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Abstract

Building compositional explanations requires
models to combine two or more facts that, to-
gether, describe why the answer to a question
is correct. Typically, these “multi-hop” expla-
nations are evaluated relative to one (or a small
number of) gold explanations. In this work, we
show these evaluations substantially underesti-
mate model performance, both in terms of the
relevance of included facts, as well as the com-
pleteness of model-generated explanations, be-
cause models regularly discover and produce
valid explanations that are different than gold
explanations. To address this, we construct a
large corpus of 126k domain-expert (science
teacher) relevance ratings that augment a cor-
pus of explanations to standardized science
exam questions, discovering 80k additional
relevant facts not rated as gold. We build three
strong models based on different methodolo-
gies (generation, ranking, and schemas), and
empirically show that while expert-augmented
ratings provide better estimates of explana-
tion quality, both original (gold) and expert-
augmented automatic evaluations still substan-
tially underestimate performance by up to 36%
when compared with full manual expert judge-
ments, with different models being dispropor-
tionately affected. This poses a significant
methodological challenge to accurately evalu-
ating explanations produced by compositional
reasoning models.

1 Introduction

Compositional inference is the high-level task of
combining two or more pieces of knowledge to
perform reasoning. In the context of question
answering, compositional (or “multi-hop”) infer-
ence typically takes the form of combining facts
from a knowledge base that allow a given solver
to form a complete chain-of-reasoning that moves
from question to correct answer. A desirable con-
sequence is that the facts used to assemble this
chain-of-reasoning can then be taken as an inter-

Question: When trees are cleared from the land,
what will most likely occur?

Answer: Soil Erosion

Gold Explanation
A tree is a kind of plant.
Roots are a part of a plant.
In the soil erosion process, plant roots are an inhibitor.
Removing an inhibitor causes that process to happen.

Soil erosion is when wind/water move soil.
Tree roots decrease soil erosion.
As deforestation increases, soil erosion will increase.
Deforested area is where humans cut down trees.
Clearing a forest means cutting down trees.

Model-Generated Explanation

Automated
Evaluation

Expert
Evaluation

Figure 1: An example science exam question, its gold expla-
nation from the WorldTree corpus, and a model-generated ex-
planation from one of the models (Tensorflow-Ranking-BERT)
trained using expert-generated relevance ratings produced in
this work. Though the model-generated explanation is strong,
it shares no facts in common with the gold explanation, and
automatic evaluations rate it neither relevant nor complete.

pretable record of that reasoning, as well as a
human-readable explanation for why the answer
is correct.

Compositional inference has seen steady growth
in the last three years, in large part due to the re-
cent availability of training and evaluation data for
the task (e.g. Yang et al., 2018; Khashabi et al.,
2018; Jansen et al., 2018), which has historically
been unavailable due to the challenges in annotat-
ing explanations, and the expense in generating
quality data at scale. To ease these burdens, nearly
all datasets have focused on small compositional
inference problems that require composing only
two representations, typically triples, sentences, or
whole paragraphs (see Wiegreffe and Marasović,
2021, for a survey of datasets).

In this work, we focus on the problem of gener-
ating and evaluating large explanations to science



exam questions (with the average explanation in
this work requiring composing 6 facts). Our evalu-
ation experience in this domain has been uneasy –
we have developed seemingly well-reasoned mod-
els, only to receive comparatively low evaluation
scores relative to baseline models in automatic eval-
uations. When evaluated manually, as shown in
Figure 1, we observe that many models produce
compelling explanations, at least in part, but these
explanations score poorly because they differ from
gold explanations. This parallels the disparity in
automatic versus manual evaluations in other fields,
such as machine translation (Freitag et al., 2021).

In this work we systematically analyze the dif-
ference between automatic and expert manual eval-
uation, and formalize evaluation of large composi-
tional explanations in two aspects: by examining
the relevance of each fact to the question and an-
swer, as well as the completeness of the entire
explanation – that is, whether the collection of
facts in the explanation form a complete chain-of-
reasoning from question to answer. Of these two
metrics, obtaining accurate relevance measures is
in principle solvable by brute force – by creating an
exhaustive corpus of ratings – while exhaustively
enumerating possible n-fact explanations and rat-
ing them for completeness is likely less tractable.
Here, we focus on generating extensive relevance
annotation of the facts most likely to be incorpo-
rated in explanations, while providing an estimate
of the undercounting of completeness by manually
evaluating the completeness of explanations gener-
ated by three state-of-the-art models.

The contributions of this work are:

1. Resource: We produce a large set of 126k
expert-generated relevance ratings for build-
ing explanations to science exam questions
from atomic facts. Each rated fact was highly
ranked by a large language model trained on
gold explanations using distant supervision,
complementing those in the WorldTree V2
explanation corpus (Xie et al., 2020). The
domain experts (science teachers) discovered
80.6k additional facts, four times more than
provided in gold explanations, to be relevant
for explanation construction.

