modarressi et al. (2022) and
Ferrando et al. (2022). For a fair comparison,
we exclude the aggregation through rollout in our
first two evaluations (referred to as GlobEnc— and
ALTI-), because we are interested in assessing con-
text mixing scores at each layer separately. In our
third evaluation, we compare these methods with
others at a global level and use rollout.

GradXinput, IG & DL: feature attribution scores
that also make use of top-down information
from the classification layer on top of the Trans-
former. We consider three popular variants of
gradient-based attribution scores: Gradientx Input
(GradXinput) (Samek et al., 2019; Yuan et al.,
2019), Integrated Gradients (IG) (Sundararajan
et al., 2017), and DeepLift (DL) (Shrikumar et al.,
2017). For gradient-based methods, we use the
pre-trained MLM head which has been trained dur-
ing the pre-training of the BERT to compute the
gradient of the true label with respect to the token
representations at each layer.

5 Evaluation 1: Cue Alignment

As cue words are the only indicators of the true la-
bels in our dataset, we expect that when the model
performs well, it overwhelmingly depends on these
words to form the representation of a [MASK] to-

ken in a given context. To quantify the alignment
between a context mixing score and the cue word,
we first define a binary cue vector & according to
the following condition:

& =

{1, the i token € Cue words an

0, otherwise

Then we compare the cue vector and the prediction
of a context mixing score S in two different ways:

Dot Product. We quantify cue alignment as S - &,
which measures the total score mass the model
assigns to cue words to form the representation of
the target token.

Average Precision. We quantify cue alignment
as the average precision between the two vectors,
which is a weighted mean of precision at each recall
level:

AP=> (R, - R, 1)P, (12)

n

where P, and R,, are the precision and recall at the
n'M threshold. This metric relies on the ranking of
tokens rather than the magnitude of their weights.*

Figures 1 and 2 show the alignment between
the cue vector and different analysis methods us-
ing dot product and average precision for the pre-
trained and fine-tuned model, respectively. In com-
parison with the other context mixing methods,
Value Zeroing shows a higher degree of the target
model incorporating cue words into the representa-
tion of the [MASK] token across all layers.

As can be seen from the first two columns in
all graphs, raw self-attention weights (Attn) al-
ways perform worse than even random scores in
highlighting cue words. This is in line with pre-
vious studies showing that raw attention weights
often pay attention to uninformative tokens (Voita
et al., 2018; Clark et al., 2019) and do not reflect
the appropriate context (Kim et al., 2019). How-
ever, we can see a significant improvement in the
results for Attn-norm where the norm of trans-
formed value vectors are also taken into account,
confirming that value vectors play an essential role
in the context mixing process. The method Attn-
norm + RES + LN, which expands Attn-norm to
the whole self-attention block by adding Residual

*We also employed Probes-needed (Zhong et al., 2019)
metric in our evaluation which intuitively counts the number
of non-cue tokens we need to probe to find cue words based on
a given score. As its motivation is similar to Average Precision

and the results show the same pattern, we relegate the results
with this metric to the Appendix A.2.
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Figure 1: Layer-wise alignment between the cue vector and different analysis methods averaged over Test set
examples for the pre-trained model. Higher value (darker color) is better.
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Figure 2: Layer-wise alignment between the cue vector and different analysis methods averaged over Test set
examples for the fine-tuned model. Higher value (darker color) is better.

connection and Layer Normalization, would seem
to show that the model is incapable of utilizing the
cue words. However, incorporating also the second
part of the encoder layer via our method shows the
model does indeed use the cue words. We also find
that GlobEnc and ALTTI benefit from the rollout
aggregation method to provide a global view, but
they do not seem to provide good layerwise scores
(without rollout).

The gradient-based scores, in contrast to the
other methods, highlight the cue words only in
the earlier layers of the model. In the next section,
by using a layer-wise probing experiment, we will
show that these scores are not reliable for identify-
ing the relevant context in individual layers.

6 Evaluation 2: Context Mixing versus
Probing

In this section, we investigate the relationship be-
tween cue word alignment and probing perfor-
mance across layers. We hypothesize that if a layer
aligns better with the cue word according to a reli-
able context mixing score, then the representation
of the masked token on that layer can be used more
effectively by a probing classifier to decode number
agreement with the cue word.

