Supplementary Materials

A Causal Concept Effects and Metrics for Explanation Methods

Data do not materialize out of thin air. Rather, data are generated from real-world processes with
complex causal structures we do not observe directly. Causal inference is the task of estimating
theoretical causal effect quantities.

When estimating causal effects, researchers commonly measure the average treatment effect, which
is the difference in mean outcomes between the treatment and control groups [42]. Formally, we
define the average treatment effect of binary treatment 7" on an outcome Y under a data generation
process G that represents the unknown details of the real-world.

Definition 6 (Average Treatment Effect; ATE [42,35]).
ATEr(Y,G) =Eg[Y |do(T =1)] — Eg[Y |do(T = 0)]. (11)

The ATE is a theoretical quantity we cannot compute in practice, since we do not have access to G
nor can we observe both interventions for the same subject.

However, we are concerned with estimating the causal effect of variables representing non-binary
concepts in real-world systems, on data in an appropriate format for processing by a modern Al
model that predicts vector encoding probability distributions over outputs.

Let NV be a neural network outputting a probability vector, where its k-th entry represents the
probability to predict the k-th class, and let ¢ be a feature representation (e.g., BERT embedding). In
the context of model explanations, we will define the tools needed to answer three questions:

1. Given a real-world circumstance u that led to input data z5=¢, what is expected effect of a
concept C' changing from value ¢ to value ¢’ on the model output of NV;, provided input data
C=c9
Ty 7

2. What is the expected effect of a concept C' changing from value ¢ to value ¢’ on the output
of the model N provided input data X across real-world circumstances U?

3. What is the magnitude of the expected effect of a changing the concept C on the output of
the model Ny provided input data X across real-world settings U?

For example, in the context of CEBaB, we might ask

1. Given a real-world dining experience v with good food quality (Cyooq = +) that led to
a restaurant review xS« =+_what is the effect of changing the food quality Ceoq from
Ctood = + 10 Crooa = — on the output of an overall-sentiment text classifier N, » provided a
review of the dining experience?

2. What is the expected effect of changing the food quality Ct,0q from positive + to negative —
on the output of the model NV;, across real-world dining experiences that lead to restaurant
reviews?

3. What is the magnitude of the expected effect of a changing food quality Cfooq on the output
of the model N across real-world dining experiences that lead to restaurant reviews?

Each of the above questions requires the estimation of a different theoretical quantity. In respect to
the order of the questions, these quantities are the individual causal concept effect, the causal concept
effect, and the absolute causal concept effect.

We believe the most practical question in explainable Al is: why does this model have this output
behavior for an actual input. For this reason, our focus in the main text is individual causal concept
effects. We define our central metric that captures the performance of an explainer on CEBaB as the
average error on individual causal effect predictions (Definition 3).

We do not evaluate the ability of explainers to evaluate the causal concept effect or the absolute causal
concept effect.
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A.1 Theoretical Quantities

Definition 7 (Causal Concept Effects; [17]). For an exogenous setting u that led to concept C' taking
on value c and the creation of input data x$=¢, the individual causal concept effect of a concept
C changing from value c to ¢’ in a data generation process G on a neural network N with feature
representation ¢ is

ICaCEn;,(G,257°,¢) = Eyng |:N(¢(:E)) | do <g _ ‘;')] — N (p(z§=9)) (12)

The causal concept effect is the effect in general, meaning there is no input data generated from a
fixed exogenous real-world setting:

CaCEn;,(G,C,c,c) = Egng [N (6(2)) | do(C = )] = Eang [N (¢(2)) |do(C =¢)]  (13)

The absolute causal concept effect estimate of the magnitude of the effect a concept has on a classifier
output, regardless the concept values. We aggregate over all possible intervention values in the
following way

1 /
ACQCEN¢(Q,C) = W{C§CC|CGCEN¢(Q,C,C,C)| 5 (14)

where C'is the set of all possible values for concept in addition to denoting the concept itself.>

A.2 Empirical Estimates

Similar to the ATE, causal concept effects are theoretical quantities we can only estimate in reality.
To perform such estimates, we need a dataset consisting of pairs (z¢, :EfL') € D that are drawn from
a data generation process G. A major contribution of this work is crowdsourcing such a dataset,
CEBaB. These pairs allow us to compute empirical estimations of (individual) causal concept effects.

Definition 8 (Empirical Causal Concept Effects). For an exogenous setting u, the empirical individual
causal concept effect of a concept C changed from value c to c, for D sampled from G, on a neural
network N trained on a feature representation ¢ is

ICaCEy;, (¢~ 2{=) = N (o(2{=")) = N (é( =) (15)
Given a full dataset D of such pairs, we can estimate the causal concept effect
— 1 ——— _ .
CaCEy,(D,C,c,c) = e Z ICaCEy;, (x$=¢,25=) (16)
e}

(zg,@5 )eD

And also the absolute causal concept effect

ACaCEy, (D) [CaCEy, (D.C. c. )| an

1
" {{eerCCy 2

(c,c")eC

Notice that the only difference between causal concept effects (Definition 7) and empirical causal
concept effects (Definition 8) is that we change the expectation taken over G to be the average over a
dataset D ~ G.

