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Abstract

With recent advances, neural models can
achieve human-level performance on various
natural language tasks. However, there are no
guarantees that any explanations from these
models are faithful, i.e. that they reflect the in-
ner workings of the model. Atomic inference
overcomes this issue, providing interpretable
and faithful model decisions. This approach
involves making predictions for different com-
ponents (or atoms) of an instance, before using
interpretable and deterministic rules to derive
the overall prediction based on the individual
atom-level predictions. We investigate the ef-
fectiveness of using LLM-generated facts as
atoms, decomposing Natural Language Infer-
ence premises into lists of facts. While directly
using generated facts in atomic inference sys-
tems can result in worse performance, with 1)
a multi-stage fact generation process, and 2)
a training regime that incorporates the facts,
our fact-based method outperforms other ap-
proaches.1

1 Introduction

Current state-of-the-art models achieve impressive
performance on various natural language under-
standing tasks. However, predictions from these
models are not interpretable, and while existing
methods can suggest plausible reasons for each
prediction (Wiegreffe and Marasovic, 2021), there
are no guarantees that these reasons are faithful
to the underlying decision-making process of the
model (Lyu et al., 2022; Atanasova et al., 2023).
Despite the importance of inherently interpretable
models for high-stakes decision-making (Rudin,
2019), few works on interpretability consider this
type of model (Calderon and Reichart, 2024).

Motivated by this idea, we aim to introduce an
inherently interpretable model that produces plausi-
ble and faithful explanations. This method involves

1https://github.com/joestacey/atomic_
inference_anli/

decomposing an input into components (atoms)
and making hard classification decisions indepen-
dently for each atom. A sequence of interpretable
and deterministic rules is then applied to derive the
overall prediction based on the model decisions for
these atoms. We refer to this approach as atomic
inference, producing interpretable models that re-
veal the specific atom-level decisions responsible
for each instance-level prediction.

Atomic inference methods are effective when
underpinned by an appropriate choice of atoms,
allowing models to independently make accurate
predictions for each component part of an input.
We investigate the effectiveness of using gener-
ated facts as our atoms. Specifically, we use an
LLM to generate a comprehensive list of facts that
summarises an input. This fact decomposition re-
sults in more atoms than a sentence segmentation,
providing more fine-grained model interpretability.
Moreover, we show that fact-based methods can
considerably outperform existing methods that use
either sentences or word spans as atoms.

We test our atomic inference methods on Natu-
ral Language Inference (NLI), a task that involves
reasoning about the relationship between a premise
and a hypothesis. This follows previous work with
atomic methods, which often consider NLI (Schus-
ter et al., 2022; Stacey et al., 2022; Chen et al.,
2023) or tasks analogous to NLI (Glover et al.,
2022; Laban et al., 2022; Kamoi et al., 2023; Zhang
and Bansal, 2021; Yuan and Vlachos, 2023; Aly
et al., 2023). To improve our fact-based models,
we introduce different strategies to make the gener-
ated fact lists comprehensive, preventing important
information from being missed during inference.
We further experiment with an attention-based ar-
chitecture that introduces the fact-generated atoms
during training.

We describe our best performing system as
FGLR (Fact-Generated Logical Reasoning), a
method that achieves state-of-the-art results for
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atomic inference, while also outperforming several
large-scale LLMs.

2 Related Work

Atomic inference involves making discrete, atom-
level predictions that are used to determine
instance-level predictions (Stacey et al., 2022; Yuan
and Vlachos, 2023), highlighting the specific atoms
that are responsible for each model prediction2.
This contrasts with atom-based methods that re-
quire soft atom-level predictions (Laban et al.,
2022; Kamoi et al., 2023), or methods where the
predictions for each atom also have access to other
parts of the input (Wu et al., 2023; Chen et al.,
2023; Feng et al., 2022).

Common choices of atoms include sentences
(Schuster et al., 2022; Laban et al., 2022; Glover
et al., 2022), word spans (Stacey et al., 2022; Aly
et al., 2023; Braun and Kunz, 2024; Krishna et al.,
2022), paragraphs (Glover et al., 2022; Laban et al.,
2022), propositions (Chen et al., 2023), or seman-
tic triples (Yuan and Vlachos, 2023). Recent work
has further considered the decomposition of texts
into lists of facts, using language models to gener-
ate fact lists that itemise the information present
(Kamoi et al., 2023; Min et al., 2023). We con-
sider the effectiveness of using generated facts for
atomic inference, with models making hard entail-
ment decisions about each fact.

Most atom-based methods either use existing
NLI models to make atom-level predictions (Schus-
ter et al., 2022; Glover et al., 2022; Laban et al.,
2022; Kamoi et al., 2023), or provide additional
atom-level annotations to be used for model train-
ing (Kamoi et al., 2023; Chen et al., 2023). We
choose to take a different approach, integrating
the fact-level decomposition into the model train-
ing process. Following Stacey et al. (2022), this
approach teaches models to make accurate predic-
tions for individual facts without requiring fact-
level labels during training.

We provide a direct comparison of our system
with the system proposed by Stacey et al. (2022),
which segments NLI hypotheses into spans based
on the presence of nouns. This span-level approach
requires models to be trained with the atoms in-
the-loop, enabling span-level predictions during
inference. However, when using generated facts

2For atomic inference, the possible labels for each atom
do not need to align with the final task labels. For example,
natural logic operators could be used as intermediate atom-
level classes, similar to Aly et al. (2023).

as atoms, we can compare the performance from
training with the atoms in-the-loop to using a stan-
dard NLI model to make the atom-level predictions.
Unlike Stacey et al. (2022), we also segment the
NLI premise into atoms rather than the hypothesis,
requiring a different framework for both training
and inference. We also introduce a range of novel
fact generation strategies to avoid missing informa-
tion in our generated atoms, an issue that is avoided
when segmenting instances into spans.

3 Method

3.1 Fact Generation
We define a fact as a statement representing a sin-
gle piece of information. For each instance, we
use GPT-33 (Brown et al., 2020) to generate a fact
list that itemises all of the information contained
within the premise (see Figure 1). To generate a
list of facts, we provide the language model with
the premise, followed by the instruction “List all
the facts we explicitly know from the premise:”.

