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Abstract

With the growing popularity of general-purpose
Large Language Models (LLMs), comes a need
for more global explanations of model behav-
iors. Concept-based explanations arise as a
promising avenue for explaining high-level pat-
terns learned by LLMs. Yet their evaluation
poses unique challenges, especially due to their
non-local nature and high dimensional rep-
resentation in a model’s hidden space. Cur-
rent methods approach concepts from differ-
ent perspectives, lacking a unified formaliza-
tion. This makes evaluating the core measures
of concepts, namely faithfulness or readabil-
ity, challenging. To bridge the gap, we intro-
duce a formal definition of concepts generaliz-
ing to diverse concept-based explanations’ set-
tings. Based on this, we quantify the faithful-
ness of a concept explanation via perturbation.
We ensure adequate perturbation in the high-
dimensional space for different concepts via
an optimization problem. Readability is ap-
proximated via an automatic and determinis-
tic measure, quantifying the coherence of pat-
terns that maximally activate a concept while
aligning with human understanding. Finally,
based on measurement theory, we apply a meta-
evaluation method for evaluating these mea-
sures, generalizable to other types of explana-
tions or tasks as well. Extensive experimental
analysis has been conducted to inform the se-
lection of explanation evaluation measures. !

1 Introduction

Explainable Artificial Intelligence (XAI) holds
significant value in pre-trained language models’
mechanism understanding (Li et al., 2022), visual-
ization (Yang et al., 2024), performance enhance-
ment (Wu et al., 2023b; Ribeiro et al., 2016; Wang
et al., 2022), and security (Burger et al., 2023;
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Zou et al., 2023). Previous XAl algorithms have
been applied to NLP tasks (Wu et al., 2023a), vi-
sion tasks (Wang et al., 2023b) and recommenda-
tion (Jin et al., 2022; Yang et al., 2022). These
include natural language explanation (Zhang et al.,
2024; Lee et al., 2022), attention explanation (Chen
et al., 2019b; Gao et al., 2019), and especially at-
tribution methods (Lundberg and Lee, 2017; Sun-
dararajan et al., 2017; Guan et al., 2019). The
attribution methods identify “where” the model
looks rather than “what” it comprehends (Colin
et al., 2022), typically offering local explanations
for a limited number of input samples, restrict-
ing their utility in practical settings (Colin et al.,
2022; Adebayo et al., 2018). Concept-based ex-
planations (Kim et al., 2018; Cunningham et al.,
2023; Fel et al., 2023b) can mitigate the limita-
tions of attribution methods by recognizing high-
level (Kim et al., 2018) patterns (see Fig. 1), which
provide concise, human-understandable explana-
tions of models’ internal state.

Despite these merits, the development of
concept-based explanations may be hindered due
to a lack of standardized and rigorous evaluation
methodology. Unlike a single importance score
assigned on each scalar input by attribution meth-
ods, diverse explanation methods approach high-
dimensional concepts from different aspects. This
includes a single classification plane (Kim et al.,
2018), an overcomplete set of basis (Cunning-
ham et al., 2023), or a module designed before-
hand (Koh et al., 2020), lacking a unified land-
scape (C1). Moreover, its non-local nature across
samples (Kim et al., 2018), combined with the high
cost of human evaluation when the number of con-
cepts is large, makes evaluating a concept’s read-
ability challenging (C2). For available evaluation
measures (Hoffman et al., 2018), it is difficult to
test their reliability and validity (C3).

In this paper, we address the challenges above
and make the following contributions:
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Figure 1: The overall framework. (a) Concept extraction: We formalize concepts as virtual neurons. (b) Evaluation
is approached via readability and faithfulness. Readability is approximated by the semantic similarity of patterns that
maximally activate the concept. Faithfulness is approximated by the difference in output when a concept is perturbed.
(c) Meta-Evaluation is performed on the observed results of proposed measures via reliability and validity.

First, we provide a unified definition of diverse
concept-based explanation methods and quan-
tify faithfulness under this formalization (C/).
By summarizing common patterns of concept-
based explanation, we provide a formal definition
of a concept, which can generalize to both super-
vised and unsupervised, post-hoc and interpretable-
by-design methods, language and vision domains.
Based on this, we quantify the faithfulness of a con-
cept explanation via perturbation. We ensure ade-
quate perturbation in the high-dimensional space
for different concepts via an optimization problem.

Second, we approximate readability via
coherence of patterns that maximally activates
a concept (C2). We utilize the formulation defined
above to recognize patterns across samples that
maximally activate a concept, from both the input
and the output side. Then, we estimate how coher-
ent they are as one concept via semantic similarity.
Experimental results have shown this automatic
measure correlates highly with human evaluation.

Third, we apply the classic measurement the-
ory to perform a meta-evaluation on the faith-
fulness and readability measures (C3). Measure-
ment theory (Allen and Yen, 2001; Xiao et al.,
2023) has been long utilized to verify whether a
measurement is reliable and valid. Approaching via
reliability and validity, this meta-evaluation method
is useful for evaluating the measures for concepts
and can be generalized to analyze the effective-
ness of other measures, for example, measures for
other types of explanations and other natural lan-
guage tasks. Experimental results have filtered out
4 measures with low reliability, i.e. LLM-Score,

GRAD-Loss, IN-UCI, IN-UMass, and verified the
remaining faithfulness and readability measures’
validity.

2 Concept Formalization

In this paper, we primarily focus on explaining
LLMs as black-box models. Meanwhile, our
method can be generalized to many other deep
classification models, including image models
(see Appx.C). As illustrated in Fig. 1, we consider
the black-box model to take an input x from a
dataset D and output y, a k-class classification re-
sult. In text generation, k is the vocabulary size.
For the [-th layer to be interpreted, given a sequence
of input tokens z!, ...., 2!, their corresponding hid-
den representations are hll, ..., h}. The output clas-
sification logits are g(h).

