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Abstract

Machine learning explainability aims to make the decision-
making process of black-box models more transparent by
finding the most important input features for a given predic-
tion task. Recent works have proposed composing explana-
tions from semantic concepts (e.g., colors, patterns, shapes)
that are inherently interpretable to the user of a model. How-
ever, these methods generally ignore the communicative con-
text of explanation—the ability of the user to understand the
prediction of the model from the explanation. For example,
while a medical doctor might understand an explanation in
terms of clinical markers, a patient may need a more acces-
sible explanation to make sense of the same diagnosis. In
this work, we address this gap with listener-adaptive expla-
nations. We propose an iterative procedure grounded in prin-
ciples of pragmatic reasoning and the rational speech act to
generate explanations that maximize communicative utility,
and we evaluate our method on classification of lung X-rays.
Our procedure only needs access to pairwise preferences be-
tween candidate explanations, relevant in real-world scenar-
ios where a listener model may not be available.

Introduction

Understanding the decision-making process of modern ma-
chine learning systems is critical for their responsible use.
This need has motivated considerable research efforts on
the safety, fairness, and trustworthiness of black-box predic-
tors. A notable approach is that of explaining predictions in
a post-hoc fashion, i.e. finding the features that contributed
the most to the output of a model, either globally over a pop-
ulation or locally for a given input (Covert, Lundberg, and
Lee 2020). Instead of using input features (e.g., pixels for
images or words for text), recent works have proposed to
compose explanations with human-interpretable concepts,
such as the presence of certain objects, colors, or patterns
in images (Kim et al. 2018; Koh et al. 2020; Yuksekgonul,
Wang, and Zou 2022; Teneggi and Sulam 2024). Although
closer to the way humans articulate explanations compared
to input features, these methods ignore the confext of ex-
planation (i.e., its pragmatics), which is a fundamental as-
pect of human reasoning (Grice 1975; Hobbs et al. 1987;
Carston et al. 1993; Wilson and Sperber 2012; Recanati
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1989; Gibbs Jr and Moise 1997). For example, a pragmatic
explainer should first reason about its context, taking into
consideration whom it is communicating with (e.g., a med-
ical doctor, a nurse, or a patient), and adapt its output to
maximize communicative utility.

In this work, we introduce a framework that tailors expla-
nations to the communicative needs of different users with-
out requiring an explicit listener model. We follow the ra-
tional speech act (RSA) (Goodman and Frank 2016) to for-
malize pragmatic reasoning as probabilistic inference over
explanations. We leverage recent advances in reinforcement
learning from human feedback (RLHF) (Christiano et al.
2017; Bai et al. 2022; Ouyang et al. 2022) and direct prefer-
ence optimization (DPO) (Rafailov et al. 2023; Rosset et al.
2024) to study cases where the listener model is unknown
but preference data can be collected. We focus on image
classification tasks, and we propose an iterative procedure
that, given a fixed predictor, jointly trains a speaker and a lis-
tener in a pragmatic reference game (a cooperative signaling
game (Sobel 2020)). The goal of the game is for the listener
to guess the prediction of the classifier (the signal) without
seeing the input image but the utterance of the speaker only
(i.e., the explanation), as depicted in Figure 1. We evaluate
our method on CheXpert (Irvin et al. 2019), simulating lis-
teners with different levels of technical knowledge.

Pragmatic Explanations

Recall that the goal of post-hoc explainability is to find the
features that contribute the most towards the output of a fixed
predictor on a particular input. Existing research has focused
on developing tools to investigate the internal mechanisms
of black-box models, for example with gradients (Selvaraju
et al. 2016; Wang et al. 2024; Kolek et al. 2022), game- and
information-theory (Lundberg and Lee 2017; Kolek et al.
2020, 2022; Teneggi, Luster, and Sulam 2022; Covert, Lund-
berg, and Lee 2021), conditional independence (Teneggi
et al. 2022; Burns, Thomason, and Tansey 2020; Teneggi
and Sulam 2024; Shi et al. 2024; Bharti, Yi, and Sulam
2024), and mechanistic interpretability (Nanda et al. 2023;
Conmy et al. 2023; Bereska and Gavves 2024), among other
strategies. These methods, however, overlook the context of
such explanations (i.e., pragmatics). Following the RSA, we
observe that an explanation is useful if a listener can cor-
rectly infer the prediction made by the machine learning
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Figure 1: Illustration of our listener-adaptive explanation framework: a speaker generates utterances to help a listener infer

model predictions without access to the input image.

model.

