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Abstract

There are two shortages in the current Large
Language Models (LLMs) era. The first is short
of multilingual models, where most LLMs
are English-centric and performance is limited
on multilingual reasoning. The second is the
place of external knowledge to be used, where
most retrieved knowledge is prepended to the
user queries (maybe sub-optimal). This pa-
per presents a novel and simple yet effective
method called Dictionary Insertion Prompting
(DIP). When providing a non-English prompt,
DIP looks up a word dictionary and inserts
words’ English counterparts into the middle
of the prompt for LLMs. It then enables bet-
ter translation into English and better English
model thinking steps which leads to obviously
better results. We experiment with 10 to 200
languages from FLORES-200.! Since there are
no adequate datasets, we use the NLLB trans-
lator to create synthetic multilingual bench-
marks from the existing 4 English reasoning
benchmarks such as GSMS8K and AQuA. The
synthetic benchmarks are translated back into
English for quality assurance with manual an-
notation. Interestingly, the place for inject-
ing the dictionary plays an important factor
in the performance gains, and we found that
interleaving the dictionary with the original
words gives a better performance compared to
prepending/appending the dictionary, under the
same dictionary constructed.

1 Introduction

In the quick development with large language mod-
els (LLMs), there have been quite many popular
research areas such as chain-of-thought reasoning
(Wang et al., 2023; Wei et al., 2024; Yang et al.,
2024), machine translation (Lu et al., 2023; Zhu
et al., 2024a,b), code generation (Li et al., 2023;

* Equal Contribution.
'The number of languages varies on the datasets, and we
experiment with 200 languages on GSMS8K as in Appendix

Zhang et al., 2023; Hou et al., 2025), dialogue gen-
eration (Li et al., 2022; Lu et al., 2022; Lu and
Lam, 2023; Yang et al., 2025; Yang et al., 2026),
and even spatial understanding (Hu et al., 2024).
Among these, an important research area is mul-
tilingual large language models (MLLMs), which
consider not only the tasks of machine translation
but also reasoning tasks represented in different
languages (Huang et al., 2023). This scales the
horizon of English-centric LLLMs such as popu-
lar ChatGPT and enables them to be used by peo-
ple who mainly speak low-resourced languages.
Yet, current methods are usually training-based (Lu
et al., 2024; Lim et al., 2024), which usually re-
quires many GPU/TPU computational resources to
update model weights from LLMs.

In contrast, this paper investigates how to incor-
porate a dictionary as an auxiliary knowledge into
prompting. In comparison, this is lightweight and
flexible, where the dictionary can be customized
and replaced in a plug-and-play manner without
model training. While the dictionary-based method
has been studied on the task of traditional machine
translation (Arthur et al., 2016), how to incorpo-
rate them into reasoning tasks on MLLMs has been
under-studied. This is yet important and needs to be
empirically justified whether, and how dictionary-
based methods can be better used to improve multi-
lingual reasoning tasks, which obviously enhances
LLMs’ usefulness in our daily life.

To this end, we propose a novel method called
Dictionary Insertion Prompting (DIP). We present
the overall algorithm as in Figure 1. By providing a
customized dictionary that maps words represented
in low-resourced languages into English, DIP in-
serts the English representation into the original
input. This then helps LLMs in pivoting the orig-
inal input into a complete English representation.
This improves the succeeding chain of thought rea-
soning, which results in a better final output.

By looking deeply into the experimental analysis,
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Standard Prompting
Solve math problems. The question is made up of the Buginese language.
Question: Janeth's ducks lay 16 eggs per day. Alena manre tellu untu'
sarapan tungke' essoe na mappa' muffin untu' sahaba'na tungke' essoe
sibawa eppa. Alena mabalu siseng'e ri pasa petani'e tungke' essoe ri $2 per
fresh duck egg. Pilangenna dollar'e iyae ro mappa'e tungke' essoe ri pasa
petani'e.
You must only answer the final Numeric answer.

Intermediate Results

###No extra intermediate result#i#

The standard prompting method ask the model to answer with a single result.
There could be some other baselines, such as:

1. Chain-of-Dictionary which append the dictionary to the prompt.

2. Chain-of-thought reasoning that thinks in monolingual languages.

We will later demonstrate in our experiments that DIT is obviously better
than them.

Some of them add additional thinking steps, and some of them modify the
original prompt.