Within the context of Deep Neural Networks
(DNNs), we summarize common patterns of con-
cepts and establish a unified framework. Specifi-
cally, each concept is represented as a virtual neu-
ron defined by an activation function that maps a
hidden representation h into a real value a : R"™ —
‘R, where a positive output signifies activation. For
each concept, a semantic expression may be given
by humans or LLMs, depending on the concept
explanation methods (Kim et al., 2018; Bills et al.,
2023). Some methods take concepts and seman-
tic expressions predefined by humans as inputs
(e.g., (Kim et al., 2018)), while others require addi-
tional steps to produce a semantic expression based
on highly activated tokens and samples of the ex-
tracted concepts (Bills et al., 2023). Specifically,
given high-activation samples of the concept and
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the highly activated tokens in these samples (e.g.,
“Internet, computer, networks, ...”), an LLM or
a human labeler provides a semantic expression
that summarizes their common patterns (e.g., “Ter-
minologies related to computer networks™) (Bills
etal., 2023).

Our formalization can integrate diverse concept
explanation methods, as shown in Tab. 1. This
includes both supervised methods that require prior
information about concepts (e.g., input samples
that contain and do not contain the concepts) (Kim
et al., 2018) and unsupervised methods that do not
rely on such prior information (Ghorbani et al.,
2019). Our method also works for both post-hoc
explanation methods that interpret a model after
it is trained (Kim et al., 2018) and interpretable-
by-design approaches that integrate interpretability
mechanisms directly into the model’s architecture
before training (Koh et al., 2020). Additionally, it
applies to image backbone models as well.

3 Concept Evaluation Measures

We have conducted a literature survey on evalu-
ation measures for concept-based explanations
(Fig. 5 in Appx. A), and decided to focus on two
aspects that are of common interest: testing how
well they reflect the underlying mechanisms of the
machine (faithfulness) and assessing the extent to
which explanations can be understood by humans
(readability).

3.1 Faithfulness

Widely studied in previous XAl methods, faithful-
ness is crucial for assessing how well a concept
reflects a model’s internal mechanism (Chan et al.,
2022; Lee et al., 2023; McCarthy and Prince, 1995).
However, its direct application to concept-based ex-
planations presents challenges, particularly due to
concepts’ ambiguous representation in the hidden
space of a model. The adequate degree of pertur-
bation needed for diverse concepts extracted may
vary, making it difficult to ensure a fair comparison.

We quantify the faithfulness of a concept by the
change in the output g(h) after perturbing the hid-
den representation £ in the hidden space H where
the concepts reside. We formulate faithfulness as
v(a, &, d), where £(h, a) applies a perturbation on
h given the activation function a(h), and §(y, y’)
measures the output difference.

1
e8,0) = Y )

htef(x)

with y = g(h'),y’ = g(£(h!, a)) being the proba-
bility distribution of output vocabulary.

Concept perturbation. Based on the formaliza-
tion of concepts in Sec. 2, we view this problem as
an optimization problem. As the concept formaliza-
tion provided above encapsulates diverse kinds of
concepts, this transformation allows the perturba-
tion strategies to generalize beyond the linear form
of concepts, like (Chen et al., 2019a).

Typical perturbation strategies include: 1) &:
concept e-addition, wherein a near zero ¢ is intro-
duced to maximally increase concept activation;
2) &,: concept ablation, which involves removing
all information of the concept. The optimization
problems can be formulated as:

&(h,a) = argmaxa(h’), st |h' —h|=¢€ (2)
h/

¢a(h,a) = argmin ||/ — hl|3, s.t.a(h) =0 (3)
h/

When the activation function is linear, e.g., a(h) =
vTh, the above problems have closed-form solu-
tions (detailed derivation in Appx. B): Correspond-
ingly, the two perturbation strategies are:

(GRAD) &(h,a) =limh+ev  (4)
(ABL) &(h,a)=h———v (5

Output difference. To quantify different aspects
of faithfulness, we include 1) difference in training
loss (d;), ii) deviation in logit statistics (Jy), iii)
difference in the logit prediction of class j (é.),

(Loss) &(y,y') = L(y,y") — LY ,y*) (6)

Div) Su(y,y) = H(y,y') @)
(Class) &1(y,9) = —(v' —y”) (8)

Here, £ is a certain loss function (Schwab and
Karlen, 2019; Bricken et al., 2023), y, 3/ are the out-
put classfication logits, y* is corresponding ground
truth label, v/, 1" are the logits of class j. To
quantify the discrepancy between distributions, we
utilize a statistic H, specifically KL-Divergence in
our experimental setup.

For ease of reference, perturbations are ex-
pressed as prefixes, and difference measures are
denoted as suffixes. Furthermore, we divide Class
into PClass (prediction class) and TClass (true
class) with j taking the predicted token class or
ground truth token class. For instance, faithful-
ness computed via gradient to prediction class, as
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Method Modal Activation function a(h)
TCAV (Kim et al., 2018) text/image vI'h+0b
* : T
Supervised CBM* (Koh et al., 2020) image 1 oz (T‘ﬁ B
0 —v
ProtoPNet* (Chen et al., 2019a) image 3 5 = 2
hepatches(h) Hh — 1)‘ ’% + €
M(h)NL
NetDissect (Bau et al., 2017) image M{(h) O L(z)
Unsupervised M(h)\J Le(x)
p Neuron (Bills et al., 2023) text/image o;fph
SAE (Cunningham et al., 2023) text ReLU(vT'h + b)

Table 1: Concept-based explanations’ activation function. * denotes interpretable-by-design methods. Hyperpa-
rameters: 1) v, o is a concept vector within the same space as h, and o; denotes a one-hot vector where ¢ indicates
the position of the 1 in the vector. 2) M (h) selects the top-quantile activations and upsample them to the same
dimension as x, and L.(x) is a pixel-level human-annotated label on . 3) b is a bias term.

proposed in (Kim et al., 2018), is represented as
GRAD-PClass. Altogether, there are 2*4 kinds of
available faithfulness measures. As the gradient
option is too slow on vectors, we leave out GRAD-
Div.

3.2 Readability

Readability assesses the extent to which humans
can comprehend the extracted concept (Lage et al.,
2019). Most of the time, when patterns that maxi-
mally activate a concept are coherent (see example
in Fig. 1), can the concept be easily understandable
to humans. We design coherence measures based
on OpenAl’s pipeline (Bills et al., 2023) for hu-
man evaluation of concept quality. They presented
human labelers with fragments where highly acti-
vated tokens were shown with color highlighting
and asked the humans to try summarizing the com-
monalities of these highly activated tokens. We
automate this process by assessing the commonal-
ity of highly activated tokens via co-occurrence or
embedding similarity.