We implement multiple fact-generation strate-
gies with the aim of creating more comprehensive
fact lists (see Figure 1), resulting in better perfor-
mance. This involves (1) concatenating two inde-
pendent lists of facts for each NLI premise, gen-
erated using different examples in the prompt, (2)
asking a generator model to extend an existing fact
list, and (3) generating facts that are also condi-
tioned on a particular hypothesis. The hypothesis-
conditioned facts are only generated for the test
and validation data, so the model cannot access
these facts during training. Providing these ad-
ditional facts during training would require gen-
erating considerably more facts, with a substan-
tially higher cost. Moreover, not providing the
hypothesis-conditioned facts during training pre-
vents models from learning from class-specific ar-
tifacts within the generated facts.

More details of the process, including an analysis
of Figure 1, are included in Appendix C.1.

3.2 Model Architecture for Training
Our FGLR (Fact-Generated Logical Reasoning)
model involves an attention-based architecture that
is supervised to make predictions for individual
facts while only using instance-level labels for train-
ing. This architecture has been used for token la-
belling (Rei and Søgaard, 2018; Pislar and Rei,
2020; Bujel et al., 2021) and NLI reasoning over

3See Appendix A for more information
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Aspects of Andrew Lloyd Webber is the second studio album by 
Australian singer Marina Prior featuring Melbourne Symphony Orchestra. 
The album was released in November 1992 and peaked at number 23 on 
the ARIA Albums Chart. The album was certified gold.

The album hit number 23 in 1992

• Marina Prior released the album Aspects of Andrew Lloyd Webber in 
November 1992


• Aspects of Andrew Lloyd Webber peaked at number 23 on the ARIA 
Albums Chart


• Aspects of Andrew Lloyd Webber was certified gold

• Marina Prior is the singer on Aspects of Andrew Lloyd Webber

• Aspects of Andrew Lloyd Webber was released in November 1992

• Aspects of Andrew Lloyd Webber peaked at number 23 on the ARIA 

Albums Chart

• Aspects of Andrew Lloyd Webber was certified gold

• Marina Prior sang on Aspects of Andrew Lloyd Webber

• Marina Prior recorded Aspects of Andrew Lloyd Webber with the 

Melbourne Symphony Orchestra

• The album was released in November 1992 and peaked at number 
23 on the ARIA Albums Chart.

Premise: 

Hypothesis:

Fact list #1:

Fact list #2:

Missing facts identified: 

Hypothesis-conditioned fact: 

Figure 1: Generated fact-lists for a test example, in-
cluding: 1) an initially generated fact-list, 2) a second
generated fact-list that can be concatenated with the
first list, 3) facts that an LLM identifies are missing
from the original fact list, and 4) a generated fact that is
conditioned on the hypothesis.

token spans (Stacey et al., 2022). Each individ-
ual premise fact i is encoded together with the full
hypothesis using a pre-trained language model to
create a representation Rfi . Two separate linear
layers (for detecting entailment and contradiction
facts) are applied to this representation to create
logits for entailment (Le,i) and contradiction (Lc,i)
for each fact i. To detect contradiction facts, unnor-
malized attention weights ãc,i are calculated as:

ãc,i = σ(Wc,2(tanh (Wc,1Rfi + bc,1)) + bc,2)
(1)

with parameters Wc,1, Wc,2, bc,1 and bc,2, with the
sigmoid σ bounding the value to a range between
0 and 1. These ãc,i values are then normalised to
create the attention distributions:

ac,i =
ãc,i∑m

k=1 ãc,k
(2)

An instance-level logit Lc is created from a
weighted sum of the logits Lc,i, using the weights
ac,i. The logit Lc,i represents a single premise fact i
combined with the hypothesis, while Lc represents
a combined score for all the facts in the premise
(and therefore the whole instance). Lc is then su-
pervised with a loss function to predict the target
label yc for each instance:

LInst
c = (σ(Wc,3 × Lc + bc,3)− yc)

2 (3)

In addition, the unnormalised attention values ãc,i
are used in a fact-level loss, encouraging the model
to assign more attention to facts in contradiction
examples:

LFact
c = (max

i
(ãc,i)− yc)

2 (4)

This loss indirectly teaches the model to make fact-
level decisions while only using instance-level la-
bels. The value of yc used in the supervision is
determined by our training rules (see Section 3.3).

The same method is then used to detect entail-
ment facts, with parameters {We,j , be,j}j∈(1,2,3),
using the same representations Rfi that are used
in the contradiction fact detection. The different
losses are then combined into

L = LFact
c + LFact

e + λ(LInst
c + LInst

e ) (5)

using a hyper-parameter λ.

3.3 Rules for Training and Evaluation

The model architecture requires rules to determine
the class labels during training, while also applying
a second set of deterministic rules during inference.
As the FGLR method decomposes the NLI premise
into atoms rather than the hypothesis, the rules
introduced by Stacey et al. (2022) are no longer
applicable. We therefore require a new set of rules
compatible with the model architecture. These
rules are directly compared to the rules introduced
by Stacey et al. (2022) in Appendix B.

The rules for training our method state that if
an instance has a contradiction label, at least one
model-generated fact must contradict the hypothe-
sis. Similarly, if an instance does not have a con-
tradiction label, then none of the model-generated
facts contradict the hypothesis. The rules also state
that if an example has an entailment label, then
at least one of the model-generated facts must im-
ply the hypothesis. This involves supervising our
contradiction attention layer with yc = 0 for en-
tailment and neutral examples, and yc = 1 for con-
tradiction examples. For entailment examples, we
supervise with ye = 1, while for neutral examples,
we use ye = 0. We do not supervise the entailment
attention layer for contradiction examples4.

To apply this model at an instance level during
inference, we make predictions only based on the
values ãc,i and ãe,i for each fact i. If any ãc,i value

4We experimented with supervising ye = 0 for contradic-
tion examples but this marginally decreased accuracy.
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is greater than 0.5 for any fact, then the instance
is classified as a contradiction. Otherwise, if any
ãe,i value is greater than 0.5, the instance is classi-
fied as entailment. Any instance not classified as
either contradiction or entailment is predicted to be
neutral.