###No extra intermediate results#i#

Dictionary Insertion Thought

Solve math problems. The question is made up of the Buginese language.
First translate the following question from Buginese into English:
Janeth's(Alena) ducks(manre) lay(unu') 16(16) eggs(untu') per(se)
day(hari). Alena(She) manre(eats) tellu(three) untu'(for) sarapan(breakfast)
tungke'(every) essoe(morning) na(and) mappa'(bakes) muffin(muffins)
untu'(for) sahaba'(her friends) na(and) tungke'(every) essoe(with)
sibawa(four). Alena(She) mabalu(sells) siseng'e(remainer) ri(at)
pasa(market) petani'e(farmers') tungke'(every) essoe(at) ri($) $2(2)
per(per) fresh(fresh) duck(duck) egg(egg). Pilangenna(how much)
dollar'e(in dollars) iyae(does she make) ro(every) mappa'e(make)
tungke'(every) essoe(at) ri(at) pasa(market) petani'e.?

Think step by step, then gives a numerical number as the final answer.
Note: Your output format is as follows: 1. Translated English sentences 2.
The derivation process 3.The final numerical answer

Translation
Janeth's ducks lay 16 eggs per day. She eats three eggs for breakfast every

morning and bakes muffins for her friends every morning with four. She sells
the remainder at the farmers' market every morning for $2 per fresh duck egg.
How much does she make in dollars every day at the farmers' market?

Thought
- Janeth's ducks lay **16 eggs per day**.- Alena eats **3 eggs** for
breakfast, which leaves **16 - 3 = 13** eggs.- She bakes muffins using **4
eggs** for her friends, leaving her with **13 - 4 = 9** eggs.- She sells the
**9 remaining eggs** at the farmers' market.- Each egg sells for **$2**, so
she earns **9 eggs x $2/egg = $18**.
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Figure 1: An illustrated comparison of the GSM8K dataset made up in Buginese. Compared to the standard
prompting baseline, DIP inserts additional dictionary knowledge written in knowledge in an interleaving manner.
This leads to a better intermediate English translation and succeeding English thought. Finally, DIP produces

promising results, surpassing several strong baselines.

we found that the place of insertion is an impor-
tant factor in improving the performance of DIP.
While the prior dictionary-based method usually
presents the dictionary in front of the prompt, we
found it sub-optimal, and placing the dictionary
in an interleaving manner is better. We postulate
that such a design puts words with their English
counterparts closer, and makes it easy to be under-
stood by LLMs. Experiments also show that better
translation quality and thought quality are the key
factors to the usefulness of DIP.

We benchmark DIP on about 200 languages from
FLORES-200 (NLLB-Team, 2022). Since there are
no adequate datasets for covering those languages,
we use a high-quality SOTA translator NLLB 3.3B>
to translate existing arithmetic reasoning bench-
marks such as GSM8K (Cobbe et al., 2021) and
commonsense reasoning benchmarks such as Date
(Srivastava et al., 2022).

In general, we make three key contributions.

* We propose a simple, novel, yet computation-
ally lightweight approach called DIP for better
reasoning on multilingual tasks on LLMs.

*https://huggingface.co/spaces/Narrativaai/NLLB-
Translator

» Extensive strong results across several bench-
marks on ChatGPT and Llama LLMs verify
the effectiveness of DIP.

* We investigated further why DIP is useful and
found that better intermediate translation and
thinking steps are the key.

2 Dictionary Insertion Prompting

Large language models show their promising trans-
lation performance when sufficiently pre-trained
(Wang et al., 2023; Lu et al., 2023; Tang et al.,
2024; Lu et al., 2024a,b, 2025; Lu et al., 2026).
Yet, such translation ability usually diminishes in
low-resourced languages and it is still an under-
studied topic for reasoning in those low-resourced
languages such as the ones from FLORES-200
(NLLB-Team, 2022).

This paper proposes a novel, yet simple and ef-
fective framework called DIP (Dictionary Insertion
Prompting) to address these difficulties by integrat-
ing the dictionary knowledge into the reasoning
process. DIP first looks up a customized dictionary
from the original non-English prompt to place its
English counterpart accordingly. This is followed
by pivoting into English, which succeedingly in-
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vokes a better English thinking process. The final
result is then obviously improved by DIP.
Therefore, DIP is as illustrated in Figure 1:

(1) Solve the question. The question is made
up of the <language> language.

(2) First translate the following question from
<language> into English:

(3) <question>

(4) Note: Your output format is as follows:

1. Translated English sentences

2. The derivation process

3.The final numerical answer

, where <language> denotes the language of the
non-English question prompts? that are written in,
and <question> denotes the actual question that is
written in those non-English languages.

