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Human Intervention

Question

Grounding

Human Human Temporal ~ Complexity — Detailed Comprehensive Contain Deflection Public Annotated  Contain

Validation ~Annotation Dynamism  Variation = Annotation Citations and Private  Grounding Metadata
MultiHop RAG (Tang and Yang, 2024) X X v v X X v v
CRAG (Yang et al., 2024b) v v v v X X v . v
ConcurrentQA (Arora et al., 2023) v v v X X ' X
Summary of a Haystack (Laban et al., 2024) . . v v X v
RAG-QA Arena (Han et al., 2024) v v . v v v
Facts Grounding (Jacovi et al., 2024) v v X . v v X X X X X
GaRAGe (ours) v v v v v v v v v v v

Table 1: GaRAGe FHEMXT T PA RAG FEUERHFAE .
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BE S BRAEA A UL, FATMEAH GPT-40° fEH
PEHIARE R T X L4547 .

iR B AR S R T
K, PANT BRI A AR HER N . LLM 3
GO TSk U M ) N/ LRSI DN
I, BRI RO S A B R e
W7 e T BRI /RTERT R B.2 HdR
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= o

AR P SVES B B RS [ 25y
JR) T R B S v s A R B B R SR
ForEe, RJEFIWTERE A TR SRR . A SR
W FIER, ERAFEFLMIEN . wA,
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BWERA ZFINEN . T HAEPR R TE
ff>% B.3 . 1T GaRAGe ffit 1 ~cHi
B R MR, ATl AR AR A
TR SCRR B AR S B o L A SRR BE TR
AR AENR , AR AR AR ZR A S
FIMA L (uRAF) . THTER, X Pz
PRI, A OCR IR RS, bR
PAA: FSm 2% 0] 5 ) A R RO AH

Mty SG TRIMERR, RS
BE Ak SRR RIS BER AR SRR 2 B FRAT]
[ #3813 45 & uRAF 15 Eligibility Jf % T H1 5%
PERUNF LRSS (RAF) , PATHSEBEAHE 3L
FREIM R B SR B R A 7 H

e tor AR MEN P s e i £ o
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Model Eligibility =~ Unadjusted Factuality Factuality uRAF RAF
API-based models
Claude Haiku 79.37 51.83 48.37 40.00 36.90
Claude Sonnet 86.07 68.48 64.67 51.75 4891
Gemini 1.5 84.88 81.07 70.50 67.78 59.43
Gpt-40 92.47 62.91 59.30 56.18 52.88
Nova Micro 90.97 48.83 45.02 39.94 37.16
Nova Lite 80.15 61.06 49.25 55.67 45.97
Nova Pro 87.77 74.47 66.63 68.29 60.67
Open-weights models
Mistral 85.30 48.01 43.32 38.14 34.32
Mixtral 82.72 47.08 42.96 37.31 34.12
Qwen 14b 85.80 68.20 59.80 59.20 52.70
Qwen 32b 90.50 66.10 61.00 57.70 52.90
Table 2: fifi ] LLM-as-a-judge F5 45 I A [F] FF ORI £ B AL GaRAGe FHHERE. AR HE Y SR RN

S (uRAF) BRI S5 B i B ) s, T SRR s 10 4 (RAF) A B B4 5 251 XL

WIAH SRR SRR B SR T2 L

R A AT R B R IR A S ), X
SR A R0 AR AR SRR A AR D 5 14 g
o T MARTRIISERTERT % B.4 ity

P58 A a2y A e 5 | SRR IR E
WIERE ). FEDESRAR D, FRATAI AR
BRERETPIGEE, HT AR R 5] R
L5 NSRS R [ PR LR ORI R .
| ZH F 1 357

3 #R

FATHE GaRAGe H fE I it o 0f AN [/ K/
5 R & A AR L TN 4 5 1) OB R AR A gk AT
WAG . Fealdh, FATITAG T GPT-40 ' (Hurst
etal., 2024) | Gemini 1.5 Flash (Team et al., 2023)
. Claude 3.5 Haiku !' #1 Sonnet '> (Anthropic,

2024) . IV H3fh Nova Micro, Lite F1 Pro (Intelli-

gence, 2024) , DA IR EE ¥ Mistral . Mixtral
(Jiang et al., 2024) . Qwen2.5 14b F1 32b &7
(Yang et al., 2024a) . FATE ] STAEARAD I 55
H iS5 A R 5 AR BEF T B .