4 Experiments

4.1 Datasets
We aim to introduce an atomic inference framework
for challenging, multi-sentence NLI datasets where
state-of-the-art models still have considerable room
for improvement. As Adversarial NLI (ANLI, Nie
et al., 2020) exemplifies this challenge, we focus
our experimentation on this dataset. We addition-
ally consider out-of-distribution performance for:
ConTRoL (Liu et al., 2021), Recognizing Textual
Entailment (RTE, Wang et al., 2018a) and Wino-
grad NLI (WNLI, Wang et al., 2018b; Levesque,
2011). To avoid the baseline model needing to trun-
cate premises, we filter ConTRoL to only include
examples where the premise is < 2,000 characters.

4.2 Comparing Fact and Sentence Atomic
Decompositions

We compare the performance of atomic inference
systems when either using generated facts, or when
directly segmenting the premise into sentences.
Following previous work, we test performance
when making fact-level (Kamoi et al., 2023) or
sentence-level (Schuster et al., 2022; Laban et al.,
2022) predictions using a standard NLI model,
which we train on ANLI. We update these existing
methods so that they follow our atomic inference
rules for evaluation, describing these approaches
as FactAI (for fact atoms), and SenAI (for sen-
tence atoms). Both FactAI and SenAI involve the
same baseline NLI model trained on ANLI, with
the model either making predictions for each sen-
tence (SenAI) or for each generated fact (FactAI)5.

4.3 Training with Atoms in-the-loop
We show how fact-based methods perform better
when trained with the fact atoms in-the-loop using
our attention-based architecture. We additionally
introduce a method of training with atoms in-the-
loop using a sentence-level decomposition of the
premise (which we call SenLR). This method con-
veniently avoids the need for a language model to

5There are more facts per instance for ANLI compared to
sentences, with 4.7 facts per instance on average compared to
3.0 sentences.

generate facts, while also providing a strong com-
parison for our fact-based methods. Finally, we
consider the performance of our fact-based model
when applying alternative strategies to make the
generated fact lists comprehensive. We describe
our best performing system as FGLR, which in-
volves training with a single fact list, before addi-
tionally including the hypothesis-conditioned facts
during inference.

4.4 Baseline models

FactAI, SenAI, SenLR and FGLR are all model-
agnostic methods that can be combined with a
range of uninterpretable base models. We chose
DeBERTa-base (He et al., 2021) due to its strong
performance despite having relatively few parame-
ters (<200m). This approach exploits the strengths
of both LLMs and classification models, with
LLMs proving to be effective at generating fact
lists, but being prone to errors in fact-level en-
tailment decisions (Min et al., 2023). We also
provide further experimentation using BERT-base
(Devlin et al., 2019) and DeBERTa-large models
in Appendix D. We directly compare our models
to SENTLI (Schuster et al., 2022)6 and SLR-NLI
(Stacey et al., 2022)7, both atomic inference meth-
ods which we train on ANLI.

Finally, we compare our model performance to
recent LLMs that were tested on ANLI by He et al.
(2023), showing that models with our atom-level
faithfulness guarantee can still reach or even exceed
the performance of large-scale LLMs.

4.5 In-Distribution Results

For basic atomic inference systems, using gener-
ated facts as atoms does not outperform a sentence
atom decomposition, with SenAI outperforming
FactAI for each ANLI test-set (see SenAI vs Fac-
tAI in Table 1). However, when training with
atoms in-the-loop and including the hypothesis-
conditioned facts, the FGLR system outperforms
all other atomic inference methods (see Table 1).
Training with atoms in-the-loop considerably im-
proves performance for both sentences and fact-
generated atoms, however, the benefits from this ap-
proach are greatest when using the generated facts.
While interpretable models usually need to sacrifice

6In the case of SENTLI we only decompose the premise,
as ANLI hypotheses do not require further decomposition.

7We exclude 0.02% of training examples due to the mem-
ory constraints of the SLR-NLI method, described in Ap-
pendix G
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In-distribution Out-of-distribution

R1 R2 R3 ANLI-all ConTRoL RTE WNLI Int?

DeBERTa-base 71.2 54.0 51.7 58.5 53.7 85.0 59.6 ✗

GPT-3.5-turbo1 68.5 54.4 55.9 59.4 - - - ✗

LLaMA2 70B1 69.1 54.8 54.1 59.0 - - - ✗

Mistral 7B1 55.5 43.0 42.5 46.7 - - - ✗

Span atoms:
SLR-NLI2 65.5 47.8 47.1 53.0 48.9 82.3 56.3 ✓

Sentence atoms:
SENTLI3 69.5 53.5 51.3 57.7 52.3 82.0 60.7 ✓

SenAI 69.3 53.5 51.6 57.7 50.0 81.7 60.6 ✓

SenLR (ours) 71.5‡ 55.0‡ 52.3 59.1‡ 53.4‡ 83.7‡ 53.8 ✓

Fact atoms:
FactAI 65.2 50.6 49.9 54.9 46.6 77.2 74.6 ✓

FGLR (ours) 71.8‡ 56.1‡ 55.3‡ 60.7‡ 49.1‡ 80.8‡ 70.7 ✓

Table 1: Model accuracy after training on ANLI. 1 represents few-shot CoT results reported by (He et al., 2023),
while 2 and 3 are baselines recreated from Stacey et al. (2022) and Schuster et al. (2022) respectively using the
DeBERTa base model. † represents results that are statistically better than the corresponding SenAI or FactAI
baseline with p < 0.05, while ‡ represents results where p < 0.01, using bootstrapping statistical testing (Efron and
Tibshirani, 1993). ‘Int?’ indicates whether the model is interpretable. All results are an average from 10 seeds.

some performance (Calderon and Reichart, 2024),
we find that FGLR even outperforms very large
generative models. In particular, the biggest advan-
tage of FGLR compared to other atomic inference
methods is the strong performance on ANLI round-
3, suggesting that fact-generated atoms help most
on challenging NLI examples.

