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Fig. 2: A timeline of existing large language models (having a size larger than 10B) in recent years. The timeline was
established mainly according to the release date (e.g., the submission date to arXiv) of the technical paper for a model. If
there was not a corresponding paper, we set the date of a model as the earliest time of its public release or announcement.
We mark the LLMs with publicly available model checkpoints in yellow color. Due to the space limit of the figure, we only

include the LLMs with publicly reported evaluation results.

Wayne Xin Zhao et al., A Survey of Large Language Models, arXiv:2303.18223 [cs.CL], 2023.
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ChatGPT & GPT
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Fig. 5: Ratios of various data sources in the pre-training data for existing LLMs.
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N Linxin Song et al.,, NLPBench: Evaluating Large Language Models on Solving NLP Problems,
N arXiv:2309.15630 [cs.CL]

Table 3: Experimental results in terms of accuracy (%) on our proposed dataset. The best average scores in
each type of question are highlighted in red bold, and the best average scores for each model in a specific
type of question are underlined in blue. Results marked with - denote the incomplete experiment caused by
exceeding context length or other prompting errors.

Model Setting Multiple Choice Short Answer Math Overall Acc.
w/ Context w/o Context Average w/Context w/o Context Average w/Context w/o Context Average
Orig. 20.00 20.83 20.75 39.23 37.10 38.54 20.00 0.00 4.00 28.72
45 +SYS 26.67 34.03 33.33 43.85 27.42 38.54 0.00 0.00 0.00 33.77
+CoT 26.67 19.44 20.13 2231 9.68 1823 0.00 0.00 0.00 17.82
LLAMA-2 +CoT+SYS 3333 27.08 27.67 23.08 9.68 1875 0.00 0.00 0.00 2128
(13b) Orig. N 31.25 28.30 N 29.03 9.38 - N 0.00 16.76
Fs  +SYS - 38.19 34.59 - 30.65 9.90 - - 0.00 19.68
+CoT - 30.56 27.67 - 32.26 10.42 - - 0.00 17.02
+CoT+SYS - 36.81 33.33 - 35.48 11.46 - - 0.00 19.95
Orig. 40.00 222 23.90 53.85 38.71 48.96 9.09 0.00 8.00 35.64
zs  SYS 40.00 23.61 25.16 54.62 46.77 52.08 9.09 0.00 8.00 37.77
+CoT 3333 21.53 22.64 3231 12.90 26.04 0.00 0.00 0.00 22.87
LLAMA-2 +CoT+SYS  40.00 38.19 38.36 33.08 25.81 30.73 0.00 0.00 0.00 31.91
(70b) Orig. 33.33 29.17 29.56 48.46 38.71 4531 9.09 0.00 19.38 36.93
Fs  *SYS 26.67 3472 33.96 46.92 4032 4479 0.00 0.00 0.00 3723
+CoT 26.67 31.94 31.45 38.46 51.61 4271 0.00 0.00 0.00 35.11
+CoT+SYS  26.67 38.19 37.11 35.38 4839 39.58 455 0.00 4.00 36.17
Orig. 66.67 37.50 4025 49.23 35.48 44.79 13.64 3333 16.00 4096
+SYS 66.67 4583 47.80 51.54 37.10 46.88 455 3333 8.00 44.68
ZS  +CoT 60.00 36.81 38.99 47.69 37.10 4427 18.18 3333 20.00 4042
+CoT+SYS 5333 41.67 2.77 40.00 30.65 36.98 13.64 0.00 12.00 37.77
+ToT - 486 440 - 0.00 0.00 - - 0.00 1.86
PaLM-2
Orig. 5333 38.89 4025 57.69 33.87 50.00 455 3333 8.00 4308
+SYS 53.33 39.58 40.88 56.15 38.71 50.52 455 0.00 4.00 4335
FS  +CoT 5333 4028 41.51 49.23 38.71 45383 0.00 0.00 0.00 4096
+CoT+SYS  40.00 38.89 38.99 53.85 4032 49.48 0.00 0.00 0.00 4175
+ToT - 10.42 9.43 - 1.61 0.52 - - 0.00 425
Orig. 40.00 52.05 50.64 75.38 58.73 69.99 36.36 3333 36.00 59.55
+5YS 46.67 40.69 41.51 71.54 62.90 68.75 13.64 3333 16.00 53.72
ZS  +CoT 53.33 5274 52.83 63.85 33.33 54.19 18.18 100.00 28.00 51.87
+CoT+SYS  46.67 39.58 4025 66.92 59.68 64.58 18.18 0.00 16.00 51.06
J—— +ToT - 31.25 28.30 - 0.00 0.00 - - 0.00 11.97
Orig. 53.33 36.81 38.36 66.15 64.52 65.62 18.18 3333 20.00 51.06
+SYS 46.67 44.44 44.65 66.15 54.84 62.50 18.18 0.00 16.00 51.86
FS  +CoT 40.00 4028 4025 64.62 62.90 64.06 13.64 0.00 12.00 5053
+CoT+SYS  40.00 46.53 4591 66.15 64.52 65.62 18.18 0.00 16.00 53.99
+ToT - 30.56 27.67 - 56.45 1823 - - 0.00 21.01
Orig. 86.67 70.55 72.25 78.46 69.84 75.42 2.73 3333 24.00 70.66
+SYS 86.67 57.93 60.38 83.85 79.03 82.29 18.18 0.00 16.00 68.62
ZS  +CoT 86.67 72.60 74.10 74.62 57.14 68.65 13.64 100.00 24.00 67.99
+CoT+SYS  86.67 56.25 59.12 73.08 75.81 73.96 27.27 66.67 28.00 64.63
GPT4 +ToT - 60.42 54.72 - 0.00 0.00 - - 0.00 23.14
Orig. 86.67 62.50 64.78 77.69 75.81 77.08 2.73 0.00 20.00 68.08
+5YS 86.67 59.03 61.64 81.54 79.03 80.73 13.64 3333 16.00 6835
FS  +CoT 86.67 60.42 62.89 78.46 75.81 77.60 36.36 0.00 32,00 6835 32
+CoT+SYS  86.67 60.42 62.89 80.00 74.19 78.12 13.64 66.67 20.00 67.82