More formally, let f : X — Y with ) = [k]
{1,...,k} be a fixed predictor that maps an input x+ € X
to one of k classes. We assume f can be seen as the compo-
sition of a feature encoder h : X — R? with a downstream
classifier g : R? — Y, ie. f(x) = g(h(z)), and that we
have access to the embeddings h(z). Denote S : R? — U
a speaker model (i.e., the explainer) that takes embeddings
as input and generates utterances in /. We consider utter-
ances (i.e., explanations) composed of at most [ claims from
a vocabulary C = {¢y,...,¢n}, where each claim can be
labeled +1 or —1 depending on whether it is true or false for
input x, i.e. U C (C x {—1,+1})=!. For example, in chest
X-ray classification, f may predict whether a scan shows
signs of lung opacity and C is a vocabulary of medical find-
ings such as edema, consolidation, or pneumothorax. Then,
a plausible utterance for the prediction “signs of lung opac-
ity” could be u = [(edema, +1), (pneumothorax, —1)].
To connect machine learning explanations with pragmatic
reasoning, let L : U/ — ) be a listener that receives an utter-
ance and outputs one of the classes. The RSA implies that
for an input « and prediction § = f(x), the distribution of
utterances induced by a pragmatic explainer should satisfy

ey

log Ps(u | h(x)) o< log P(u | ) 4+ log Pr(§ | w),

fidelity

utility

where the first term represents the fidelity of the utterance to
the input x, and the second is the utility of the utterance for
the listener. Then, our objective becomes to jointly optimize
both the explainer S and listener L to maximize commu-
nicative reward, i.e.

arg max E [log P(u | ) + alog Pr(g | w)], (2)

S,L (zfg)NDf
u~Pg (h(z))

where Dy is the joint distribution of (z,y = f(z)) and
o > 0is a hyperparameter that controls the tradeoff between
fidelity and utility (when o = 0 the listener is ignored and
the speaker is literal, maximizing fidelity only).
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The Training Procedure

Our training procedure follows an alternating optimization
approach where, at each step ¢ = 1,...,T, the speaker
and the listener are sequentially updated. Note that, given
a dataset D = {(x;, §;)}7"_, containing inputs and their re-
spective predictions by a fixed classifier f:

« Given a fixed listener L(*~1)| the new speaker S(*) can
. t — Npref
be found via DPO on D), = {(x;, {(u),u;)}m )}

15
where nper = b(b—1)/ 2pis the number of pairwise pref-
erences constructed by ranking b utterances from S(¢~1)
according to Equation (1). Note that, in this step, S(*~1)
plays the role of reference model in the DPO objective.

* Given a fixed speaker S(*), its optimal listener L(*)
can be estimated from L(*~1) via cross-entropy min-

imization over a dataset of explanations ng))l

{(@i, (W15 -+ Wingy)) 1=, Where neyp is the number

of utterances for each input z;, i.e. u;; ~ Pgw (- |
Using DPO to update the speaker allows our method to han-
dle scenarios with human subjects, whose fidelity and utility
might be difficult to explicitly learn from data but for whom
preferences can be collected. Within the scope of this work,
we simulate listeners with neural networks to study the ef-
fectiveness of our proposed method.