The reason for choosing English as the pivoting
language for DIP on LLMs is due to the fact that
English has been primarily used as the pivoting lan-
guage in traditional machine translation (Utiyama
and Isahara, 2007; Wu and Wang, 2007). While
other languages can be possibly useful, English
is the most high-resourced language on English-
centric LLMs, it is intuitively the most helpful, so
other attempts are left to future works.

Dictionary Construction To construct the bilin-
gual dictionary mapping between English and the
original prompt, we prompt ChatGPT:

(1) Please provide the translation of the given
English sentence into <language>, along with
a word-for-word dictionary for each word.
(2) The output format must be strictly fol-
lowed:

1. Start with ‘English:” followed by the En-
glish sentence.

2. On the next line, start with ‘<lang>:" fol-
lowed by the <language> translation.

3. On the next line, start with ‘dictionary:’
followed by each word in the <language> sen-
tence, annotated with its English meaning in
parentheses, separated by spaces.

(3) Now generate translations for the follow-
ing sentence:

English: <target>

<language>: <source>

dictionary:

3We conduct our experiments on non-English languages
with English-centric LLMs, and we leave other settings to
future work.
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, where <language> presents the language that the
original synthetic questions are written in, <target>
represents the original English sentence which is
used to obtain the <source> sentences that are writ-
ten in <language>.

By prompting LLMs, we obtain a dictionary
mapping that could be customized by replacing
the arguments with any bilingual corpora.

Note that the pivoting into English and English-
based thoughts is indeed optional in DIP and can be
pruned for a better trade-off between performance
and computational cost, as longer generation usu-
ally requires more computational costs.

3 Experimental Setup

3.1 Baselines

We conduct experiments with ChatGPT (GPT-4o-
mini), Llama-3.2-1b-instruct (Dubey et al., 2024),
and Mixtral-8x7b (Jiang et al., 2024). At the time
of writing, all of them are popular and widely used
English-centric LLMs which are strong in their
multilingual and reasoning capacities. Based on
these popular LLMs, we compare DIP to strong
baseline methods:

* Standard Prompting that directly asks the
English-centric LLMs to answer the questions
written in those non-English languages.

Non-insertion Prompting prepends/appends
the dictionary to the prompt.

English Pivoting that asks the model to trans-
late the question into English before answer-
ing (Kim et al., 2019).

English Pivot Thought that asks the model
to translate the question into English before
answering with chain-of-thought reasoning.

3.2 Datasets

We construct synthetic benchmarks in 200 lan-
guages from FLORES-200 (NLLB-Team, 2022)
using the NLLB Translators from the following
existing benchmarks:

* GSMSK is a benchmark of math word prob-
lems. We randomly sample 200 instances for
each of the 200 languages from FLORES-200
for GSM8K. We also randomly sample 10
low-resourced languages from GSM8K and
conduct experiments on the full 1,319 test in-
stances on them (Cobbe et al., 2021).



Model kaz_Cyrl nso_Latn srp_Cyrl xho_Latn ibo_Latn tum_Latn asm_Beng bug Latn ckb_Arab azb_Arab | Average

Standard Prompting 17.89 9.10 15.62 11.52 11.30 591 14.25 5.84 9.55 9.40 11.04
Non-insertion Prompting 14.94 6.29 13.87 10.08 10.24 6.37 12.89 7.05 10.24 8.19 10.02
English Pivoting 23.65 14.03 19.94 19.79 19.26 10.31 21.91 9.55 17.82 17.44 17.37
English Pivot Thought 61.11 36.77 60.35 57.16 49.13 22.67 60.96 20.85 44.28 35.48 44.88
DIP w/o EP w/o CT 20.39 12.05 22.06 15.47 13.57 12.43 19.03 13.95 16.38 18.20 16.35
DIP w/ EP w/o CT 23.43 16.30 24.94 21.23 18.50 14.86 23.58 19.18 22.14 22.37 20.65
DIP 67.93 46.17 80.36 67.10 53.30 43.29 68.61 60.50 63.68 68.31 61.92

Table 1: Results for GPT-40 on GSM8K on 10 randomly selected low-resourced languages from FLORES-200. EP
denotes the English pivoting translation process, and CT denotes chain-of-thought reasoning steps.