2. Models: We use these ratings to train
and evaluate three state-of-the-art exhaus-
tive models, using three different modeling
paradigms: explanation-as-ranking, genera-
tion, and constraint-based schemas.

3. Evaluation: We conduct large automatic and
manual evaluations, empirically demonstrat-
ing substantial differences in evaluation when
using better ratings and judgements. In fully-
automatic evaluations, original evaluations un-
derestimate relevance by up to 14% compared
with a fully-automatic evaluation that includes
expert ratings. But, this fully-automatic set-
ting still underestimates relevance by up to
29% and completeness by up to 36% com-
pared to full manual judgements.

2 Related Work

Compositional explanations: In their survey,
Weigreffe and Marasovic (2021) identified 14 struc-
tured explanation datasets for compositional rea-
soning. Due to the challenge in annotating large
compositional explanations, nearly all datasets to
date (such as QASC (Khot et al., 2020), Open-
BookQA (Mihaylov et al., 2018), and R4C (Inoue
et al., 2020)) require combining an average of only
2 facts. In this work, to study evaluation challenges
with the largest available explanations, we use the
WorldTree V2 explanation corpus (Xie et al., 2020),
whose explanations require composing an average
of 6 (and as many as 16) facts.

Evaluation with multiple gold explanations:
Nearly all compositional reasoning datasets anno-
tate (at most) a single gold explanation, with two
exceptions. eQASC (Jhamtani and Clark, 2020)
generates 10 perturbations of possible 2-fact QASC
explanations, and asks crowdworkers to rate these
as valid or invalid chains of reasoning. 26% are
rated valid, resulting in an average of 2.6 valid
2-fact explanations per question, which Jhamtani
and Clark (2020) then use to train a classifier and
ranker. Taking a different approach, R4C (Inoue
et al., 2020) uses crowdworkers to generate 3 expla-
nations (represented as chains of triples) to select
HotpotQA questions (Yang et al., 2018). R4C ex-
planations are short, with 68% containing 2 triples,
23% using 3 triples, and 9% use 4 or more triples.
Inoue et al. (2020) then define an alignment proce-
dure between model-generated output triples and
the 3 gold explanations, and take the highest scor-
ing alignment as the score of the explanation. In
this work, due to the intractability of generating
and rating explanatory perturbations with large ex-
planations, we instead use domain-experts to pro-
duce relevance ratings for component facts at scale.



Figure 2:An overview of this work. We generate a large set of relevance ratings for explanatory facts annotated by domain
experts (science teachers), that complement the original WorldTree explanation corpus. We use this new annotation for training
and evaluating three families of strong models (Tensor�ow Ranking BERT, T5-Uni�edQA, and CoSaTa Schemas) on generating
explanations. We show through automatic and manual analyses that the current method of using a single gold explanation
for evaluation substantially undercounts explanation performance in terms of relevance and completeness, while even expert
relevance ratings (when used in fully-automatic evaluations) still moderately undercount true task performance compared to full
manual human judgements.

We then rate model explanations forcompleteness
manually, as we hypothesize that generating a large
database of alternative gold explanations as in In-
oue et al. (2020) is likely intractable for explana-
tions longer than two or three facts.

Rating completeness is challenging, with oppor-
tunities for bias. For example, Korman et al. (2020)
note that “all explanations are incomplete, but rea-
soners think some explanations are more complete
than others”, and empirically determined that hu-
mans prefer simpler explanations that reduce gaps
in causal explanatory steps. Here we consider ex-
planations correct if they are technically correct (as
determined by domain experts), and minimize gaps
in inferences, without measuring succinctness.

Modeling approaches to generating explana-
tions: A wide variety of approaches have been
proposed for building compositional explanations
(see Thayaparan et al., 2020, inter alia), including
integer linear programming (Khashabi et al., 2016),
formal logics and rules (Weber et al., 2019), itera-
tive construction methods (Cartuyvels et al., 2020),
and various explanation-as-ranking approaches
such as those proposed in the Shared Tasks for

Explanation Regeneration (e.g. Jansen and Ustalov,
2020). In this work we explore evaluation chal-
lenges grounded in the performance of three strong
and methodologically diverse models: reranking
exhaustive classi�cations of large language models
(e.g. Das et al., 2019; Li et al., 2020), generative
models (e.g. Khashabi et al., 2020), and schema-
based models (e.g. Lin et al., 2019; Jansen, 2020)

3 Overview

An overview of our approach is shown in Figure 2.
First, in Section 4 we generate a large set of ex-
pert relevance ratings that complement those in the
WorldTree V2 explanation corpus. We then use
these expert relevance ratings to demonstrate exist-
ing evaluations substantially undercount relevance
in explanation-as-ranking paradigms in Section 5.
In Section 6 we implement strong generative, rank-
ing, and schema-based models that produce whole
explanations (rather than ranked lists), and show
through manual analysis that automated metrics
substantially undercount relevance and complete-
ness of whole explanations, even when using better
ratings. We conclude with a discussion of implica-