In addition to our experimentation using
DeBERTa-base, we provide results in our Ap-
pendix for implementing atomic methods with both
DeBERTa-large and BERT models (see Table 2 and
Table 3). We also provide a range of different ab-
lation experiments in Appendix E to check that all
the components of FGLR are indeed necessary and
beneficial. These experiments show that just un-
der half of the improvements between FactAI and
FGLR are a result of the hypothesis-conditioned
facts used during inference (Table 6).

4.6 Out-of-Distribution Results

We identify weaknesses in atomic inference sys-
tems when testing in out-of-distribution settings, a
phenomena that has not been considered in previ-
ous work. Table 1 shows how the ANLI-trained
atomic inference models perform worse than the
non-interpretable DeBERTa base model for two of
the three OOD datasets tested. However, we show

that training with the atoms in-the-loop can help to
mitigate this issue, considerably improving perfor-
mance on both ConTRoL and RTE (see SenAI vs
SenLR, and FactAI vs FGLR in Table 1).

5 Conclusion

We experiment with using LLM-generated facts
as atoms in atomic inference systems, decompos-
ing each NLI premise into a list of facts before
making entailment predictions for each fact with
the hypothesis. The instance-level predictions then
depend entirely on the model’s granular predic-
tions about each fact. We find that using a stan-
dard NLI model to make predictions at a fact level
results in worse performance than existing meth-
ods. However, when 1) including a multi-stage fact
generation process, and 2) incorporating the gener-
ated facts during model training, our fact-based ap-
proach outperforms existing atomic inference meth-
ods. Our resulting FGLR model makes fact-level
predictions and combines them with logical rules,
without requiring fact-level labels during training.
This results in high-performing, interpretable mod-
els that specify exactly which facts are responsible
for each model prediction.
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Limitations

To distinguish between the entailment and neutral
classes, we predict the premise as entailing the hy-
pothesis whenever one of the individual facts from
the premise implies the entire hypothesis. This
approach prevents models from performing multi-
hop reasoning across different premise facts. While
we find that reasoning across multiple facts is un-
necessary for strong performance on ANLI, there
may be other datasets where this would limit per-
formance. We propose addressing this limitation in
future work.

Our method relies on decomposing the NLI
premise into facts (or atoms), determining the spe-
cific part of the input responsible for each model
prediction. However, as ANLI consists of single-
sentence hypotheses, no additional decomposition
is required for the hypothesis. Further work would
be needed to consider how to perform atomic in-
ference over both a multi-sentence premise and
a multi-sentence hypothesis when training with
atoms in-the-loop.

Additionally, while our model provides inter-
pretable decisions at an atom level, each atom-level
decision itself is not interpretable. This method
enables strong performance on NLI, while also pro-
viding faithfulness guarantees for the atom-level
predictions.

Finally, we use GPT-3 to generate facts for each
premise, which for this work cost ∼400 USD. As
a result, we focused our experimentation on ANLI,
while also including out-of-distribution evaluation
on the RTE, WNLI, and ConTRoL datasets.
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A Modelling Details

We perform the fact generation for our fact lists
with text-curie-001, using the same model when
extending these lists of facts. However, we used
text-davinci-003 when generating the facts condi-
tioned on the hypothesis, finding that generating
the facts conditioned on the hypothesis was a more
difficult task. As further out-of-distribution experi-
ments were conducted when these models were no
longer available, facts were generated for the RTE
and WNLI datasets using GPT-3.5-turbo (Brown
et al., 2020; Ouyang et al., 2022).

For our base models, we used bert-base-uncased,
deberta-v3-large, and deberta-v3-base, imple-
mented from HuggingFace (Wolf et al., 2020). All
statistical testing was performed using a bootstrap-
ping hypothesis test (Efron and Tibshirani, 1993).
A diagram describing FGLR can also be found in
Figure 4.

B Logical Rules Comparison

We compare our training and evaluation rules to
those presented by Stacey et al. (2022) (see Fig-
ure 2), comparing the different approaches when
either segmenting the NLI premise or hypothesis.
For Stacey et al. (2022), when decomposing the
hypothesis into atoms, entailment is the default
class (when no contradiction or neutral atoms are
detected), whereas when decomposing the premise
into atoms in this work, neutral is the default class
(if no contradiction or entailment atoms are de-
tected).

C Fact Generation Strategies

C.1 Method

To maximise the likelihood that all premise infor-
mation is contained in our fact list, we investigate
three different fact generation strategies: 1) con-
catenating two independent lists of facts to reduce
the likelihood that key facts are missing (we note
that it should not matter if some facts are repeated),
2) we extend a given fact list to identify potentially
missing facts, and 3) we generate an additional fact
conditioned on the hypothesis.

When using two independent lists of facts, we
generate the fact list a second time using our gener-
ator model with different examples in the prompt.
These two fact lists are then combined during in-
ference. We initially experimented with also com-
bining both sets of fact lists during training, but

we found this resulted in marginally worse perfor-
mance. In the example in Figure 1, information
about the singer is missing in the first fact list, but
is included in the second fact list. Therefore, by
concatenating both fact lists, we provide a more
comprehensive list of facts to support our model
predictions. There should be no issue with simi-
lar, duplicated facts, as the atom-level predictions
should be the same for facts with identical informa-
tion.

Alternatively, we extend each fact list, using our
generator model to generate additional facts to com-
plement the initial facts already generated. In this
case, the generator is presented with examples of in-
complete fact lists in the prompt where the missing
facts are then subsequently identified. This method
aims to use our generator LLM to identify and rem-
edy instances where key facts in the premise are
missing. In Figure 1, this method successfully in-
cludes missing information about both the album
singer and the Melbourne Symphony Orchestra.

Finally, we experiment with generating premise
facts conditioned on the hypothesis. This involves
generating an additional fact for each example, ask-
ing the model to provide a fact explicitly known
from the premise that can be used to verify if the
hypothesis is true. By asking the model to pro-
duce a single fact conditioned on the hypothesis,
we encourage the model to include all the relevant
information in a single fact rather than requiring
multi-fact reasoning. This is the case for Figure 1,
where the relevant information is condensed into
a single fact that prevents the need for multi-fact
reasoning.

