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Abstract

This study investigates the comparison rea-
soning capabilities of a large language model
(LLM), specifically OLMo_7B_0724_Instruct,
by evaluating its responses to counterfactual
comparison questions, and comparing saliency
scores across tokens that the model should, and
shouldn’t find important, following the work of
Ray Choudhury et al. (2022). Our results indi-
cate that the model frequently fails to answer
both counterfactual questions correctly, sug-
gesting a reliance on heuristics, rather than the
expected reasoning skill. The saliency analysis
shows that the model often does not consider
the same tokens important as a human would.
These findings indicate that this method of in-
vestigating reasoning abilities has some limita-
tions, but the model likely relies on shortcuts
rather than human-type reasoning.

1 Introduction

Large Language Models are rapidly becoming ubiq-
uitous in modern life. As they are becoming more
integrated into our everyday lives, understanding
their reasoning process is increasingly important,
especially as decision-making abilities are turned
over to them.

This study follows the work of Ray Choudhury
et al. (2022) who looked at how BERT-style NLP
models comprehend language, including defining
expected reasoning steps for specific tasks, and
analysing models behaviour with regards to this.

We used two tests designed to identify whether
the model was reasoning in line with this defini-
tion. Firstly, a counterfactual explanation was used
which found a difference in ability with original
and perturbed questions, suggesting the model was
not reasoning correctly, but rather relying on some-
thing else to answer the questions. Secondly, a
saliency-based method, integrated gradients was
used to establish whether the model would find the
same tokens important as a human reader, and this
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Figure 1: Example of saliency scores attributed to an
example question and its perturbed counterpart. The
model output for the first was ‘Kristine Saastad’ and
the second ‘Zhang Yangming’, which aligned exactly
with the expected answers. For the first question,
the positive partition score was: -0.68, whilst the

negative was -2.06, and for the second, 1.82 against
-0.08. The interpretation of this example is that the
model is showing the expected reasoning.

showed no evidence that this was occurring. We
also considered whether there was any alignment
between the two methods, and here we found that
there was generally very little alignment. An ex-
ample is shown in Figure 1, which does show the
expected reasoning although this was not a general
trend.

Code relating to this project can be found at its
Github repository.

2 Related Work

Ray Choudhury et al. (2022) looked at how BERT-
style NLP models comprehend language, includ-
ing defining expected reasoning steps for specific
tasks, and analysing models behaviour with regard
to this. Nikankin et al. (2024) looked at mathemat-
ical reasoning of LLMs and concluded they were
using a ‘bag of heuristics’, rather than specific rea-
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soning or relying on memorisation. Huang et al.
(2023) took a different approach and considered
whether LLMs could explain themselves and con-
cluded that the evaluations were different but as
faithful as traditional methods, however Chen et al.
(2023) found that LLMs generated misleading ex-
planations that lead to wrong mental models. This
follows the work of Jacovi and Goldberg (2020).
Their work developed guidelines on the difference
between a plausible explanation, and a faithful one;
the first being one that is believable to us as hu-
mans, for example a convincing chain-of-thought
explanation, and the second being one that accu-
rately represents the model’s reasoning process,
which is harder to be certain of. Atanasova et al.
(2020) found gradient-based explanations such as
saliency performed well across various tasks and
model architectures, although they did not look
at generative models. Zhou et al. (2024) however
found that SHAP-based explanations were more
faithful than gradient-based ones in a smaller scale
study. This is an evolving field and no single agreed
on ‘best’ method exists. Not only that, there is little
agreement on what is meant by reasoning, or faith-
fulness, making comparison across works difficult.
This paper will rely on the definition of reasoning
provided by Ray Choudhury et al. (2022) where
they consider that a system has human-level com-
petence with respect to its task iff:

a. It is able to correctly perform the task X (iden-
tify the target information in QA, correctly
classify texts, generate an appropriate trans-
lation etc.);

b. It does so by relying predominantly on infor-
mation that a competent human speaker would
also find relevant;

¢. Itdoes so consistently under distribution shifts
that do not pose challenges to competent hu-
man speakers.

Using this, we will test parts b. and c., to investi-
gate an LLM as to whether it is able to demonstrate
human-level reasoning in a QA task.