A.3 Explainer Errors

Given a dataset D and an explainer €, (5, c’) that predicts individual causal concept effects
ICACE;, (x5, ¢'), we define metrics capturing the ability of £ to estimate causal effects by simple
computing the averaged distance between our explainer and the empirical causal effect

>We take the absolute value since CaCEw;, (G, C,c, )= —CaCEw, (G, C, ', c), and these cancel each
other in the summation.
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Definition 9 (Explainer Distances). The average distance between the explainer and the empirical
individual causal concept effects.

ICaCE-Error}\)Q) (€,C e, =
1 — _ 7 _ 7
] > Dist(ICaCEn;, (2=, 25=), En, (2§74, 25=7))  (18)
O lag=cag=yeDe '

The distance between the average of explainer outputs and the empirical causal concept effect

— 1
D c
CaCE-Errory;, (€, C,c, ) = |CaCEn;, (D, C, ¢,¢), 77)8%6/ E En, (x5, )l (9

’ ’
c c c—c
zf,xg €Dg

The distance between the average magnitude of explainer outputs and the empirical absolute causal

effect

ACaCE-Error}\z &,0)=

_— 1 1
ACaCEy,(D,C), ———— — & °.cd 20
UCCEN,(P.O). freey 3 ey L Bl @
(e,c)eC z¢,x €Dg e
where || - || is some distance metric and D¢ is the subset of data where C'is the concept changed and

D”C_’C, is the subset of data where C'is the concept changed from value c to value c'.

In the main text, we use the ICaCE-Error as our primary evaluation metric.
B CEBaB
Our supplementary materials contain a full Datasheet for CEBaB as a separate markdown document.

B.1 Restaurant-level metadata from OpenTable

Table 5 gives an overview of the metadata associated with the original review texts in CEBaB.

Table 5: CEBaB metadata from OpenTable, tabulated at the level of individual original reviews. A
total of 1,084 restaurants are represented in the data.

italian 1076 - 1 star 244
american 654 northeast 863 2 star 1207
french 254 west 634 3star 123
seafood 202 south 470 4 star 330
mediterranean 113 midwest 332 Sstar 395

(a) Cuisine. (b) U.S. regions. (c) Star ratings.

B.2 Crowdworkers

A total of 254 workers participated in our experiments. All of them come from a pool of workers
whom we prequalified to participate in our tasks based on the work they did for us on previous
crowdsourcing projects. Thus, we expected that they would do high quality work, and they more than
lived up to our expectations, as indicated by the high degree of success they achieved when editing
and the high degree of consensus they reached about how to label examples.

There are a total of 642 instances of 15,0006 for which, despite our best efforts, a worker validated an
example that they themselves created during the editing phase. Removing the contributions of these
workers affects the majority in only 24 cases, with no clear pattern to the changes, so we kept all the
validation labels in order to ensure that every example has give responses.
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You will be shown a short review of a restaurant. Your task is to edit the review to change a specific aspect of the review while keeping
everything else the same as much as possible and trying to produce a fluent, natural text. Here are some examples:

1. Example:
Goal: Change the service evaluation to [negative
Original: The food and ambiance were great, and the service was superb.
Edited version: The food and ambiance were great, but the service was very slow.

2. Example:
Goal: Change the cuisine to |Italian
Original: T had a lamb pita that must have been made a week before my meal.
Edited version: 1 had a pepperoni pizza that must have been made a week before my meal.

Previewing Answers Submitted by Workers X
‘This message is only visible to you and will not be shown to Workers.
You can test completing the task below and click "Submit* in order to preview the data and format of the submitted results.

Goal: Change the ${type} to [${goal}
Sentence: ${description}

Make your edits here:

${description}

If you have any questions/suggestions about this task, feel free to leave a comment here. We appreciate your input on this task.

Comment...

Figure 3: Edit phase annotation interface where the task was to convey ‘Positive’ or ‘Negative’ for
the target aspect.

B.3 Editing Phase
A total of 183 workers participated in this phase. Workers were paid US$0.25 per example. Figure 3
shows the annotation interface that workers used when changing the target aspect’s sentiment to

either ‘Positive’ or ‘Negative’, and Figure 4 shows the interface where the task was to hide the target
aspect’s sentiment.

Figure 5 summarizes the distribution of edit distances between original and edited texts. These
distances are calculated at the character-level and normalized by the length of the original or review,
whichever is longer.

B.4 Validation Phase

A total of 174 workers participated in this phase. Workers were paid US$0.35 per batch of 10
examples. Figure 6 shows the annotation interface that workers used.

B.5 Review-level Rating Phase

A total of 155 workers participated in this phase. Workers were paid US$0.35 per batch of 10
examples. Figure 7 shows the annotation interface that workers used.

B.6 Randomly Selected Examples

Table 6 provides a random sample of edit pairs from CEBaB’s dev set.

B.7 Five-way Empirical ATE for CEBaB

Table 7 provides the binary ATE values for CEBaB. These can be compared with the corresponding
five-way values in Table 3d in the main text.

