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Abstract

Prior work has shown that the ordering in which
concepts are shown to a commonsense genera-
tor plays an important role, affecting the quality
of the generated sentence. However, it remains
a challenge to determine the optimal ordering
of a given set of concepts such that a natural
sentence covering all the concepts could be gen-
erated from a pretrained generator. To under-
stand the relationship between the ordering of
the input concepts and the quality of the gener-
ated sentences, we conduct a systematic study
considering multiple language models (LMs)
and concept ordering strategies. We find that
BART-large model consistently outperforms
all other LMs considered in this study when
fine-tuned using the ordering of concepts as
they appear in CommonGen training data as
measured using multiple evaluation metrics.
Moreover, the larger GPT3-based large lan-
guage models (LLMs) variants do not necessar-
ily outperform much smaller LMs on this task,
even when fine-tuned on task-specific training
data. Interestingly, human annotators signifi-
cantly reorder input concept sets when manu-
ally writing sentences covering those concepts,
and this ordering provides the best sentence
generations independently of the LM used for
the generation, outperforming a probabilistic
concept ordering baseline.1

1 Introduction

In Generative Commonsense Reasoning
(GCR) (Lin et al., 2020), the goal is to gen-
erate a natural commonsense adhering sentence
that covers all of the input concepts. GCR is a chal-
lenging natural language generation (NLG) task
because it requires (a) relational reasoning using
background commonsense knowledge associated
with the input concepts, and (b) compositional
generalisation ability to work on unseen concept
combinations. CommonGen dataset (Lin et al.,

1Code: https://github.com/TianhuiZhang/concept
ordering

2020) was specifically developed to evaluate the
ability of a generative model to produce sentences
covering a given set of concepts. For example,
given the set of concepts {ball, batter, pitcher,
throw}, a human annotator would come up with a
sentence such as The pitcher throws the ball, and
the batter hits a home run! The input concepts
(shown in boldface fonts) are ordered in a specific
manner in the produced sentence such as to create
a commonsense bearing sentence.

Although neural generation systems produce flu-
ent texts when compared to template-based meth-
ods, they fall short in fluency and faithfulness to the
input and do not allow control over the output struc-
ture (Puzikov and Gurevych, 2018). Similar obser-
vations are made by prior work on GCR, where the
input ordering of concepts has been reported to in-
fluence the quality of the generated sentences (Zhao
et al., 2022; Yang et al., 2023). However, the rela-
tionship between (a) the ordering of the concepts
given as the input to a neural text generation model
and (b) the architecture of the underlying LM used
in the generator remains unexplored, which is the
focus of our study in this paper. Although we con-
sider the concept ordering problem in the context
of GCR, we note that it has broader relevance to
other tasks in NLP such as multi-document sum-
marisation (Bollegala et al., 2005, 2006, 2012) and
textual coherence modelling (Barzilay and Lapata,
2005)

We evaluate the quality of the sentences
generated by five commonsense gener-
ation LMs: BERT-gen (Bao et al., 2020),
BART-base (Lewis et al., 2019), T5-base (Raffel
et al., 2019), BART-large (Lewis et al., 2019) and
T5-large (Raffel et al., 2019), where the input
concepts are ordered following three different
strategies as described in § 3.2. We use seven eval-
uation metrics to compare the generated sentences
against human-written sentences in CommonGen.
Specifically, we fine-tune each LM on the train

https://github.com/TianhuiZhang/concept_ordering
https://github.com/TianhuiZhang/concept_ordering
https://github.com/microsoft/unilm
https://huggingface.co/facebook/bart-base
https://huggingface.co/t5-base
https://huggingface.co/facebook/bart-large
https://huggingface.co/t5-large
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sentences in CommonGen dataset using next token
prediction as the training objective.

We find BART-large to consistently outperform
the other LMs across several evaluation metrics
when fine-tuned using the ordering of concepts
as they appear in CommonGen training data. To
further compare the concept ordering in the model-
generated sentence against the human-generated
sentence for the same set of concepts, we use the
Kendall rank correlation coefficient (i.e., Kendall’s
τ ) as an evaluation metric. We find that there ex-
ists only a weak correlation (τ = 0.328) between
the ordering of concepts shown to the human an-
notators and the ordering in which those concepts
appear in the sentences written by those annota-
tors. This indicates that human annotators signif-
icantly reorder the input concepts when writing
sentences that convey commonsense relationships
among given concepts. Interestingly, all the gener-
ator models we compare in this paper are able to
produce better quality sentences when they are pre-
sented with the input concepts in the same ordering
as ordered in the sentences.