Model kaz_Cyrl nso_Latn srp_Cyrl xho_Latn ibo_Latn tum_Latn asm_Beng bug Latn ckb_Arab azb_Arab | Average
Standard Prompting 53.33 42.00 46.33 48.33 36.67 28.33 53.00 25.33 37.67 40.67 41.17
Non-insertion Prompting ~ 52.67 34.33 45.00 46.00 38.33 29.67 53.00 28.67 45.67 41.33 41.47
English Pivoting 54.67 51.33 51.67 63.00 53.67 40.33 63.67 35.00 57.33 51.67 52.23
English Pivot Thought 61.33 61.33 58.67 71.00 60.67 41.67 71.00 36.67 69.33 55.33 58.70
DIP w/o EP w/o CT 66.00 43.00 73.00 65.67 49.00 45.33 62.67 48.67 62.33 61.67 57.73
DIP w/ EP w/o CT 66.67 55.67 75.67 73.67 57.00 55.67 70.00 62.00 67.33 66.00 64.97
DIP 78.33 57.00 89.67 76.67 65.33 65.67 717.67 71.00 78.67 75.00 73.50

Table 2: Results for GPT-40 on SVAMP on 10 randomly selected low-resourced languages from FLORES-200. EP
denotes the English pivoting translation process, and CT denotes chain-of-thought reasoning steps.

Model kaz_Cyrl nso_Latn srp_Cyrl xho_Latn ibo_Latn tum_Latn asm_Beng bug Latn ckb_Arab azb_Arab | Average
Standard Prompting 4.00 1.00 3.67 3.00 3.00 3.67 3.00 2.67 3.33 3.00 3.03
Non-insertion Prompting 2.67 2.00 3.00 3.00 2.67 1.33 1.67 3.00 1.00 1.00 1.87
English Pivoting 4.00 2.67 9.00 3.33 4.00 3.33 3.33 4.67 3.67 1.00 4.30
English Pivot Thought 4.00 3.67 13.00 2.67 2.33 3.67 6.67 4.67 3.33 3.67 4.80
DIP w/o EP w/o CT 3.33 5.00 4.67 3.67 2.00 4.00 1.67 3.67 1.33 4.00 2.73
DIP w/ EP w/o CT 7.33 4.00 8.00 4.33 3.67 2.67 3.33 4.33 2.00 4.67 4.20
DIP 7.00 3.67 12.00 3.67 5.33 4.33 7.00 5.00 4.33 7.00 5.83

Table 3: Results for Llama-3.2 on SVAMP on 10 randomly selected low-resourced languages from FLORES-200.
EP denotes the English pivoting translation process, and CT denotes chain-of-thought reasoning steps.

Model kaz_Cyrl nso_Latn srp_Cyrl xho_Latn ibo_Latn tum_Latn asm_Beng bug Latn ckb_Arab azb_Arab | Average
Standard Prompting 28.00 14.00 36.00 16.33 8.33 12.33 28.33 17.00 27.67 20.67 18.97
Non-insertion Prompting ~ 25.00 23.00 30.67 27.00 23.33 22.67 21.00 29.00 25.00 24.00 22.67
English Pivoting 35.00 10.33 51.33 12.00 7.67 10.33 38.00 18.00 30.67 24.00 2243
English Pivot Thought 22.67 5.67 27.33 10.33 6.33 9.00 14.00 18.00 20.33 15.33 12.97
DIP w/o EP w/o CT 22.67 17.00 32.67 29.00 21.33 25.33 18.00 39.67 18.00 24.33 22.80
DIP w/ EP w/o CT 27.33 17.67 31.00 36.00 18.33 29.67 17.00 38.33 31.33 40.67 28.00
DIP 44.00 29.00 50.33 48.00 32.00 39.67 39.00 55.67 48.33 51.67 43.27

Table 4: Results for Mixtral on SVAMP on 10 randomly selected low-resourced languages from FLORES-200. EP
denotes the English pivoting translation process, and CT denotes chain-of-thought reasoning steps.

* SVAMP is a benchmark of math word prob- sample 10 low-resourced languages from
lems with varying structures. We randomly FLORES-200 and conduct experiments on the
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Methods # improved > 5 points > 10 points > 20 points | # degraded > 5 points > 20 points
Non-insertion Prompting 87/200 9/87 1/87 0/87 113/200 9/113 0/113
English Pivoting 181/200 80/181 8/181 0/181 197200 0/19 0/19
English Pivot Thought 193/200 8/193 14/193 151/193 7/200 0/7 0/7
DIP w/o EP w/o CT 193/200 84/193 32/193 0/193 7/200 0/7 0/7
DIP w/ EP w/o CT 198/200 86/198 82/198 7/198 2/200 0/2 0/2
DIP 200/200 1/200 2/200 196/200 0/200 0/0 0/0

Table 5: Statistics of the changes in accuracy with DIT and other baselines compared to Standard Prompting on
GPT-40 with 200 languages on GSM8K. 100% of the directions (200 out of 200) are improved with DIT.

full 1,000 test instances (Patel et al., 2021).