To verify our hypothesis, we obtain the represen-
tation of masked tokens in test examples across all
layers. Since all examples in our dataset share
the same number agreement property, we asso-
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Figure 3: Layer-wise compression of probing classifiers
using pre-trained and fine-tuned representations.

ciate each masked representation with a Singular
or Plural label. Next, we perform an information-
theoretic probing analysis using Minimum De-
scription Length (MDL) to measures the degree to
which representations encode number agreement.
We chose MDL as our probe since it is theoreti-
cally justified and has been shown to provide more
reliable results than conventional probes (Voita and
Titov, 2020; Fayyaz et al., 2021).

To compute MDL, we employed the online cod-
ing of Voita and Titov (2020). Since MDL can be
affected by the number of data points (N), we mea-
sure compression as our evaluation metric which is
defined as follows:

MDL

where K refers to the number of classes (2 in our
case). This metric is equal to 1 (no compression)
for a random guessing classifier. A higher value for
Compression indicates more accurate label predic-
tion for the probing classifier.

Figure 3 reports compression of probing classi-
fiers based on representations obtained from both
pre-trained and fine-tuned models across all lay-
ers. We also include the results for the embedding
layer of the model (layer 0) which can serve as a
non-contextualized baseline. We can see a jump
in probing performance at layers 4 (1.52 — 1.72)
and 9 (2.03 — 2.45) in the fine-tuned setup, the
same layers for which we found a higher alignment
with cue words in Figures 1 and 2.

Table 2 presents the correlation between layer-
wise Compression scores and layer-wise cue align-
ment scores from Section 5 for different analysis
methods. As we can see, alignment according to
Value Zeroing is highly positively correlated with
the probing performance. This suggests that when
Value Zeroing indicates that the model uses cue
words to form representations of the masked to-
kens in a particular layer, these representations are
in fact better at encoding number agreement.

Compression = (13)

Method T pr

Rand -0.07  -0.02
Attn 0.10 0.08
Attn-norm 0.52 0.56
Attn-norm + RES -0.35 -0.24

Attn-norm + RES + LN 0.12 0.17

GlobEnc— -0.01  -0.12
ALTI- -0.01  -0.12
GradXinput -0.96 -0.99
IG -0.86  -0.77
DL -0.97  -1.00
Value Zeroing 0.65 0.64

Table 2: Spearman’s p correlation between layer-wise
probing performance (Comp.) and layer-wise cue align-
ments based on Dot Product. PT and FT refer to pre-
trained and fine-tuned conditions, respectively.

Recall that based on Figures 1 and 2, according
to the gradient-based methods the masked tokens
pay more attention to the cue words only in earlier
layers. However, we can see a highly negative cor-
relation with probing results for these scores. Due
to the nature of the task the probing score goes up
monotonically along the layers. At the same time,
the gradient attribution score goes up monotoni-
cally as you get closer to the bottom embedding
layers, suggesting that gradient-based methods are
unreliable for layer-wise analysis and identifying
important tokens in the context mixing process.

7 Evaluation 3: Faithfulness Analysis

Our experimental results in Sections 5 and 6 show
that the Value Zeroing score matches our prior
linguistically-informed expectations. However, it
is not always clear whether a plausible context mix-
ing score that matches human expectations is also
faithful to the model and reflects its decision mak-
ing process (Herman, 2017; Wiegreffe and Pinter,
2019; Jacovi and Goldberg, 2020).

In this section we employ the notion of input
ablation (Covert et al., 2021) to evaluate the faith-
fulness of our context mixing score. The influence
of a target token on a model’s decision is often
estimated as the drop in the model’s predicted prob-
ability of the correct class after blanking out the
target token from the input. A higher drop for an
ablated token indicates that the token is more in-
fluential on the model’s decision (DeYoung et al.,
2020; Abnar and Zuidema, 2020; Atanasova et al.,
2020; Wang et al., 2022). We use this blank-out
approach as a base for analyzing and comparing
the faithfulness of context mixing scores.
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Method T T

Rand -0.01 0.00
Attn -0.10  -0.07
Attn-norm 0.19 0.14
Attn-norm + RES 0.03 -0.05
Attn-norm + RES+ LN  -0.08 -0.17
GlobEnc -0.01  -0.09
ALTI 0.17  0.19
GradXinput 0.11  0.16
1G 0.07 021
DL 0.20  0.29
Value Zeroing 0.26 0.31

Table 3: Spearman’s p correlation between the blank-
out scores and different aggregated context mixing and
attribution scores. PT and FT refer to pre-trained and
fine-tuned conditions, respectively.

