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GRIT : Generative Representational Tnstruction Tuning

Introduction

# Problem States
# Background
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2 types of Language Models (1/2)

- Embedding Language Model

- a type of model that transforms high-dimensional categorical data, like words, into lower-dimensional,
continuous vectors (=embeddings)

- capture the semantic properties of the input data so that similar inputs are close to each other in the
embedding space.

: .
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Text Classification, Clustering, Semantic Search, ...
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Hanyang University.




2 types of Language Models (2/2)

- Generative Language Model

- a type of model that is capable of generating text.

- predict the probability of each word in a sequence, given the previous words, and can generate text by

sampling from these probabilities.

Please write me a blog post about my
recent hike of Mt. Fuji at mid night.

o

You have two ropes, each takes exactly 1
hour to burn. How would you use them to
time exactly 15 minutes? The ropes are
of uneven densities, so half the rope

does not necessarily take half the time

~

J

Generative
Language Model

G openAI GPT-4
Go gle Gemini
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Sure. here is the blog post. It
was August the 10*" when I
arrived at Lake Kawaguchi from.

You start by .. ]

Story Generation, Question Answering, Chat, ...

Natural Language Processing Lab.,
Hanyang University.



Why Integrate Them into One Model?

- Advantages of Combining Them

Performance
Get better on both?
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Why Integrate Them into One Model?

- Advantages of Combining Them

Efficiency
Speed-up joint use cases

Traditional RAG

[To slow down your speed]

Performance
Get better on both?

of aging, you can..
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Why Integrate Them into One Model?

- Advantages of Combining Them

Performance Efficiency Simplicity
Get better on both? Speed-up joint use cases Unify endpoints

. Traditional RAG
@ [ Embeddll/rl'nTgEIISBenchmarks. @ [ Embedding LM endpoints ]

To slow down your speed
of aging, you can..
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Motivation for GRIT

« What GRIT Aims to Achieve

Bitcoin: A Peer-to-Peer
Electronic Cash System

[ Celestial res nullius

Please write me a blog post about my
recent hike of Mt. Fuji at mid night.

You have two ropes, each takes exactly 1
hour to burn. How would you use them to
time exactly 15 minutes? The ropes are
of uneven densities, so half the rope

does not necessarily take half the time
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Natural Language Processing Lab.,
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GRIT : Generative Representational Tnstruction Tuning

GRIT

# Instruction Tuning

# Combining Losses
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GRIT: Generative Representational Insturction Tuning

« Unifying representation & Generation

) -
Given a scientific paper title, retrieve the Representational
paper's abstract Instruction Tuning
Bitcoin: A Peer-to-Peer Electronic Cash System

.42, 1.52, -0.01..

~ Generative
If an obscure legal term is given as the Representational
query, fetch text from law books or legal Instruction 0.01, -1.01, 0.45..
databases that can help explain the term. Tuning
celestial res nullius ) ﬂSure, here is the )

blog post.
GRIT It was August the
10th when I
arrived at Lake

\_ Kawaguchi from.. /

Please write me a blog post about my

@ [ recent hike of Mt. Fuji at midnight.

You have two ropes, each takes exactly 1
hour to burn. How would you use them to
time exactly 15 minutes? The ropes are of
uneven densities, so half the rope does not
necessarily take half the time.

Generative You start by.. ]
Instruction Tuning

Figure 2: GRIT. The same model handles both text representation and generation tasks based on the
given instruction. For representation tasks, instructions ideally contain the target domain , intent ,

and unit [5]. The representation is a tensor of numbers, while the generative output is text.
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GRIT: Generative Representational Insturction Tuning

- Differing instructions, format & attention

@ Representation @ Generation

Mean Pooling Language Modeling Head

A
p A N e A
4 ) 4 <s><|user|> )
§s><|user|> {instruction}
{instruction} <|assistant|>
<|embed|> {response}</s>
{sample to represent} <|user|>
9 ) \_ Y,

Figure 3: GRITLM architecture and format. Left: GRITLM uses bidirectional attention over the
input for embedding tasks. Mean pooling is applied over the final hidden state to yield the final
representation. Right: GRITLM uses causal attention over the input for generative tasks. A language
modeling head on top of the hidden states predicts the next tokens. The format supports conversations
with multiple turns (indicated with “...”).