* AQuA is a dataset of algebraic word prob-
lems. We randomly sample 10 low-resourced
languages from FLORES-200 and conduct ex-
periments on their full.

* Date and Sport We selected two specialized
evaluation sets from the BIG-bench initiative
(Srivastava et al., 2022): Date Understand-
ing, which requires inferring a date based on
a given context, and Sports Understanding,
which involves assessing whether a sports-
related sentence is plausible or implausible.
We randomly sample 10 low-resourced lan-
guages from FLORES-200 and conduct exper-
iments on their full test set.

3.3 Evaluation Metrics

Accuracy is used to evaluate the reasoning tasks. In
addition, we use BLEU (Papineni et al., 2002) and
chrF++ (Popovié, 2015) to evaluate the translation
quality as well as the intermediate thinking process.
We use the evaluations provided by the sacreBLEU
repository with the default signatures.*

3.4 Synthetic Generation Quality

Under our setting, almost all the words from the
question prompt are assigned a dictionary. In order
to ensure the quality of the generated dataset with
the 10 languages we study, we employ three expe-
rienced human annotators. They are all postgradu-
ate student who are studying for English-relevant
degrees. We use GPT to translate the synthetic
benchmark back to English and ask them to an-
notate whether the translated-back English is the
same as the original English. With this method,
we only preserve the instances that are perfectly

“https://github.com/mjpost/sacrebleu

agreed upon by all the annotators, and the mean-
ings are preserved. More than 90% of the instances
are preserved for each language, and this process
ensures a perfect agreement for the final datasets
among our annotators.

4 Math Reasoning Tasks

4.1 GSMSK

GSMS8K Table 1 presents the results on GSM8K
written in 10 randomly selected low-resourced lan-
guages from FLORES-200 (NLLB-Team, 2022)
on GPT-40. The results indicate the effectiveness
of DIP in comparison to the baselines. English
pivoting does help to improve the Standard Prompt-
ing baseline from an average of 11.04 to 17.37.
Chain-of-thought reasoning is especially useful,
improving the average score from 17.37 on En-
glish Pivoting to 44.88 on English Pivot Thought.
Compared to the most naive Standard Prompting
baseline, DIP obviously improves the average per-
formance from 11.04 to 61.92. On bug_Latn, DIP
still obviously improves the strongest baseline En-
glish Pivot Thought from 20.85 to 60.50. We also
observe the effectiveness of interleaving the dic-
tionary by insertion, which improves traditional
appending/prepending previously employed by ma-
chine translation, improving the average score from
10.02 on Non-insertion Prompting to 16.35 on DIP
w/o EP w/o CT. We postulate such an interleaving
manner makes it easy to catch the context between
the mapped dictionary pairs, which enhances the
model understanding.

Due to space reasons, we leave Figure 2 in the
Appendix, which visually presents the performance
gap between DIP and the baselines on the full 200
languages in FLORES-200 on GPT-40. We ob-
serve that DIP has quite impressive improvements
on lower-resource languages such as the ones in the
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Model kaz_Cyrl nso_Latn srp_Cyrl xho_Latn ibo_Latn tum_Latn asm_Beng bug Latn ckb_Arab azb_Arab | Average
Standard Prompting 47.20 47.20 53.60 54.40 61.60 47.20 55.60 45.20 46.40 46.00 50.44
Non-insertion Prompting ~ 48.00 39.20 44.40 43.60 43.60 42.40 43.20 46.00 41.60 43.60 43.56
English Pivoting 49.60 42.80 45.20 44.80 49.60 48.00 47.20 43.20 42.80 43.20 45.64
English Pivot Thought 74.80 58.00 63.60 64.00 73.20 52.40 69.60 40.40 56.00 63.60 61.56
DIP w/o EP w/o CT 48.00 38.00 44.40 45.60 47.60 40.40 41.60 38.40 39.20 44.80 42.80
DIP w/ EP w/o CT 49.60 44.80 46.80 48.00 50.40 48.80 45.60 45.20 44.00 46.80 47.00
DIP 72.40 66.80 73.20 71.60 76.00 66.40 77.60 70.00 75.60 75.60 72.52

Table 6: Results for GPT-40 on Date Understanding on 10 randomly selected low-resourced languages. EP denotes
the English pivoting translation process, and CT denotes chain-of-thought reasoning steps.