2 Related Work

Concept Ordering. Concept Ordering aims to
reorder the given concepts in a sequence according
to their importance and inner relevance. Recent
work by Ou et al. (2022) highlighted the effec-
tiveness of pre-trained language models, such as
BART (Lewis et al., 2019), in tasks related to con-
cept ordering. Huang et al. (2023) fine-tune the
LM to find the most complementary concepts to
the given one. Hoyle et al. (2021) and (Zhao et al.,
2022) show that suitable concept ordering could
increase the quality of the generated sentences. In
this work, we aim to explore the relation between
the concept ordering and different LMs, assessing
their performance in the GCR task.

Generative Commonsense Reasoning. Re-
cently, a series of works have been proposed to
evaluate the commonsense reasoning quality of
the model’s generation. One strand of research
leverages these generations as the external
commonsense explanation (Chen et al., 2023) or
chain-of-thought (Zhang et al., 2023), aiding mod-
els in various tasks, including question answering.
Another approach compares the generation with
the references, examining if the model could write
as natural as human, such as CommonGen (Lin
et al., 2020) and ROCStories (Mostafazadeh et al.,

2016). Liu et al. (2021) and Liu et al. (2022)
incorporate external knowledge into pre-trained
LMs to enrich the generation information.

Text Generation. Prior work on text generation
from structured data such as RDF has shown that
the ordering in which a set of entities shown to
neural text generation models significantly influ-
ences the quality of the generated text (Moryossef
et al., 2019; Zhao et al., 2020). Unlike template-
based generation methods (Reiter and Dale, 2000;
Gatt and Krahmer, 2018), neural text generation
methods such as Seq2Seq (Sutskever et al., 2014)
models perform text planning (how to order the in-
puts) as well as plan realisation (how to verbalise
the plan) as a single end-to-end task (Gardent et al.,
2017).

3 Methods

3.1 Task definition
Given a set X = {x1, x2, . . . , xm} of lemmatised
tokens representing concepts xi, the goal of the
GCR task is to generate a natural and grammat-
ically correct sentence y = y1, y2, . . . , yn, with
tokens (or sub-tokens) yj . Note that X is an un-
ordered set of concepts, while the tokens in y are
ordered. We must use all concepts in X when gen-
erating y. However, we are allowed to use different
morphological forms (inflections) of the concepts
for this purpose. Typically in CommonGen dataset
ca. m = 5, whereas n is determined by the gen-
erator model used to produce y. Given a set of
concepts X , there exists m! number of possible
ordering of concepts.

Let us denote one such ordering by x =
x1, x2, . . . , xm. Given x, a generator parame-
terised by θ produces the output sequence y =
y1, y2, . . . yn according to the generation probabili-
ties given by (1).

p(y|x;θ) =
n∏

i=2

p(yi|y1:i−1,x;θ) (1)

We generate sentences y using different pre-trained
generators for the same set of concepts X , ordered
using different strategies as described in § 3.2.

3.2 Concept Ordering Strategies
We name the ordering of input concepts in a
train/test instance in CommonGen as the Origi-
nal ordering. We propose three different strategies
to re-order the Original ordering for the purpose of
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fine-tuning LMs using the CommonGen training
instances. In Random ordering, the concepts in
the input set are randomly ordered. The Example
ordering considers the ordering of concepts as they
appear in a human-written example sentence in the
CommonGen train dataset.2 However, this concept
ordering information is not available at test time,
we thus use Random Ordering of input concept sets
at test time even for the LMs fine-tuned using the
Example Ordering.

We induce a Probabilistic ordering among the
concepts in a given set using transition probabili-
ties p(xj |xi) for ordering the concept xj after xi
because we want to find a method that could be
used both at training and test times and do not ex-
tract the concept ordering from pre-trained models’
outputs. Therefore, inspired by Glove word em-
beddings (Pennington et al., 2014), which use the
co-occurrence information between words, we use
the co-occurrence frequency of each concept pair
inside the paths of the ConceptNet to determine
the ordering in a given concept set. Specifically,
we first perform random walks over the Concept-
Net graph starting from vertices that appear in the
CommonGen train sentences, limiting to a maxi-
mum path length of five concepts. Next, we count
the number of paths, #(xi → xj), where xi ap-
pears before xj . The transition probabilities are
estimated from the path counts as in (2).

p(xj |xi) =
#(xi → xj)

#(xi → xj) + #(xj → xi)
(2)

Finally, the probability of generating an order-
ing x = x1, x2, . . . , xm is computed assuming
a first-order Markov chain such that p(x) =∏m

i=2 p(xi|xi−1). The Probabilistic ordering strat-
egy enables us to incorporate external knowledge
from ConceptNet for the purpose of determining
the ordering of input concepts. Moreover, unlike
the Example ordering, Probabilistic ordering can
be used both at training and test times.