To estimate the blank-out scores in BERT, we
calculate the probability of its output y using a
softmax function normalized over only the corre-
sponding logit values of target ¢ and foil words
(cf. Table 1), and compute blank-out scores for a
given input token ¢ as p(y.|e) — p(y:|e\e;), where
e; refers to the input embedding of input token
t. We compare these blank-out scores with con-
text mixing scores, aggregated across all layers
of the model. For gradient-based scores, calculat-
ing them with respect to the tokens in the input
embedding layer (¢ = 0) provides us with aggre-
gated scores since the backpropagation of gradients
passes through all layers to the beginning of the
model. For other scores, we use the rollout (Abnar
and Zuidema, 2020) aggregation method.

Table 3 shows Spearman’s rank correlation be-
tween the blank-out scores and different aggregated
context mixing scores. The highest correlation for
our method indicates that Value Zeroing is more
faithful in explaining the model behaviour com-
pared to other analysis methods.

Qualitative Analysis. We also take a closer look
at the aggregated scores for a qualitative compar-
ison. In Figure 4, we illustrate different scores
obtained from a fine-tuned BERT model for a cor-
rectly classified example, where the model is asked
to fill the masked token with one of the verbs were
or is as target and foil classes, respectively. Ac-
cording to Value Zeroing scores, the model mainly
relies on the main subject (pictures) as a cue
word to form a contextualized representation of
the [MASK] token, while the word pictures is also
important for the model’s final decision based on

blank-out: [CLS] the [FiHIES B some hat [INEESKY scar ##ing marcus . [SEP]
Attn: B8 the pictures of some hat [MASK] scar ##ing marcus . [SEP]
Attn-norm: [CLS] the pictures of some hat [MASK] scar ##ing marcus . [SEP]
Attn-norm+RES: [CLS] the pictures of some hat [MASK] scar ##ing marcus . [SEP]
Attn-norm+RES+LN: [GHS] the pictures of some hat [MASK] scar ##ing marcus . [SEP]

GlobEnc: [CLS] the pictures of some hat [MASK] scar ##ing marcus . [SEP]

ALTI: [CLS] the FiliHlifes of some haf [MASK ] &K ##ing marcus . [SEP]
GradXinput: [CLS] the pictures of some hat [MASK] 5éar ##ing [arcus . [SEP]
1G: [CLS] the pictures of some hat [MASK] scar ##ing marcus . [SEP]
DL: [CLS] the pictures of some fiaf [MASK] & #+#ing fafcus . [SEP]

Value Zeroing: [CLS] the piciiites of some hat [MASK] scar ##ing marcus . [SEP]

Figure 4: Most influential tokens on the target represen-
tation in a fine-tuned BERT model according to different
aggregated context mixing scores compared to blank-
out scores.

the blank-out scores. In this example, the blank-
out score for the cue word is 0.99, meaning the
model fully loses its confidence in the target class
when the cue word is replaced with an [UNK]
token. Surprisingly, gradient-based methods tend
to highlight the word hat which is an agreement
attractor, and attention-based scores tend to focus
on the [CLS] token which has been idle during
fine-tuning process.

Overall, our faithfulness evaluation and qualita-
tive analysis suggest that Value Zeroing can explain
model decisions at a global level when it is aggre-
gated across layers. The context mixing maps per
layer are provided in Appendix A.4, where some
more meaningful patterns can be found in Value
Zeroing scores (in both layer-wise and aggregated
setups) in contrast to other context mixing scores.

8 Discussion

Although some desiderata such as plausibility (Lei
et al., 2016; Strout et al., 2019) and faithfulness
(Lakkaraju et al., 2019; Jacovi and Goldberg, 2020)
are taken into account when developing explana-
tion and analysis methods, evaluating them is still
a challenge due to lack of a standard ground truth.
Evaluating context mixing scores, where token-to-
token interactions in a context are also considered,
is even more challenging. Several studies have used
gradient-based scores as an anchor of faithfulness,
and measure how strongly context mixing scores
correlate with them (Jain and Wallace, 2019; Ab-
nar and Zuidema, 2020; Modarressi et al., 2022).
However, the reliability of gradient-based scores
can be questioned, especially when different vari-
ations of them show considerable disagreement
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(Neely et al., 2022; Pruthi et al., 2022; Krishna
et al., 2022). Thus, we suggest using controlled
tasks for which we have strong prior expectations
for evaluating these methods. In our study, we use
a set of number agreement tasks to provide such
priors, since the cue words are the only sources of
information in the context for performing well in
the task.