3 Methodology

3.1 Model

This work will use the OLMo 7B 0724 Instruct
model' (Groeneveld et al., 2024) released in J uly

"https://huggingface.co/allenai/OLMo-7B-0724-Instruct-
hf

2024. This is built on their 7B model as a base and
then fine-tuned for question-answering problems.

3.2 Data

Following the procedure from Ray Choudhury
et al. (2022), 23K examples were extracted from
HotpotQA(Yang et al.,, 2018) and 2wikimulti-
hopQA(Ho et al., 2020) datasets. Of these, Named
Entity Recognition (NER) was used to extract ques-
tions with 2 and only 2 entities mentioned in the
question text as well as one of 6 comparison terms
(see Table 1), leaving 9.6K examples that could be
perturbed to create counterfactual questions, by ex-
changing the comparison term for its partner, and
swapping the expected answer between the two
identified entities. This allows the question to still
make sense and be solvable for a competent human
reader.

Comparison term — Counterpart
first —  last

earlier — later

later — earlier

more recently — earlier
younger —  older

older —  younger

Table 1: Comparison terms and their counterparts, as
identified in Ray Choudhury et al. (2022)

3.3 Counterfactual Explanations

We create paired questions with original and per-
turbed comparisons, Figure 2 shows an example
of an original and its paired question. This is de-
signed to test part c. of the definition in Section 1,
as this shouldn’t pose a challenge to a competent
human speaker. If the model is relying on a short-
cut or some incorrect reasoning, it will not be able
to answer both questions correctly.

3.4 Integrated Gradients-based Explanations

Integrated Gradients (IG) (Sundararajan et al.,
2017) is a way to assign an importance value to
each input token, via estimating the integral of the
outputs gradients with respect to the inputs as they
vary along a line to a neutral baseline. This should
test part b. of the definition from Section 1, that it
should rely on information that humans would find
relevant. Using Captum’s (Miglani et al., 2023)
implementation, to extract a score for each token
in the input, we followed Ray Choudhury et al.



Context: Ainhoa Artolazabal Royo( born 6
March 1972) is... Allen Holden( 18 April
1911 - 12 December 1980) was...

Original

Question: Who was born earlier,
Allen Holden or Ainhoa Artolazabal ?
Answer: Allen Holden

Perturbed

Question: Who was born later,
Allen Holden or Ainhoa Artolazibal ?
Answer: Ainhoa Artolazabal

Figure 2: Perturbed question example. Question
entities are marked in blue, comparison terms in or-
ange.

(2022)’s method to identify two partitions in the
Question text according to the rules in Table 2.

Partition Rule

Positive
Negative

Comparison token

Everything that wasn’t part of the
comparison term, or the entities
being compared

Table 2: Partition rules

The positive partition identifies what compari-
son needs to be made and is the only difference
between the two questions. If the model is reason-
ing as expected, we expect this partition to have a
higher score than the negative partition. The enti-
ties themselves do not form part of either partition.
An example is shown in Figure 3.

Who was born earlier , Kristine Saas-

tad or Zhang Yangming ?

Figure 3: Partitions example. The positive partition is

marked in blue, the negative partition in orange.

3.5 Baselines

The baseline for the counterfactual explanations
will be the score on the original questions. The
baseline for the IG explanations will be the scores
from a random selection of tokens.

If the model is reasoning as expected, we would
expect that the model will perform as well on

the perturbed questions as for the original ones.
We would also expect the model to have a higher
saliency score for the positive partition compared
to the negative. If the methods are faithful, we
would also expect to see some alignment, so the
model will perform well on both questions and
have positive partition > negative partition.

4 Results

4.1 Counterfactual Explanations

The model was considered correct when its answer
contained the expected answer, and not the sec-
ond entity, for both the original and the perturbed
question. It was considered to have failed if the
answer contained the same entity (and only that
entity) for both questions. Other possible answer
combinations were to have given the opposite an-
swer to both questions or to have given both or
neither answers to one or both questions. Table 3
shows that we see similar proportions of correct
and failed question pairs.

Performance Count Percentage
Correct 3127 32.6%
Fail 3027 31.3%
Reversed 217 2.2%
Doubled/Neither* 3276 33.9%

Table 3: Response accuracy for paired questions. *Dou-
bled/Neither includes 2633 pairs where the response
was empty for one or both questions.

Examination of the failed cases shows that in
78%, the model gave a response appropriate to the
original question for both, rather than the perturbed
one.