Natural Language Processing Lab.,
Hanyang University.
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GRIT: Generative Representational Insturction Tuning

- Differing instructions, format & attention

Representation
instruction

Mean Pooling Given a scientific paper title, retrieve the paper's abstract

p A N queries

Bitcoin: A Peer-to-Peer Electronic Cash System

documents

A purely peer-to-peer version of electronic cash would allow on
line payments to be sent directly from one party to another wit
hout going through a financial institution. Digital signatures
provide part of the solution, but the main benefits are lost if

[ \ a trusted third party is still required to prevent double-spend

<s><|user|> e e
{instruction} All text-based language problems can be reduced to either gener
<|embed | S ation or embedding. Current models only perform well at one or

the other. We introduce generative representational instruction

{Sample to represent} tuning (GRIT) whereby a large language model is trained to hand

\ j le both generative and embedding tasks by distinguishing betwee
n them through instructions. ..

Figure 3: GRITLM architecture and format. Left: GRITLM uses bidirectional attention over the
input for embedding tasks. Mean pooling is applied over the final hidden state to yield the final
representation. Right: GRITLM uses causal attention over the input for generative tasks. A language
modeling head on top of the hidden states predicts the next tokens. The format supports conversations
with multiple turns (indicated with “...”).
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GRIT: Generative Representational Insturction Tuning

- Differing instructions, format & attention

{

instruction {instruction}
<|assistant|>

"role": "user", {response}</s>

"content": "Please write me a poem about my recent < | user | S

hike of Mt. Fuji at midnight

in the style of Shakespeare."} \ )

@ Generation

Language Modeling Head

N
- A

4 <s><|user|> \

Figure 3: GRITLM architecture and format. Left: GRITLM uses bidirectional attention over the
input for embedding tasks. Mean pooling is applied over the final hidden state to yield the final
representation. Right: GRITLM uses causal attention over the input for generative tasks. A language
modeling head on top of the hidden states predicts the next tokens. The format supports conversations
with multiple turns (indicated with “...”).

Natural Language Processing Lab.,
Hanyang University.
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GRIT: Generative Representational Insturction Tuning

« Combining Losses

- Finetune a pretrained language model
with embedding and generative instruction data in consistent format as depict in 12-14 slides

- For Embedding - Constrastive Loss

34

Language Model

[ Embedding ]ﬁRep:_ i eXpT o(Joa™), Jo(d)))

W exp( - a(fo(gD), fo(dD))))

: Contrastive embedding loss with hard negatives

Natural Language Processing Lab.,
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GRIT: Generative Representational Insturction Tuning

« Combining Losses

- Finetune a pretrained language model
with embedding and generative instruction data in consistent format as depict in 12-14 slides
- For Embedding - Constrastive Loss

- For Generation - Negative Log-Likelihood Loss

@[ Embedding ]LRep:_ f: eXpT o(Joa™), Jo(d)))

Language Model . eXp(T a(fo(q®), fo(dW))))

: Contrastive embedding loss with hard negatives

N
Ld 1 . .
@{ Generative J Loen = = D108 Pf0 ()| fo n(2<D))
=1

Language Model

: Next token prediction loss for generation

Natural Language Processing Lab.,

. . 16
Hanyang University.




GRIT: Generative Representational Insturction Tuning

« Combining Losses

LeriT = ;[RepLRep + AgenLGen
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Natural Language Processing Lab.,
Hanyang University.
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GRIT : Generative Representational Tnstruction Tuning

Effects

# Experiment Setup

# Performance

BHOFI O Natural Language P.roce§sing Lab.,
HANYANG UNIVERSITY Hanyang Un|VerS|ty.




Set up

- Backbone Variant | Emb Gen Dataset | Emb Dataset | Gen
- Mistral 7B and Mistral 8x7B Mistral 7B | 54.6 22.4 MEDI | 64.0 Tiilu2 | 55.2
Llama27B | 482 20.8 MEDI2 | 64.7 OASST | 37.7

GPT-J6B | 51.9 14.0 E5 66.0 UltraChat | 47.4

’ Adaptatlon Datasets (b) Base model (¢) Embedding dataset (d) Generative dataset

- E5 (only dataset not publicly available)
- Tilu 2 data (filter out their custom prompts that contain answers related to the origin of their model)

@ Embedding Data

ESS: ELI5, GPT4 Synthetic, ,

MSMARCO, S20RC, SQUARD, . .. - i

L ) Fmetupe Mistral GritLM-7B
7B with GRIT
, Generative Data ‘ [ :
@ - ’ Z”Ye;””i::"g;ﬁ_l GritLM-8x7B
Talu-2: FLAN, Open Assistant, \ XB Wi
ShareGPT, LIMA, Open-Orca, ...
Natural Language Processing Lab., 19

Hanyang University.