19



‘u31sap Aq 9Aa1]eq | Inq ‘Asiou
Os[e sem J] JBy] UBY) 9SIOM UQAD SBM POOJ 9UJ, "UIRYD IOYO AUe Wolj J[qeysm3unsip

1 TTTTT - + ===t - pooj 9s[ed JOU Sem NUIW Y], °SUISIND) UBI[E)] UIOYIION 9Y} WOIJ SAUSIP owos Jundoadxa sem |
"u31Sap Aq 9A91[eq 1 Inq

‘AS10U SeM ] "UONEBNUAIYIP OU Inq POO3 Sem pooJ Y], "Ureyd Ioyo Aue wolj o[qeysmsaurnsip

¢ TvEee + + 4+ 4+ QUON pooj onI], JOU SeM NUAW JYJ, "SUISIND) UBI[E)] UISYMON 9Y) WOIj soysip awos Suroadxa sem |
1 TCTT°1 - — == - sIou as[eq ‘JUBINE}ISAI pnoj A[QUWIAIIX Ue SI SIY} “I1 JO 118y 9y} Iy
IS A S yun Jun yun Yun yun Yun  SUON asTou aniy, JueIne)sal THILOH © SI SIY3 I JO ey ) Iy
S v v66S un + “un yun ‘yun ‘yun un pooj asteq 0] B JURINEISAI AY) PayI] [
S CvCGCS + + 44+ + pooj asred {78013 USYOIYD 9} PUNO, "[BAW A} PIAO] PUE JO[ B JUBINE)SAI A} PaYI|
‘pasput

9 [‘cee’e + — 44+ + pooj asped  ‘100d AI9A “31 393 0] SQINUIW G, 31 ISBI[ 1Y “J8I3 pAY00d pue Furzewe sem ysip elsed AN
‘paaput ‘100d AIoA 31193 01

1 2TT1T°1 - — = QUON pooj ONIJ,  SAINUIW Gi J1ISBI[ I "P[OJ SeM S pueqsny Aw pue A1aqqni pue Ss9IoAep sem ysip eised AN
*901AIaS pLLIOY JY) sem Jods peq AJuo 9y, ‘uoouralje

Kepung A[Jed ue puads 0] Aem [NJISPUOM Y "UONBSIDAUOD JIQIYUI O} st 9)inb os jou Jnq ‘o)nb

% CEYvYYYy - — = - QOTAIRS as[e  SI 9duBIqUIE U], "POOJ 9ANBAIO ‘QUY PUB OISNW POOL) - JBAIF SI Younlg zze[ Aepung ayJ,
‘uoourolje Aepung A[1ed ue puads 0} Kem [NJIOPUOM Y "UONEBSIIAUOD JIQIYUT

03 se 3armb os jou Jnq ‘}omb st 9ouEIqUIE AY T, ‘Suonsanb Aw Jo [[e paromsue JOATSS AW 9eaId

S 78 2SN + + 4 4+t + QOIAISS os[eJ  Sem QJIAIOS AU, "POOJ QAILAIO ‘AU pUE OJISNW POOL) - 18AI3 SI younig zze[ Aepung Yy,
S vy GCCC un + ‘= Jun ‘yun ‘yun un - QdueiquEe  Is[eq] {[891IQaI0YS I8 UOOUId)Je INO PIAO] M
1 TTT°T°T - yun yun ‘- ‘- ‘-~ - Qoueiquie  ds[eq {YeaIqaIoYS e UOOUId)JR INO PAJRY I\
¢ zccce + + 44+ 4+ 4 + pooj asreq *9[qQUII9) SeM IDTAIAS I INq QFBIOAR 9AOQE SBM POOJ Y],
z cecce - + un ‘= ‘= ‘- QUON poojy L "9[qLII9) SeM IDIAISS AU} Ing ‘95BIOAR Sem POOJ Y],
S vy GGG yun + ‘+ “Jun ‘Yun un jun pooJ as[e] ‘Je1s A[puaLlj KI9A pue palouoy sem Jsanbar A1oag
....... [NOJ SeM YOTym Pealq dPeWwWOoHU\" Jje1s A[puaLly

z (A A A A - — e - pooj as[ed AIoA pue parouoy sem isonbar A10ag jjjiio[qeuosearun A1oA pue 3unsn3sip sem pooq
‘fewl MATAQI S[oqe] Ma1AdI [ew joadse s[oqey 10adse [eoS 1pe  10odse  ;[eurSuo uonduosop

‘qegdD wodj sired 11pa pojdwres Ajwopuey :9 9[qe],

20



You will be shown a short review of a restaurant. Your task is to edit the review to [Fémeowve| specific information:

1. Example:
Goal: [Rémove] the service evaluation
Original: Everything about the food, service, and ambiance was outstanding.
Edited version: Everything about the food and ambiance was outstanding.

2. Example:
Goal: [Rémove| the food evaluation
Original: 1 had a lamb pita that must have been made a week before my meal, but at least the service was prompt.
Edited version: T had a lamb pita, and the service was prompt.

Previewing Answers Submitted by Workers X
This message is only visible to you and will not be shown to Workers.
You can test completing the task below and click "Submit* in order to preview the data and format of the submitted results.

Goal: [Rémove! the ${edit_type}
Sentence: ${original_description}

Make your removal edits here:

${original_description}

If you have any questions/suggestions about this task, feel free to leave a comment here. We appreciate your input on this task.

Comment...

Figure 4: Edit phase annotation interface where the task was to hide the sentiment of the target aspect.
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Figure 5: Normalized edit distances between original texts and those created during the editing phase
for CEBaB.