4 Experiments

4.1 Experiments setting
Dataset: Our experiments are conducted on the
CommonGen dataset (Lin et al., 2020), which con-

2As detailed in Appendix A, in our preliminary experi-
ments, we evaluated three different input formats for a con-
cept ordering: (a) space delimited, (b) comma delimited, and
(c) space delimited with a special end-of-ordering token (i.e.,
[ORDERING]). We found the input format method (c) to per-
form slightly better than the other two, albeit no significant
improvements were observed.

tains 3.5K distinct concept sets (32651/993/1497)
with 67389/4018/6042 human written sentences
in the training/development/test splits. Each in-
stance contains ca. 3-5 input concepts with multi-
ple human-written reference sentences.

Evaluation Metrics: We conduct two types of
evaluations. First, to evaluate the quality of the
generated sentences, we employ the following gen-
eration evaluation metrics: BLEU (Papineni et al.,
2002), , ROUGE (Lin, 2004), METEOR (Banerjee
and Lavie, 2005), CIDEr (Vedantam et al., 2015)
and SPICE (Anderson et al., 2016). We report
the Coverage of concepts (Lin et al., 2020), which
is defined as the average percentage of input con-
cepts that are present in the generated sentences.
Second, we evaluate the ordering of the concepts
produced by different LMs (in the order that they
appear in the generated sentences) by comparing
that to the ordering in human-written test example
sentences using the Kendall rank correlation coef-
ficient (τ ∈ [−1, 1]). A higher τ indicates a closer
correlation between a concept ordering and their
order observed in reference sentences. If there are
multiple human-written sentences with different
orderings for the same input concept set, we take
the highest τ over all of the orderings.

4.2 Results

Main Results: We use each concept ordering
method to fine-tune five LMs: BERT-Gen (Bao
et al., 2020), T5-base/large (Raffel et al., 2019), and
BART-base/large (Lewis et al., 2019). Implemen-
tation details and hyperparameters can be found
in Appendix C. To assess the effectiveness of the
concept set ordering strategies, we compare their
performance against two types of prior methods.
The first uses the Original ordering specified in
CommonGen (Lin et al., 2020) to fine-tune LMs.
The second set includes models that incorporate
external knowledge, such as KG-BART (Liu et al.,
2021) and EKI-BARTDout (Fan et al., 2020), as
well as models that improve performance through
pre-training tasks, such as CALM (Zhou et al.,
2021), NeuroLogic (Lu et al., 2021), and the
[MASK] (Yang et al., 2023).

As shown in Table 1, both Probabilistic and Ex-
ample ordering outperform the Original Ordering
presented in CommonGen (Lin et al., 2020). This
shows that refining the ordering strategy for in-
put concepts could enhance an LM’s performance
in commonsense generation. Moreover, Example
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Model BLEU3 BLEU4 ROUGE-2 ROUGE-L METEOR CIDEr SPICE Coverage

Original
Ordering (Lin

et al., 2020)

BERT-Gen 30.4 21.1 18.1 40.5 27.3 12.5 27.3 86.1
T5-base 26.0 16.4 14.6 34.6 23.0 9.2 22.0 76.7
BART-large 36.3 26.3 22.2 42.0 30.9 13.9 30.6 97.4
T5-large 39.0 28.6 22.0 43.0 30.1 15.0 31.6 95.3

Random
ordering

BERT-Gen 30.5 21.1 18.0 40.1 27.4 12.6 27.4 86.5
BART-base 36.0 26.6 22.0 43.3 28.8 13.9 28.5 92.0
T5-base 37.7 26.9 20.9 43.2 30.2 15.1 31.2 94.2
BART-large 42.4 31.8 23.8 44.7 32.8 16.6 32.3 98.8
T5-large 40.6 30.0 23.1 44.9 31.5 15.9 32.1 97.6