31 AR

TR 2 H, AR T E R GRS S
FELER . HE, GPT-4o HAG T mem M gk
B3 SN, BRI — T8
A E 0 Nova Micro fil Mistral i i
T R— &5 pg s KA, 1 Claude 3.5 Haiku
7% )5 T Sonnet, %), Gemini 1.5 Flash 7FZ555
PEAR A US T is 4, HIRUE Nova Pro, 4K
J5 & Claude 3.5 Sonnet fil GPT-40, ALK/
SEF I B —FhRE bR, REHEE R B
Frar A RS B R 5t . GPT-40
Vgpt-40-2024-11-20

Wanthropic.claude-3-5-haiku-20241022-v1:0
12an’chropic.c:1au<:{e-3—5—sonnet—20241 022-v2:0

AREIEENSEIR A E R, BARGHEM
Bt iR X AME B2 A R, HERES
THE PR A O E R, XA RERIIA
ZIEIP RS o Ak 45 A B AS AR R R ) 2R S
PEIR A, SRS MEAS A ) TR R 7 o A HR L
M EEE R, EXNERT, Gemini 1.5
Flash 404z, 'Z 06 H 512 Nova Pro £l Claude
3.5 Sonnet,

BRIP4 PR AT (PR 40 5 B
BF, FATER SR BB ) R PR IA N
X FEHH R 22 BRI AE AR 1 7 B 1 T AN %
s RS, BY, P TR E A, T
A2 A BT e HAH 2 )45 B DAGN A S5 44
.. 7E RAF P43 J7 THi S0 SE 5 4L /2 Nova Pro
1 Gemini 1.5 Flash, ‘B 17E &% BLAH 5505 B A
ELntidy g B Hp iR E] ~ 60 % .

TR 2, IR T ML T4 LAE R
EUIE MR P Imts 1 27, PASESS B T L RA
PRt A s 0 20 15 BRI E. EE, B
B HELAB P RHERRBIIK ONT3.5% ),
XK e LR B P R T RS A A
ST, BERLRENS IE AR A A . S —
DT, AT R A B R I TR B
SRR TAETE R ME . BRI R R i (ke
U SR A 7oA, (E S B PR
(S 78 5 R A 24K, R R
31.1 % [¥) GPT-40, X2 T AR F it
F2EE, PABRLIWERIR S RAG A .

e 3 H, AT T IHE S B R R
HERAF | 40 g5RER, BRIWEATE
IHE ERBH T ALRSF R, B R,
(ELE A 5 o A AR AN PARME o X IR /INT
WA RE L S | PR AL ORI, A%
W RRE. SRS, RIMMER KL
BB R, F 1 2 407E 50-60 % 2 [i],
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Model

Claude Haiku 49.9 71.9 58.9
Claude Sonnet 51.8 67.5 58.6

Precision Recall F 1

Gemini 1.5 54.7 56.3 55.5
GPT-40 57.9 590 584
Nova Micro 48.2 75.8 58.9
Nova Lite 50.0 46.4 48.1
Nova Pro 56.9 49.6 53.0
Mistral 444 60.0 510
Mixtral 46.3 56.3 51.0
Qwen 14b 55.2 43.6  48.7
Qwen 32b 55.2 47.0 50.8