As cross-sample patterns are extracted from a
large corpus, diverse samples are needed to eval-
uate a concept’s readability. Although previous
efforts have made some progress in evaluating
readability, they confront the challenge of ensur-
ing data comprehensiveness while minimizing cost.
Tab. 2 compares different measures for readabil-
ity, including human evaluation (Kim et al., 2018;
Ghorbani et al., 2019), LLM-based measures (Bills
et al., 2023; Singh et al., 2023), and our pro-
posed coherence-based measures. For the LLM-
based evaluation, we considered (Bills et al., 2023;
Bricken et al., 2023), which used less than 100
samples. For human evaluation, we considered the

classical method by (Ghorbani et al., 2019), where
each human rater scored no more than 20 samples
per concept.

Method #Sample Cost Reliability
Human <20 high medium
LLM-based < 100 medium low
Ours > 2000 low high

Table 2: Comparison of readability measures. #Sample
denotes the maximum number of samples applicable for
evaluating a concept.

Human evaluation. Existing approaches pre-
dominantly rely on case studies and user stud-
ies (Kim et al., 2018; Ghorbani et al., 2019; Chen
et al., 2019a), asking humans to score a concept
given a limited number of demonstrative samples.
They are subject to issues of validation, standard-
ization, and reproducibility (Clark et al., 2021;
Howcroft et al., 2020).

LLM-based. As inexpensive human substi-
tutes, LLMs have been utilized in evaluating
concept-based explanations. A typical LLM-based
score (Bills et al., 2023; Singh et al., 2023) is ob-
tained by: 1) letting LLM summarize a natural lan-
guage explanation s for the concept (e.g., semantic
expression in Fig. 1) given formatted samples that
maximally activates on the concept and activations
a; 2) letting LLM guess the activation given only
sample text and the generated explanation; 3) cal-
culating an explanation score based on the variance
between true activation and the simulated activa-
tion. However, the number of samples inputted to
LLMs (4 in (Bills et al., 2023)) in step 1 is limited
to maximum input length. This limits the compre-
hensiveness of the generated explanation, as shown
in a case study in Appx. D. Even if the maximum
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input length is extended to 200k+ like Claude 32,
it may suffer from high computation cost and poor
performance in long-dependency tasks (Li et al.,
2023).

Coherence-based. To address these limitations,
we propose novel measures inspired by topic coher-
ence. Topic coherence measures are widely used
in the field of topic modeling to estimate whether
a topic identified from a large corpus can be eas-
ily understood by humans (Newman et al., 2010).
Here, the basic idea is to approximate readability
based on the semantic similarity between patterns
that maximally activate a concept: we estimate
how coherent they are as one topic (Fig. 1). These
measures mainly rely on the concept activation
function, allowing for scalable, automatic, and de-
terministic evaluation.

Patterns that maximally activate a concept are
obtained as follows. Initially, a subset of texts is se-
lected and processed through a black-box LLM to
obtain concept-specific activations for each token.
High-activation tokens, indicative of a strong asso-
ciation with the analyzed concept, are then identi-
fied. For these tokens, important contextual words
are extracted by ablating each word in the context
and identifying those that impose the most impact
on the high-activation token. Similar information
can be obtained from the output side. We extract
tokens with the top-k highest likelihood when set-
ting the hidden representation highly active on the
concept and not on others.

For our evaluation, we employ semantic sim-
ilarity measures including UCI (Newman et al.,
2009), UMass (Mimno et al., 2011), and two deep
measures Embedding Distance (EmbDist), Embed-
ding Cosine Similarity (EmbCos). Each measure
computes similarity (¢, 27) between two tokens
z*, 27 as follows:

J
puci (2, 27) —IOgW ©)
J
Jmass (2 x)—log(];(";))“ (10)
pEmbpist (2, 27) = — |le(z") — e(a?)[]2  (11)
i . J
HEmocos (@, 27) =& ) efa) (12)

le(2)]le(7)]

Probabilities are estimated based on word occur-
rence frequency in the corpus. To prevent zero
values in logarithmic operations, a small value e

Zwww. anthropic.com/news/claude-3-family

is introduced. e(z') embeds a word to a continu-
ous semantic space, for example, using embedding
models like BERT.

For ease of reference and consistency, we de-
note readability on the input/output side using the
prefixes IN/OUT. For instance, readability com-
puted using UCI similarity on the input side is
represented as IN-UCI. Note that coherence-based
measures may not capture all the desiderata of a
readable explanation. Yet, it is still of interest to uti-
lize this measure to filter a large amount of concepts
when human evaluation may not be applicable.

4 Meta Evaluation

How can we discern the effectiveness among pos-
sible measures available for evaluating concept-
based explanations? Borrowing metrics from mea-
surement theory (Allen and Yen, 2001) and psy-
chometrics (Wang et al., 2023c; Xiao et al., 2023),
our meta-evaluation focus centers on reliability
and validity, guided by the methodological frame-
work outlined in (Allen and Yen, 2001). Our meta-
evaluation methods can generalized to measures of
a broader scope, including other XAI methods and
other natural language tasks like generation.

4.1 Reliability

Reliability is crucial for assessing the consistency
of a measure under multiple measurements, ac-
counting for random errors introduced during
measurement. These errors can arise from non-
deterministic algorithms, data subsets, and human
subjectivity. We particularly focus on three aspects:
1) test-retest reliability, quantifying the expected
amount of uncertainty in the observed measure 2)
subset consistency, measured as fluctuation across
data subsets within a test; 3) inter-rater reliability,
quantifying the degree of agreement between two
or more raters.

Test-retest reliability is quantified as the test-
retest correlation: on the concepts extracted, we
compute the same measure twice for each concept.
The Pearson correlation (Galton, 1877) between the
two sets of results is test-retest reliability, which is
an estimate of the expectation of:

2
g
pxr=—% (13)
Ox

where X is the observed score, and 7T is the true
score, o2 denotes the variance of a random vari-
able *. Typically, the minimal standard for an ac-
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ceptable measure is 0.9 (Nunnally and Bernstein,
1994).