B.8 Edit variability

In the editing phase we ask human annotators to produce edits of an original review with regard
to some concept. This is inherently a noisy process, which may impact the quality of our final
benchmark. The CEBaB dataset features a modest set of paired edits (176 pairs in total). Each of
these pairs contains two edits, starting from the same original sentence and edit goal, which results in
two different edited sentences. Like all sentences in CEBaB, these edits were labeled for their review
score by human annotators.

Figure 8a shows the distribution of the difference in final review majorities produces by these paired
edits. Most paired edits differ at most by one star in their final majority rating, indicating that in
general there is some noise associated with the editing procedure, but this does not have a major
impact on the final review score. Figure 8b shows the same distribution when we consider the average
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You will be shown 10 short reviews of restaurants. For each, your task is to answer a simple question about it.

Example 1
Review: The food and ambiance were great, but the service was very slow.

Question: What is the 'service evaluation in this review?
Positive
©O Negative

Can't tell

Example 2
Review: Great food; drab, depressing decor, though.

Question: What is the food evaluation in this review?
© Positive
Negative

Can't tell

Previewing Answers Submitted by Workers
This message is only visible to you and will not be shown to Workers.
You can test completing the task below and click "Submit" in order to preview the data and format of the submitted results.

${HITS}

If you have any questions/suggestions about this task, feel free to leave a comment here. We appreciate your input on this task.

Comment...

Figure 6: Validation phase annotation interface.

You will be shown 10 short reviews of restaurants. For each, your task is to guess what star rating the author of the review chose.

Previewing Answers Submitted by Workers
This message is only visible to you and will not be shown to Workers.
You can test completing the task below and click "Submit* in order to preview the data and format of the submitted results.

1
Review: ${item1_description},

Question: What star rating did the author attach to this review?
1 star: terrible
2 stars
3 stars: ambivalent or mixed
4 stars

5 stars: excellent

Figure 7: Review-level annotation interface.

Table 7: Empirical ATE for the binary sentiment labels in CEBaB. Reversing concept order results in
the negation of the value given.

Negto Pos NegtoUnk Posto Unk

food 0.77 0.49 —0.41
service 0.25 0.20 —0.16
ambiance 0.14 0.18 —0.14
noise 0.08 0.04 —-0.14
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Figure 8: Pairwise absolute difference in majority (a) and average (b) review score for all double
edits. Figure (a) only considers the 132 pairs where both edits have an actual review majority. Figure
(b) considers all 176 pairs. Averages of the distributions are shown with a dotted vertical line.
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Figure 9: Pairwise review majority distribution for all double edits in 5-way (a), ternary (b), and
binary (c) classification settings. Figures (a) and (b) consider only the 132 pairs where both edits
have an actual review majority. Figure (c) considers the 76 pairs that have both a review majority and
non-neutral labels.

review score an edit received, as opposed to the majority score. If we consider these average scores,
most of the paired edits differ only slightly in their resulting review score.

Figures 9a-c shows the distribution of this pairwise review score in more detail. In an idealized setting
without variability, the distribution would be centered around the diagonal of the heatmap. When
going from 5-way classification to ternary and binary classification, the variability introduced by the
edits becomes less relevant with regard to the final review majority label.

C CEBaB Modeling Experiments

This section reports on standard classifier-based experiments with CEBaB, aimed at providing a sense
for the dataset when it is used as a standard supervised sentiment dataset. We report experiments on
the aspect-level and review-level ratings. In addition, we present evidence that author identity does
not have predictive value.

C.1 Experiments Set-up

We rely on the Hugging Face transformers library.® [56] We train our models with 4 Nvidia 2080
Ti RTX 11GB GPUs on a single node machine. We use a maximum sequence length of 128 with a
fix batch size of 32 with a initial learning rate of 2¢~°. We run each experiment 5 times with distinct
random seeds. We train our models with a minimum epoch number of 5 with our largest training set.
We linearly scale our training epoch number by the size of the training set. We skip hyperparameter

6https ://github.com/huggingface/transformers
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Table 8: Model performance results for sequence classification as well as aspect-based sentiment
analysis (ABSA) under 3 training conditions. Mean Macro-F1 scores across 5 runs with distinct
random seeds are reported.

Exclusive Inclusive
Model Binary Ternary 5-way ABSA Binary Ternary 5-way ABSA
dev split
BERT 0.97 0.82 0.68 0.88 0.98 0.85 0.72 0.90
GPT-2 0.97 0.80 0.67 0.88 0.98 0.84 0.70 0.89
LSTM 0.94 0.75 0.59 0.83 0.96 0.82 0.68 0.87
RoBERTa 0.99 0.83 0.71 0.89 0.99 0.86 0.76 0.90
test split
BERT 0.97 0.82 0.70 0.87 0.98 0.84 0.73 0.89
GPT-2 0.97 0.80 0.65 0.87 0.97 0.83 0.68 0.89
LST™ 0.94 0.75 0.60 0.82 0.96 0.81 0.68 0.87
RoBERTa 0.98 0.83 0.70 0.88 0.99 0.86 0.75 0.90

tuning for optimized task performance as our goal for this paper is to evaluate explanation methods.
We release all of our models on Huggingface Dataset Hub.

C.2 Models

We include 4 different types of models, including BERT (bert-base-uncased) [7], RoBERTa
(roberta-base) [29], GPT-2 (gpt2) [38], as well as LSTM with dot-attention [31]. Our LSTM
model uses bert-base-uncased tokenizer for simplicity. We initialize the embeddings of tokens
for our LSTM using fastText [24]. We reconfigure the classification head all other models the same
classification head as in ROBERTa as a non-linear multilayer perceptron (MLP).”

