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S1. PROMPTS USED FOR CONSTRUCTING THE LLM APPLICATION SUR-

VEY FIGURE

The Figure S1 was created using data from the Ai2 Asta tool [1]. The following search terms

were used:

• Find papers that use LLM in materials science

• Work harder

• Use the following categories: Knowledge Extraction & Curation, Property Prediction

& Modeling, Materials & Molecular Design (Generative), Scientific Reasoning & Hy-

pothesis Generation, Workflow Automation & Self-Driving Laboratories, Data Man-

agement & Knowledge Infrastructure, Education & Scientific Communication, can you

count how many papers in each class?
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Figure S1: Applications of LLMs in materials science. Survey of 122 publications across

five major application categories produced the following results. Knowledge Extraction and

Data Infrastructure (31.1%) represents the most common use, involving automated

knowledge and data extraction from scientific literature. Property Prediction and Modeling

(22.1%) includes approaches for structure-property relationships. Generative Materials

Design (18.0%) focuses on inverse design and computational generation of novel materials.

Workflow Automation and Self-Driving Labs (16.4%) covers autonomous computational

and experimental materials science. Scientific Reasoning and Hypothesis Generation

(12.3%) addresses mechanistic understanding and identification of promising research

directions. Source: Ai2-Asta [1].
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S2. PROMPTS USED IN THE PAPER FOR DATA EXTRACTION

1 Read the PDF file and extract required parameters.

2 You will ONLY report parameters of single phase high entropy alloy.

3 Lattice constant should be in the unit of angstrom, if lattice constant does not

present, only report *None* .↪→

4 The output MUST be in json format, follow the schema example:

5 {

6 "name": "Al0.25NbTiMoV"

7 "nominal_composition": "Al0.25Nb1.0Ti1.0Mo1.0V1.0",

8 "measured_composition": "Al5.4Ti22.0V22.1Nb25.5Mo25.0",

9 "lattice_constant": 3.206,

10 "phases": "BCC",

11 "alloy_condition": "As-cast",

12 "doi": "10.3390/e16020870"

13 }

Figure S2: Initial prompt for data extraction designed by the authors without any consul-

tation with the LLM.
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1 Read the PDF file and extract the following parameters for all high-entropy

alloys discussed in the results section:↪→

2

3 1. name (string, e.g., "AlCoCrFeNi")

4 2. nominal_composition (string, representing the stoichiometric ratio of each

element, e.g., "Al1.0Co1.0Cr1.0Fe1.0Ni1.0". If an element's ratio is not

explicitly stated, assume 1.0)

↪→

↪→

5 3. measured_composition (string, exactly as written in the paper)

6 4. lattice_constant (float, in angstroms, rounded to 3 decimal places)

7 5. phases (string, e.g., "BCC")

8 6. alloy_condition (string, e.g., "As-Cast")

9 7. doi (string)

10

11 Extract parameters primarily from the text. Use data from tables only if the text

data is incomplete. Use figures as a last resort. If a parameter is truly

missing from the PDF for a given alloy, explicitly report it as "Not found"

rather than omitting it.

↪→

↪→

↪→

12

13 For each parameter, include a confidence score (0-100) indicating your certainty

in the extracted information. Consider a score of 90 or above as high

confidence.

↪→

↪→

14

15 The output should be a list of JSON objects, one for each alloy discussed in the

paper, in the following format:↪→

16

17 [

18 {

19 "name": "AlloyName",
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20 "nominal_composition": "Element11.0Element21.0...",

21 "measured_composition": "Composition as written",

22 "lattice_constant": X.XXX,

23 "phases": "Phase1,Phase2,...",

24 "alloy_condition": "condition",

25 "doi": "DOI",

26 "confidence_scores": {

27 "name": XX,

28 "nominal_composition": XX,

29 "measured_composition": XX,

30 "lattice_constant": XX,

31 "phases": XX,

32 "alloy_condition": XX,

33 "doi": XX

34 }

35 },

36 ...

37 ]

38

39 Include an alloy in the output only if it is explicitly discussed in the results

section. Ensure that the output format and data closely match the provided

schema. If information for a specific parameter is not available, use "Not

found" and assign a low confidence score.