Subset consistency is estimated through Cron-
bach’s Alpha (Cronbach, 1951), a classic coeffi-
cient for evaluating internal consistency in mea-
surement theory:

2 J 2
J Ox,, — Zj:l 9X;
_ 2
J—1 X,

o =

(14)

X1, Xs,...X s are results of measure X across dif-
ferent data subsets. The overall score on the entire
dataset is expressed as X, = ijl Xj. ais
the lower bound of squared correlation p% ;- of ob-
served score X and true score T’ (Cronbacfl, 1951).
For a measure with low subset consistency, one
may use a larger test dataset to ensure the result’s
consistency.

Inter-rater reliability measures the degree of
agreement across raters, calculated as score correla-
tion among them. In this paper, we apply Kendall’s
7 (Kendall, 1938) to measure pairwise correlation
among raters using a scale that is ordered:

2 1 1 2 2
T = P ngn(Xi - X;)sgn(X; — X7)
1<J

(15)
X7 denotes the score on the i-th concept given
by rater *. Evaluations that rely on humans must
exhibit good inter-rater reliability, or, they are not
reliable tests.

4.2 Validity

Validity is crucial in assessing how well a test mea-
sures the intended construct (Nunnally and Bern-
stein, 1994). A construct refers to the underlying
criterion to be measured. In our case, it is faith-
fulness or readability. We focus on concurrent
validity, evaluating the extent to which a test score
predicts outcomes on a validated measure (Cron-
bach and Meehl, 1955), and construct validity,
examining how well indicators represent an un-
measurable concept (Cronbach and Meehl, 1955).
Construct validity can be further divided into con-
vergent validity and divergent validity.
Concurrent validity reflects the appropriateness
of a measure as an alternative to an existing refer-
ence, quantified via the correlation between the
two scores. For example, an automatic measure for
readability is used to approximate human evalua-
tion at a large scale. Only when the automatic mea-
sure for readability is highly correlated with human

scores, can we treat it as an approximate of hu-
man evaluation. Here we use classical correlation
metrics to estimate concurrent validity (Kendall,
1938; Spearman, 1961; Galton, 1877). Note that
random error in either the automatic measure or
human evaluation may impair concurrent validity.
Thus being reliable is a premise of being valid.

Convergent validity verifies whether measures
of the same construct are indeed related. For ex-
ample, whether the purposed faithfulness measures
are related to each other. As the underlying con-
struct is often inaccessible to directly assess the
measures’ concurrent validity, convergent validity
provides a statistic tool to assess construct validity
via its relation (Kendall, 1938) with other measures
of the same construct.

Divergent validity tests whether measures of
unrelated constructs are indeed unrelated. For ex-
ample, for distinct aspects considered of concept-
based explanation (e.g., readability and faithful-
ness), measures of different aspects should show a
significantly lower correlation than measures of the
same aspect. Here we apply Kendall’s 7 (Kendall,
1938) as a measure of correlation. A bad divergent
validity may indicate potential bias in designed
measures, calling for a more rigorous inspection of
potential bias.

To inspect the construct validity of the measures
to the intended constructs, we employ the multitrait-
multimethod (MTMM) table methodology intro-
duced by (Campbell and Fiske, 1959). This table
conventionally presents pairwise correlations of ob-
served measure scores on the off-diagonals and the
subset consistency of each score on the diagonals.

S Experiments

5.1 Datasets and Experimental Settings

We leverage the Pile dataset, a comprehensive col-
lection curated by (Gao et al., 2020), which stands
as the largest publicly available dataset for pre-
training language models like Pythia (Biderman
et al., 2023). This dataset includes a vast 825
GiB of diverse data and encompasses 22 smaller,
high-quality datasets spanning multilingual text
and code. Its rich diversity facilitates the extrac-
tion of a wide array of concepts, crucial for our
evaluation framework.

For the backbone model, we choose Pythia due
to its pre-training on the Pile dataset, ensuring
consistent knowledge representation between the
training and explanation phases. Additionally, we
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include GPT-2 (Radford et al., 2019) to ensure
the consistency of our findings across backbones
(Appx. E). Further details on these models are pro-
vided in Tab. 6. To eliminate the impact of ran-
dom fluctuations, we test each measure across 10
batches, each comprising 256 sentences with 128
tokens, totaling 327,680 tokens.

5.2 Comparison of Evaluation Measures

In this section, we evaluate our proposed concept-
based explanation measures, employing the meta-
evaluation method for thorough assessment. To
ensure a fair comparison, we randomly sampled
100 concepts extracted by each unsupervised base-
line applicable to the language domain on the
same backbone model, including Neuron-based
method (Bills et al., 2023) and Sparse Autoen-
coder (Cunningham et al., 2023). We primarily
introduce results from the middle layer of Pythia-
70M, with other consistent results across different
layers and models in Appx. E. Due to the possibil-
ity of highly enhanced tokens not appearing in the
dataset, we apply UCI and UMass measures only
on the input side.

5.2.1 Reliability

In this section, we analyze which measures are
reliable to random noise introduced by retesting,
different data subsets, and human subjectivity.

Test-retest reliability results, depicted in Fig. 2,
verifies the deterministic nature of the proposed
measures, except for LLM-Score (Bills et al., 2023).
LLM-Score is less acceptable, which may be due to
the inherent randomness introduced by sampling
the most probable tokens.

1.0 ® ¢ 6 6 ¢ 6 ¢ ¢ O O O %

Reliability *
@ testretest reliability
subset consistency

Estimate
o
~

Measure
Figure 2: Estimated test-retest reliability and subset
consistency of the proposed measures. The red dashed
line indicates the minimal standard of 0.9 (Nunnally and
Bernstein, 1994).

Subset consistency provides further filtering of

present measures with a threshold of 0.9 (Nunnally
and Bernstein, 1994), as shown in Fig. 2. For the
faithfulness family, GRAD-Loss shows an undesir-
able low consistency, probably due to the coupling
of gradient and loss during training. For the read-
ability family, IN-UCI and IN-Umass is less accept-
able, attributing to the diverse nature of different
concept’s n-grams. Moreover, their capability to
capture semantic similarity is also less desirable
according to a case study shown in Appx. D

Inter-rater reliability is tested on human evalu-
ation of readability. The concepts used for analysis
above are scored by each human labeler with a
high school level of English proficiency. They are
blinded to the source method for the generated con-
cepts and are tasked with scoring each concept on
a scale of 1 to 5 based on two criteria: input read-
ability and output readability. The recruitment of
the experts and the setting of the user study are
detailed in Appx. G.