Grounding Explanations. Recall that Equation 1 is
used to rank utterances only, and that the fidelity term
should ground them in a knowledge base, such as image
captions, expert annotations, or the likelihood of a pre-
trained vision-language model. Here, we let P(u | z) =
exp(fidelity(u,z))/ >, exp(fidelity (v, z)),

where fidelity(u,z) € [0,1] is an unnormalized score.
This way, the pairwise ranks of candidate utterances do
not depend on the normalizing constant Z(z) = ), exp(
fidelity(w/,z)) buton fidelity(u,z) + aPL(§ | u)
only. Given the binary nature of the claims—and as done in
previous works (Koh et al. 2020; Kim et al. 2018; Chattopad-
hyay et al. 2023; Chattopadhyay, Chan, and Vidal 2024)—
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Figure 2: Mapping of medical claims in the CheXpert dataset to laymen friendly descriptions. The underlined terms are the
abbreviations used in the figures in the main text of the manuscript.

we assume access to semantics z : X — {—1,0,4+1}™ in
the form of ground-truth annotations or predictions from a
vision-language model (e.g., CLIP (Radford et al. 2021),
Concept-QA (Chattopadhyay, Chan, and Vidal 2024)).
These semantics z(z) € {—1,0,+1}™ indicate which
claims are true for x (ie., z(z); = +1), which are false
(i.e., z(z); = —1), and which are unknown (i.e, z(z); = 0).
Then, we define fidelity as the weighted average of the
number of true positive claims with the number of true nega-

tive claims, i.e. TP = |{(c;, 2;) € u: 2; = 1A z(x); = 1},
TN = [{(¢j, ;) €u:2; = —-1Az(x); = —1}|,and
TP TN
Fidelity(u,z) = % ve1. 3
u

As v — 0, utterances with negative claims are downvoted,
and the opposite as v — 1. Varying ~ accounts for the fact
that as the vocabulary C grows, it is easier for a claim ¢ € C
to be false, making the ground-truth semantics imbalanced.

Simulating listener preferences. There are several ways
to simulate listeners with different preferences over utter-
ances, such as preference over certain topics, categories, or
styles of presentation (e.g. technical nomenclature vs. com-
mon parlance). Here, we use temperature scaling (Guo et al.
2017) with respect to a prior distribution over groups of
claims. That is, we assume access to a family of groups
G = {g; : C — {0,1}} such that g;(c) = 1 if c belongs
to the j™ group (and groups may intersect). Then, a listener
L, has a prior distribution over groups 7 € Al9! and

()
T KL{g(w)][m) + 1) @

where ¢ : U — R are the unnormalized outputs (the logits)
of the neural network simulating the listener, g : 4 — Al9!
is the distribution of groups in utterance u, and 7 > 0 is
a temperature parameter that strengthens the effect of the
prior. Intuitively, the larger the distance between the ob-
served and prior distributions, the more uniform Pr,_(§ | u),
making it harder for the listener to predict ¢ confidently. We
note that we use the reverse KL to penalize utterances with
claims belonging to groups that have zero mass in the prior
(i.e., m; = 0and g(u); > 0), which would not have an effect
on the forward KL.

Pr_(§ ] u) = softmax <
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Lung Opacity Detection in Chest X-Rays

We evaluate our method on lung opacity detection with the
CheXpert dataset (Irvin et al. 2019), which contains 224,316
chest X-rays labeled for the presence of 14 clinical findings
from their textual reports. We predict whether a scan con-
tains signs of lung opacity with the zero-shot classifier “No
signs of lung opacity” and “Findings suggesting lung opac-
ity” of BiomedVLP (Bannur et al. 2023), which has a base
accuracy of 78,21%. We train on the first 10,000 patients
in the dataset (40,702 images total), and keep the original
validation set of 234 scans. We note that we use the Visu-
alCheXbert (Jain et al. 2021) labels, and that concept an-
notations in the validation set are verified by trained radi-
ologists. We include 12 of the 14 clinical findings in our
explanation vocabulary, excluding “no findings” and “lung
opacity”. When simulating a non-technical listener, we ex-
pand this vocabulary to 20 terms by aggregating and map-
ping medical claims to laymen friendly descriptions based
on an expert radiologist’s input (see Figure 2).

We implement our speaker models with the CoCa archi-
tecture (Yu et al. 2022) and we simulate listeners with bidi-
rectional transformers (Devlin et al. 2019). We train all mod-
els with AdamW (Loshchilov and Hutter 2017) with learn-
ing rate of 0.0001, weight decay of 0.01, gradient norm clip-
ping at 1.0, and cosine annealing after each iteration of the
procedure. We use 4 claims per utterance, « = 0.2 when
training pragmatic speakers, true negative weight v = 0.4,
DPO regularization strength 5 = 0.6, number of utterances
Nexpl = 8, and number of candidate utterances b = 4 (i.e.,
Npref = b(b — 1)/2 = 6). We now present and discuss the
main findings of our experiment.