Model kaz_Cyrl nso_Latn srp_Cyrl xho_Latn ibo_Latn tum_Latn asm_Beng bug Latn ckb_Arab azb_Arab | Average
Standard Prompting 49.60 56.00 42.80 56.80 55.60 53.20 43.60 54.00 27.20 45.20 48.40
Non-insertion Prompting ~ 48.40 47.60 46.00 51.60 50.00 52.40 41.60 48.80 52.80 54.40 49.36
English Pivoting 48.40 48.80 50.80 48.00 42.80 47.60 52.40 47.60 51.60 45.60 48.36
English Pivot Thought 47.20 50.40 46.80 46.80 46.00 47.20 47.60 46.80 46.80 46.00 47.16
DIP w/o EP w/o CT 46.80 50.00 46.80 55.20 56.80 56.00 42.80 56.80 22.00 52.40 48.56
DIP w/ EP w/o CT 56.40 54.80 64.00 60.40 60.40 60.40 56.40 54.80 58.80 54.40 58.08
DIP 58.80 64.40 67.20 60.80 62.40 59.60 58.80 64.00 63.20 59.20 61.84

Table 7: Results for GPT-40 on Sports Understanding on 10 randomly selected low-resourced languages. EP
denotes the English pivoting translation process, and CT denotes chain-of-thought reasoning steps.

fourth row. The improvements with DIP on higher-
resourced languages, yet, there are still improve-
ments. Table 5 presents the detailed improvement
statistics, and we observe that while traditional En-
glish Pivoting and English Pivot Thought make
good improvements, they are usually not drastic,
with about a 5-10 points increase in accuracy. In
comparison, DIP gives a large improvement with
196/200 languages enjoying an improvement with
over 20 points in accuracy. This concludes the
usefulness of DIP.

4.2 SVAMP

Table 2 presents the results on SVAMP written
in 10 randomly selected low-resourced languages
from FLORES-200 (NLLB-Team, 2022) on GPT-
4o. Similar to the results on GSMSK, there is only
one language in which DIP scored less than the
English Pivot Thought baseline. On SVAMP, the
chain-of-thought reasoning improves less (from
52.23 on English Pivoting to 58.70 on English
Pivot Thought) than English pivoting (from 41.17
on Standard Prompting to 52.23 on English Pivot-
ing). This means that the usefulness of these two
techniques varies on different tasks. The overall
improvement from DIP is obvious, where DIP im-
proves the average score from 58.70 on English

Pivot Thought to 73.50. We also observe the effec-
tiveness of interleaving the dictionary by insertion,
which improves Non-insertion Prompting, improv-
ing the average score from 41.47 on Non-insertion
Prompting to 57.73 on DIP w/o EP w/o CT.

Due to limited computational resources, we con-
duct experiments on SVAMP on Llama-3.2 in Table
3 and Mixtral in Table 4, which shows that the re-
sults are consistent as shown on GPT-40. Results
on Llama-3.2 are usually lower than expected since
those low-resourced languages are not perfectly
supported on the Llama-3.2 we used.

4.3 Ablation Study

The last three rows across all tables above indicate
the effectiveness of different components in DIP,
where the performance decreases when we remove
English pivoting and chain-of-thought. We also
observe that the performance of DIP variants is
constantly better than or on par with Non-insertion
Prompting. This concludes that the position of the
dictionary is important, and with an interleaving
dictionary only, DIP still surpasses some strong
baselines, such as the English pivoting baseline as
in Table 2 on SVAMP.
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Model kaz_Cyrl nso_Latn srp_Cyrl xho_Latn ibo_Latn tum_Latn asm_Beng bug Latn ckb_Arab azb_Arab | Average
Standard Prompting 17.20 16.00 22.80 19.20 22.00 20.40 11.20 21.60 13.20 12.80 17.22
Non-insertion Prompting ~ 16.00 14.40 19.20 16.80 13.20 12.00 15.60 16.40 13.60 15.20 15.16
English Pivoting 20.80 23.20 18.80 24.40 25.60 18.40 24.40 20.00 20.00 22.80 21.86
English Pivot Thought 21.20 20.40 17.20 24.40 25.60 18.80 18.80 18.80 22.40 24.40 22.16
DIP w/o EP w/o CT 14.40 20.40 16.80 17.20 20.40 16.80 10.40 17.20 18.00 18.40 19.16
DIP w/ EP w/o CT 20.40 23.60 22.80 19.20 20.80 16.00 18.40 15.20 21.20 19.60 21.70
DIP 20.40 26.80 20.00 29.20 24.00 22.00 19.20 22.80 23.60 20.40 23.94

Table 8: Results for Llama-3.2 on Date Understanding on 10 randomly selected low-resourced languages. EP
denotes the English pivoting translation process, and CT denotes chain-of-thought reasoning steps.