Probabilistic
ordering

BERT-Gen 29.1 19.9 16.9 38.6 26.7 12.2 26.7 85.7
BART-base 33.5 23.8 20.4 41.2 28.0 13.4 27.8 92.6
T5-base 37.6 26.8 20.5 42.4 30.6 15.1 31.1 96.4
BART-large 38.5 28.0 21.8 42.4 31.7 15.4 32.2 98.8
T5-large 40.8 29.8 22.2 43.9 31.6 16.2 32.4 95.7

Example
ordering

BERT-Gen 33.0 23.6 19.3 41.8 28.9 13.7 28.8 93.3
BART-base 36.0 26.8 22.7 44.4 29.3 14.7 29.1 97.5
T5-base 40.0 30.0 22.7 45.0 31.3 16.0 32.3 97.6
BART-large 44.3 33.8 24.5 45.6 32.8 17.2 33.1 99.1
T5-large 43.4 32.7 23.8 45.6 32.3 16.9 33.5 98.0

Other
Prior Methods

KG-BART 42.1 30.9 23.4 44.5 32.9 17.5 32.7 98.7
EKI-BARTDout 42.9 26.3 24.4 45.4 32.0 16.8 32.5 -
CALM - 29.5 - - 31.9 15.6 33.2 -
NeuroLogic 41.3 36 - 44.7 31.0 15.9 31.1 -
[MASK] 43.3 32.5 24.2 44.9 32.5 17.1 32.8 -

Table 1: Evaluating the quality of the generated sentences on CommonGen test instances. The input concept sets
are ordered using the three strategies described in § 3.2 during fine-tuning different LMs. Best performing LM
fine-tuned with each ordering strategy is shown in italics, while the overall best is shown in bold.

ordering reports the best performance for all five
LMs, even outperforming prior methods that use
pre-training tasks or external resources.

Ordering τ BLEU4 ROUGE-L METEOR CIDEr SPICE

Original 0.328 19.0 36.4 29.0 12.9 27.7
Random 0.327 18.9 36.2 29.0 12.7 27.7
Probabilistic 0.402 20.9 37.9 29.6 13.4 29.1

BERT-Gen 0.595 29.0 43.1 31.4 16.0 31.3
BART-base 0.648 31.5 44.2 31.9 16.6 32.1
T5-base 0.627 30.3 43.9 31.9 16.4 32.0
BART-large 0.697 33.4 45.5 32.7 17.3 33.0
T5-large 0.696 32.9 45.2 32.6 17.0 32.7

Reference 1 35.3 57.4 33.3 18.1 33.5

Table 2: Kendall’s τ between the reference ordering and
the concept orderings produced using different meth-
ods: Lines 2-4 show Original, Random and Probabilistic
orderings (§ 3.2), Lines 5-9 show the orderings of con-
cepts as they appear in the sentences generated using
LMs fine-tuned on CommonGen, and Line 10 is the
Reference ordering (i.e., ordering of the concepts in
human-written CommonGen test sentences).

Effect of concept ordering: The ordering of con-
cepts as they appear in the human-written Com-
monGen test sentences (here onwards referred to
as the Reference ordering) can be considered as a
gold standard for concept ordering. To evaluate the
level of re-ordering of input concepts conducted
by an LM, we compare the ordering of concepts

in a sentence generated using an LM against their
Reference ordering using the Kendall’s τ . Specifi-
cally, we first fine-tune each LM using the concept
sets as ordered in the CommonGen train instances
(i.e., Original ordering). Next, we present each
fine-tuned LM the concept sets in CommonGen
test instances in their Original ordering and gener-
ate a sentence containing all of the input concepts.
Finally, we compare the ordering of the concepts
in the generated sentence against their Reference
ordering using τ . The reference sentences in the
CommonGen dataset are written by human anno-
tators given the shuffled concepts. Therefore, we
think it could be considered as a “golden” ordering
of input concepts. To further evaluate the correla-
tion between the ordering of input concepts and the
quality of the sentences generated by an LM, we
use BART-large fine-tuned with Example order-
ing as a sentence generator, where we provide it a
set of concepts ordered using different methods.