Input Output Average
Expert]l & Expert2 0.81 0.77 0.79
Expertl & Expert3 0.76 0.75 0.76
Expert2 & Expert3 0.74 0.72 0.73

Table 3: Experts’ Kendall’s T correlation as inter-rater
reliability.

Tab. 3 shows the inter-rater reliability. Overall,
experts’ correlations are high, with an average of
0.77 and 0.75 on the input and output sides.

5.2.2 Validity

Here, we analyze whether the measures assess the
intended construct, i.e., readability or faithfulness.
We leave out LLM-Score, GRAD-Loss, IN-UCI, IN-
UMass due to their low reliability as discovered in
Sec. 5.2.1.

Kendall Pearson  Spearman

IR OR IR OR IR OR

LLM-Score 0.54 0.09 0.70 0.12 0.67 0.12
IN-EmbDist 0.19 0.12 0.27 0.16 0.26 0.16
IN-EmbCos  0.56 0.18 0.68 0.18 0.70 0.24
OUT-EmbDist 0.15 0.63 0.16 0.73 0.21 0.76

OUT-EmbCos 0.17 0.67 0.16 0.75 0.23 0.80

Table 4: Concurrent validity of Input Readability (IR)
and Output Readability (OR). The best results are
marked in bold. The second-best results are underlined.

Concurrent validity. In this experiment, we
treat the user study results for readability as a crite-
rion measure. Tab. 4 shows how well existing auto-
matic measures for readability correlate with user
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study results. IN-EmbCos is the top-performing
measure to predict input readability (IR), and OUT-
EmbCos is the best in predicting output readabil-
ity (OR). This demonstrates the effectiveness of
our coherence-based measure EmbCos as an ap-
proximation of human evaluation. Compared with
LLM-based measure that requires expensive API
calls to GPT-4, EmbCos has a stronger correlation
with human labels while requiring a much smaller
computational cost. We recommend EmbCos as an
inexpensive substitute for human evaluation, espe-
cially on large-scale evaluations. Yet human evalu-
ation is still needed for more rigorous analysis.

In Fig. 3, the off-diagonals visually demonstrate
the construct validity between our proposed mea-
sures. Our observations are as follows.

A. Faithfulness

1 1.0
ABL-Loss 041 035 0.5 0131011 027 016 0.04
1
ABL-Div 043 043 0.17 o.17:o.os 030 019 0.1
] 0.8
ABL-TClass  0.41 0.60 o.ss:o.oa 0.16 0.16 0.08
1
ABL-PClass 035 0.43 [0 o.eo:o.oz 0.15 0.08
-0.6
GRAD-TClass 0.15 0.17 0. 0.11 0.06
GRAD-PClass 0.13 0.17 |0. 0.11 0.06
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Figure 3: The MTMM table of the evaluation measures:
1) subset consistency is shown on the diagonals; 2) con-
struct validity is displayed on the off-diagonals.

Divergent Validity is inspected via correlation
between unrelated measures. Measures of faith-
fulness (A) show a low correlation (0.0-0.3) with
measures of readability (B), revealing their distinct
nature, which is as expected. Input readability and
output readability are also divergent (correlation
less than 0.15), demonstrating concepts’ unique
patterns on both sides. While previous efforts on
readability mostly focus on the input side, more
careful inspection on the output side is needed.

Convergent Validity is inspected via correlation
between measures of the same construct. Faithful-
ness measures (A) displayed moderate correlations
in general, averaging around 0.5. Agreement be-
tween measures with the same perturbation strategy
or difference measurement is higher than others,
indicating their potential relation. *-TClass and

*-PClass showed a higher correlation, due to the
consistency between prediction and true classes in
well-trained language models. In the meantime, the
agreement of readability measures (B) on either the
input side or output side is moderate.

Our findings are consistent across different lay-
ers and backbones. Interested readers may refer to
Appx. E for detailed results.

5.3 Comparison of Explanation Methods

We conducted a comparative assessment of three
different baseline methods on the language domain,
including the concepts of neuron (Bills et al., 2023),
sparse autoencoder (Cunningham et al., 2023), and
TCAV (Kim et al., 2018). The results for both
the neuron and sparse autoencoder were computed
as the average values across 100 randomly sam-
pled concepts from the concept set. We derive the
supervised concept using TCAV following (Kim
etal., 2018; Xu et al., 2024). Initially, LLM’s harm-
ful QA (Bhardwaj and Poria, 2023) is treated as
positive examples, and random texts are treated as
negative examples. Their hidden representations
are used to train a linear classifier, which aims to
differentiate the representations of positive exam-
ples from negative ones. The trained classifier is
treated as the concept’s activation function. The
results of this analysis are shown in Fig. 4.

baseline
mmm TCAV
o 100 mmm Sparse Autoencoder
3 mmm Neuron
a
Qo
o
o
-1
% 10 H |H
] IH H
AL T A Ay
S =] 5 o X < X
fi’@"o"fi’z"@‘(? \"(9 & F
FFEITITIL SIS
VQVQ vv%\,?g,\ Ve«,,\,@&% \00
& & S

Measure

Figure 4: Performance of different baselines on repre-
sentative measures.

Sparse autoencoder surpasses the neuron-based
methods across all evaluated measures, which is
as expected. Nevertheless, as an unsupervised
method, it falls short of TCAV on these same mea-
sures. This implies that the average quality of the
concepts it extracted is not as high as the concepts
derived from supervised counterparts. Addition-
ally, the discrepancy between human ratings for
different baseline methods is smaller than that be-
tween other readability measures. Upon detailed
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Method

Input Relevant Tokens

Output Preferred Tokens

TCAV

-information, -sensitive, -fraudulent,
-purposes, -violence, information,

-candidate, -someone, -stealing, -hatred

-assassination, -illegal, -gren,-rape,

-unconstitutional, impeachment, /.,
-prosecution, -unlawful, -conspiracy

Sparse Autoencoder

-north, -west, -east, -South,
-North, South, -northern, -southern,
-eastern, -dorsal

western, ward, bound, side,
ampton, wards, -facing,
line, most, -coast

-task, -carbohydrates, -radiation,
-musician, front, -version,
own, -control, -Hope, -caution

-answer, -tumor, -disambiguation,
kt6, omitempty, - Version,
-World, -stream, -huh, -UK

Neuron

-gap, -als, -going, -3, -mit,
-maybe, -True, -t, -c, -URN

lement, ters, right,uki, ter,
ecycle, aut, -3, er, -\n\n

Table 5: Patterns that maximally activate some demonstrative concepts of the baselines.