Model kaz_Cyrl nso_Latn srp_Cyrl xho_Latn ibo_Latn tum_Latn asm_Beng bug Latn ckb_Arab azb_Arab | Average
Standard Prompting 22.40 31.60 24.80 29.60 34.80 32.40 18.80 28.80 25.60 21.60 30.92
Non-insertion Prompting ~ 14.40 17.20 18.00 19.20 20.80 26.00 13.20 20.80 11.20 14.40 18.52
English Pivoting 14.40 18.80 15.60 19.60 16.80 18.00 9.20 23.60 12.00 13.60 14.68
English Pivot Thought 21.60 24.00 29.60 25.20 25.60 26.00 18.80 29.60 24.00 21.60 25.01
DIP w/o EP w/o CT 48.00 41.60 43.60 47.60 48.40 43.20 44.00 51.60 39.20 41.60 40.64
DIP w/ EP w/o CT 39.60 34.40 36.80 37.60 42.40 41.60 34.00 40.00 32.40 36.00 35.78
DIP 48.80 41.60 51.20 52.00 51.20 48.40 45.60 49.60 45.20 57.20 49.08

Table 9: Results for Mixtral on Date Understanding on 10 randomly selected low-resourced languages. EP denotes
the English pivoting translation process, and CT denotes chain-of-thought reasoning steps.

Model kaz_Cyrl nso_Latn srp_Cyrl xho_Latn ibo_Latn

tum_Latn asm_Beng bug_Latn ckb_Arab azb_Arab ‘ Average

English Pivoting  47.70/69.28 40.94/60.11 56.04/76.59 49.25/67.31 46.74/65.09 22.35/43.43 41.93/64.48 26.68/52.47 34.14/53.31 33.31/58.05 ‘ 39.91/61.01

DIP 57.43/75.81 54.11/71.80 72.93/84.47 69.63/81.91 61.61/75.82 46.86/67.54 58.59/76.32 71.59/84.97 62.24/78.75 55.09/72.34 ‘ 61.00/76.97

Table 10: Evaluations on translation quality on 10 randomly selected low-resourced languages on GSMS8K on

GPT-40, evaluated in BLEU / chrF++ scores.

Model kaz_Cyrl nso_Latn srp_Cyrl xho_Latn

ibo_Latn

tum_Latn asm_Beng bug Latn ckb_Arab azthrab‘ Average

English Pivot Thought 4.99/21.32 4.58/20.24 6.13/23.10 3.73/19.34 5.19/21.80 3.65/17.61

6.13/23.48 4.45/19.46 4.68/20.40 5.52/21.52 ‘ 4.91/20.83

DIP 5.91/23.16 4.84/20.85 7.96/25.38 2.79/1647 5.89/22.80 5.16/20.94

59772347 6.94/24.26 5.54/22.40 5,30/22.87‘5.63/22.26

Table 11: Evaluations on thinking quality on 10 randomly selected low-resourced languages on GSM8K on GPT-4o,

evaluated in BLEU / chrF++ scores.

4.4 Commonsense Reasoning Tasks

Date Understanding Table 6 presents the results
on Date Understanding written in 10 randomly se-
lected low-resourced languages from FLORES-200
(NLLB-Team, 2022) on GPT-40. Similar to the re-
sults on math tasks, DIP is obviously better than
all the baselines, except for on kaz_Cyrl. We also
note that the experiments on Llama-3.2 in Table 8
and Mixtral in Table 9 all give the same conclusion
that DIP is obviously effective.

On Llama-3.2, it is obviously better than the

baselines, improving it from 17.22 on average on
Standard Prompting to 23.94 on average with DIP.
In contrast, on Mixtral, DIP gives a better improve-
ment than on Llama, by to 49.08 on DIP, which
probably indicate that DIP can gives a better im-
provement when the applied LLMs are stronger in
performance. Nevertheless, the performance im-
provement from DIP is consistent. We also note
that for some languages on Llama-3.2, DIP can be a
bit lower than some baselines, such as in Table 8 on
ibo_Latn. However, this does not affect the overall
final conclusion that DIP is obviously better than
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the baselines, according to the obvious averaged
performance improvement with DIP as in Table 8.

Sports Understanding Table 7 presents the re-
sults on Sports Understanding written in 10 ran-
domly selected low-resourced languages from
FLORES-200 (NLLB-Team, 2022). Similar to the
results on math tasks, DIP is obviously better than
all the baselines, on all the languages. This sug-
gests the consistent improvement and the useful-
ness of DIP in the task of Sports Understanding.