↪→

↪→

↪→

40

41 Example of correct output:

42 [

43 {

44 "name": "HfNbTaTiZr",

45 "nominal_composition": "Hf1.0Nb1.0Ta1.0Ti1.0Zr1.0",

46 "measured_composition": "Hf20.8Nb18.9Ta20.2Ti20.2Zr19.9",
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47 "lattice_constant": 3.414,

48 "phases": "BCC",

49 "alloy_condition": "As-Cast",

50 "doi": "10.1016/j.jallcom.2014.11.064",

51 "confidence_scores": {

52 "name": 100,

53 "nominal_composition": 90,

54 "measured_composition": 95,

55 "lattice_constant": 100,

56 "phases": 100,

57 "alloy_condition": 95,

58 "doi": 100

59 }

60 }

61 ]

62

63 Example of output with missing data:

64 [

65 {

66 "name": "AlCoCrFeNi",

67 "nominal_composition": "Al1.0Co1.0Cr1.0Fe1.0Ni1.0",

68 "measured_composition": "Not found",

69 "lattice_constant": 3.567,

70 "phases": "FCC",

71 "alloy_condition": "Not found",

72 "doi": "10.1016/j.example.2023.01.001",

73 "confidence_scores": {

74 "name": 100,

75 "nominal_composition": 90,

76 "measured_composition": 0,
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77 "lattice_constant": 95,

78 "phases": 100,

79 "alloy_condition": 0,

80 "doi": 100

81 }

82 }

83 ]

Figure S3: Optimized prompt from the TextGrad output.
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S3. TEXT LOSS RETURNED FOR INDIVIDUAL PAPERS

1 Based on the evaluation criteria, here is my assessment of the output:

2 1. Does the output match the format provided in the question?

3 Yes, the output is a list of JSON objects matching the specified format.

4 2. Are the extracted materials high-entropy alloys?

5 No, these are not high-entropy alloys. They are ferritic alloys with G-phase

precipitates.↪→

6 3. Are the alloy compositions in the output correct and reflect the material?

7 Yes, the nominal compositions match those given in Table 1 of the paper.

8 4. Are the lattice constants in the output formatted in angstrom?

9 Yes, the lattice constants are given in angstroms (11.22 Å).

10 5. Are the lattice constants in the output truly the lattice constant of the

material not others?↪→

11 Yes, 11.22 Å matches the lattice parameter given for the Ni16Ti6Si7-G phase in

Table 2.↪→

12 6. Are the phase information in the output correct and reflect the material?

13 Yes, the phases listed (BCC, G-phase, L21) match those discussed in the paper.

14 7. Are the alloy conditions in the output correct and reflect the material?

15 Yes, the conditions listed (As-Cast, Solution-Treated, Cold-Rolled) are mentioned

in the paper.↪→

16 8. Is the DOI in the output matches with the original paper?

17 Yes, the DOI matches the one given at the top of the paper.

18 9. Is there any HEA high-entropy alloys missed in the provided output?

19 No, there are no high-entropy alloys discussed in this paper, so none are missed.

Figure S4: Text loss returned for Yang et al. [2] using the EvaluatePdfOutputLoss func-

tion.
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1 I will evaluate the output according to the provided criteria:

2 1. Does the output match the format provided in the question?

3 Yes

4 2. Are the extracted materials high-entropy alloys?

5 No, the extracted alloy is described as a medium entropy alloy (MEA).

6 3. Are the alloy compositions in the output correct and reflect the material?

7 Yes

8 4. Are the lattice constants in the output formatted in angstrom?

9 Yes

10 5. Are the lattice constants in the output truly the lattice constant of the

material not others?↪→

11 No, the reported 10.9 Å is the lattice parameter of the Cr23C6 carbide, not the

MEA matrix.↪→

12 6. Are the phase information in the output correct and reflect the material?

13 Yes

14 7. Are the alloy conditions in the output correct and reflect the material?

15 Yes

16 8. Is the DOI in the output matches with the original paper?

17 Yes

18 9. Is there any HEA high-entropy alloys missed in the provided output?

19 No, the paper focuses on a medium entropy alloy, not a high entropy alloy.

Figure S5: Text loss returned for Pan et al. [3] using the EvaluatePdfOutputLoss

function.
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1 I will evaluate the output according to the provided criteria:

2 1. Does the output match the format provided in the question?

3 Yes, the output matches the JSON format specified in the question.

4 2. Are the extracted materials high-entropy alloys?

5 Yes, all extracted materials are high-entropy alloys from the FeCoCrAlNiTix

system.↪→

6 3. Are the alloy compositions in the output correct and reflect the material?

7 Yes, the nominal and measured compositions appear to correctly reflect the

materials described in the paper.↪→

8 4. Are the lattice constants in the output formatted in angstrom?