3

-> indicates space. For

sparse autoencoder, we selected one concept from both the top 10% and bottom 10% based on the average rank
results of IN-EmbCos and OUT-EmbCos. For the neuron method, we only showcased the top concepts.

analysis of the results, it appears that human raters
tend to give less discriminative scores ranging from
2 to 4, rarely awarding a 1 or 5, whereas automated
measures show a greater range in scoring.

We also present a case study in Tab. 5 to visually
illustrate the readability of concepts extracted by
the three baselines. Firstly, TCAV’s extracted con-
cept shows high readability, with both input and
output key tokens strongly tied to the “harmful QA”
training theme. Secondly, The performance of the
sparse autoencoder is notably inconsistent, whose
concept set varies widely in readability measures.
However, on average, upon observing many con-
cepts, we found that the readability of concepts
extracted by sparse autoencoder surpasses that of
neurons. This suggests that the sparse dictionary
paradigm generally enhances the quality of the en-
tire concept set, mitigating the issue of superposi-
tion (Elhage et al., 2022).

Besides, we found that LLM has learned a
seemingly redundant yet interesting pattern for the
first concept shown for sparse autoencoder (e.g.,
north,-west, -east, -South, -North, South, -northern).
Though these tokens are quite similar for humans,
we do not know whether they are considered the
same for LLMs. The embedding similarity between
these tokens reflects LLMs’ ability to model them
just like how humans perceive them as similar.

6 Conclusion

This paper introduced two automatic evaluation
measures, readability and faithfulness, for concept-
based explanations. We first formalize a general
definition of concepts and quantify faithfulness un-

der this formalization. Then, we approximate read-
ability via the coherence of patterns that maximally
activate a concept. Another key contribution of this
paper is that we describe a meta-evaluation method
for evaluating the reliability and validity of these
evaluation measures across diverse settings based
on measurement theory. Through extensive experi-
mental analysis, we inform the selection of expla-
nation evaluation measures, hoping to advance the
field of concept-based explanation.

Limitations

Our framework may not encompass the entirety
of the concept-based explanation landscape. Al-
though the focus on readability and faithfulness
aligns with prior research suggestions (Jacovi and
Goldberg, 2020; Lage et al., 2019) and represents
core components of evaluating concept-based ex-
planations. We acknowledge that our study rep-
resents a modest step towards evaluating concept-
based explanations. Future research on other as-
pects like robustness and stability is necessary.

Topic coherence is not designed to be the ulti-
mate or perfect solution for measuring readability.
Other aspects of readability, such as meaningful-
ness (Ghorbani et al., 2019), may also worth explor-
ing. In the future, we are interested in investigating
how these aspects could be quantified automati-
cally, building a more comprehensive landscape of
readability.

Due to limited GPU resources and budget con-
straints, we used smaller versions of LLM, focusing
primarily on the 3rd layer of Pythia-70M for our
analysis. And our evaluation of the LLM-Score
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was restricted to 200 concepts, incurring a cost of
around $1 for a single concept. While this setup,
on par with (Cunningham et al., 2023) and more
general than (Bricken et al., 2023), allowed for
fast analysis and comparison with existing litera-
ture, expanding our analysis to larger models could
yield more insightful conclusions in the future.
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A Taxonomies

In this section, we present a taxonomy of prior auto-
matic measures for evaluating concept-based expla-
nations based on existing literature on evaluating
explainable Al (Hoffman et al., 2018; Jacovi and
Goldberg, 2020; Colin et al., 2022). Fig. 5 provides
a summarized mind map, offering a visual repre-
sentation of the various aspects by which concept-
based explanation methods can be assessed. We
endeavored to use the original terminologies as
they appear in the cited works, emphasizing the
purposes for which these measures were developed.
Due to the evolving nature of the field, some mea-
sures might share similarities in their meanings or
computational methods, which could lead to per-
ceived overlap.

This makes the selection of suitable evalua-
tion measures hard for practitioners in the field
of concept-based explanation Therefore, there is a
pressing need for a more unified landscape in the
evaluation of concept-based methods to facilitate
substantial progress in the field. To address poten-
tial confusion, the evaluation measures we propose
in this paper seek to clarify and distinguish between
the different aspects of evaluation. We aim to pro-
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Figure 5: Taxonomy of prior automatic metrics on concept-based explanation methods.
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vide a clear and structured approach that reflects
the nuanced differences among these measures.

B Derivation of adequate ablation

We consider concept ablation as an optimization
problem with a closed-form solution, aiming to
minimize perturbation while maintaining zero ac-
tivation. This optimization problem can be formu-
lated as:

argmin |[h/ — hl|3, st a(h)=0 (16)
h/

We approach this optimization via the Lagrange
multiplier. For typical activation function calcu-
lated via inner product a(h) = v’ h, the Lagrange
function is defined as:

L(h, W v) =W = h|5+ TR (A7)
On stationary points of £:
OL(h, k', v)
ek S Al Rl AP 1
5T 0 (18)
&2k —h)+ X =0 19)
&h' =h— gv (20)
As vTh! = 0, we have:
A
oT(h = 5v) =0 @1
20Th
er= (22)
viw
Th
oh =h— v (23)
vl

For disentanglement-based methods, activation
is calculated via a(h) = ReLU (v’ h + b), where
ReLU(z) = max(z,0).

When oTh+b<0 (24)
salh) =0 (25)
sh =h (26)

Otherwise, a(h) = vT h+b, the Lagrange function
is defined as:

L(h, b ,v) = [[B = B3+ A0"h +b) @27
On stationary points of L:
dL(h, k' v)
—_—— = 2

Sh 0 (28)

&2k —h)+ =0 (29)
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Sh' =h— 5Y (30)

As vTh + b = 0, we have:

vT(h—év)—l—bzo

1
: G1)
T
@A:w (32)
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Th+b
o =p- L0t (33)
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Similarly, we consider concept e-addition as an
optimization problem with a closed-form solution,
aiming to maximize concept activation with only
perturbation of length e. This optimization problem
can be formulated as:

argmaxa(h'), st |h' —h|=¢ (34)

h/
The solution to this problem when activation func-
tion is a(h) = vT h is:

W=h+ v

(35)
[l

C Applicability to image domain

In our paper, we mostly focus on LLMs as back-
bone models. Here we elaborate on how the pro-
posed measures can be extended to the vision do-
main.