+ToT - 60.42 54.72 - 75.81 24.48 - - 0.00 35.64
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statement that a new model is developed based on a base model) on the evolution path between two models, while dashed
lines denote a relatively weaker evolution relation.

Wayne Xin Zhao et al., A Survey of Large Language Models, arXiv:2303.18223 [cs.CL], 2023.
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Fig. 4: An evolutionary graph of the research work conducted on LLaMA. Due to the huge number, we cannot include all
the LLaMA variants in this figure, even much excellent work. To support incremental update, we share the source file of
this figure, and welcome the readers to include the desired models by submitting the pull requests on our GitHub page.

Wayne Xin Zhao et al., A Survey of Large Language Models, arXiv:2303.18223 [cs.CL], 2023.
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Table 3: Example designed guided prompt for query formulation.

Step Prompt | Example Answer

Stepl  Follow my instructions precisely to develop a highly effective Boolean query for a | 1. Differentiated thyroid cancer
medical systematic review literature search. Do not explain or elaborate. Only respond | 2. Prevalence
with exactly what I request. First, Given the following statement and text from a | 3. Autopsy studies
relevant study, please identify 50 terms or phrases that are relevant. The terms you | 4. Meta-analysis
identify should be used to retrieve more relevant studies, so be careful that the terms | 5. Occult carcinomas
you choose are not too broad. You are not allowed to have duplicates in your list. 6. Thyroid gland
statement: "Prevalence of Differentiated Thyroid Cancer in Autopsy Studies Over Six | 7.Incidence
Decades: A Meta-Analysis" 8. Environmental factors
Text: Ten occult carcinomas of the thyroid gland were found in 274 unselected autopsies | 9. Etiology
at the Pathology Service, Hospital José Joaquin Aguirre, between December 1980 and | 10. Low risk
March 1983. This is the lowest incidence among the most recent published series. The | ...
smallest papillary microcarcinomas presented most frequently as nonencapsulated | 50. Parameters.
nonsclerosing tumors without inflammatory infiltrate or fibrosis, suggesting that they
may represent the early stages of development. Our data show a relatively high and
similar frequency of papillary microcarcinomas in surgical and autopsy series, but do
not demonstrate risk factors for clinical evolution.