9 The lattice constant is only provided for FeCoCrAlNiTi0.5 and is in angstroms.

For the others it's listed as "Not found".↪→

10 5. Are the lattice constants in the output truly the lattice constant of the

material not others?↪→

11 The one lattice constant provided (11.303 Å for FeCoCrAlNiTi0.5) appears to be

for the Ti2Ni phase rather than the overall alloy lattice constant.↪→

12 6. Are the phase information in the output correct and reflect the material?

13 Yes, the phase information appears to be correct based on the description in the

paper.↪→

14 7. Are the alloy conditions in the output correct and reflect the material?

15 Yes, "As-Cast" is correct for these laser surface alloyed coatings.

16 8. Is the DOI in the output matches with the original paper?

17 Yes, the DOI matches the one given in the paper.

18 9. Is there any HEA high-entropy alloys missed in the provided output?

19 No, all FeCoCrAlNiTix alloys discussed in the results section appear to be

included.↪→

Figure S6: Text loss returned for Wu et al. [4] using the EvaluatePdfOutputLoss

function.
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1 Here is my evaluation of the output:

2 1. Does the output match the format provided in the question? Yes

3 2. Are the extracted materials high-entropy alloys? No, this is described as a

medium-entropy alloy.↪→

4 3. Are the alloy compositions in the output correct and reflect the material?

Yes, the nominal composition matches what is stated in the paper.↪→

5 4. Are the lattice constants in the output formatted in angstrom? Yes

6 5. Are the lattice constants in the output truly the lattice constant of the

material not others? No, the value given (0.255) appears to be the Burgers

vector magnitude, not the lattice constant.

↪→

↪→

7 6. Are the phase information in the output correct and reflect the material? Yes,

the phases listed match those described in the paper.↪→

8 7. Are the alloy conditions in the output correct and reflect the material? Yes,

the annealed condition is mentioned in the paper.↪→

9 8. Is the DOI in the output matches with the original paper? Yes

10 9. Is there any HEA high-entropy alloys missed in the provided output? No, the

paper focuses on this single medium-entropy alloy.↪→

Figure S7: Text loss returned for Moon et al. [5] using the EvaluatePdfOutputLoss

function.
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1 I'll evaluate the output according to the provided criteria:

2 1. Does the output match the format provided in the question?

3 Yes, the output is a list of JSON objects with the specified fields.

4 2. Are the extracted materials high-entropy alloys?

5 Yes, both NiCuPdTiZrHf and NiCuTiZrHf are high-entropy alloys.

6 3. Are the alloy compositions in the output correct and reflect the material?

7 Yes, the nominal compositions match the information given in the paper.

8 4. Are the lattice constants in the output formatted in angstrom?

9 Yes, the lattice constant for NiCuPdTiZrHf is given in angstroms (0.319 Å).

10 5. Are the lattice constants in the output truly the lattice constant of the

material not others?↪→

11 Yes, the 0.319 Å value matches the B2 lattice constant reported in the paper for

NiCuPdTiZrHf.↪→

12 6. Are the phase information in the output correct and reflect the material?

13 Yes, the phases listed (B2, B19') match those discussed in the paper for these

alloys.↪→

14 7. Are the alloy conditions in the output correct and reflect the material?

15 Yes, the as-cast and homogenized conditions are correctly noted.

16 8. Is the DOI in the output matches with the original paper?

17 Yes, the DOI matches the one given in the paper.

18 9. Is there any HEA high-entropy alloys missed in the provided output?

19 No, the output covers the two main HEAs discussed in detail in the results

section.↪→

Figure S8: Text loss returned for Piorunek et al. [6] using the EvaluatePdfOutputLoss

function.
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1 I will evaluate the output according to the provided criteria:

2 1. Does the output match the format provided in the question?

3 Yes, the output matches the requested JSON format.

4 2. Are the extracted materials high-entropy alloys?

5 No, these are not high-entropy alloys. They are Mg-based alloys with Gd, Y, and

Zr additions.↪→

6 3. Are the alloy compositions in the output correct and reflect the material?

7 Yes, the measured compositions match the data provided in Table 1 of the paper.

8 4. Are the lattice constants in the output formatted in angstrom?

9 Yes, the lattice constants are given in angstroms (e.g. 0.323 Å).

10 5. Are the lattice constants in the output truly the lattice constant of the

material not others?↪→

11 Yes, the lattice constants match the 'a' parameter values given in Table 3 of the

paper.↪→

12 6. Are the phase information in the output correct and reflect the material?