Experiments - Embedding Performance

« Embedding Performance
- MTEB (total 56 datasets, across 8 tasks)

- Task (—) CLF  Clust.  PairCLF Rerank Retrieval STS  Summ. | Avg.
M I E B ° Metric (—) Acc. V-Meas. AP MAP nDCG  Spear. Spear.
» Dataset # (—) 12 11 3 4 15 10 1 56
Massive Text Proprietary models"
Embedding Benchmark
OpenAl v3 | '75:5 49.0 85.7 59.2 55.4 81.7 299 | 64.6
Other Open Models"
Llama 2 70B 60.4 29.0 47.1 38.5 9.0 49.1 26.1 35.6
Mistral 7B 63.5 34.6 535 43.2 13.2 57.4 19.7 40.5
Mistral 7B Instruct | 67.1 34.6 59.6 44.8 16.3 63.4 23.9 43.7
GPT-J 6B 66.2 39.0 60.6 48.9 19.8 60.9 26.3 45.2
SGPT BE 5.8B 68.1 40.3 82.0 56.6 50.3 78.1 31.5 58.9
Instructor XL 1.5B | 73.1 44.7 86.6 S5T8 49.3 83.1 32.3 61.8
BGE Large 0.34B | 76.0 46.1 87.1 60.0 54.3 83.1 31.6 64.2
ES5 Mistral 7B 78.5 50.3 88.3 60.2 56.9 84.6 31.4 66.6
GRITLM
Gen.-only 7B 65.4 32.7 54.2 43.0 13.7 60.2 211 41.2
Emb.-only 7B 78.8 51.1 87.1 60.7 Sl 83.8 30.2 66.8
GRITLM 7B 795 50.6 87.2 60.5 57.4 83.4 30.4 66.8
GRITLM 8x7B i8S 50.1 85.0 898 oM | 83.3 29.8 65.7

SHOFL| O}l Natural Language Processing Lab., -
e v Hanyang University.




Experiments - Generation Performance

« Generation Performance
- Aplaca Eval

EI Y' [ oo
HANYANG UNIVERSITY

Dataset (—) MMLU GSMS8K BBH TyDi QA' HumanEval Alpaca Avg.
Setup (—) OFS 8FS,CoT 3FS,CoT 1FS,GP OFS 0FS, 1.0
Metric (—) EM EM EM F1 pass@1 % Win
Proprietary models¥
GPT-4-0613 81.4 95.0 89.1 65.2 86.61 91.2 84.8
Other Open Models¥
GPT-J 6B 27.7 2.5 30.2 9.4 9.8 0.0 133
SGPT BE 5.8B 244 1.0 0.0 22.8 0.0 0.0 8.0
Zephyr 7B 3 58.6 28.0 44.9 23.7 28.5 85.8 449
Llama 2 7B 41.8 12.0 39.3 51.2 12.8* 0.0 26.2
Llama 2 13B 520 25.0 48.9 56.5 18.3¢ 0.0 335
Llama 2 70B 64.5 55.5 66.0 62.6 29.9* 0.0 46.4
Llama 2 Chat 13B 532 9.0 40.3 32.1 19.6 91.4 40.9
Llama 2 Chat 70B 60.9 59.0 49.0 44.4 34.31 94.5 57.0
Tiilu 2 7B 504 34.0 48.5 46.4 24.57 73.9 46.3
Tiilu 2 13B 554 46.0 49.5 53.2 314 78.9 524
Tiilu 2 70B 67.3 73.0 68.4 53.6 41.6 86.6 65.1
Mistral 7B 60.1 44.5 55.6 55.8 30.5 0.0 41.1
Mistral 7B Instruct 53.0 36.0 38.5 27.8 34.0 75.3 441
Mixtral 8x7B Instruct | 68.4 65.0 55.9 24.3 53.5 94.8 60.3
GRITLM
Emb.-only 7B 235 1.0 0.0 21.0 0.0 0.0 7.6
Gen.-only 7B 57.5 52.0 55.4 56.6 34.5 75.4 552
GRITLM 7B 57.6 57.5 54.8 55.4 32.8 74.8 55.5
GRITLM 8x7B 66.7 61.5 70.2 58.2 534 84.0 65.7

Natural Language Processing Lab.,

Hanyang University.
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Experiments - Embedding Performance

« Embedding Performance
- MTEB (total 56 datasets, across 8 tasks)