Another point worth discussing is the concern
raised by Kobayashi et al. (2021) that BERT tends
to preserve token representations rather than mix-
ing them at each layer. We argue that their ob-
servation is due to the context-mixing ratio they
defined by comparing the norm of residual effects
against other token representations. In our view,
this ratio is dominated by residuals and neglects the
fact that a token representation carried by residual
connections is indeed a contextualized representa-
tion outputted from previous layers. We keep the
residuals intact within the encoder layer by zeroing
only the value vectors and focusing on the context
mixing performed by all tokens.

9 Conclusion

In this paper, we propose Value Zeroing as a novel
approach for quantifying the information mixing
process in Transformers to address the shortcom-
ings of previous methods. We performed exten-
sive complementary experiments and showed that
our method outperforms others in three different
evaluation setups. Since our approach requires no
supervision, it could be an interesting option for
improving model efficiency by removing token rep-
resentations across layers.

10 Limitations

As is the case for most attempts at interpreting
Deep Learning models, our evaluation of our (and
others’) proposed methods are not definite since
we have no gold standard of what happens inside
a model, although we try to remedy for that by
conducting independent and complementary evalu-
ation schemes.

Our proposed method is customized for deep
neural models based on the Transformer archi-
tecture and cannot be easily generalized to other
(mathematically different) modeling architectures.
Our evaluations were based on encoder-based mod-
els, and focused on the Text modality. In the future,
we will extend our experiments to more modalities,
such as speech and vision.
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A Appendices

A.1 On the choice of distance function

The purpose of this section is to inspect the impact
of selecting different distance metrics when com-
puting Value Zeroing in Eq. 10. Timkey and van
Schijndel (2021) questioned the informativity of
standard representational distance measures such
as cosine and Euclidean by observing that only a
small subset of rogue dimensions contribute to the
anisotropy of a contextualized representation space.
They proposed using simple post-processing tech-
niques to correct for such these rough dimensions.
We followed their suggestion and normalized the
representations before computing distances, but we
did not observe any noticeable difference in our
scores compared to using non-normalized repre-
sentations (Fig. A.1). We also repeated our ex-
periment with Spearman’s and Euclidean distance
metrics and observed the same pattern in the results
(Fig. A.1).

We believe that in anisotropy studies that use
clustering methods, the choice of distance metrics
is crucial. However, we compute each token’s dis-
tance from itself (not from other tokens) and com-
pare them relatively. This might explain why we
observe the same pattern for different distance met-
rics.

A.2 More metrics

Figure A.2 reports the cue alignment evaluation
for BERT model based on Probes-needed (Zhong
et al., 2019) metric.

A.3 More PLMs

We replicated our experiment for the cue alignment
for two more PLMs; RoBERTa (Liu et al., 2019)
and ELECTRA (generator, Clark et al., 2020). As
we can see in Figures A.3 and A.4, our method
consistently outperforms other methods on all mod-
els in both pre-trained and fine-tuned setups. Due
to the fact that our scores are based on zeroing
value vectors, our method can be easily applied to
any Transformer-based models even with different
modalities.
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Figure A.1: Layer-wise alignment between the cue vec-
tor and different Value Zeroing (VZ) scores computed
based on 1) different distance metric and 2) whether
representations are normalized.