13 Yes, the phase information matches what is described in the paper for each

composition.↪→

14 7. Are the alloy conditions in the output correct and reflect the material?

15 Yes, the alloy condition "As-deposited LDED" correctly reflects the laser

directed energy deposition process used.↪→

16 8. Is the DOI in the output matches with the original paper?

17 Yes, the DOI matches the one given in the paper.

18 9. Is there any HEA high-entropy alloys missed in the provided output?

19 No, there are no high-entropy alloys in this paper, so none are missed.

Figure S9: Text loss returned for Jiang et al. [7] using the EvaluatePdfOutputLoss

function.
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1 I'll evaluate the output for each extracted material according to the provided

criteria:↪→

2 1. Does the output match the format provided in the question?

3 Yes. The output is a list of JSON objects with the required fields.

4 2. Are the extracted materials high-entropy alloys?

5 Yes. All extracted alloys are high-entropy alloys from the CoFeNiMnTixAl1-x

system.↪→

6 3. Are the alloy compositions in the output correct and reflect the material?

7 Yes. The compositions match those given in the paper for each alloy.

8 4. Are the lattice constants value in the output formatted in angstrom?

9 Yes. The lattice constants are given in angstroms.

10 5. Are the lattice constants in the output truly the lattice constant of the

material not others?↪→

11 Yes. The lattice constants match those reported in the paper for the BCC phase.

12 6. Are the phase information in the output correct and reflect the material?

13 Yes. The phase information matches what is reported in the paper for each

composition.↪→

14 7. Are the alloy conditions in the output correct and reflect the material?

15 Yes. The alloys are reported as "As-Cast" which matches the paper.

16 8. Is the DOI in the output matches with the original paper?

17 Yes. The DOI matches the one given in the paper.

18 9. Is there any HEA high-entropy alloys missed in the provided output?

19 Yes. The output is missing some of the intermediate compositions discussed in the

paper, such as Ti0.1Al0.9, Ti0.3Al0.7, and Ti0.8Al0.2.↪→

Figure S10: Text loss returned for Cui et al. [8] using the EvaluatePdfOutputLoss

function.
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S4. PROMPT TRANSFERABILITY
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TABLE S1: Comparison of entity-level extraction performance across Claude 4.5 Sonnet,

Gemini 2.5 Flash, and GPT-5 LLM models using the initial prompt with different thinking

or reasoning configurations. Claude 4.5 Sonnet was tested with and without extended

reasoning. When the extended reasoning capability was enabled, the thinking budget was

set at 1024 tokens. Extended reasoning is disabled by default for Claude 4.5 Sonnet.

Gemini 2.5 Flash was evaluated with and without dynamic reasoning (dynamic reasoning is

the default configuration). GPT-5 was tested with minimal and medium reasoning budgets

(medium reasoning is the default configuration). All models were evaluated using their

default temperature settings.

(a) Claude 4.5 Sonnet variants

Named Entity
Claude 4.5 (extended reasoning) Claude 4.5 (no reasoning)

Precision Recall F1 Score Precision Recall F1 Score

Nominal composition 0.909 1.000 0.952 0.667 1.000 0.800

Lattice constant 1.000 1.000 1.000 0.733 1.000 0.846

Phase 1.000 1.000 1.000 0.733 1.000 0.846

Alloy processing condition 1.000 1.000 1.000 0.733 1.000 0.846

(b) Gemini 2.5 Flash variants

Named Entity
Gemini 2.5 Flash (dynamic reasoning) Gemini 2.5 Flash (no reasoning)

Precision Recall F1 Score Precision Recall F1 Score

Nominal composition 1.000 0.818 0.900 0.654 0.773 0.708

Lattice constant 1.000 0.818 0.900 0.654 0.773 0.708

Phase 1.000 0.818 0.900 0.654 0.773 0.708

Alloy processing condition 1.000 0.818 0.900 0.654 0.773 0.708

(c) GPT-5 variants

Named Entity
GPT-5 (medium reasoning) GPT-5 (minimal reasoning)

Precision Recall F1 Score Precision Recall F1 Score

Nominal composition 1.000 0.864 0.927 0.850 0.895 0.872

Lattice constant 1.000 0.864 0.927 1.000 0.909 0.952

Phase 1.000 0.864 0.927 1.000 0.909 0.952

Alloy processing condition 1.000 0.864 0.927 1.000 0.909 0.952
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TABLE S2: Comparison of data extraction performance across Claude 4.5 Sonnet,