We also considered the accuracy?, the Exact
Match® and the F1 score* for the model. Table
4 shows that for all three metrics, the model per-
formed better on the original questions over the
perturbed ones.

The distribution of comparison terms was un-
even, as shown in Table 5. ‘First’/‘last’ only appear
in original/perturbed sentences respectively, and
are by far the most common terms whilst other
terms appear in both sentences. We also see differ-
ences in questions with specific comparison words,

21 if expected answer in the response, else 0

31 if the response matches expected answer exactly, else 0

*calculated by proportions of shared words in response
and expected answer



Question Accuracy Exact Match F1

Both 32.6% 4.2% 0.42
Original 68.4% 27.7% 0.52
Perturbed 46.7% 10.2% 0.31

Table 4: Average Accuracy, Exact Match and F1 scores
for Both questions, Original only, and Perturbed only.

for example, if the original comparison term is
‘earlier’, the model tended to perform better, with
45.0% of examples being correct, compared to the
general average of 32.6%, whereas examples with
“first” as the original comparison term were correct
only 24.5% of the time. A breakdown for all terms
can be found in Appendix A.

Term Original % Perturbed %
First 46.6% 0%

Last 0% 46.6%
Earlier 21.3% 14.1%
Later 10.7% 21.3%
More recently 3.4% 0%
Older 10.1% 7.9%
Younger 7.9% 10.1%

Table 5: Proportion of comparison terms in the original
and perturbed sentences.

We also see difference in the distribution of F1
scores for the original and perturbed questions. Fig-
ure 4 shows that the F1 scores have peaks at 0 and
1, representing no match at all and perfect matches,
and otherwise the scores cluster around the means
for each. Whilst the very high scores correspond
to the exact match where the original sentences
are around 3 times higher than the perturbed, the
opposite end of total failure is also very different,
with 2672 for the original sentences against 4593
for the perturbed.

If the model were reasoning as expected, its per-
formance on both the original and the perturbed
questions should be similar. As such, these results
do not provide evidence that the model is following
the expected reasoning strategy, but is relying on
some other heuristics.

4.2 Integrated Gradients

Both the original and the perturbed questions were
passed to the IG algorithm, and scores were re-
turned for 1271 of them, representing approx 13%
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Figure 4: Distribution of F1 scores for original and
perturbed questions

of the samples. The IG scores relating to the ques-
tion part of the text were isolated, and divided into
the positive and negative partitions. To create the
baseline, a random sample of tokens were taken,
matching the length of the positive and negative
partitions for each example. As shown in Figure
5, the average difference for each positive-negative
partition pair clustered around 0, with little differ-
ence in the median and IQR, however many values
lay outside the IQR, especially for partitions fo-
cussed on the original questions. Interestingly, the
original partitions had extreme values greater than
0, whilst the random partitions had extreme values
sitting far below 0.

We also considered individually if a sample’s
positive partition was significantly higher than its
negative partition, using a one-tailed t_test with
the null hypothesis that the positive partition did
not have a higher average score than the negative
partition, and p = 0.05. The results are shown in
Table 6, along with Benjamini-Hochberg correc-
tions to control the False Discovery Rate due to the
number of tests carried out. This shows a small in-
crease of 5.2% in the original questions compared
to their random baseline, and no difference for the
perturbed questions.

Section Significant% Corrected %
Original 45.9% 38.9%
Perturbed 41.1% 39.9%
Orig. Random 41.4% 33.7%
Pert. Random 41.3% 39.9%

Table 6: Proportion of samples where the positive parti-
tion is significantly higher than the negative partition
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Figure 5: Positive-Negative partition differences.

This does not provide evidence that the model
follows the expected reasoning pattern, and gives
importance to tokens that humans would find rele-
vant.

4.3 Alignment

As a final check, we also considered the alignment
between the two methods. If the model is reasoning,
then we would expect to see a correct answer for
both questions, as well as a significantly higher
positive partition compared to its negative partition.
These results are shown in Table 7, and we see
generally there is little alignment between the two
methods.

We also considered the cases where the higher
positive partition was significant. Amongst the
original questions with a higher positive partition,
85.5% answered the original question correctly,
compared to 82.7% correct without a higher posi-
tive partition. Also for the perturbed questions with
a higher positive partition, 59.1% answered the
perturbed question correctly, compared to 56.4%
without. This does not show support that the model
is generally reasoning as expected.