- Task (—) CLF  Clust. PairCLF Rerank Retrieval STS  Summ. | Avg.
M I E B ° Metric (—) Acc. V-Meas. AP MAP nDCG  Spear. Spear.
% Dataset # (—) 12 11 3 4 15 10 1 56
Massive Text Proprietary models"
Embedding Benchmark
OpenAl v3 | '75:5 49.0 85.7 59.2 55.4 81.7 299 | 64.6
Other Open Models"
Llama 2 70B 60.4 29.0 47.1 88.5 9.0 49.1 26.1 35.6
Mistral 7B 63.5 34.6 535 43.2 132 574 19:7 40.5
Mistral 7B Instruct | 67.1 34.6 59.6 44.8 16.3 63.4 25.9 43.7
GPT-J 6B 66.2 39.0 60.6 48.9 19.8 60.9 26.3 45.2
SGPT BE 5.8B 68.1 40.3 82.0 56.6 50.3 78.1 31.5 58.9
Instructor XL 1.5B | 73.1 44.7 86.6 573 49.3 83.1 323 61.8
BGE Large 0.34B | 76.0 46.1 87.1 60.0 54.3 83.1 31.6 64.2
ES5 Mistral 7B 78.5 50.3 88.3 60.2 56.9 84.6 31.4 66.6
GRITLM
Gen.-only 7B 65.4 821 54.2 43.0 13.7 60.2 211 41.2
Emb.-only 7B 78.8 51.1 87.1 60.7 3lS 83.8 30.2 66.8
GRITLM 7B 195 50.6 87.2 60.5 57.4 83.4 30.4 66.8
GRITLM 8x7B 8.5 501 85.0 59.8 55.1 83.3 29.8 65.7
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Experiments - Generation Performance

« Generation Performance
- Aplaca Eval
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Dataset (—) MMLU GSMS8K BBH TyDi QA' HumanEval Alpaca Avg.
Setup (—) OFS 8FS,CoT 3FS,CoT 1FS,GP OFS 0FS, 1.0
Metric (—) EM EM EM F1 pass@1 % Win
Proprietary models¥
GPT-4-0613 81.4 95.0 89.1 65.2 86.61 91.2 84.8
Other Open Models¥
GPT-J 6B 27.7 2.5 30.2 9.4 9.8 0.0 133
SGPT BE 5.8B 244 1.0 0.0 22.8 0.0 0.0 8.0
Zephyr 7B 3 58.6 28.0 44.9 23.7 28.5 85.8 449
Llama 2 7B 41.8 12.0 39.3 51.2 12.8* 0.0 26.2
Llama 2 13B 520 25.0 48.9 56.5 18.3¢ 0.0 335
Llama 2 70B 64.5 55.5 66.0 62.6 29.9* 0.0 46.4
Llama 2 Chat 13B 532 9.0 40.3 32.1 19.6 91.4 40.9
Llama 2 Chat 70B 60.9 59.0 49.0 44.4 34.31 94.5 57.0
Tiilu 2 7B 504 34.0 48.5 46.4 24.57 73.9 46.3
Tiilu 2 13B 554 46.0 49.5 53.2 314 78.9 524
Tiilu 2 70B 67.3 73.0 68.4 53.6 41.6 86.6 65.1
Mistral 7B 60.1 44.5 55.6 55.8 30.5 0.0 41.1
Mistral 7B Instruct 53.0 36.0 38.5 27.8 34.0 75.3 441
Mixtral 8x7B Instruct | 68.4 65.0 55.9 24.3 53.5 94.8 60.3
GRITLM
Emb.-only 7B 235 1.0 0.0 21.0 0.0 0.0 7.6
Gen.-only 7B 57.5 52.0 55.4 56.6 34.5 75.4 552
GRITLM 7B 57.6 57.5 54.8 55.4 32.8 74.8 555
GRITLM 8x7B 66.7 61.5 70.2 58.2 534 84.0 65.7

Natural Language Processing Lab.,

Hanyang University.
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GRITLM is the Only Model Handling Both with Good Performance !