As seen from Table 2, among the three concept
ordering strategies described in § 3.2, the Prob-
abilistic ordering reports the highest τ value. In
particular, Original has a low τ value, compara-
ble to Random ordering, indicating that human
annotators had to significantly re-order the concept
sets shown to them when writing natural sentences.
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concept words throw daughter stream rock daddy

Reference Daddy and daughter throwing rocks into stream
Turbo(zero shot) As we hiked beside the stream, my daughter asked if she could throw a rock in the water, but I reminded her that it was too dangerous and daddy
Babbage(Original ordering) little girl throwing a tantrum in the park with her father and sister by the stream and crying because she did not get a toy in the stream.
Curie(Original ordering) mother throwing her daughter in the stream near the rocks with daddy
Babbage(Example ordering) A father and daughter are throwing rocks into a stream.
Curie(Example ordering) daddy and daughter throwing rocks into a stream

concept words dog throw frisbee catch

Reference A man throws away his dog’s favorite frisbee expecting him to catch it in the air.
Turbo(zero shot) The dog loves to play fetch and is always ready to catch the frisbee when it’s thrown.
Babbage(Original ordering) A dog is throwing a frisbee.
Curie(Original ordering) A dog is throwing a frisbee and catching it.
Babbage(Example ordering) A dog catching a frisbee and throwing it.
Curie(Example ordering) A dog catching a frisbee thrown by a man.

concept words hang squeeze shut head eye

Reference Hanging her head, someone squeezes her eyes shut.
Turbo(zero shot) I tried to hang the picture but couldn’t do it with just one hand, so I had to squeeze my eyes shut and use both hands to get it done
Babbage(Original ordering) Someone grabs someone by the eyes and squeezes them shut, then drags him away.
Curie(Original ordering) A woman is hanging upside down and squeezing her legs shut, then she opens her eyes.
Babbage(Example ordering) Someone squeezes his eyes shut and hangs his head.
Curie(Example ordering) Someone squeezes his eyes shut and hangs his head.

concept words mirror gear picture hold take

Reference The man holds the gear and uses the picture taken by the mirror.
Turbo(zero shot) She carefully held the picture up to the mirror to take a closer look at the intricate gear design.
Babbage(Original ordering) A picture of a man in a space suit, holding a mirror, and taking off his gear.
Curie(Original ordering) The mirror has gears in it and a picture of a train engine held up.
Babbage(Example ordering) A man is holding on to a railing to take a picture of his gear and mirror.
Curie(Example ordering) A man is holding a camera and taking a picture of himself in the mirror.

Table 3: Generated examples by different LLMs

Interestingly, all five LMs fine-tuned with the Ex-
ample ordering strategy outperform those three
strategies, suggesting that the sentences carry use-
ful contextual clues for determining the ordering
of concepts that are exploited by the LMs. We
find that the extracted concept ordering generated
by BART-large model outperforms that generated
by other pre-trained models. It is consistent with
the conclusions of Ou et al. (2022) that a large
amount of dependency structure knowledge exists
in BART. Moreover, we see that τ values closely
aligns with other automatic evaluation metrics, in-
dicating that concept ordering with a higher τ re-
sults in high quality sentence generations. Overall,
these results suggest that if the concept orderings
more closely align with the orderings found in the
dataset reference sentences, the Example Ordering
trained model could generate superior sentences,
leveraging the inherent commonsense knowledge
embedded within the pre-trained models.

4.3 Large Language Model Scenario

Large Language Models (LLMs) have shown im-
pressive performance in complex reasoning com-
pared to the smaller size models (Brown et al.,
2020; Thoppilan et al., 2022). To investigate their
effectiveness for concept ordering, we use the GPT-
3 and GPT-3.5 (Brown et al., 2020) as LLMs and
use a prompt-based instruction (see Appendix B
for the details of the prompts) to induce an ordering

among a given set of concepts. Due to the space
limitations we show the results in the Appendix
Table 4. We find that the Example Ordering outper-
forms the unordered inputs, indicating that concept
ordering is also important to the LLMs. Moreover,
from the generated sentences (shown in Table 3) we
find that the Example ordering improves their qual-
ity as well as the concept coverage. Interestingly
however, the best results obtained using LLMs with
prompts are worse than that compared to the fine-
tuned BART-large, which indicates importance of
fine-tuning on CommonGen.

5 Conclusion

We examined the impact of concept ordering on the
quality of generated sentences in GCR using multi-
ple LMs. We find that ordering the input concepts
can improve performance, and all fine-tuned LMs
generate better quality sentences when the input
concepts were presented in an order consistent with
that found in human-written sentences.