Question Alignment

Both 6.8%
Original 33.3%
Perturbed 23.6%

Table 7: Alignment between methods. Both: higher pos-
itive partitions for both questions and both answered cor-
rectly. Original: higher positive partition and answered
correctly in the original question, regardless of the be-
haviour for the perturbed, and Perturbed: higher positive
partition and answered correctly in the perturbed ques-
tion, regardless of the behaviour for the original.

5 Discussion

This investigation has not supported the idea that
the OLMo model is reasoning in a human-like way
in a comparison task. This could be because the
model is simply not following the expected rea-
soning, or because the methods are insufficient to
detect the reasoning skills. It could be that the
model is capable of higher level reasoning skills
but the comparison questions were too similar to
some other task that it had learnt a shortcut to solve
during training. This would be a failure of the
task, rather than the model itself. Further testing
with different types of tasks may help to discover
this. Another approach would be to fine-tune the
model with the expected reasoning, to teach it to
use its reasoning capacities (if they exist) rather
than relying on shortcuts.

Analysis of the training data could give some in-
sight into specific failings, for example why it tends
to perform better on the original questions rather
than the perturbed ones. Certain comparison terms
were more frequent in the original questions than
the perturbed ones, and if this is also the case in
English in general, and reflected in its training data,
then it would follow that it would be more capable
with the more frequent terms. The two explainabil-
ity methods used in this work were adapted from
Ray Choudhury et al. (2022)’s work, which found
that BERT-style models did appear to use the ex-
pected reasoning for comparison tasks, however
this work fails to replicate that result for the LLM.
This is in line with Jacovi and Goldberg (2020)’s
paper, which considered that a method that was
faithful to one model or task was not necessarily
going to be as faithful when used to evaluate an-
other.

The average accuracy for the questions that we
were able to obtain saliency scores for was higher



than the general case. This is due to the model
returning empty responses, which were considered
incorrect in the general analysis, but not able to be
included in the saliency analysis.

5.1 Limitations

A limitation of this work is that using the model
‘out-of-the-box’ made it difficult to analyse the re-
sults easily. Rather than simply answering the ques-
tion given, it tends to give a longer style answer.
In some cases it returns an empty response which
causes failures with the Captum IG implementa-
tion. Fine-tuning could improve this but could also
allow the model to learn specific shortcuts for this
dataset rather than allowing it to show its reasoning
skills. Constrained decoding (Beurer-Kellner et al.,
2024) was also considered, but not implemented
in the end, rather the model was allowed to gener-
ate a restricted number of tokens, which were then
processed for analysis.

Of 23K examples, only 9.6K were identified via
the NER method to be able to automatically create
the perturbed questions. It is possible that if some
other method could be developed in order to have
a more varied dataset, it would yield more compre-
hensive results. This method of pattern matching
can also fail, either by not identifying the whole of
an entity, or failing to identify one at all. Another
problem was with the IG implementation, which
failed when the model returned an empty response.
This meant the number of steps between the input
token and the baseline had to be reduced in order to
allow some results to be obtained. This makes the
method less reliable. Ye et al. (2021) also looked at
similar methods and concluded that token-based at-
tribution was less useful than pairwise interactions
methods for analysing reasoning in a NLP model.

We could also consider that the model’s better
performance on the original questions could be an
indicator that the model has seen this data, or some-
thing more similar to the original questions during
its training. Neither dataset is listed as having been
included directly, so further investigation into the
similarity to training data may provide some an-
swers into this.

By the time of writing, the OLMo?2 model suite
has been released, which includes larger models
and claim better performance across a range of met-
rics. Applying these same methods to the newer
models would give an interesting point of com-
parison, given Ray Choudhury et al. (2022) found
there to be variation in different versions of BERT

models.

5.2 Broader Impacts

Models such as LL.Ms are considered ‘black-box’
models; they are opaque in that the path from input
to output isn’t straightforward, making it difficult
to analyse exactly how they come to their specific
outputs. According to Nvidia 5, LLMs are used
in a wide variety of applications, including in life-
science research, finance, retail and law. Being able
to examine the model is important if models are
to be use in automatic decision making, in order
to comply with GDPR requirements®, as well as
in order to examine them for bias in their decision
making. This study shows it is still a challenge to
reliably explain LLM outputs.