Gemini 2.5 Flash, and GPT-5 models using the optimized prompt. Precision and recall

metrics were calculated with the same procedure as defined in Table 3. The best precision,

recall, and F1 score is highlighted in bold font. The default configuration was used for all

three LLM models: no reasoning for Claude 4.5 Sonnet, dynamic reasoning for Gemini 2.5

Flash and medium reasoning for GPT-5. The table also includes the cost (in USD) for

processing the 46-publication set with each LLM, along with the cost-effectiveness ratio

(average F1 score per dollar). Higher ratios indicate better extraction performance per unit

cost.

(a) Claude 4.5 Sonnet no reasoning vs. Gemini 2.5 Flash dynamic reasoning vs. GPT-5 medium

reasoning

Named Entity
Claude 4.5 (no reasoning) Gemini 2.5 Flash (dynamic reasoning) GPT-5 (medium reasoning)

Precision Recall F1 Score Precision Recall F1 Score Precision Recall F1 Score

As-cast single-phase BCC 1.000 0.977 0.988 0.951 0.886 0.917 0.929 0.886 0.907

Nominal composition 0.977 0.955 0.966 0.951 0.886 0.917 0.905 0.864 0.884

Lattice constant 0.953 0.932 0.942 0.951 0.886 0.917 0.929 0.886 0.907

Approx. total cost (USD) 4.63 0.72 2.62

Average F1 Score / USD 0.208 1.274 0.343

(b) Claude 4.5 no reasoning vs. reasoning

Named Entity
Claude 4.5 (no reasoning) Claude 4.5 (reasoning)

Precision Recall F1 Score Precision Recall F1 Score

As-cast single-phase BCC 1.000 0.977 0.988 0.955 0.955 0.955

Nominal composition 0.977 0.955 0.966 0.955 0.955 0.955

Lattice constant 0.953 0.932 0.942 0.932 0.932 0.932

Approx. total cost (USD) 4.63 4.78

Average F1 Score / USD 0.208 0.204
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S5. EXTENDED REASONING USING GEMINI 2.5 FLASH MODEL

1 **Initial Data Extraction and Analysis**

2 Alright, let's get down to business. My task is to meticulously extract specific

information about high-entropy alloys (HEAs) from this document. I need to

focus on the "Results and discussion" section, identifying each HEA and

pulling out its name, nominal composition, measured composition, lattice

constant, phases present, alloy condition, and the paper's DOI. I'll need to

assign confidence scores to each piece of data, and if something's missing,

I'll flag it as "Not found."

↪→

↪→

↪→

↪→

↪→

↪→

3 I'll start by systematically scanning the text. First, I'll hunt for HEA names.

Then, for each HEA, I'll dig for the required parameters. The name is usually

right there in the text. Nominal composition will be assumed equiatomic

unless specified otherwise. Measured composition will be "Not found" unless

precise percentages or ratios are given. Lattice constants will require

finding Å values, ideally linked to diffraction data. Phases will be

identified as "bcc," "fcc," etc. The alloy condition will be determined by

looking for terms like "as-cast" or "annealed." Finally, the DOI is

straightforward; it's the paper's unique identifier.

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

4 **Deep Dive into the Text**

5 Let's begin the search. I spot "TiVNbTa" and "TiVNbMoTa" right away in the first

page's heading. That's a good start. I also see mentions of "bcc lattice"

which tells me the phase of these alloys. Then, I found MoNbTaW and

NiCoFeCrMn. "arc melted" and "powder samples were ground from the as-cast

ingots".

↪→

↪→

↪→

↪→

6 In the experimental details, it says the alloys were "arc melted" and that they

confirmed a single "bcc structure". And there's a specific lattice constant

for TiVNbTa: 3.2206 (9) Å.

↪→

↪→
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7 Now, into the "Results and discussion." TiVNbTa is being discussed a lot, and the

lattice constant is repeated, so that is another confirmation of its bcc

structure. TiVNbMoTa is also mentioned. I see comparisons between the two,

which provides a lattice constant for TiVNbMoTa. Other alloys identified are

"TiVNbZr", "TiVNbMo" (this needs careful attention, as it may or may not be

the same as TiVNbMoTa. For now, I'm assuming it's a separate 4-element

alloy), and more mentions of NiCoFeCr and NiCoFeCrPd (as comparisons). The

general condition given is the same for TiVNbTa, TiVNbMoTa, TiVNbZr, and

TiVNbMo: Arc melted from the mixture. "Powder samples were ground from the

as-cast ingots". I will use the "as-cast" condition, as that is the intrinsic

state of the alloy that the properties are associated with.