Table 3: B PE AR 1L GaRAGe H 4 I BRIURS JEE
A ZFF o BT

e[ iR e b VAR LS ERIE G IVAT DL IS
SRR

32 b
IPRIHORYE . FAT T TR E bR AR [ A

PERE, IR (1) A T Be & A 2 R
I Hidhwy, ) REUEFEA (LLMs) 7EifEH
ST 0] ) A RTS8 B PR IR AT R AR
Mi. FERS WSR—AN I, RATIRE TOBE
() RAF 7340, S55RER T 5 FE 2R ELUW
#aFe (§3.1), HAr Nova Pro BifS 7 51.7 % 1)
EC, HkE Gemini (49.8 %), Sonnet (46.7
%), GPT-40 (45.7 %) #11 Qwen 32b (43.8 %),
BB, R IX— 4 ) ek R IR
(AR s F AR EUIE ~ 10 %), iX ] LLMs
A FHESHN [R)AH 5% S SI2 I S PR X

RNDERI . ATt Ty
JE U R LR B, X LB UL 1 AL
NIRRT S — 5 o) 265 18 2R 1) 1)
55 W 265 )RR B, ST R A AR S B At A /D
X AT AE AT EAT TR R Y H A A SR RUSURE A
RSN 0E7 95 Sy NS 1 O /N i e DL
REF-Y A 47.8 %0 WO S HERY, 100 SR ) 28 1
JH B S 2 B 1) AP 29 4 85.6 % FAAH]
KBk .

B S AR R, RIEEETE TN ok 3
A LLM Z[8], HEEREHREE TR, MTk
SRR F R, PERBLR A T ek 10 %,
RXUESE THATR L, H2E— K] LLM
PABURRIERH 5 £ S B A AR 5%

FERBCHE . FRATIITSE T BEAEAH S anfaT 52 i
EZ g, PAT AR TG A5 B AR f
AR AL A X BIE E 7 b (pass, ) K
FEM A M= FEAH AR (pass, < 33%
). 1 (33% <= pass, < 66% ) FE (pass, >

66% ).

B 6 iR 1 HATHE R ME 1 P 5 A B
A RAF 1570 JATME ] — IR A S5
Wt LA TR R, B AR B T,
MBI T 10 %, MHEHKRBE T 20 %.
XA 7 RAG B, BAEM
BRI TR KA KM TE R AT BRI RE I AL

PSRRI . 2445 R R 2 U R
Sy BTRALVE RIS, FAT A BN AR RAF
SVBAERROE IR 44.2 %, X B ERTYRT
FKER A, HoFE RAF 155373 5112 49.7 %
1 50.3 %, XKLL Z FiorHr 2 I
FEARL, e RS 100 i R T A A B Al
PERITEAE R M P LAY, AR H k.
IR UER, W T R BT 55 1 5
PAS SR I R BT R ) S 2 2 AR HERR, KA
TREAS NEIRIRZI P IEME o A5 B e B T
MHT 25 4R BURE J) i B HE 4N - Natural Ques-
tions (Kwiatkowski et al., 2019) . WikiQA (Yang
et al., 2015) B¢ TriviaQA (Joshi et al., 2017) , #|
oy T B E SCH IR B AR REZE 4 - Ragas
(Es etal., 2024) . Ragnarok (Pradeep et al., 2024)
B Ares (Saad-Falcon et al., 2024) .,

ik, ATk LLM 7£ RAG _Lge s, —
NS IO AE B2 3 0 B4R A0 0 Atk . X2
I BERAE 2 A SO B T A ZR g R R 5
PRy, B B SOME S AN LR SRR,
BN E (B, AR EIEM M E % . Gabburo
et al. (2024) $& 1 T —Fh 3 T Ha R UE a0 & 7]
RS ) B, RJE R T A ELA R
VSR B 2 S HMESE

T3 IR BYE F AR U AT BEXE AL BRI
AR RSB R Z R . X HER
A A FE 7K 5L (Chen et al., 2024b; Liu
et al., 2023) , 4E4NIE (Guinet et al., 2024; Han
etal., 2023) , BLEEER B NFIA HR RE &
fitli (Arora et al., 2023) ,