For readability, we can create ‘tokens’ by adopt-
ing a methodology similar to LIME (Ribeiro et al.,
2016). Specifically, we can segment each image
into superpixels and regard each superpixel as a
token in text. These superpixels’ embeddings can
then be obtained using pre-trained image models
like VGG (Simonyan and Zisserman, 2014), and
coherence-based measures can be applied by as-
sessing the similarity of these embeddings. While
extending measures like UCI/UMass to image tasks
may present challenges, it remains feasible by
first transcribing superpixels into text using vision-
language models like CLIP (Radford et al., 2021)
and then calculating their co-occurrence. Yet con-
sidering the low reliability indicated in Sec. 5.2.1
as well as its original initiative for the language do-
main, it might be redundant to explore this variant.

Furthermore, faithfulness measures, operating
on hidden and output spaces, are inherently inde-
pendent of data modality and can be directly ap-
plied to image tasks. In general, our method can be
used as long as a concept can be formulated with a
virtual activation function (Sec. 2), which takes a
given hidden representation in the model as input
and outputs the degree a concept is activated. As
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discussed in Sec. 2, we believe this formulation is
versatile and encompasses most concept explana-
tion methods.

D Case Study

In this section, we present an illustrative case of
the readability measures calculated via coherence-
based measures and the LL.M-based measure. We
have the following observations.

First, extracted topics via highly activated con-
texts align well with and even exceed explanations
generated by LLM (Fig. 7). As the number of
samples inputted to LLM is restricted to a maxi-
mum context window and pricing limits (128,800
tokens and $0.03/1K tokens for GPT-4), explana-
tions generated by LLM are only limited to the
information presented. However, our coherency-
based measures can search from a broader range of
samples, looking for top-activating contexts to pro-
vide a more comprehensive explanation, as shown
in Fig. 6.

Second, deep embedding-based measures are
better at capturing semantic similarities. The first
case illustrated in Fig. 6 (a) is ranked as the 1st
among the 200 concepts evaluated by IN-EmbCos
and 3rd by LLM, as it consistently activates on
words related to geographical directions as sug-
gested by LLM. However, IN-UCI only assigned
arank of 172. This is largely attributed to the fact
that these terms may only occur once in a sample,
showing one single direction, leading to low word
co-occurrence counts.

Third, coherency-based measures can compen-
sate for failure cases of LLM. For the 3rd case
shown in Fig. 6, we can observe that it activates
on expressions related to IXIEX. However, as LLM
can only observe limited examples, it fails to in-
clude other attributes than mathematical symbols
and markup, thus failing to simulate activations
that align with the original activation. We approach
this challenge by extracting topics from a larger
range of samples.

Overall, these findings are consistent with the
ones disclosed in Sec. 5.2.2, offering a more in-
tuitive understanding of the measures’ advantages
and weaknesses.

E Sensitivity Analysis

In our sensitivity analysis of validity results, we
expand beyond the examination of the 3rd layer
of Pythia-70M, as depicted in Fig. 3. We include

Model #Layer #Param #Dimesion
GPT-2 (small) 12 124M 768
Pythia-70M 6 70M 512

Table 6: Statistical model properties for subject models.
#Layer, #Param, and #Dimension represent the number
of layers, parameters, and dimensions respectively.

results from the 1st (Fig. 8 (a)) and 5th (Fig. 8 (b))
layers of Pythia-70M, as well as results from the
6th layer of GPT2-small (Fig. 8 (c)). Across these
layers, reliability and validity results are consis-
tent, with measures showing slightly better subset
consistency in deeper layers. We speculate that
as the layers deepen, the model discards irrelevant
information and noise, leading to more stable and
robust representations that are subject to less ran-
dom error and exhibit higher consistency. Notably,
the validity results on the 6th layer of GPT2-small
align with our main findings (Fig. 8 (c)), fluctuating
within a reasonable range, typically less than 0.1.
These results underscore larger language models’
superior ability and reliability compared to their
counterparts, such as the 3rd layer of Pythia-70M.

F Implementation Details

In our implementation, we employ the Pile dataset,
truncating input to 1024 tokens for efficient anal-
ysis. Both the Pile dataset and the backbones uti-
lized are accessible for download from the Hugging
Face Hub. To compute embedding-based readabil-
ity measures, we leverage the backbone model’s
embedding matrix to extract token embeddings.
All correlation metrics utilized in our analysis are
calculated using the scipy package.

Following (Bills et al., 2023; Cunningham et al.,
2023), we adopt the extraction of neuron activa-
tion as the output of the MLP layer in each layer,
where each dimension corresponds to a neuron.
Specifically, for a feed-forward layer FFN(h;,) =
GeLU(h;,W1)Ws, the MLP output/neurons are
GeLU(h;, W1). Furthermore, the disentanglement-
based baseline can utilize these extracted neu-
rons as inputs to discover mono-semantic concepts,
leveraging sparse autoencoders. We obtain the con-
cept activation function of TCAV following (Kim
et al., 2018). We treat LLM’s harmful QA (Bhard-
waj and Poria, 2023) as positive examples, and
random texts as negative examples. Then, a linear
classifier is trained on their hidden representations
to classify harmful examples. The trained classi-
fier’s output function is regarded as the concept’s
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Figure 6: Topics extracted for calculating coherency-based measures. Spaces are replaced by -’ for visualization.
These topics align well with LLM-generated explanations in Fig. 7 while providing fine-granular information.
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Figure 7: A case study on LLM-based measure for
readability measures. We present three cases with GPT4-
generated explanation, original activation, and GPT4-
simulated activation. GPT-4 performed well in the first
two cases but worse in the third case.

activation function.