« GRIT models are the only ones that can handle both embedding and generation at best-in-class

performance.
80 =- )
E5 7B Embedding Only === ==================-= GI'ItLM G i
ritLM
'gaé(é Embedding 3 Large 7B 8X7B
arge
3AAI :
Instructor XL 1
== !
9 70 et SGPT5.8B :
c 2 ST ‘\
: D :
£ 27 [Embedding :
= Models !
] 1
o 1
o 1
£60 1
S 1
8 1
Q : Generative
= GPT-) 6B 1 Models
L @ 1 4
Generative "'
=0 Mistral 7B Sl
|
Mo G 9
0 Llama 2 708 Gemini Pro GPT 4
0 20 40 60 80

Generative Performance

Figure 1: Performance of various models on text representation (embedding) and generation
tasks. GRITLM is the first model to perform best-in-class at both types of tasks simultaneously.

Natural Language Processing Lab.,
Hanyang University.
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Ablation Study

« More than 10 ablation studies

- Bidirectional for Embeddings + Causal for generative

Attention Emb

Attention Gen

Dataset | Emb
MEDI 64.0

MEDI2 | 64.7
ES 66.0

Instruction Sample Instruction ~ Sample Pooling | Emb  Gen Variant Emb  Gen
Embedding Only Mistral 7B 54.6 22.4
Causa}l o Wmean 60.0 LLlama 2 7B 48.2 20.8
Men | 610 GPT-I6B | 519 140
Generative Only (b) Base model
Causal 55.2
Bidirectional  Causal 50.7
Unified Variant | Emb Gen
Causl Causl Lo | o8 24 Nohead | 627 49.2
Bidirectional Causal Mean 64.0 529 > 1024 62.1 48.0

(a) Attention and pooling ablations. Wmean is position-weighted mean pooling [104].

(¢) Embedding head

Natural Language Processing Lab.,
Hanyang University.

(¢) Embedding dataset

Dataset Gen
Tiilu 2 55.2
OASST 37.7
UltraChat | 47.4

(d) Generative dataset

25
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GRIT in RAG
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Efficiency of GRITLM in RAG

« Traditional RAG

Traditional RAG

To slow down your speed
of aging, you can..

4

Generative Model

4

How to prevent aging? ]

r

\

-
Technological and lifestyle factors
may influence an individual’s
longevity. Cellular reprogramming..

N\

[ Embedding Model ]

4

[ How to prevent aging? ]

EI Y' [ oo
HANYANG UNIVERSITY

Natural Language Processing Lab.,
Hanyang University.
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Efficiency of GRITLM in RAG

. Traditional RAG < Inefficient

Traditional RAG

To slow down your speed
of aging, you can..

4

Generatlve Model

r

How to prevent aglng” é Feed the query (21’1d) é Feed the documents (2St)

\

s
Technological and lifestyle factors
may influence an individual’s
longevity. Cellular reprogramming..

N\

m & Feed the documents (1st)

[ Embedding Model ]

Z S

[ How to prevent aging? ] é Feed the query (lSt)

SHOFL| O}l Natural Language Processing Lab., -
e v Hanyang University.




Efficiency of GRITLM in RAG

o Intuitive: We just don’t need to store the text anmore!

Just store the key-value caches
- For attention mechanism
Then reuse them during RAG process

Query Caching + Query-Doc Caching

Doc Caching + Doc-Query Caching

- simple order difference

EI Y' [ oo
HANYANG UNIVERSITY

Query Caching
1st Cache:
Reuse query [To slow down your speed]
representation of aging, you can..

for retrieval ’

4

How to prevent aging? J

~

Technological and lifestyle factors
may influence an individual’s
longevity. Cellular reprogramming..

.

Query-Doc Caching

1st Cache: — [

Reuse query
representation

for retrieval '

To slow down your speed
of aging, you can..

GritLM

* 2nd Cache: Reuse document
How to prevent aging? ] key-value states for generation

\

Natural Language Processing Lab.,
Hanyang University.



Efficiency of GRITLM in RAG

. Traditional RAG < Inefficient

Traditional RAG

To slow down your speed
of aging, you can..

4

Generative Model

4

p
How to prevent aging? ] a
\

4 )
Technological and lifestyle factors
may influence an individual’s
longevity. Cellular reprogramming..
\ 2 U

“ & Feed the documents (1s3t)

[ Embedding Model ]

4

[ How to prevent aging? ] é Feed the query (lSt)

SHOFL| O}l Natural Language Processing Lab., 0
e v Hanyang University.