Ablation Study The last three rows indicate the
effectiveness of different components in DIP, where
the performance decreases when we remove En-
glish pivoting and chain-of-thought. All those com-
ponents are important to DIP.

4.5 Translating Performance

In order to study the effectiveness of DIP, we con-
duct deeper analysis as in Table 10 and Table 11.
We found that there are two main reasons why DIP
is useful. We found that DIP usually gives a better
English pivoting performance as in Table 10. This
succeedingly gives a better thinking process under
the evaluations as demonstrated in Table 11.

As in Table 10, we see that the translation perfor-
mance has improved from 39.91 in BLEU to 61.00
in BLEU, which is a large improvement. This is
also consistent with chrF++ scores, improving from
61.01 to 76.97. This represents the usefulness of
DIP in terms of the intermediate translation.

In Table 11, we see that while the thinking pro-
cess can be diverse, there is a clear improvement be-
tween DIP and the baselines in terms of their think-
ing process to the original ground truth in GSM8K.
This also indicates that the synthetic benchmark has
reasonable quality, as the translated-back English
aligns well with the original English dataset.

5 Related Work

Multilingual Tasks on Large Language Mod-
els There has been limited research conducted on
effective methods for prompting English-centric
large language models on non-English tasks, such
as the standard cross-lingual tasks such as ma-
chine translation. Most of the existing research
focused on evaluating the translation performance
of English-centric LLLMs, using prompts such as
“Translate to language_name: text’ (Brown et al.,
2020; Lin et al., 2022; Le Scao et al., 2022; Zhang
et al., 2022). Different prompt formats are explored

(Reynolds and McDonell, 2021; Wang et al., 2023),
Furthermore, Garcia and Firat (2022) have investi-
gated the potential need for prompts for regulating
the formality or specific dialect of the generation.
Finally, Agrawal et al. (2022) and Vilar et al. (2022)
focused on identifying appropriate in-context ex-
amples to improve machine translation quality with
LLMs. In addition to machine translation which
has already scaled to over 200 languages from
FLORES-200 (NLLB-Team, 2022), there is also
a trend in solving non-English reasoning tasks on
English-centric LLMs (Huang et al., 2023), yet, the
number of languages studied are usually insuffi-
cient, with about tens of languages.

Dictionary-based Method for Multilingual Lan-
guage Models This research is relevant to the
idea of lexical restrictions in the task of machine
translation. This can be divided into either hard
constraints (Hokamp and Liu, 2017; Post and Vilar,
2018) or soft constraints (Song et al., 2019; Dinu
et al., 2019; Chen et al., 2021).

There have been several works that explored us-
ing dictionaries in supervised machine translation.
Zhang and Zong (2016) enhance neural machine
translation (NMT) by integrating a bilingual dic-
tionary that incorporates less common or unseen
words found in the bilingual training data. Arthur
et al. (2016) improve the translation of rare words
by augmenting the system with discrete transla-
tion lexicons and leveraging the attention vector to
identify the relevant lexical probabilities. Himaldi-
nen and Alnajjar (2020) employs a dictionary to
generate synthetic parallel data, thereby enhancing
the training of NMT models. While most of pre-
vious work has focused on using dictionaries for
the task of machine translation, doing multilingual
reasoning tasks is under-studied.

In contrast, DIP is the first work that exploits the
use of a dictionary in terms of reasoning tasks in
non-English languages on English-centric LLMs.

6 Conclusions

In conclusion, our proposed method, DIP, pro-
vides an effective solution to multilingual reasoning
by inserting English counterparts for non-English
prompts, experimental analysis indicates that DIP
enhances translation accuracy and reasoning ca-
pabilities within English-centric LLMs. Through
extensive experiments on approximately 200 lan-
guages using synthetic multilingual benchmarks
created from existing benchmarks such as GSM8K
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and SVAMP, DIP has demonstrated substantial im-
provement in multilingual math and commonsense
reasoning tasks across various LLMs. We also
found that interleaving the dictionaries plays an
important factor in the final performance.

Limitations

This paper presents an analysis of 200 languages
only. However, there are more than thousands of
languages around the world. The paper can be
further extended by including more languages as
well as more analysis.

Ethical Statement

We honour and support the ACL ARR Code of
Ethics. There is no ethical issue known to us. Well-
known and widely used LLLMs are used in our work,
which is subjected to generating offensive context.
However, the above-mentioned issues are widely
known to commonly exist for LLMs. Any content
generated does not reflect the view of the authors.
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