6 Limitations

In this work, we limited our investigation to the
generation of English sentences and to a finite set
of pre-trained language models (PLMs). This lim-
itation was largely due to the nature of the Com-
monGen dataset, the only publicly available dataset
we found for concept-to-sentence tasks, which is
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primarily English-centric. Therefore, our eval-
uation of the generation quality was limited to
English, which is a morphologically limited lan-
guage. Different languages have different gram-
mars and sentence structures, but the automatic
evaluation metrics such as BLEU (Papineni et al.,
2002), ROUGE (Lin, 2004) and CIDEr (Vedantam
et al., 2015) could also be used for other languages.
Therefore, we consider it to be an important next
step to evaluate the concept ordering strategies de-
scribed in this work on languages other than En-
glish.

Furthermore, we focus only on the experiments
around concept ordering in the LLM scenario.
However, as reported in much prior work, the com-
monsense knowledge inside the LLMs could be ef-
ficiently exploited by intermediate reasoning steps
and designed prompts (Wei et al., 2022; Zhang
et al., 2023). We utilised identical prompts for
each backbone LLM and did not investigate the
potential influence of prompt variations. we ob-
served that some sentences generated by LLMs
contradict commonsense. Therefore, generative
commonsense reasoning tasks remain a challenge
for LLMs. Given the scope of the current paper,
research on prompt design and encoding concept
ordering into intermediate steps will be pursued in
future work.

Given a set of concepts, it is possible to write
multiple natural sentences that arrange the input
concepts in different orders. However, in the Com-
monGen dataset only a small number of human-
written sentences are available for a given concept
set, which does not cover all possible orderings.
Therefore, the Kendall’s τ values reported in this
paper must be taken as a lower bound on the agree-
ment with a human determining the ordering of con-
cepts in a sentence. Moreover, we it is important
to consider other types of rank evaluation metrics
in addition to Kendall’s τ for future evaluations.

7 Ethical Considerations

While we conducted our research primarily on the
CommonGen dataset, which to the best of our
knowledge does not present any explicit ethical
issues, it is essential to acknowledge the potential
for social biases in the LMs (Blodgett et al., 2021).
One of the pre-trained language models we used
in our experiments, BART are significantly prone
to prediction errors related to gender bias (Sharma
et al., 2021) and we are not evaluating for the biases

in the generated sentences here which should be
done before LMs are deployed in the downstream
NLP applications. Given that we are fine-tuning
LMs on the CommonGen dataset, some social bi-
ases could get amplified during this fine-tuning
process. The predicted sentences are possibly in-
fluenced by such biases. It is still an open question
for how to effectively mitigate these biases, partic-
ularly in the context of generative commonsense
reasoning tasks.
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Supplementary Appendix

A Different Input Formats for Example
Ordering

We conducted an evaluation to examine the impact
of input formats on the quality of generation. We
designed three types of input formats, given a con-
cept set: 1) the ordered concepts are concatenated
together, 2) the ordered concepts are concatenated
together and separated (delimitted) by commas,
and 3) the unordered concepts are concatenated
with the ordered concepts and denoted by a spe-
cial “[ORDERING]” tokens. An example using the
concept set ski, mountain, skier, is provided in Ta-
ble 5. As shown in Table 6, the performance of the
generated sentences does not change significantly
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Parameters BLEU4 ROUGE-L METEOR CIDEr SPICE

Turbo(zero shot) 135B 13.9 33.5 27.2 8.7 24.0

Babbage (Original) 6.7B 19.7 37.7 27.1 12.0 26.7
Curie(Original) 13B 13.5 32.6 26 10.0 24.6

Babbage (Example) 6.7B 23.6 41.0 29.2 13.6 29.2
Curie (Example) 13B 25.5 41.9 30.0 14.4 30.1

Table 4: Evaluation of the effect of different concept ordering strategies on the LLMs. The results show that a good
concept ordering strategy could also help the quality of large model generation.

with the different input formatting methods. How-
ever, the best performance among the three input
formatting methods is achieved when the concepts
are concatenated with the ordered concepts around
tokens. This may be attributed to the fact that, with
the tokens and ordered concepts, a model might
better comprehend the ordering task and use the
syntactic knowledge embedded in the pre-trained
models (Ou et al., 2022).