A.4 Qualitative Analysis: Layer-wise Context
Mixing Maps

This section illustrates different context mixing

maps obtained from a fine-tuned BERT model for

the correctly classified example of “The pictures of

some hat [MASK] scaring Marcus.”
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Figure A.2: The layer-wise alignment based on Probes-needed metric between the cue vector and different analysis
methods averaged over Test set examples. Lower value (darker blue) is better.
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Figure A.3: Layer-wise alignment between the cue vector and different analysis methods averaged over Test set
examples for RoOBERTa. Higher value (darker color) is better.
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Figure A.4: Layer-wise alignment between the cue vector and different analysis methods averaged over Test set
examples for ELECTRA. Higher value (darker color) is better.
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[SEP]-
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[SEP]VA
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Figure A.5: Raw attention scores (Attn) averaged over all attention heads at each different layer.
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Figure A.6: Raw attention scores (Attn) aggregated by rollout (Abnar and Zuidema (2020)’s method) across layers.
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[SEP]
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[SEP]
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TEESEEREZE & EERAES X 3 TEEeEERE2s R g
S 2 8 L% 2 S 2 8§ £"¥z 42 S 2 8 L% 2 =
2 Z *E 2 Z *g 2 Z *Eg
[=3 Q Q
Layer: 9 Layer: 10 Layer: 11
[CLS]- [CLS]- [CLS]- [CLS]-
the- the- the- the
pictures- pictures- pictures- | | p|ctures
of - of - of - of -
some- some- [ some- some-
hat- hat- | | hat- | hat-
[MASK]- | [MASK]- [MASK]- [MASK]
scar- scar- scar- || scar-
##ing- ##ing- ##ing- ##ing-
marcus- I. - [ ] marcus- [ ] marcus- marcus-
.- E | | .- | .-
G E | [SEPI. . m ISP, 0 oo o B [SEP]-
GEESEERE2E B TEESEEEE2s B TEEeEERE2s B g
S 2 § L% 2 O 2 g IV¥5 v S 2 g 22%5 4 =)
2 = % 2 = *g 2 = %
[=% a Q
. . N
Figure A.7: Kobayashi et al. (2020)’s scores (Attn-norm) across layers.
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Figure A.8: Kobayashi et al. (2020)’s scores (Attn-norm) aggregated by rollout method across layers.
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Figure A.9: Kobayashi et al. (2021)’s scores (Attn-norm + RES) across layers.
Attn-norm + RES w/ rollout
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Figure A.10: Kobayashi et al. (2021)’s scores (Attn-norm + RES) aggregated by rollout method across layers.
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Figure A.11: Kobayashi et al. (2021)’s scores (Attn-norm + RES + LN) across layers.
Attn-norm + RES + LN w/ rollout
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Figure A.12: Kobayashi et al. (2021)’s scores (Attn-norm + RES + LN) aggregated by rollout method across layers.

3397



GlobEnc without rollout
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Figure A.13: Modarressi et al. (2022)’s scores (GlobEnc—) without aggregation (rollout) across layers.
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[SEPIIN ) L Em [SEP1 9@ [0 LB . [SEP]- I N l . - : [SEPI- M N . :
TEESEEREZE & TEECEEYESS B DEEeEEREZE & TEEoEERE2: B
O 2 § £V¥5 2 S 2 § L£%5 4 S 2 § £V%5 S 2 8 L£"%¥5 2

2 Z *E 2 = *g 2 = *Eg 2 Z *E
Q (=% Q Q

Figure A.14: Modarressi et al. (2022)’s scores (GlobEnc) across layers (the rollout method is inherently incorporated
in GlobEnc).
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ALTI without rollout
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[SEP]VA
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[SEP]-
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[SEP]-
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[SEP]
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Figure A.15: Ferrando et al. (2022)’s scores (ALTI—) without aggregation (rollout) across layers.
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Figure A.16: Ferrando et al. (2022)’s scores (ALTI) across layers (the rollout method is inherently incorporated in

ALTI).
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[SEP]-
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[SEP]-

pictures-
of -
some-
hat-
[MASK]-
scar-
##ing-
marcus-
[ser1 jll

Layer: 11

"

marcus-

[SEP]- ‘
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[SEP]-

3399

Layer: 4
[CLS]
the-
pictures- | |
of - | |
some-
hat-
[MASK]-
scar-
##ing-
marcus- | ]
- ||
[SEP]V“““““‘-
TEECEEEESE E
872 g 298 @
S = #g
a
Layer: 8
[CLS]-
the-
pictures-
of -
some- ||
hat- | |
[MASK]-
scar- [ |
##ing-
marcus- ||
[SEP]V“““““‘.
ANt QLS S -
3FEE°255¢ §
2 g 4 g ¥g 2
2 =
Layer: 12
[CLS]-
the-
pictures-
of-
some-
hat-
[MASK]-
scar- | |
##ing-
marcus- ]
[SEPI M 000 BN
CO Vs ORT SO0 =
355762858 §&
= g 8 £7¥g ®
Q



Layer: 1
[CLS]- [CLS]
the- [ ] the
pictures- pictures-
of- of -
some- || some-
hat- hat-
[MASK]- [MASK]-
scar- [ | scar-
##ing- | | ##ing-
marcus- | | marcus-
[SEPI- .. J [SEP1 M |
GEEcEEgE2s & 7 g
S 2 8 L% 2 =)
X" zZ *E
Q
Layer: 5
[CLs1Hm [CLS]-
the- the-
pictures pictures-
of- | ] of -
some- some-
hat- hat-
[MASK]- [MASK]-
scar scar-
##ing- [ | ##ing-
marcus- | | marcus-
[SEP]- N . - [SEP] N
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Value Zeroing
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17: Our scores (Value Zeroing) across layers.
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[SEP]-
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[SEP]-
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Value Zeroing w/ rollout
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[SEP]-
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[SEP]-
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Figure A.18: Our global scores (Value Zeroing) aggregated by rollout method across layers.
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