Pragmatic Explanations Improve Listener
Accuracy

Recall that if the pragmatic strength a = 0, the reward
ignores utility, and the speaker model S is literal in the
sense that it maximizes fidelity only. We found that prag-
matic listeners (i.e., listeners trained jointly with a prag-
matic speaker), have higher performance than literal ones
(98.75% vs 84.62%). This confirms that pragmatic explana-
tions communicate findings more effectively. Furthermore,
we note listener accuracy is higher than the base classifier’s.
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Figure 3: (A) Preference alignment (KL divergence) and listener accuracy as a function of temperature scale 7. (B) Example
results for preference adaptation. Blue claims are clinical, and orange ones their meaning in laymen terms. Predicted semantics
are included without parentheses, and ground-truth ones in parentheses.

We remark that the former is measured with respects to pre-
dictions, and the latter with ground-truth labels, hence why
listener models can have higher accuracy than the base clas-
sifier. More importantly, this means that the speaker model
is sometimes able to communicate wrong predictions. This
highlights the importance of including safeguards such as
explaining confident predictions only or restricting explana-
tions to using only the claims that were statistically signif-
icant for the prediction of the base classifier (Teneggi and
Sulam 2024) in order to avoid unintended consequences in
real-world scenarios.

Pragmatic Explanations Adapt to Listener
Preferences

We consider two listeners: a doctor listener who prefers
medical terminology, and a patient listener favoring lay-
men descriptions. We remark that the laymen vocabulary
contains fewer terms, such that adapting is not equivalent
to finding a one-to-one mapping of the claims. Figure (3)
(Panel A) reports listener accuracy and preference alignment
(evaluated as the KL divergence between the distribution of
groups in the utterances and the prior) as a function of tem-
perature scale 7. We normalize KL divergence to a prag-
matic speaker with no preference adaptation at 7 = 0. We
found that a temperature parameter greater than 0 leads to a
significant reduction of KL divergence, i.e. the speaker suc-
cessfully aligns with the simulated prior, and that alignment
does not reduce classification performance. Figure 3 (Panel
B) includes a representative example for a true positive scan
and a true negative scan. We can see that a pragmatic speaker
with no adaptation (i.e., 7 = 0) mixes medical findings with
laymen terms (orange and blue, respectively), and that the
doctor and patient speakers successfully restrict claims to
their respective vocabularies. Furthermore, we note that the
claims in the utterances of the doctor and patient speaker do
not necessarily match, showing that adaptation is not simply
a translation of utterances.
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Limitations and Future Work

In this work, we put forth a framework to explain predictions
of black-box models grounded in principles of pragmatic
reasoning, the rational speech act, and direct preference op-
timization. While prior works have focused on technical ad-
vancements to inspect the inner mechanisms of these com-
plex systems, we address the gap between machine learning
explanations and human communication, providing empiri-
cal evidence that the pragmatics of explanations are impor-
tant for real-world applications with several different stake-
holders.

Naturally, our work has limitations. First, our training pro-
cedure relies on iterative reinforcement of the speaker and
listener models, which may be expensive for large datasets.
In particular, the space of utterances grows exponentially
with the number of claims in the vocabulary C, which
leads to a exploration-exploitation tradeoff (Sutton, Barto
et al. 1998) when sampling the preference and explanation
datasets (Dé:e)f and Dg;l). Possible strategies to achieve bet-
ter coverage of the space of utterance when the vocabulary C
is large may be to retain candidate utterances from previous
iterations (Rosset et al. 2024), or to use an exponential mov-
ing average as the reference model (Llama Team 2024). Sec-
ond, free-form text explanations may be more flexible than
claim-based ones as vocabularies evolve over time. This re-
quires claim decomposition and verification techniques to
prevent hallucinations (Wanner, Van Durme, and Dredze
2024; Kamoi et al. 2023) and generation of misleading ex-
planations. Finally, we consider training speaker models that
can adapt to multiple listeners at once as future work.
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