MIZryamitE. KZ%RAG EEIASAE
HEARE RN AR L. MRS
TRIE K. AT HA R0 & R R,
gt TS E TR MERE . [Ai, LLMs @
BRINBIAT A 2 1] B I A TG, PR A AR Y
170 RAG [ 555 W PPA HE 28 2 R AEAS
VERL. X P ol il i K R (Q &
A) W% GRS, 1A A DA S I
Rag-QA Arena (Han et al., 2024) . Facts (Jacovi
etal., 2024) . LongFact (Wei et al., 2024) 1§, ELI5
(Fan et al., 2019) ,
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Example Inference Prompt for Baseline Models

A chat between a curious User and an artificial intelligence Bot. The Bot gives helpful, detailed, and polite answers to the User’s questions.
In this session, the model has access to search results and a user’s question, your job is to answer the user’s question using only information from the search results.
Model Instructions:

o UERERQEGTERRAR A, VR0 SR 2, (R TR AR, AR Sy

o WIRFETEEZ YR, AR MR RAR R REIRRAEE, I T S8 (5 Bl 12 IR B A5 R

o BT RREEETRAOES, WRAITAET R T IOE R, R BT RO R Bk B

o BB UIRRCRABERIC (B, % (1]% , % (2] % %), EAHBCENE R SCARRIAR S0 v R BRI fe B 23 i A 355 1 1«
o REMHRRGRPEANEL!

Context: The current time is { query_time } .
User: { query } Bot:
Resource: Search Results: { search_results } Bot:
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ple Eligibility Prompt for the LLM judge

Your mission is to judge the response from an AT model, the *test* response, calibrating your judgement using a *baseline* response. Please use the following rubric criteria to
judge the responses:

<START OF RUBRICS>
Your task is to analyze the test response based on the criterion of “Instruction Following”. Start your analysis with “Analysis”.

**Instruction Following**

Please first list the instructions in the user query.

In general, an instruction is VERY important if it is specifically asked for in the prompt and deviates from the norm. Please highlight such specific keywords.
You should also derive the task type from the user query and include the task-specific implied instructions.

Sometimes, no instruction is available in the user query.

It is your job to infer if the instruction is to autocomplete the user query or is asking the LLM for follow-ups.

After listing the instructions, you should rank them in order of importance.

After that, INDEPENDENTLY check if the test response and the baseline response meet each of the instructions.

You should itemize, for each instruction, whether the response meets, partially meets, or does not meet the requirement, using reasoning.
You should start reasoning first before reaching a conclusion about whether the response satisfies the requirement.

Citing examples while reasoning is preferred.

Reflect on your answer and consider the possibility that you are wrong.
If you are wrong, explain clearly what needs to be clarified, improved, or changed in the rubric criteria and guidelines.

In the end, express your final verdict as one of the following three json objects:
{ { “Instruction Following”: “No Issues” } }

{ { “Instruction Following™: “Minor Issue(s)” } }

{ { “Instruction Following™: “Major Issue(s)” } }

<END OF RUBRICS>

# Your task

## User query

< |begin_of_query| >
{ query }

< |end_of_query| >

# # Test Response:

< |begin_of_test_response| >
{ answer }

< |end_of_test_response| >

# # Baseline Response:

< |begin_of_baseline_response| >
{ expected_answer }

< |end_of_baseline_response| >

Please write your analysis and final verdict for the test response.

12
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Example Factuality Prompt for the LLM jud

You are a helpful and harmless Al assistant. You will be provided with a textual context and a model-generated response.Your task is to analyze the response sentence by
sentence and classify each sentence according to its relationship with the provided context.

**Instructions: **

1. **Decompose the response into individual sentences.**

2. **For each sentence, assign one of the following labels:**

* ##‘supported **: The sentence is entailed by the given context. Provide a supporting excerpt from the context. The supporting except must *fully* entail the sentence. If you
need to cite multiple supporting excepts, simply concatenate them.

* *#*‘unsupported**: The sentence is not entailed by the given context. No excerpt is needed for this label.

* ##<contradictory ‘**: The sentence is falsified by the given context. Provide a contradicting excerpt from the context.

###no_rad***: The sentence does not require factual attribution (e.g., opinions, greetings, questions, disclaimers). No excerpt is needed for this label.