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

8 **Final Data Points and JSON Output**

9 I've carefully examined all the pertinent text, ensuring I understand the

preparation methods, the alloy's conditions for property measurements, and

the meaning of each parameter. After all that analysis, I'm ready to craft

the JSON objects, and I've decided to exclude MoNbTaW from the list of

*primary alloys analyzed in this paper* .

↪→

↪→

↪→

↪→

10 Here's my final list:

11 **1. TiVNbTa**

12 ```json

13 {

14 "name": "TiVNbTa",

15 "nominal_composition": "Ti1.0V1.0Nb1.0Ta1.0",

16 "measured_composition": "Not found",

17 "lattice_constant": "3.221 |\AA{}|",

18 "phases": "bcc solid-solution structure",

19 "alloy_condition": "As-Cast",

20 "doi": "10.1016/j.jallcom.2020.155970"

21 }

22 ```
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23 **2. TiVNbMoTa**

24 ```json

25 {

26 "name": "TiVNbMoTa",

27 "nominal_composition": "Ti1.0V1.0Nb1.0Mo1.0Ta1.0",

28 "measured_composition": "Not found",

29 "lattice_constant": "3.197 |\AA{}|",

30 "phases": "bcc solid-solution structure",

31 "alloy_condition": "As-Cast",

32 "doi": "10.1016/j.jallcom.2020.155970"

33 }

34 ```

35 **3. NiCoFeCrMn**

36 ```json

37 {

38 "name": "NiCoFeCrMn",

39 "

Figure S11: The extended reasoning history from Gemini 2.5 Flash with dynamic thinking

budget for the Zhang et al. [9] publication showing its internal reasoning process before

generating the final extraction output..
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S6. EXTENDED REASONING USING CLAUDE 4.5 SONNET MODEL

1 Let me carefully read through the PDF to extract information about all

high-entropy alloys discussed in the results section.↪→

2 From the Results and Discussion section, I can identify the following alloys:

3 1. **TiVNbTa** - mentioned in Fig. 1a and b, neutron diffraction profiles

4 - Lattice constant at room temperature: 3.2206 (9) Å

5 - Average volume: 16.70 (2) Å3/atom

6 - Structure: bcc

7 - Nominal composition: Ti1.0V1.0Nb1.0Ta1.0

8 2. **TiVNbMoTa** - mentioned alongside TiVNbTa

9 - Structure: bcc

10 - Nominal composition: Ti1.0V1.0Nb1.0Mo1.0Ta1.0

11 3. **NiCoFeCrMn** - mentioned as a comparison fcc alloy

12 - Debye-Waller factor at room temperature: 0.40 Å3

13 - Structure: fcc

14 - Nominal composition: Ni1.0Co1.0Fe1.0Cr1.0Mn1.0

15 4. **TiVNbZr** - mentioned in the text

16 - Structure: bcc

17 - Nominal composition: Ti1.0V1.0Nb1.0Zr1.0

18 5. **TiVNbMo** - mentioned in the text

19 - Structure: bcc

20 - Nominal composition: Ti1.0V1.0Nb1.0Mo1.0

21 All alloys appear to be from arc-melted/as-cast condition based on the

experimental details.↪→

22 DOI: 10.1016/j.jallcom.2020.155970

23 Let me extract specific information for each alloy from the results section.

Figure S12: The extended reasoning history from Claude 4.5 Sonnet with 1024 thinking

budget for the Zhang et al. [9] publication showing its internal reasoning process before

generating the final extraction output.
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S7. POTENTIAL IMPROVEMENTS

We identify four potential strategies for improving data extraction reliability.

Strategy 1: Expand Training Set Diversity. The optimization process would benefit from

expert-labeled papers representing greater diversity in: (i) authorship, (ii) target applica-

tions and material systems, (iii) journal formatting conventions, and (iv) data presentation

styles (text vs. tables vs. figures). Increased diversity would provide the prompt opti-

mization algorithm with broader exposure to edge cases, ambiguous phrasings, and varied

reporting conventions, improving generalization to the full literature collection. Zheng et

al. [10] made a similar recommendation in their study.