For our fact-decomposition language model,
four examples are provided in the prompt, mak-
ing fact generation a few-shot task. As multiple
hypotheses correspond to each premise in ANLI,
not including the hypothesis in the prompt for the
training data also substantially reduces the number
of facts that need to be generated.

C.2 Results from Fact Generation Strategies
Out of the three fact generation strategies, we find
better performance on the validation set when using
hypothesis-conditioned facts (60.4% dev accuracy),
compared to using a combined fact list (58.6% dev
accuracy) and extending the fact lists (58.0% dev
accuracy). We show the test performance of each
of these systems in Table 4. The lower performance
when extending a fact list can be explained by an
increase in hallucinations with this strategy.
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Training and evaluation framework for 
decomposing the hypothesis (Stacey et al., 2022)

Training and evaluation framework for 
decomposing the premise (this work)

Neutral

Atoms

Figure 2: Inference and training framework from our work decomposing the NLI premise, compared to the rules
used by Stacey et al. (2022) when decomposing the NLI hypothesis.

In Table 4 we additionally show performance
from combining different fact-generation strategies,
e.g. using combined fact lists and using hypothesis-
conditioned facts, or extending the fact lists and
using hypothesis-conditioned facts. These results
show that combining these different strategies does
not improve performance.

D Additional experimentation

In addition to the experiments performed in the
main paper using DeBERTa-base, we perform ad-
ditional experiments using DeBERTa-large (see Ta-
ble 2) to consider the effectiveness of our method
when applied to a high-performing base model with
close to state-of-the-art results. We also experiment
with a BERT-base model (see Table 3), to consider
if the findings still apply to a worse-performing
base model. When applied with a DeBERTa-large
model, our FGLR method significantly outper-
forms the FactAI baseline model for each of the
ANLI in-distribution test sets (R1, R2 and R3), and
also for two of the out-of-distribution test sets (Con-
TRoL and RTE). We also see SenLR significantly
outperforming the SenAI baseline for each of the in-
distribution test sets, and also for ConTRoL. When
using a BERT-base baseline, FGLR is significantly
better than FactAI for each ANLI dataset and also
for RTE. Accuracy from SenLR is significantly bet-

ter than SenAI for ConTRoL and RTE, although
there is little difference in-distribution compared to
the baseline.

We perform additional experiments when train-
ing on the ConTRoL dataset. These experiments
include out-of-distribution evaluation on our other
NLI datasets (ANLI round 1, ANLI round 2, ANLI
round 3, RTE and WNLI) - see Table 9. In this
case, we find that the baseline model and FactAI
do not converge (with the final model predicting
only the entailment class), whereas FGLR performs
better across each NLI dataset. As explained in
Section 4.1, we reduce the ConTRoL data so that
no premises exceed 2,000 characters. This avoids
an unfair comparison where there is truncation re-
quired for the uninterpretable base model.

Finally, we also provide the standard deviations
for each result in Table 1 in Table 10.

E Ablation studies

We perform an extensive range of ablation exper-
iments to identify the specific aspects of FGLR
that are responsible for its strong performance com-
pared to the FactAI baseline (Table 4, Table 5, Ta-
ble 6, Table 7 and Table 8).

First, we consider the performance of FGLR
when there is either no sentence loss or fact loss
(see Table 4). These results demonstrate the impor-
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tance of the fact-level loss, while the instance-level
loss is responsible for a small improvement in per-
formance. As we aim to improve the performance
of the interpretable atomic inference models, we
include this small performance improvement.

We additionally experiment with using differ-
ent strategies for generating the fact list for each
example (see Table 4). This includes removing
the hypothesis-conditioned facts, using our strat-
egy of combining multiple fact lists instead of us-
ing the hypothesis-conditioned facts, and combin-
ing both strategies together (using the hypothesis-
conditioned facts in addition to the combined fact
list). The best approach (using the hypothesis-
conditioned facts) was selected based on perfor-
mance on the validation set.

To understand whether the facts contain addi-
tional information that the DeBERTa-base model
does not have, we also try appending these facts to
the uninterpretable DeBERTa-base model. How-
ever, we find that the model does not converge in
this setting (see Table 5). This suggests that any
comparison between our interpretable FGLR model
and the uninterpretable DeBERTa-base model is
likely to be a fair comparison.

We also consider the extent to which the Fac-
tAI baseline can be improved by including the
hypothesis-conditioned facts (see Table 6). We find
that improving the fact generation strategy for Fac-
tAI improves ANLI accuracy from 54.9% to 57.4%,
almost half of the overall improvement from the
complete FGLR system (60.7% accuracy). This
supports our approach of training with atoms in-the-
loop, in addition to our improved fact-generation
strategies.

As we utilise GPT-3 to generate our fact lists,
we additionally experiment with using GPT-3 to
make entailment decisions for each hypothesis and
premise fact pair (see Table 7). Specifically, we
use a GPT-3.5-turbo model to do this in a few-shot
setting (providing two examples to the model). Due
to the poor performance, we concentrate our efforts
on the better-performing DeBERTa models.

Finally, we provide a further experiment compar-
ing the performance of the DeBERTa-base model
to an adapted version of FGLR that does not use
any atom decomposition, but instead only uses the
full premise and hypothesis as inputs (See Table 8).
We find this system provides marginally better per-
formance than the DeBERTa-base baseline (59.3%
compared to 58.4%), but is still substantially lower
than the performance of the full FGLR system

(60.7%).

F Examples of our FGLR system

We provide some examples to show the inter-
pretability benefits of FGLR (Figure 3, Figure 5
and Figure 6). These examples are from the round
1 ANLI validation set, and consist of the generated
fact-list in addition to the hypothesis-conditioned
fact for each example. For Figure 3, we com-
pare predictions of FGLR to predictions of FactAI,
showing an example where FGLR makes better
predictions at a fact level.