C.3 Multi-class Sentiment Analysis Benchmark

We report model performance results under 3 training conditions: Binary Classification, where we
label reviews with 1 star and 2 star ratings as negative, reviews with 4 star and 5 star as positive, and
3-star reviews are dropped; Ternary Classification, where we add another neutral class for reviews
with 3 star ratings; and 5-way Classification, where each star rating by itself is considered as a class.
We leave out reviews in the train set in the ‘no majority’ category. (Dev and Test do not contain any
such examples.) Table 8 shows the performance results for our models under different conditions.
Our results suggest that RoBERTa has the edge over others across all evaluated tasks.

C.4 Aspect-based Sentiment Analysis Benchmark

Our dataset can be naturally used as an aspect-based sentiment analysis (ABSA) benchmark. For
each sentence, it may contain up to 4 aspects with respect to the reviewing restaurant. As ABSA
benchmarks are usually small and sparse with missing labels, our dataset provides validated aspect-
based labels, and is one of the largest human validated ABSA benchmark.

To evaluate model performance, we adapt standard finetuning approach for ABSA benchmarks
as proposed by [49]. Instead of single sentence classification, we add another auxiliary sentence
representing the aspect. For instance, to predict the label for the ‘food’ aspect for “the food here is
good but not the service”, we append a single aspect token with a separator, and construct our input
sentence as “the food here is good but not the service [SEP] food”. Table 8 shows the performance
results for our models under different conditions.

"We implemented T5 (t5-base; [39]) as a text-to-text model with the goal of treating predicted tokens
as class labels. However, this raised unanticipated implementation questions concerning how to post-process
multi-token class labels (e.g., “very positive”) for use in our explainer methods. As a result, we have elected to
leave the TS results out of the current draft, but we intend to include them in the next version once they have
been more thoroughly vetted.
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Table 9: Model performance on top-k author identity prediction with number of train and dev
examples.

Model Accuracy Macro-F1 # train # dev
Random (k=5) 0.16 0.15 1105 227
Random (k=10) 0.10 0.10 2072 519
Random (k=15) 0.07 0.07 2963 741
RoBERTa (k=5) 0.27 0.16 1105 227
RoBERTa (k=10) 0.14 0.05 2072 519
RoBERTa (k=15) 0.11 0.04 2963 741

C.5 Author Identity Prediction

One potential artifact of our benchmark is edited sentence may expose author identity, which may
result in artifact in interpreting model performance. To quantify this potential artifact, we train models
to predict author identities based on the sentences. We create author identity prediction dataset by
aggregating our dataset by anonymized worker ids. We then split the dataset into train/dev with
a 4-to-1 ratio. For model training, we finetune RoBERTa for 5 epochs with a batch size of 32, a
learning rate of 2¢~5, and a maximum sequence length of 128. Note that we only consider top-k
annotators ranked by their contributions (i.e., number of examples in our dataset). Table 9 shows
the performance results of our finetuned models with a random classifier. Our results suggest that
potential artifacts may exist but only for a limited extend.

D Additional Results

In this section, we report additional results for bert-base-uncased, roberta-base, gpt-2, and
an LSTM, fine-tuned on binary, ternary and 5-way versions of the sentiment task. These models are
described in Appendix C. Table 10 summarizes all the results.

We refer to the results section in the main text for an explanation of the different metrics considered.
Which metric is best depends on the final use-case and whether it is more important to estimate the
direction or the magnitude of the effect.

ICaCE-cosine Figure 10 shows the results for the ICaCE-Error with the cosine distance metric.
The explanation methods that take the direction of the intervention into account (Approx, CONEXP,
S-Learner) are the clear winners across all different models considered. S-Learner marginally wins
across the most settings, but the conceptually simple Approx baseline is a close second. The strong
performance of this simple baseline across the board suggests that most methods perform subpar, and
that there is potential value in developing better concept-based model explanation methods.

Both TCAV and ConceptSHAP struggle to achieve better-than-random performance across all settings.
Further analysis is needed to exactly understand why these methods are struggling.

Some additional trends emerge that require more analysis to fully understand. For example, Approx
generally increases in performance when evaluated on more fine-grained classification settings, while
CONEXP is typically worse here.

ICaCE-normdiff Figure 11 shows the results for the ICaCE-Error with the normdiff distance
metric. In general, it is more difficult for explanation methods to estimate the magnitude of the
intervention effect when the task increases in complexity. For a given explanation method and model,
best results are often achieved for the binary classification problem.

The conceptually simple Approx baseline wins across the board. S-Learner is only able to match its
performance a few times. While previous results already showed that most of the methods fall behind
the Approx baseline, the results are particularly striking for this metric.

While S-learner and CONEXP were somewhat comparable on the cosine metric, their differences
become clear on the normdiff metric: S-Learner is better at estimating the magnitude of the
intervention.
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An interesting trend can be observed for TCAV, which has good performance on the binary task but
becomes worse than random when evaluated on the ternary and 5-way settings. ConceptSHAP is the
only method that consistently breaks the upward trend when going from ternary to the 5-way setting.
More analysis is needed to understand both these phenomena.