3. **For each label, provide a short rationale explaining your decision.** The rationale should be separate from the excerpt.

4. **Be very strict with your ‘supported‘ and ‘contradictory* decisions.** Unless you can find straightforward, indisputable evidence excerpts *in the context* that a sentence is
‘supported* or ‘contradictory‘, consider it ‘unsupported‘. You should not employ world knowledge unless it is truly trivial.

**Input Format:**
The input will consist of two parts, clearly separated:

* **Context:** The textual context used to generate the response.
* **Response: ** The model-generated response to be analyzed.

*#*QOutput Format:**

Your output should be in json format as follows:

The key should be ‘"grounding_quality"* and the value should be a list of json objects with an object for each sentence in the response, containing the following fields:

* “"sentence"‘: The sentence being analyzed.
* “"label"*: One of ‘supported‘, ‘unsupported, ‘contradictory*, or ‘no_rad"‘.
* “"rationale"*: A brief explanation for the assigned label.

* “"excerpt"‘: A relevant excerpt from the context. Only required for ‘supported‘ and ‘contradictory* labels.
#*Example:**
F¥Input:**

““ Context: Apples are red fruits. Bananas are yellow fruits.
Response: Apples are red. Bananas are green. Bananas are cheaper than apples. Enjoy your fruit! “‘

#+Output:**

"grounding_quality":
sentence": "Apples are red.", "label": "supported", "rationale”: "The context explicitly states that apples are red.", "excerpt": "Apples are red fruits." } } ,

t{
[{
{ { "sentence": "Bananas are green.", "label": "contradictory", "rationale": "The context states that bananas are yellow, not green.", "excerpt": "Bananas are yellow fruits." } },
{1
{1
1

sentence": "Bananas are cheaper than apples.”, "label": "unsupported”, "rationale": "The context does not mention the price of bananas or apples.”, "excerpt": null } },

sentence": "Enjoy your fruit!", "label": "no_rad", "rationale": "This is a general expression and does not require factual attribution.", "excerpt": null } } |

**Now, please analyze the following context and response:**
##User Query:** { query }
**Context:** { context_document }

**Response:** { answer }

B4 (k% AR

Example Deflection Prompt for the LLM judge

You are a human expert in analyzing responses to questions given by a model.
Your task to assign the response into exactly one of the following categories:

- missing: the response indicates that it is not sure, does not know the answer, or states that it cannot provide an answer.
- attempted: the response attempts to answer the question.

QUESTION: { query }

MODEL RESPONSE: { answer }

CATEGORY:

Your response should be in json format as follows:

{"j(ustiﬁcation”: (Explain why the MODEL RESPONSE is missing or attempted. Use one or two sentences maximum. Keep the answer as concise as possible.)

"grade": (missing or attempted),

1

Jofon
B5 EM4%
RIS (RRBFTAE S5 ) 1155, RIGT RNRERAN (PGB RAN).
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Research Tasks

You are an Al assistant tasked with breaking down a given question into a list of research tasks. Your goal is to help organize the research approach and ensure all necessary
information is gathered to answer the question effectively.

Here’s the question you need to analyze:

<question>

Create complex questions that require reasoning about { seed_topic } . Search the Web for recent news and documents about seed_topic to be used as input for this creation.
Those queries you will generate must require an answer that needs reasoning over evidence from multiple documents.

</question>

Carefully analyze the question to identify the key components that require research. Consider the following:
1. The main topic or subject of the question

2. Any specific details, dates, or names mentioned

3. The type of information needed (e.g., factual, comparative, historical)

4. Any implicit sub-questions within the main question

Based on your analysis, create a list of research tasks. Each task should:

1. Be clear, specific, and concise

2. Focus on one aspect of the research

3. Be actionable and help in gathering relevant information

4. Be ordered logically, if there’s a natural sequence to the research

5. Not use pronouns to refer to something in the question. Use its actual name.

The number of tasks can range from 1 to 3, depending on the complexity of the question. Simpler questions may only require one or two tasks, while more complex
ones might need up to three.