G Hyper-parameter Tuning and Baselines

For each model, we experiment with the following
learning rates: 1× 10−6 to 9× 10−6 in increments
of 1 × 10−6, and 1 × 10−5 to 9 × 10−5 in incre-
ments of 1 × 10−5. The base models performed
best using learning rates of 6 × 10−5, 4 × 10−5,
and 5× 10−6, for BERT-base, DeBERTa-base, and
DeBERTa-large, respectively, while the best FGLR
methods used lower learning rates of 5 × 10−6,
7 × 10−6, and 3 × 10−6, respectively. For the λ
value, we experiment with values of 0.1 to 1 in
increments of 0.1, choosing a value of 0.9. Fi-
nally, we find marginally better performance if the
FGLR encoder is initialised with the parameters
of the fine-tuned base model. Our DeBERTa-base
model consists of 184 million parameters, com-
pared to 110 million for BERT and 304 million
for DeBERTa-large. We conducted over 300 ex-
periments, consisting of approximately 3000 GPU
hours using RTX6000 GPUs.

When implementing SLR-NLI with DeBERTa-
base, hypotheses with more than 50 spans were
not supervised (impacting only 0.02% training ex-
amples). This is due to memory constraints of the
SLR-NLI method, which involves combining ev-
ery span/premise pair into a single minibatch for
each instance. This is memory intensive when hy-
potheses have a large number of spans and when
premises are multiple sentences. For DeBERTa-
large, we do not train with examples with more
than 10 spans (impacting 11.46% of instances).

H Detailed Comparison of FactAI and
FGLR

We find that most of the performance benefits from
FGLR are from its ability to successfully distin-
guish between the contradiction and neutral classes.
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In-distribution Out-of-distribution

R1 R2 R3 ANLI-all ConTRoL RTE WNLI Int?

DeBERTa-large 78.3 66.5 61.7 68.1 56.0 90.4 68.9 ✗

Span atoms:
SLR-NLI 74.7 60.4 58.3 64.1 54.7 87.5 65.8 ✓

Sentence atoms:
SenAI 75.3 63.7 59.1 65.6 53.4 86.1 64.7 ✓

SENTLI 75.5 63.8 59.5 65.8 53.9 86.4 65.4 ✓

SenLR (ours) 76.7‡ 64.8‡ 62.0‡ 67.5‡ 56.3‡ 86.3 64.5 ✓

Fact atoms:
FactAI 70.0 60.2 57.3 62.2 48.3 81.0 78.7 ✓

FGLR (ours) 76.2 ‡ 64.8‡ 63.1‡ 67.7‡ 52.7‡ 82.0† 77.0 ✓

Table 2: Accuracy for DeBERTa-large. † represents results that are statistically better than the corresponding SenAI
or FactAI baseline with p < 0.05, while ‡ represents results where p < 0.01, using bootstrapping statistical testing
(Efron and Tibshirani, 1993). ‘Int?’ indicates whether the model is interpretable. All results displayed are an
average from 10 different random seeds.

In-distribution Out-of-distribution

R1 R2 R3 ANLI-all ConTRoL RTE WNLI Int?

BERT-base 54.1 45.7 45.0 48.1 47.3 71.2 49.0 ✗

Span atoms:
SLR-NLI 51.5 42.5 42.7 45.4 46.5 73.9 44.4 ✓

Sentence atoms:
SenAI 56.0 46.1 46.1 49.2 44.5 69.1 52.3 ✓

SENTLI 55.4 46.3 45.9 49.0 45.5† 69.8 53.1 ✓

SenLR (ours) 56.1 46.6 45.7 49.2 46.9† 71.5‡ 44.1 ✓

Fact atoms:
FactAI 55.3 44.5 44.8 48.0 44.0 65.4 60.8 ✓

FGLR (ours) 58.4‡ 46.0‡ 46.6‡ 50.1‡ 44.4 71.6‡ 55.8 ✓

Table 3: Accuracy for BERT. 1 results are reported by (He et al., 2023). † represents results that are statistically better
than the corresponding SenAI or FactAI baseline with p < 0.05, while ‡ represents results where p < 0.01, using
bootstrapping statistical testing (Efron and Tibshirani, 1993). ‘Int?’ indicates whether the model is interpretable.
All results displayed are an average from 10 different random seeds.

A qualitative analysis confirms that FGLR per-
forms well in this respect, with FactAI often pre-
dicting contradiction when the information pro-
vided does not necessarily contradict the hypothe-
sis. For example, knowing that ‘Judy Tegart Dalton
was a runner-up in 10... tournaments’ does not
contradict a hypothesis that she ‘won more than
nine... titles’. To provide empirical evidence of
this finding, we try reducing the NLI task to de-
ciding between ‘entailment’ and ‘non-entailment’
during inference, collapsing both the neutral and

contradiction classes. In this case, we find that Fac-
tAI now outperforms FGLR on ANLI (with 73.7%
accuracy compared to 72.3% for FGLR). This high-
lights how the performance advantages of FGLR
are a result of its ability to successfully differentiate
between the contradiction and neutral classes.

Our qualitative analysis also highlights that
FGLR often predicts entailment when a fact most
likely implies a premise, but when there is not full
entailment. We do not see the same behaviour with
the FactAI model, which is considerably less likely
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R1 R2 R3 ANLI-all

Ablation experiments:

FGLR - No h-cond facts 69.6 54.4 52.4 58.4
FGLR - No instance loss 71.8 55.6 55.1 60.5
FGLR - No fact loss 42.2 39.2 37.4 39.5

Fact generation strategies:

FGLR - Extended fact list 69.4 54.4 52.6 58.4
FGLR - Combined fact list 69.9 55.4 52.9 59.0
FGLR - Combined fact list & h-cond facts 70.9 56.1 55.0 60.3
FGLR - Extended fact list & h-cond facts 71.4 55.8 55.6 60.6

FGLR 71.8 56.1 55.3 60.7

Table 4: Ablation experiments (each an average from 10 seeds), comparing performance of our FGLR system to the
following settings: 1) When the hypothesis-conditioned facts are not included (No h-cond facts) 2) the instance loss
component is excluded from FGLR (No instance loss), and 3) when the fact loss component is excluded from FGLR
(No fact loss). We also consider different fact generation strategies: 4) when the fact lists are extended, 5) when
combining two independent fact lists, 6) when combining two independent fact lists with the hypothesis-conditioned
facts, 7) when combining the extended fact list with the hypothesis-conditioned facts.