ICaCE-L2 Figure 12 shows the results for the ICaCE-Error with the L2 distance metric. Because
this metric takes both the scale and direction of the effect into account, it is slightly harder to interpret.
In general, the performance drops when evaluated on more fine-grained classification settings.

Again, the Approx baseline is a strong contestant, but on this metric the results are more varied.
S-Learner is consistently the best at producing the closest explanation in Euclidian distance to the
real effect for the 5-way setting.
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Figure 10: ICaCE-Error for all experiments using the cosine distance metric. Lower is better.
Results averaged over 5 distinct seeds. Error bars (in gray) display the standard deviation. Stars
denote the best results for a given classification setting.

E CausaLM

E.1 Our adaptation

The CausalLM algorithm was originally designed to estimate the average treatment effect of a high-
level concept on pre-trained language models. Its output estimator is the textual representation
averaged treatment effect (TReATE), which is computed as:

TReATE, (G D) = = 3 (6% (2)) — N ((x), @D

- |D| z€D
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Table 10: ICaCE scores on the test set for the binary, ternary and 5-way classification settings. Lower
is better. Results averaged over 5 distinct seeds; standard deviations in parentheses.

(a) ICaCE scores for 5-way sentiment classification setting.

Model Metric ~ Random Approx CONEXP S-Learner TCAV ConceptSHAP  CausalM INLP
L2icace 0.94 (.01) 0.81(.01) 0.82(.02) 0.74(.02) 0.82(.01) 1.25 (.01) 0.86 (.01) 0.80(.02)
BERT COSjcace 1.00 (.00)  0.61 (.01) 0.72(.01) 0.63 (.01) 1.00 (.00) 1.11 (.01) 0.78 (.00) 0.59 (.03)

NormDifficack  0.67 ((02) 0.44(01) 0.62(02) 0.54(02) 0.78(.02) 0.56(02)  0.68(.02) 0.73(.02)

L2icace 097 (.01) 0.83(01) 0.86(.01) 0.78(.01) 0.85(.01) 1.24 (.01) 0.90 (.01) 0.84 (.01)
RoBERTa COSicace 1.00 (.01)  0.60 (.01) 0.74 (.00)  0.64 (.01) 1.01 (.00) 1.06 (.01) 0.77 (.00)  0.58 (.01)
NormDiffic,ceg  0.72 (.01)  0.45(00) 0.67 (.01) 0.59 (.01) 0.83 (.01) 0.61 (.00) 0.74 (.00)  0.81 (.01)

L2icace 0.81(02) 0.72(.02) 0.68(02) 0.60(.02) 0.68(02) 1.03(02) 0.76(.02) 0.72(.01)
GPT-2 C0Sicace 100 (00) 059 (01) 0.67(.00) 0.59(01) 1.00(00)  1.00(.00)  0.82(01) 1.00(.00)
NormDifficacr  0.52(.02) 0.41(01) 047(02) 040(01) 0.65(.02) 046(01)  0.52(.02) 0.58 (.03)

L2icace 0.89(01) 086 (01) 0.79(01) 0.73(.01) 078(02) 127(04)  0.76(01) 0.79 (.01)
LSTM C0Sicace 100 (01)  0.64 (01) 0.71(.00) 0.64(01) 1.02(01)  1.00(.00)  1.00(.00) 0.74 (.02)
NormDifficacg  0.62(.01) 0.50(.01) 0.59(01) 053(01) 0.70(.01)  0.54(00)  0.76(01) 0.60 (.01)

(b) ICaCE scores for ternary sentiment classification setting.

Model Metric Random Approx CONEXP S-Learner TCAV ConceptSHAP  CausalM INLP
L2icace 0.79 (.01) 0.54 (.01) 0.65(.00) 0.56 (.00) 0.56 (.00) 0.94 (.01) 0.72 (.00) 0.58 (.01)
BERT COSjcace 0.99 (.02) 0.61(.02) 0.64(.04) 0.54(.04) 1.00(.03) 1.21 (.01) 0.76 (.01)  0.69 (.01)

NormDifficaceg  0.60 (.00) 0.42(.01) 0.54 (.00) 0.48 (.00) 0.55(.00) 0.62 (.01) 0.62 (.00) 0.55(.01)

L2icace 079 (01)  0.56 (00) 0.65(01) 0.57(01) 0.55(01)  0.88(02)  0.74(01) 0.55(.01)
RoBERTa C0Sicace 100 (01)  0.62(01) 0.73(.02) 0.62(02) 099 (01) 1.12(.02) 076(01) 0.72(01)
NormDifficacr  0.61 (01) 0.43(.00) 0.54(00) 048 (00) 0.54(.00) 0.61(01)  0.66(01) 0.54(01)

L2icace 0.75(01) 0.57(01) 0.60(01) 052(01) 052(01) 0.69(01)  0.68(.01) 0.61(.03)
GPT-2 COSicace 1.00(.01)  0.63(.01) 0.59(.01) 0.50(01) 1.00(.00) 1.01(.00) 0.79(.01) 1.00(.00)
NormDifficacr  0.54 (01) 042(01) 047(01) 042(01) 0.51(01)  052(.01)  055(01) 0.51(.01)

L2icace 0.76 (.00)  0.58 (.01) 0.63 (.01) 0.55(.01) 0.55(.01) 1.03 (.04) 0.53(.01) 0.68 (.01)
LSTM™ COSicace  1.00 (.01)  0.67 (.01) 0.63(.00) 0.60(.01) 1.01(.01) 1.01 (.01) 1.00 (.00) 0.78 (.02)
NormDifficace  0.56 (01)  0.45(01) 0.51(.00) 0.46(.01) 0.51(.01) 0.65 (.01) 0.52(.01) 0.56 (.01)

(c) ICaCE scores for binary sentiment classification setting.