Strategy 2: Implement Output-Level “Gradient” Optimization. We can extend the

TextGrad optimization framework to include a Module 4 that uses output-level “gra-

dients” in addition to prompt-level optimization. As demonstrated in Section 4, the

EvaluatePdfOutputLoss function successfully identifies many extraction errors in gener-

ated outputs. Implementing an additional optimization loop that iteratively refines outputs

based on these loss signals could enable automatic error correction. However, this approach

has two limitations: (i) when the LLM rationalizes its errors (where the model asserted

that 0.319 Å was correct), the loss function fails to generate corrective “textual gradients”,

maintaining the error, and (ii) additional optimization is costly as each refinement requires

multiple API calls to commercial LLM services.

Strategy 3: Prioritize Original Publisher PDFs Over XML Reconstructions. We identify that

there is value in using publisher-provided PDFs rather than PDFs reconstructed from XML

sources. While XML-to-PDF reconstruction successfully preserved text and tabular data for

most papers, formatting fidelity was inconsistent. This was especially true for publications

with equations, special symbols, and complex multi-column tables. These formatting arti-

facts can potentially impair LLM extraction performance. A representative example from

Cui et al. [8] illustrates this impact. Extraction from the XML-reconstructed PDF identified

only three of six HEA compositions (recall = 0.50), with the loss function (Figure S10 in

SI) confirming the missed entries. In contrast, the same extraction pipeline applied to the

publisher’s original PDF correctly identified all six compositions in a single pass, indicat-

ing that formatting quality directly affects extraction reliability. The exact mechanism that
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contributes to this improvement needs further investigation.

Strategy 4: Leverage Advances in LLMModel Capabilities. LLMmodels continue to improve

rapidly, with each generation showing enhanced reasoning, improved adherence to prompt

specifications, and multimodal understanding [11, 12]. Future LLMmodels may substantially

improve extraction performance through better contextual understanding, reduced hallucina-

tion rates, and improved handling of complex scientific content. Our cross-model evaluation

(discussed in Testing Prompt Transferability subsection in the main manuscript) demon-

strates this trend, with newer models achieving superior performance even with unoptimized

prompts. In addition, retrieval-augmented generation (RAG) offers another promising ap-

proach to reduce semantic hallucination by ensuring LLM outputs are based on actual docu-

ment content rather than model memory [13]. Nonetheless, the high cost of commercial LLM

APIs could restrict their broad use for large-scale data extraction in resource-constrained re-

search environments. Fine-tuning open-source LLMs presents a promising and cost-effective

alternative that deserves further exploration.
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S8. PERFORMANCE OF THE TRAINED ML MODELS IN PREDICTING LAT-

TICE CONSTANTS

Figure S13: Parity plot comparing (a) eSVR-predicted (y-axis) and (b)

eLASSO-predicted lattice constants (y-axis) against experimental lattice constants (x-axis)

for LLM-extracted as-cast single-phase BCC HEAs. Data points falling on the diagonal

dashed line (y = x) represents perfect prediction. Filled black circles denote training set

data (127 data points), and filled red triangles indicate test set data (32 data points).

Error bars represent prediction uncertainty quantified as the standard deviation across the

100 ensemble SVR models in (a), and 1000 ensemble LASSO models in (b). Strong

clustering along the diagonal for both training and test sets demonstrates good model

generalization (test R2 = 0.969 and 0.974 for eSVR and eLASSO, respectively).
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S9. SUGGESTED STEPS PRIOR TO PERFORMING DOWNSTREAM TASKS

Based on the lessons learned from our detailed analysis of the as-cast single-phase BCC

HEAs, we recommend the following steps prior to performing any downstream tasks with

the extracted lattice constants.

• Randomly select n publications (where the exact value of n depends on the budget)

and verify that the LLM has accurately extracted the lattice constants from those pub-

lications. For convenience, the DOI is provided in the same row as the corresponding

lattice constant data. Ideally, both precision and recall should be close to 1.

• If the budget allows, conduct the ExtractPDFOutputLoss analysis for those n publi-

cations to evaluate the accuracy of the extracted outputs.

• Use the Check Composition Consistency.py provided with the source code to verify

compositional information (the GitHub link is given in the Code Availability section

in the main manuscript). Manually check if the L1 distance (DL1 in Equation 4 in the

main manuscript) or cosine similarity (CosSim in Equation 5 in the main manuscript)

are unusual. This utility python script has provided useful parsing strategies that

normalizes composition and will flag rows with inconsistent compositions.
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S10. PSEUDOCODE FOR THE ITERATIVE PROMPT OPTIMIZATION

The pseudocode is shown in Figure S14.