6 Conclusion

In conclusion, this paper used two methods to ex-
amine the reasoning skills of a LLM. We found
little to support the idea that the model was rea-
soning in a manner similar to humans. Counterfac-
tual questions were used that relied on the model
reasoning correctly with regards to the compari-
son term, in order to answer both questions. We
found that this occurred in around 32% of ques-
tion pairs. In a similar number of pairs, the model
gave the same answer to both, usually the answer
to the original question, implying that it was using
some other method to come to its decision. We
also considered a gradient-based saliency explana-
tion, with the idea that we could identify the tokens
that the model ‘should’ pay attention to, and those
that it shouldn’t, in order to determine whether it
was right for the right reasons. We also found that
there was no evidence to support that the model
was doing so in most cases. Further research with
different explainability methods is needed to find a
method that is reliable and faithful to this type of
model.
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A Comparison terms individual

breakdown

These tables show the break down of results per
comparison term, as well as whether the term was
part of the original or the perturbed question. A
count of 0 means the term never appeared in this

context.
First as original  as perturbed
F1 orig. 0.58 nan
F1 pert. 0.23 nan
Exact Match orig. 0.35 nan
Exact Match pert. 0.08 nan
Accuracy orig. 0.74 nan
Accuracy pert. 0.34 nan
counts
Correct 1104 (24.5%) 0
Fail 1976 (43.8%) 0
Reversed 101 (2.2%) 0
Double/Neither 1332 (29.5%) 0
Last as original  as perturbed
F1 orig. nan 0.58
F1 pert. nan 0.23
Exact Match orig. nan 0.35
Exact Match pert. nan 0.08
Accuracy orig. nan 0.74
Accuracy pert. nan 0.34
counts
Correct 0 1104 (24.5%)
Fail 0 1976 (43.8%)
Reversed 0 101 (2.2%)
Double/Neither 0 1332 (29.5%)

Earlier as original  as perturbed
F1 orig. 0.59 0.40

F1 pert. 0.39 0.46
Exact Match orig. 0.35 0.16
Exact Match pert. 0.15 0.17
Accuracy orig. 0.74 0.57
Accuracy pert. 0.57 0.65
counts

Correct 928 (45.0%) 560 (41.1%)
Fail 479 (23.2%) 308 (22.6%)
Reversed 52 (2.5%) 46 (3.4%)
Double/Neither 604 (29.3%) 450 (33.0%)
Later as original  as perturbed
F1 orig. 0.37 0.59

F1 pert. 0.45 0.39
Exact Match orig. 0.16 0.35
Exact Match pert. 0.17 0.15
Accuracy orig. 0.53 0.74
Accuracy pert. 0.64 0.57
counts

Correct 383 (36.9%) 928 (45.0%)
Fail 231 (22.3%) 479 (23.2%)
Reversed 32 (3.1%) 52 (2.5%)
Double/Neither 392 (37.8%) 604 (29.3%)
Younger as original  as perturbed
F1 orig. 0.31 0.41

F1 pert. 0.34 0.30
Exact Match orig. 0.06 0.15
Exact Match pert. 0.08 0.05
Accuracy orig. 0.50 0.62
Accuracy pert. 0.58 0.48
counts

Correct 251 (33.0%) 314 (32.2%)
Fail 97 (12.7%) 167 (17.1%)
Reversed 5 (0.7%) 13 (1.3%)
Double/Neither 408 (53.6%) 482 (49.4%)




Older as original  as perturbed
F1 orig. 0.41 0.31

F1 pert. 0.30 0.34
Exact Match orig. 0.15 0.06
Exact Match pert. 0.05 0.08
Accuracy orig. 0.62 0.50
Accuracy pert. 0.48 0.58
counts

Correct 314 (32.2%) 251 (33.0%)
Fail 167 (17.1%) 97 (12.7%)
Reversed 13 (1.3%) 5 (0.7%)
Double/Neither 482 (49.4%) 408 (53.6%)
More Recently as original  as perturbed
F1 orig. 0.51 nan

F1 pert. 0.49 nan
Exact Match orig. 0.16 nan
Exact Match pert. 0.16 nan
Accuracy orig. 0.72 nan
Accuracy pert. 0.71 nan
counts

Correct 177 (54.3%) 0

Fail 77 (23.6%) 0
Reversed 14 (17.8%) 0
Double/Neither 58 (4.3%) 0
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