Model Metric ~ Random Approx CONEXP S-Learner TCAV ConceptSHAP  CausalM INLP
L2icace 0.60 (.01) 0.19 (.01) 0.51(.00) 0.31(.00) 0.31(.01) 0.76 (.06) 0.57 (.01) 0.51 (.05)
BERT COSjcace 0.99 (.01)  0.75(.04) 0.64(.05) 0.66 (.04) 1.00 (.01) 1.20 (.02) 0.80 (.01)  0.79 (.00)

NormDifficack  0.52(.01) 0.19(01) 0.50(00) 030(.00) 030(.01) 0.55(05)  0.56(01) 0.50 (.04)

L2icace  0.59(.01) 0.18 (01) 0.51(.00) 0.31(.00) 0.29 (.01) 0.68 (.06) 0.61 (.00) 0.31(.01)
RoBERTa COSicace 1.00 (.01)  0.78 (.02) 0.70 (.03)  0.71 (.03)  1.00 (.01) 1.12 (.02) 0.82(.00)  0.80 (.00)
NormDifficaceg  0.52(.00) 0.18 (00) 0.51(.00) 0.31(.00) 0.29 (.01) 0.54 (.04) 0.60 (.00) 0.31(.01)

L2icace 0.59 (.00)  0.19 (.01) 0.50(.00) 0.31(.00) 0.29 (.00) 0.39 (.01) 0.55(.01) 0.45(.01)
GPT-2 COSicace 1.01 (.01)  0.69 (.01) 0.58(.01) 0.61(.01) 1.00 (.00) 1.02 (.00) 0.79 (.01)  1.00 (.00)
NormDifficaceg  0.51 (.01) 0.19 (.01) 0.50 (.00) 0.31(.00) 0.29 (.00) 0.35 (.01) 0.53(.01) 0.41(.01)

L2jcace 0.58 (.01)  0.20 (.01) 0.51(.00) 0.32(.01) 0.31(.00) 0.78 (.05) 0.28 (.00) 0.47 (.01)
LST™M COSjcace 1.00 (.01)  0.77 (.00) 0.70(.01) 0.71 (.01) 1.01 (.01) 1.00 (.00) 1.00 (.00) 0.81 (.00)
NormDifficacg  0.50 (.01) 0.20 (.01) 0.50 (.00) 0.32(.01) 0.29 (.00) 0.64 (.04) 0.28 (.00) 0.46 (.01)
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Figure 11: ICaCE-Error for all experiments using the normdiff distance metric. Lower is better.
Results averaged over 5 distinct seeds. Error bars (in gray) display the standard deviation. Stars
denote the best results for a given classification setting.

where ¢gF denotes the learned counterfactual representation that information about concept C' is not
present, A is a classifier trained on this counterfactual representation, and D is a dataset.

However, for comparison on the CEBaB data, we require the estimation of individual causal concept
effects (ICaCE). To allow a fair comparison, we swap the TReATE output estimator with TReITE
(Equation 10). The only difference between these estimators is that in TReITE we remove the average
across D, and output the estimated effect of individual examples.

E.2 Implementation details

For all counterfactual models, we optimize using the Adam optimizer with 1r=2e-5, epochs=3,
batch_size=48, and the relative weight of the adversarial task, J, is set to 0.1.

For both the factual models and fine-tuning phase, we optimize using the Adam optimizer with
lr=1e-3, epochs=50, and batch_size=256. The differences in hyperparameter values is due to the
different architectures we employ; for the counterfactual models we train the entire language model
(), and for the factual models and the fine-tuning phase we freeze the embedding weights (¢) and
train only the classification head ().

All CausalLM models were trained using 2 Nvidia GTX 1080 Ti 12GB GPUs.
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Figure 12: ICaCE-Error for all experiments using the L2 distance metric. Lower is better. Results
averaged over 5 distinct seeds. Error bars (in gray) display the standard deviation. Stars denote the
best results for a given classification setting.

F INLP

F.1 Our adaptation

The INLP algorithm was originally designed to debias word embeddings by iteratively projecting
them onto the null-space of some protected attribute (concept). However, INLP may serve as an
estimation method similar to CausalLM, with the two following crucial differences. First, its lack
of ability to control for potential confounders. Second, it operates on the representation rather than
on the actual model weights. Since CausalLM and INLP share common characteristics, their output
estimators are computed in the same way. See §E for extended details.

F.2 Implementation details

In order to guard for a “protected attribute” (concept), INLP determines whether this concept is
present in an embedding or not by learning a linear separator in the embedding space. Following the
practice suggested in the original paper, we choose our linear separator to be an SVM learned using
SGD with a = 0.01, € = 0.001, and max_iter=1000. Logistic regression showed similar behavior.
We project the representation to the null-space with respect to the concept 10 times. In fact, and
similarly to the original paper, we converge to random accuracy of predicting the concept from the
counterfactual representation after 4-5 iterations.