Present your list of research tasks in the following format:
<research_tasks>

1. [First research task]

2. [Second research task]

3. [Third research task]

... </research_tasks>

If a subsequent task specifically refers to an entity or other information that a preceding task can provide, mark that entity or item with a note in parentheses that
indicates the task number that provides it. Format: (from task N)

Make sure to place the parenthesis inline in the text after the entity. Example:

1. Identify the name of ...

2. Find the ... of that person (from task 1).

It is important to use the correct format. If entity X was identified in task 1 and used in task 2, say X (from task 1).

Creating Search Queries

You are an Al research assistant tasked with understanding and researching a given task. Your goal is to analyze the task and generate appropriate Web search queries for further
research.

Here is the task you need to research:

<task>

{ instruction }

</task>

Follow these steps to complete your assignment:

1. Carefully read and analyze the given task and the results of related tasks.

2. Think about the key aspects of the task that require further research. Consider what information you need to gather to fully address the task.

3. Based on your analysis, generate three Web search queries that will help you research the task effectively. Each query should focus on a different aspect of the task or seek
different types of information.

4. Today’s date is date . You may use the current year in your Web search queries where appropriate.

5. Format your output as follows: a. First, provide a brief explanation of your understanding of the task and how you’ve incorporated information from related tasks. Write this
explanation inside <task_analysis> tags. b. Then, list your three Web search queries, each wrapped in <QUERY> tags.

Here’s an example of how your output should be structured:

<task_analysis> [Your analysis of the task] </task_analysis>
<QUERY>[Your first Web search query]</QUERY>
<QUERY>[Your second Web search query]</QUERY>
<QUERY>[Your third Web search query]</QUERY>

Remember, your queries should be specific and targeted to gather the most relevant information for the task at hand. Avoid overly broad or vague queries.

14
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Generating Complex Questions

You are tasked generating questions, based on the results to several sub-questions. Your goal is to create detailed and focused queries that will require reasoning to be answered,
addressing the main instruction while incorporating key information from each sub-question.

Here is the main instruction you need to address: <main_instruction>

Create complex questions that require reasoning about { seed_topic } . Search the Web for recent news and documents about seed_topic to be used as input for this creation.
Those queries you will generate must require an answer that needs reasoning over evidence from multiple documents.

</main_instruction>

Below are the sub-questions and their corresponding answers:
<sub_questions_answers>

{ % for task, result in prev_results.items() % }

<task>

- Task { task } : { result }

</task>

{ % endfor % }

</sub_questions_answers>

To synthesize your response, follow these steps:

1. Look for common themes or connections between the sub-answers.

2. Based on the high level topics, generate complex questions which needs reasoning to obtain answers (e.g., "how many days did Thurgood Marshall serve as a Supreme Court
justice?", "how many Oscar awards did Meryl Streep win?").

3. Avoid to create simple questions that can be answered by just composing and summarizing the answers.

4. The questions must require chaining multiple pieces of information to compose the answer (e.g., "who acted in Ang Lee’ s latest movie?")

5. Generate a list of elaborate questions using an unordered list.

6. The questions should NOT have more than 20 words, they must be succinct. Don’t make the generated questions too long!

Example of generated elaborate questions:

what age did ferdinand magelan discovered the philippines?

how many grammy awards were won by the song plan b until 62nd grammy?

how many feet is the place with the lowest elevation in vermont?

when did meta announce the release of the meta quest 4?

what christmas song is the most streamed, all i want for christmas is you or jingle bells?

who portrayed the younger character, gillian lynne in phantom of the opera: behind the mask or brian blessed in prisoner of honor?
was the lion king the highest-grossing film of all time when it was released?

how many american players ranked are in the top ten of the wta?

the 1984 maze game devil world has an amazing soundtrack. who composed it?

which movie has a higher budget, poor things or bob marley one love?

how many films are in the hunger games film series?

what was the pricing of the most recent ipo for a major social media company?

which feid album is the one that has "normal" on it?