Step 2 For each item in the list you created in Step 1, classify it into three categories: terms | 1. (A) Differentiated thyroid cancer
relating to health conditions (A), terms relating to a treatment (B), terms relating to | 2. (N/A) Prevalence
types of study design (C). When an item does not fit one of these categories, mark itas | 3. (C) Autopsy studies
(N/A). Each item needs to be categorised into (A), (B), (C), or (N/A). 4. (C) Meta-analysis

5. (A) Occult carcinomas

6. (A) Thyroid gland

7. (N/A) Incidence

8. (N/A) Environmental factors
9. (N/A) Etiology

10. (N/A) Low risk

50. (N/A) Parameters.

Step3  Using the categorised list you created in step 2, create a Boolean query that can be | (((differentiated[Title/Abstract] OR  thyroid[Title/Abstract] OR car-
submitted to PubMed which groups together items from each category. For example: | cinoma[Title/Abstract] =~ OR  papillary[Title/Abstract] =~ OR  micro-
((itemA1[Title/Abstract] OR itemAZ2[Title/Abstract] or itemA2[Title/Abstract]) AND | carcinomal[Title/Abstract])) AND  (cancer[Title/Abstract] OR inci-
(itemB1[Title/Abstract] OR itemB2[Title/Abstract] OR itemB3[Title/Abstract]) AND | dence[Title/Abstract] OR etiology[Title/Abstract] OR risk[Title/Abstract]
(itemC1[Title/Abstract] OR itemC2[Title/Abstract] OR itemC3[Title/Abstract])) OR gender[Title/Abstract] OR hormonal[Title/Abstract] OR nodu-

lar[Title/Abstract] OR goiter[Title/Abstract] OR Hashimoto’s[Title/Abstract]
OR malignancy[Title/Abstract] OR concomitant[Title/Abstract] OR tu-
mor|[Title/Abstract] OR infiltrate[Title/Abstract] OR fibrosis[Title/Abstract]
OR development[Title/Abstract] OR frequency[Title/Abstract])) AND (au-
topsy[Title/Abstract] OR surgical[Title/ Abstract] OR material[ Title/Abstract] OR
series[Title/Abstract] OR specimens[Title/Abstract] OR cases[Title/Abstract])).
Step4  Use your expert knowledge to refine the query, making it retrieve as many relevant | (((differentiated thyroid cancer[MeSH] OR "differentiated thyroid"[All Fields] OR

documents as possible while minimising the total number of documents retrieved. Also

add relevant MeSH terms into the query where necessary, e.g., MeSHTerm[MeSH].

Retain the general structure of the query, however, with each main clause of the query
corresponding to a PICO element. The final query still needs to be executable on
PubMed, so it should be a valid query.

"thyroid carcinoma"[All Fields] OR "papillary microcarcinoma"[All Fields]) AND
(prevalence[All Fields] OR incidence[MeSH] OR "etiology of"[All Fields] OR "risk
factors"[All Fields] OR gender[All Fields] OR hormonal[All Fields] OR "nodular
goiter"[All Fields] OR "Hashimoto’s thyroiditis"[MeSH] OR malignancy[MeSH]
OR "concomitant lesion"[All Fields] OR tumor[All Fields] OR infiltrate[All Fields]
OR fibrosis[All Fields] OR "early stages of development"[All Fields] OR fre-
quency[All Fields])) AND (autopsy[MeSH] OR surgical[All Fields] OR mate-
rial[All Fields] OR series[All Fields] OR specimens[All Fields] OR cases[All
Fields]))
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