For all concepts, the classification head on top of the language model that trained to predict the overall
sentiment labels trains for 5 epochs using the Adam optimizer with 1r=2e-5.

29



G TCAV

G.1 Our adaptation

The Testing with Concept Activation Vectors (TCAV) explanation method was originally designed to
count the percentage of test inputs from dataset D that are positively influenced by some high-level
concept. It outputs a count over the number of examples that are change towards the direction of
concept C, and computed as:

{z € D: VNi(4(2)) - vc > 0}

(22)

where k is some class index and vo is a linear direction in the activation space, given by the
coefficients of a linear separator trained to distinguish between examples that include or exclude the
concept C'.

While TCAV’s output is a count over examples, we use the raw sensitivity (directional derivative).
This approach is supported by the authors of the original paper: “one could also use a different metric
that considers the magnitude of the conceptual sensitivities” [26]. Also, since TCAV operates on
the gradients of a model’s logits but the ICaCEs are the difference of two probability vectors, we
normalize its outputs by taking Tanh.

G.2 Implementation details

To learn the Concept Activation Vector (CAV, i.e., a linear direction in the activation space of ¢), we
train a linear separator to distinguish between examples that include the concept (labeled positive or
negative) and examples that do not include it (labeled unknown). When learning CAVs, we drop all
CEBaB train examples that are not labeled for aspect (concept) or do not have a majority with respect
to the aspect.

Identically to the original paper, our CAV linear separator is an SVM learned using SGD with
a = 0.01, ¢ = 0.001 and max_iter = 1000.

H ConceptSHAP

H.1 Our adaptation

The original ConceptSHAP algorithm takes a complete set of concepts C' € {C,...,Cy, } (such
that its completeness score in Equation 25 is higher than some threshold) and outputs the relative
contribution to the test accuracy of each Cj. It outputs an estimator given by the following formula

m — |S| — 1)!|S|!
Shapleyyc, o,y (@) = > BV ey cns) e
SC{C1,....Cm }\C ’

where 7 is a scoring function operating on sets of concepts that output accuracy ratios.

Similarly to the other methods, if  outputs accuracy ratios, then the output of ConceptSHAP is not a
suitable estimator for ICaCE. Our straightforward adaptation for ConceptSHAP is to make 7 output
class probabilities for classes instead of accuracy ratios.

Our adapted version outputs a vector for each C' € {C1,...,C,,} and x according to the following
equation:

(m—|S] = 1)!S)!
m!

ConceptSHAP . (C; x) = M(SU{C}) —n(S), (24

SC{C1 O \C

where 7 is a function defined as 77, (S) = sup, N (9(Vs ¢(x))), and Vs is a matrix with the learned

concept directions as its rows Vs = (vf) s € RISIxA,

Yeh et al. [57] calculate concept directions vc, automatically by learning a neural network classifier.
To allow for a fair comparison between ConceptSHAP and the other evaluated methods, we use the
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concept activation vectors vcy, . . . , V¢, as the input concepts (similarly to those used in Kim et al.
[26]).

In addition, in the original paper the authors learn the concepts v automatically, by using a carefully
constructed loss function. To allow a fair comparison, we learn the concept vector by exploiting our
labeled aspects (concepts), in a way similar to TCAV. See Section G.2 for more details.

H.2 Completeness Scores of Treatment Concepts
Given a feature representation ¢ and a classification head A/, the completeness score is defined by:

sup, ﬁ Z(x,y)eD,Y 1 [y = arg max, N (g(VS gb(x)))] —a,
BT 2 (aeny 1 [y = argmaxy Ny (¢(x))] — ar

completeness,, (S5 D,Y) =

(25)
where a,. is is the accuracy of a classifier that outputs random predictions, S C {C1, ...,Cy, } and Vg

is a matrix with the learned concept directions as its rows Vg = (vg) ces € RISIxA,

For all models, the completeness we get for the set of concepts S = {ambiance, food, service, noise }
is larger than 0.9.

H.3 Hyperparameters

The hyperparameters for CAV are identical to those of TCAV (Section G.2). To calculate 1 and the
completeness score, we follow the original paper and set g to be a two-layer perceptron with 500
hidden units, learned using Adam optimizer for 50 epochs, employing 1r=1e-2 and batch_size=128.

31



	Introduction
	Previous Work
	Estimating Concept Effects with CEBaB
	Evaluated Explanation Methods
	The CEBaB Dataset
	Experiments and Results
	Conclusion
	Causal Concept Effects and Metrics for Explanation Methods
	Theoretical Quantities
	Empirical Estimates
	Explainer Errors

	CEBaB
	Restaurant-level metadata from OpenTable
	Crowdworkers
	Editing Phase
	Validation Phase
	Review-level Rating Phase
	Randomly Selected Examples
	Five-way Empirical ATE for CEBaB
	Edit variability

	CEBaB Modeling Experiments
	Experiments Set-up
	Models
	Multi-class Sentiment Analysis Benchmark
	Aspect-based Sentiment Analysis Benchmark
	Author Identity Prediction

	Additional Results
	CausaLM
	Our adaptation
	Implementation details

	INLP
	Our adaptation
	Implementation details

	TCAV
	Our adaptation
	Implementation details

	ConceptSHAP
	Our adaptation
	Completeness Scores of Treatment Concepts
	Hyperparameters