R1 R2 R3 ANLI-all

DeBERTa-base baseline w/ facts appended 33.3 33.3 33.5 33.4
DeBERTa-base baseline 71.2 54.0 51.7 58.4
FGLR 71.8 56.1 55.3 60.7

Table 5: We experiment with appending the generated facts to the baseline model (baseline w/ facts appended),
although the model does not converge in this setting. All results are an average of 10 seeds.

R1 R2 R3 ANLI-all

FactAI 65.2 50.6 49.9 54.9
FactAI w/ h-cond facts 68.3 52.8 52.1 57.4
FGLR 71.8 56.1 55.3 60.7

Table 6: We experiment with providing the FactAI baseline with the hypothesis-conditioned facts, measuring the
extent to which our fact-generation strategy can improve performance without training with atoms in-the-loop
(FGLR). All results are an average of 10 seeds.

R1 R2 R3 ANLI-all

FGLR w/ GPT-3.5-turbo (few-shot) 45.0 39.4 43.8 42.8
FGLR 71.8 56.1 55.3 60.7

Table 7: We experiment with replacing our BERT or DeBERTa models in FGLR with a GPT-3.5-turbo model (in a
few-shot setting, with two examples provided in the prompt). This results in poor performance compared to FGLR.
All results are an average of 10 seeds.

to predict the entailment class for an individual fact.
To better understand the cause of this behaviour, we
review the generated facts for 100 instances in the

validation set, finding that in 21% of cases, there is
no single fact that truly implies the entire hypoth-
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R1 R2 R3 ANLI-all

DeBERTa-base baseline 71.2 54.0 51.7 58.4
FGLR w/ no facts, just full NLI prem & hyp 72.5 54.7 52.2 59.3
FGLR 71.8 56.1 55.3 60.7

Table 8: We train our FGLR model using only the full premise and hypothesis, without including any fact-level or
sentence-level decomposition. This results in only a small improvement compared to the DeBERTa-base baseline.
All results are an average of 10 seeds.

In-distribution Out-of-distribution
ConTRoL R1 R2 R3 ANLI-all RTE WNLI

DeBERTa-base 39.2 33.4 33.4 33.5 33.4 52.7 43.7

Fact atoms:
FactAI 39.2 33.4 33.4 33.5 33.4 52.7 43.7
FGLR 47.8 43.7 39.7 50.0 41.5 61.8 52.7

Table 9: Training with ConTRoL, and testing on out-of-distribution NLI datasets (ANLI r1, r2, r3, RTE and WNLI).
FGLR outperforms DeBERTa-base and FactAI, which both fail to converge in this setting. All results are an average
of 10 seeds.

esis8. Sometimes this is caused by subtle reasons,
for example, one hypothesis says ‘Shostakovich
may have been lying about his life in his book’,
while the relevant fact says ‘Some consider the
book Testimony to be a fabrication’. In this case,
the fact is missing the information that Testimony
is the name of Shostakovich’s book. These findings
suggest that further improvements to the generated
facts are likely to further improve the performance
of FGLR for entailment predictions.

We additionally analyse human annotations for
each individual fact from the same 100 validation
examples. To understand the respective strengths
between FactAI and FGLR, we chose 2 seeds (out
of 10) where both FactAI and FGLR have identi-
cal performance on these 100 examples (we also
do not include the hypothesis-conditioned facts in
this analysis). We find that FGLR has a lower F1
score for entailment, whereas FactAI has a lower F1
score for contradiction (see Table 11), supporting
the findings from our qualitative analysis above.

We conclude that the performance improvements
of FGLR are driven by its better performance on
neutral and contradiction instances, which is re-
flected by better fact-level F1 performance on the
contradiction class. On the other hand, we find that
FactAI performs better on entailment examples,

8This increases to 46% without the hypothesis-conditioned
facts (which were not included during training)

which is also reflected in the fact-level performance
for the 100 annotated examples.
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Premise:

Hypothesis:

The Ottawa Sun is a daily tabloid newspaper in Ottawa, Ontario, Canada. It is published by Sun Media. It was 
first published in 1983 as the “Ottawa Sunday Herald”, until it was acquired by (then) Toronto Sun Publishing 
Corporation in 1988. In April 2015, Sun Media papers were acquired by Postmedia.

Toronto Sun Publishing acquired the Ottawa Sun in the late nineties

Fact list:
1. The Ottawa Sun is a daily tabloid newspaper in Ottawa, Ontario

2. The Ottawa Sun is a tabloid newspaper

3. The Ottawa Sun is published by Sun Media Toronto

4. The Ottawa Sun was first published in 1983 as the “Ottawa Sunday Herald”

5. The Ottawa Sun was acquired by (then) Toronto Sun Publishing Corporation in 1988

6. Sun Media papers were acquired by Postmedia in April 2015

FactAI FGLR
Neutral

Neutral

Neutral

Neutral

Contradiction

Neutral

Neutral

Neutral

Neutral

Neutral

Contradiction

Contradiction

#
1
2
3
4
5
6

Predictions:
Fact list, excluding hypothesis-conditioned fact

The Ottawa Sun was acquired by Toronto Sun Publishing Corporation in 1988
Hypothesis-conditioned fact

ContradictionN/AH-cond

As both FactAI and FGLR have at least one fact predicted as contradiction, both models predict contradiction (the correct 
class). FactAI reaches the correct answer at an instance-level despite not making a correct prediction for each individual fact.

Figure 3: We show the premise, hypothesis and the generated fact list for a hypothesis-premise pair in the dev set
that both FactAI and FGLR correctly predict. However, despite correct instance-level predictions, we see FactAI
predicting contradiction for fact #6, even when this is not appropriate. In this case, the acquisition in 2015 by
Postmedia does not contradict there also being an acquisition by Toronto Sun Publishing in 1988. The hypothesis
conditioned fact generated for FGLR is almost identical to fact #5, and FGLR predicts both facts as contradiction.