We employ a sparse autoencoder proposed
by (Cunningham et al., 2023) to obtain concepts
for the disentanglement-based baseline. The pro-
cess involves running the model to be interpreted
over the text while caching and saving activations
at a specific layer, as narrated above. These acti-
vations then constitute a dataset used for training
the autoencoders. The training is executed with
the Adam optimizer, employing a learning rate of
le-3, and processing 11 billion activation vectors
for one epoch. The dictionary size is set at 8 times
the hidden space’s dimension. A single training
run with this data volume is completed in approx-
imately 13 hours on a single RTX 3090 GPU. To
balance between sparsity and accuracy, we set the
coefficient on the L1 loss to 0.5 for the 3rd layer of
Pythia-70M.

It’s important to note that our approach is in
line with the original experimental setups outlined
in (Bills et al., 2023; Cunningham et al., 2023; Kim
et al., 2018). For a more detailed understanding of
the implementation settings, interested readers are
encouraged to refer to the original papers.

In calculating faithfulness, GRAD-Div is ne-
glected as gradient operation is only applicable

to one variable at a time, applying gradient opera-
tion to the whole output class is computationally
expensive. To aggregate the effect on each token,
they are weighted by their activations. Samples that
exhibit high activation levels regarding a specific
concept are deemed more relevant to the concept
empirically and therefore receive higher weights.
This weighting scheme ensures that the most repre-
sentative samples contribute more significantly to
the evaluation, enhancing the fidelity of the faithful-
ness measure in capturing the alignment between
the model’s behavior and the intended concept.

For LLLM-based readability score (Bills et al.,
2023), we follow OpenAlT’s pipeline as illustrated
in (Bills et al.,, 2023). We show a detailed
prompt for generating an explanation/semantic ex-
pression of a concept based on its activation in
Fig. 9. We adopt this adjusted algorithm with
gpt-4-turbo-preview as the simulator, due to
new limitations in calculating logprobs on the in-
put side. When extracting patterns that maximally
activate a concept, we keep only the top 10 tokens
with the largest activation or contribution to high-
activation tokens.

G User study settings

In our user study, we recruited 3 human labelers
to evaluate the readability of 200 concepts. The
human labelers possess a high school level of En-
glish proficiency, allowing for easy comprehension
of the concepts. These labelers were selected from
within our academic institution to ensure a consis-
tent educational background, which is pertinent to
the readability aspect of our study. To maintain the
quality of labeling, we implemented a compensa-
tion structure that rewards the labelers based on the
number of concepts they evaluate. This approach
was designed to incentivize thorough and careful
consideration of each concept.

During the study, labelers were required to com-
plete their assessments within a five-minute win-
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Figure 8: The MTMM table of the evaluation measures: 1) subset consistency is shown on the diagonals; 2)

construct validity is displayed on the off-diagonals.

dow for each concept. This time constraint was
established to simulate a realistic scenario in which
users make quick judgments about concept read-
ability. Each of the three labelers was presented
with the same set of 200 concepts to ensure consis-
tency in the evaluation process.

Given input or output side tokens for a concept,
each of our human labelers gives one readability
score by simultaneously considering the three as-
pects, including semantic, grammatical or syntactic,
and morphological information. More specifically,
a concept is considered highly readable, if it is
related to a specific topic such as computer sys-
tems (semantically interesting), is associated with
a specific grammar or syntax (grammatically or
syntactically interesting), or consists of tokens that
share a similar structure or a form such as all being
usable as suffixes for a certain token (morphologi-
cally interesting).

We demonstrate guidelines that were provided
to the labelers. These guidelines were crafted to
assist the labelers in their task and to standardize
the evaluation criteria across all participants. The
guidelines are as follows:

Welcome to the user study on evaluating the read-
ability of concepts extracted from concept-based
explanations. Your valuable insights will contribute
to advancing our understanding of these explana-
tions and improving their interpretability. Below
are the instructions for scoring each concept:

Task Overview. You will be provided with a list
of concepts, each comprising three parts:

* Activation of this concept in 10 sentences, with
each sentence containing 64 tokens.

* The 20 tokens that have the greatest impact
on its activation value.

* The model’s output of the 20 tokens with the
highest logits after replacing hidden states
with the direction of the concept.

For each concept, please provide two scores within
the range of [1,2,3,4,5|, representing their per-
ceived readability of the relevant information on
the input and output sides.

Evaluation Criteria. Please consider the follow-
ing aspects when scoring each concept:

* Semantic Information: Consider whether the
concept is related to a specific topic, such as
containing terms related to computer systems.

Grammatical or syntactic information: Assess
whether the concept is associated with specific
grammar or syntax, such as being frequently
activated with various copulas.

* Morphological Information: Consider
whether the given tokens share a similar
structure or form, such as all being usable as
suffixes for a certain token.

Scoring Procedure. Please provide a score for
the input side, reflecting the readability of tokens
related to the concept in the input. Additionally,
assign a score for the output side, indicating the
readability of tokens related to the concept in the
output. Your engagement in this scoring procedure
will significantly contribute to the comprehensive-
ness of our study. Thank you for your participation!
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Input

<SYSTEM>: We're studying neurons in a neural network. Each neuron looks for some particular
thing in a short document. Look at the parts of the document the neuron activates for

and summarize in a single sentence what the neuron is looking for. Don't list

examples of words.\n\nThe activation format is token<tab>activation. Activation

values range from @ to 10. A neuron finding what it's looking for is represented by a
non-zero activation value. The higher the activation value, the stronger the match.

<USER>: Neuron 1
Activations:

<start>

warm 2

ly o

affecting 6

and @

so @

<end>

Same activations, but with all zeros filtered out:

<start>

warm 2

affecting 6

<end>

Explanation of neuron 1 behavior: the main thing the neuron does is to find:
<ASSISTANT>: present tense verbs ending in 'ing'

...more few-shot examples...

<USER>: Neuron 4:
Activations:

<start>

information 2

systems ©

infrastructures @

including @

the @

Internet 4

, 0

telecommunications 4

networks 6

<end>

Same activations, but with all zeros filtered out:
<start>

information 2

Internet 4

telecommunications 4

networks 6

<end>

Explanation of neuron 4 behavior: the main thing the neuron does is to find:

<ASSISTANT>:
Output

Terminologies related to computer networks

Figure 9: Prompt and example input and output for generating a semantic expression for a given concept (Bills
et al., 2023). \t’ is used as the separator between a token and an activation value.
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