Format Example

w/o Comma skier ski mountain
Comma skier, ski, mountain
Token ski mountain skier [ORDERING]

skier ski mountain [ORDERING]

Table 5: Three different input formats given a concept
set {ski, mountain, skier}

Concept set BLEU4 ROUGE-L METEOR CIDEr SPICE

w/o Comma 33.4 45.5 32.6 17.1 32.8
Comma 32.5 45 32.4 16.8 32.6
Token 33.8 45.6 32.8 17.2 33.1

Table 6: The generated evaluation of different inputs
formats.

B Concept Ordering on LLMs

We also conducted concept ordering experiments
using the CommonGen dataset on LLMs contain-
ing more than one billion parameters. Specifically,
we selected GPT3 models (Babbage and Curie)
and GPT3.5 Turbo from OpenAI as our backbone
models. Since the Turbo model does not support
fine-tuning, it was evaluated solely in a zero-shot
setting. We evaluated the quality of the generated
outputs using both the Original ordering and Exam-
ple ordering strategies on the Babbage and Curie
models.

As shown in Table 4, the Example Ordering strat-
egy also enhanced the performance of LLMs on
the CommonGen dataset task. However, we ob-
served that the three LLMs underperform com-
pared against the smaller fine-tuned LMs. We
notice that this problem also exists in other NLP
tasks (Brown et al., 2020; Gutiérrez et al., 2022).
Therefore, we examined some sentences generated
by these LLMs as presented in Table 3. Under the
zero-shot setting, Turbo was capable of generating
more complex sentences than those provided in
the references, and these sentences were consistent
with commonsense. When we try to use Example
Ordering Strategy for the Turbo model with the
prompt Given a concept list: [concepts], please
generate a sentence that aligns the ordering of the
concepts:, we find that the model could not always
follow the concept ordering given even under the
few-shot setting.

For the Babbage and Curie models, the Original
Ordering strategy often resulted in generated sen-
tences that did not encompass all concepts from
the given input set. The Example Ordering strat-
egy ameliorated this issue; however, even when
the grammar was correct, some sentences were
inconsistent with commonsense (e.g., A dog catch-
ing a Frisbee and throwing it). We surmise that
these issues are the primary reasons why the LLMs
did not perform well. As is suggested by OpenAI
website, the performance of the model is based on
the description given and external content would
improve the performance. However, the input of
CommonGen only has a single concept set. Poten-
tial improvements for the performance of LLMs on
such tasks could involve providing more content
around the concept set such as description about
the relations among the concepts.

https://platform.openai.com/docs/guides/fine-tuning/preparing-your-dataset
https://platform.openai.com/docs/guides/fine-tuning/preparing-your-dataset
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C Training Details

We utilised the BERT, BART, and T5 models as
implemented in the Transformers library (Wolf
et al., 2020). Detailed hyper-parameters are pro-
vided in the accompanying bash scripts (submitted
as supplementary materials). The primary hyper-
parameters were initialised in alignment with the
standards set out in the CommonGen paper (Lin
et al., 2020). We fine-tuned each model using the
ADAM optimiser (Kingma and Ba, 2015). To pre-
vent over-fitting, we adopted an early stopping strat-
egy based on the development set’s loss. We train
the model with one NVIDIA A6000 GPU and one
V100 GPU. Each model could be fine-tuned in less
than 6 hours.

The training of the LLMs utilised OpenAI’s
API.3 Training a Babbage model incurred a cost of
$3 for the CommonGen dataset, while training a
Curie model incurred a cost of $14. During model
training, each instance would start with the prompt
“Generate a sentence containing all the concepts
in the concept set:” for each concept set and we
added a separator “ ->” at the end of the prompt.
We also use an ending token “/n” at the end of the
target sentence.

Models Random Probabilistic Example

BERT-Gen 32*2, 5e-5 32*2, 5e-5 32*2, 5e-5
BART-base 64*4, 3e-5 64*3, 5e-5 64*6, 3e-5
T5-base 64*4, 5e-5 64*3, 5e-5 64*4, 5e-5
BART-large 96*4, 3e-5 64*4, 2e-5 64*4, 3e-5
T5-large 32*4, 2e-5 64*4, 2e-5 64*4, 3e-5
GPT3-babbage - - 128, -
GPT3-curie - - 128, -

Table 7: Key parameters in experiments. In each cell,
the left is the batch size and the right is the learning rate.

3https://platform.openai.com/docs/guides

https://platform.openai.com/docs/guides