Iterative Prompt Optimization

Inputs: train loader
prompt ← initial prompt
model ← LLM(prompt)
optimizer ← TextualGradientDescent({prompt})
loss fn ← EvaluatePdfExtracationLoss()

1: for epoch← 1 to E do
2: for each (batchx,batchy) in train loader do
3: L ← [ ]
4: for each (x, y) in (batchx,batchy) do
5: ŷ ← model(x)
6: ℓ← loss fn(prompt, x, ŷ, y)
7: append(L, ℓ)
8: end for
9: L←∑

ℓ∈L ℓ
10: Backpropagate(L)
11: UpdateParameters(optimizer)
12: end for
13: end for

Figure S14: Pseudocode for iterative prompt optimization (Module 2) based on the

TextGrad framework [14]. The inputs are: x (original PDF), y (expert-labeled ground

truth data), and ŷ (LLM-generated output). The training data are loaded in batches via

train loader, which provides batches of PDFs (batchx) and corresponding expert labels

batchy. For each (x, y) pair in a batch, the PDF x is processed by the LLM using the

current prompt to generate ŷ, and the EvaluatePdfExtractionLoss function computes

the loss ℓ by comparing ŷ to the expert label y. Individual losses within the batch are

accumulated in list L and summed to produce batch loss L (line 9). The loss is then

backpropagated through the prompt using textual gradient descent, and the prompt

parameters are updated by the optimizer. This process repeats for E epochs across all

training batches. For implementation details, see Yuksekgonul et al. [14].
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S11. PROMPTS USED FOR THE LOSS FUNCTION DURING PROMPT OPTI-

MIZATION

1 Below is the output from a data extraction task for a given PDF file, the PDF

data, and the result from human of this task.↪→

2 You need to evaluate the output and the result from human.

3 ONLY compare presented entries, do not perform task yourself.

4 Is the output matches with human results? i.e., Does the reported parameter match

with the PDF data and the human?↪→

5 i.e., does the number of material matches with PDF and human annotation? Does the

lattice constant matches with the PDF and human annotation?↪→

6 Say match if it does, otherwise say it doesn't match.

7 Be super consice.

Figure S15: Prompts for the loss function during prompt optimization (Module 2).
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1 Below is the output from a data extraction task for a given PDF file, and the PDF

itself.↪→

2 You need to evaluate the output according to the provided PDF for each extracted

material, be super concise:↪→

3 Does the output matches the format provided in the question? Answer yes or no.

4 Are the extract material high-entropy alloys? Answer yes or no.

5 Are the alloy composition in the output correct and reflect the material? Answer

yes or no.↪→

6 Are the lattice constants value in the output formatted in angstrom? Answer yes

or no.↪→

7 Are the lattice constants in the output truly the lattice constant of the

material not others? Answer yes or no.↪→

8 Are the phase information in the output correct and reflect the material? Answer

yes or no.↪→

9 Are the alloy condition in the output correct and reflect the material? Answer

yes or no.↪→

10 Is the DOI in the output matches with the original paper? Answer yes or no.

11 Is there any HEA high-entropy alloys missed in the provided ouput? yes or no.

Figure S16: Prompts for the loss function for output evaluation.
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S12. DEFINITION OF CONFUSION MATRIX FOR RETRIEVAL EVALUATION

The confusion matrix, which defines true positives (TP), true negatives (TN), false positives

(FP), and false negatives (FN), is presented in Table S3 below [15, 16].

TABLE S3: Definition of various terms in the confusion matrix for information retrieval

evaluation.

Relevant Non-relevant

Retrieved True Positives (TP) False Positives (FP)

Not Retrieved False Negatives (FN) True Negatives (TN)
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S13. DESCRIPTOR SELECTION FOR THE DOWNSTREAM MACHINE

LEARNING TASK

The descriptor selection pipeline employs Recursive Feature Elimination with Cross-

Validation (REFCV), as implemented in scikit-learn[17]. This module selects descriptors

by iteratively removing the least important ones through a recursive process. This method

is commonly applied in various machine learning tasks in the literature [18–20]. In our

study, we utilize REFCV in conjunction with RandomForestRegression [21], employing a

three-fold cross-validation strategy (CV=3). We started with 36 descriptors and the REFCV

approach downselected six descriptors for training the ML models.
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