Step 1: Fact decomposition

GPT-3

Fact-list

Step 2: Hypothesis-cond. facts
We generate an additional fact for each hypothesis & 
premise pair (for inference only, not during training)

Step 3: Fact-level representations
We ask an LLM to decompose each premise 
into a list of facts (for train, dev and test)

Step 4: Model training

For each fact i, we input this with the hypothesis 
into DeBERTa, creating a representation

NLI premises

GPT-3

Fact iNLI premises NLI hypothesis NLI hypothesis

H. Facts

DeBERTa

    Rep.

    Rep.     

Step 5: Evaluation
For each representation      we create unnormalised attention values for contradiction         , and supervise 
these with        , which is determined by our training rules. We follow the same process for the entailment 
class using the same representation       .  This creates our fact-level loss:

We also create a instance-level loss, normalising the attention weights         , and attending to logits      
(created from     ) to create the logit      , which we then supervise using our label       . As above, we also 
follow the same process for the entailment class. 
     

We independently evaluate the fact-level 
unnormalised attention weights.

If           > 0.5 or          > 0.5 for some fact i, then 
there is an entailment or contradict fact present 
for the premise and hypothesis pair. We then use 
our evaluation rules to predict the overall class of 
the instance.

ãc,i = σ(Wc,2(tanh(Wc,1Rfi + bc,1)) + bc,2),
ℒfact

c = (max
i

(ãc,i) − yc)2 .

ãc,iyc

ãc,i Lc,iLc yc

ℒinst
c = (σ(Wc,3 × Lc + bc,3) − yc)2ac,i = ãc,i

∑m
k=1 ãc,k

ãc,i ãe,i

ãc,1
ãc,2

ãc,n

ãe,1
ãe,2

ãe,n
… …

Unnormalised attention 
weights for one instance:

Rfi

Rfi

Rfi

Rfi

Rfi

Rfi

Figure 4: Our FGLR method is summarised above, with five stages: 1) generating fact lists for each premise, 2)
generating an additional fact when performing inference, prompting GPT-3 to create a relevant fact from the premise
for a specific hypothesis, 3) creating a representation for each fact, 4) our fact-level and instance-level losses used in
training, and 5) evaluation using our evaluation rules.
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Premise:

Hypothesis:

The Ottawa Sun is a daily tabloid newspaper in Ottawa, Ontario, Canada. It is published by 
Sun Media. It was first published in 1983 as the “Ottawa Sunday Herald”, until it was acquired 
by (then) Toronto Sun Publishing Corporation in 1988. In April 2015, Sun Media papers were 
acquired by Postmedia.

Toronto Sun Publishing acquired the Ottawa Sun in the late nineties

Fact list:
1. The Ottawa Sun is a daily tabloid newspaper in Ottawa, Ontario

2. The Ottawa Sun is a tabloid newspaper

3. The Ottawa Sun is published by Sun Media Toronto

4. The Ottawa Sun was first published in 1983 as the “Ottawa Sunday Herald”

5. The Ottawa Sun was acquired by (then) Toronto Sun Publishing Corporation in 1988

6. The Ottawa Sun was acquired by Toronto Sun Publishing Corporation in 1988

7. Sun Media papers were acquired by Postmedia in April 2015

Figure 5: The premise, hypothesis and the generated fact list for a hypothesis-premise pair in the dev set. The 6th
fact is the hypothesis-conditioned fact (the content of this fact overlaps with the 5th fact provided). The example
provided is from the DeBERTa-base FGLR model. FGLR correctly predicts facts 5 and 6 as contradiction (with all
other facts being neutral).

Premise:

Hypothesis:

The Aberdeen Fortress Royal Engineers was a Scottish volunteer unit of the British Army 
formed in 1908. Its main role was defence of the Scottish coast, but it served on the Western 
Front during World War I. In the 1930s it was converted into an air defence unit, in which role it 
served in World War II. 

The Aberdeen Fortress Royal Engineers served air defence in World War 1

Fact list:
1. The Aberdeen Fortress Royal Engineers was a Scottish volunteer unit of the British Army

2. The Aberdeen Fortress Royal Engineers was formed in 1908

3. The Aberdeen Fortress Royal Engineers was a unit of the British Army defence of the Scottish coast

4. The Aberdeen Fortress Royal Engineers served on the Western Front during World War I

5. The Aberdeen Fortress Royal Engineers was converted into an air defence unit in which role it served in 

World War II


Figure 6: The premise, hypothesis and the generated fact list for a hypothesis-premise pair in the dev set. The 4th
fact is the hypothesis-conditioned fact. The example provided is from the DeBERTa-base FGLR model. FGLR
correctly predicts the 5th fact as being a contradiction (with all other facts being neutral).
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In-distribution Out-of-distribution

R1 R2 R3 ANLI-all ConTRoL RTE WNLI Int?

DeBERTa-base 1.05 1.25 0.93 0.66 1.51 1.90 2.82 ✗

Span atoms:
SLR-NLI 1.13 1.29 1.18 1.01 1.46 1.64 3.32 ✓

Sentence atoms:
SenAI 1.29 1.36 1.10 0.98 1.53 1.78 2.30 ✓

SENTLI 1.33 1.21 1.10 0.97 1.03 1.86 2.15 ✓

SenLR 0.62 0.96 0.88 0.60 1.67 1.34 2.47 ✓

Fact atoms:
FactAI 1.47 1.19 0.81 0.81 1.74 1.21 2.82 ✓

FGLR 0.62 1.08 0.90 0.54 1.99 1.10 2.95 ✓

Table 10: Standard deviations corresponding to the reported mean results in Table 1 after using 10 different random
seeds.

Precision Recall F1

FGLR no h-cond facts

Entailment 0.24 0.76 0.36
Neutral 0.98 0.85 0.91
Contradiction 0.68 0.77 0.72
Macro average 0.63 0.79 0.66

FactAI

Entailment 0.44 0.68 0.53
Neutral 0.97 0.91 0.94
Contradiction 0.55 0.76 0.64
Macro average 0.65 0.78 0.70

Table 11: We compare model fact-level predictions to
human annotations for 100 examples in the validation
set (using 2 random seeds)
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