what was the total value of all mergers and acquisitions in the healthcare sector?

what are the top 3 movies on hbo max?

how many regional confederations does fédération internationale de volleyball have?

how many american music awards has taylor swift won throughout her career?

what is the age difference between angelina jolie and billy bob thornton?

how much is the worst performing stock, amazon?

how many albums has the band radiohead released that have reached number one on the uk albums chart?
who was the first actress to play the role of wonder woman in a live-action movie?

the three countries with the highest oil production are...?

which artist has been performing for longer, shakira or machine gun kelly?

how many times has meryl streep been nominated for an academy award for best actress?

which female tennis players have won all four grand slam tournaments in a single calendar year?

which five dow jones companies have a debt-to-equity ratio of less than 0.1?

give at least 3 etf funds with over 1 billion total of assets

which movie did jennifer lawrence co-star in with bradley cooper where she played a character with a mental health condition?
what are the five highest-grossing movies at the box office directed by nancy meyers?
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C.5 GaRAGe if:4i+41

GaRAGe example 1

Question: What trends are shaping RSU compensation in 2024?
o RIS Z8Aef
o Bt K5
o U R
o WATEE: R
Grounding:
© B

- 307 RSU VER a4 PRIy SR A4 RSU @ S AT, KRR —RE 3is
PEFT 7 20— 3B S 7E N . RSU W] RABR TSN 7 28 B 1k 51 5 ..

- i NMAHAZESR

- W& TR

* Snippet 2:

- SCA: SRR, AnER IR A (RSUSs) . B T REEIIAGT R (ESOPs) A5 T A= 3%
1% (ESPPs), 1FHZashn--- -

- AR TEE2 R

- R ok

* Snippet 10:

- 3O AN TERE (AL AW RIL A5, H5 RSU Bl & AR SO —Fhg %
o 1E 2024 WHAE, AFIETETRPA R IUR T AE RSU TR AT ALK :
- Fk: IEINAF 2R
- BR%: MK
Human answer: In 2024, several trends are shaping RSU compensation. Companies are increasingly integrating

Artificial Intelligence (AI) into RSU plans, using Al-based applications to improve the design, distribution, and
management of RSU programs [10]

Nova Pro answer: The integration of Al-based applications in RSU plans is an emerging trend shaping RSU
compensation in 2024 [10].
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GaRAGe example 2

Question: How do the recent findings on malaria outbreaks in the DRC affect global health strategies?
o WRZIES: Rk
o Bt RHIEEE
o GuE: R
© AR Torso
Grounding:
s FBl:
- OR: S/ R B MR T ARG TN = A O B R IE AT SR R BT
JEBALATBS (SMC), - -

- @ﬂ?@ 255'37 0/]\)%7 1335
- bpsE ok

* Snippet 2:

- WERARR UGS RTS,S BEWTHSCHE, R AR AERE B Bl -4 28 2 R AR P AR 5K
- il 6 NHF 22K
Sl NS

Human answer: There is not enough grounding for an answer.

Qwen 32b answer: The recent findings on malaria outbreaks in the Democratic Republic of the Congo (DRC)
have influenced global health strategies by prompting the World Health Organization (WHO) to update its recommen-
dations for malaria prevention strategies. These strategies include seasonal malaria chemoprevention (SMC), perennial
malaria chemoprevention (PMC), and intermittent preventive treatment in pregnancy (IPTp). [1] The updates aim to
broaden the use of chemoprevention among young children at high risk and to expand access to preventive chemother-
apy during pregnancy. These recommendations reflect a more informed approach to when and where chemoprevention
is most effective, encouraging tailored deployment in local contexts. [3] Additionally, the WHO is developing a Frame-
work to guide decisions on the allocation of limited malaria vaccine supplies, ensuring that national malaria control
programmes can make informed decisions about vaccine prioritization. [4] These adjustments in global health strate-
gies are driven by the latest evidence and aim to enhance the effectiveness of malaria control measures, particularly in
high-risk areas like the DRC. [1], [2], [3], [4]
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