Limitation of RAG with GRIT

« Attention Mismatch Problem

- Combining bidirectional & causal attention

Embed query/doc Reuse bidirectionally attended
bidirectionally & cache cache for causal generation

- Combining separtely attended texts (only if caching both, query-doc/doc-query)

Reuse separately attended
Embed query & cache = caches for causal generation

Natural Language Processing Lab.,

Embed doavyss ieache *




Results of GRITLM’s RAG

« Caching Performance

Match CPU Latency (s, J) GPU Latency (s, |) Storage ()
(0-shot, 1) Sample A Sample B Sample A Sample B
No RAG | 2100 | 43%0.36 13.69+1.0 | 024+£0.04 0.38+0.04 | 0GB
Query then document prompt
RAG 30.50 11.64 £0.74 14.88+0.87 | 0.39+£0.02 0.40+0.02 43GB
Query Caching 25.46 1830+0.76 6.87+0.89 | 0.44+0.03 0.27 £ 0.02 43GB

Query-Doc Caching 21.63 5.12+0.23 6.62+0.97 | 0.27+£0.03 0.29+0.01 30TB
Document then query prompt

RAG 30.47 14.18£1.01 15.33+£0.87 | 0.39+0.01 0.4+£0.01 43GB
Doc Caching 33.38 525+034 2323+1.05 | 027+£0.03 0.45+0.02 30TB
Doc-Query Caching 18.39 523+037 641096 | 0.26 +0.03 0.27 £ 0.02 30TB

- Task: NQ(Natural Questions)
- Model: GRITLM 7B

1. The RAG model outperforms the baseline(=no RAG).
Caching Queries and Documents’ performances are mismatched

3. Trade-off between speed and performance using cache.

Natural Language Processing Lab.,
Hanyang University.




Results of GRITLM’s RAG

« Caching Performance

Match CPU Latency (s, J) GPU Latency (s, |) Storage ()
(0-shot, 1) Sample A Sample B Sample A Sample B
No RAG | 2100 | 43%0.36 13.69+1.0 | 024+£0.04 0.38+0.04 | 0GB
Query then document prompt
RAG 30.50 11.64 £0.74 14.88+0.87 | 0.39+£0.02 0.40+0.02 43GB
Query Caching 25.46 1830+0.76 6.87+0.89 | 0.44+0.03 0.27 £ 0.02 43GB

Query-Doc Caching 21.63 5.12+0.23 6.62+0.97 | 0.27+£0.03 0.29+0.01 30TB
Document then query prompt

RAG 30.47 14.18£1.01 15.33+£0.87 | 0.39+0.01 0.4+£0.01 43GB
Doc Caching 33.38 525+034 2323+1.05 | 027+£0.03 0.45+0.02 30TB
Doc-Query Caching 18.39 523+037 641096 | 0.26 +0.03 0.27 £ 0.02 30TB

- Task: NQ(Natural Questions)
- Model: GRITLM 7B

1. The RAG model outperforms the baseline(=no RAG).
Caching Queries and Documents’ performances are mismatched.

3. Trade-off between speed and performance using cache.
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Results of GRITLM’s RAG

« Caching Performance

Match CPU Latency (s, J) GPU Latency (s, |) Storage ()
(0-shot, 1) Sample A Sample B Sample A Sample B
No RAG | 2100 | 43%0.36 13.69+1.0 | 024+£0.04 0.38+0.04 | 0GB
Query then document prompt
RAG 30.50 11.64 £0.74 14.88+0.87 | 0.39+£0.02 0.40+0.02 43GB
Query Caching 25.46 1830+0.76 6.87+0.89 | 0.44+0.03 0.27 £ 0.02 43GB

Query-Doc Caching 21.63 512023 6.62+0.97 | 0.27+£0.03 0.29+0.01 30TB
Document then query prompt

RAG 30.47 14.18 £1.01 15.33+£0.87 | 0.39+0.01 0.4+0.01 43GB
Doc Caching 33.38 525+034 2323+1.05 | 0.27+£0.03 0.45+0.02 30TB
Doc-Query Caching 18.39 523+0.37 6.41£096 | 0.26 =0.03 0.27 + 0.02 30TB

- Task: NQ(Natural Questions)
- Model: GRITLM 7B

1. The RAG model outperforms the baseline(=no RAG).
Caching Queries and Documents’ performances are mismatched.

3. Trade-off between speed and performance using cache.
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Conclusion

« GRIT model unifies the tasks of embedding and generative.

« From this approach, the model provides us with 3 advantages

- : performance, efficiency and simplicity
- It leads the state-of-the-art models both at embedding and generative.

« There are some limitations

- Requires more compute to pre-train with 2 different objectives
- On RAG wit GRITLM, Naive caching approach can make compute easier but it's a performance tradeoff.

Natural Language Processing Lab.,
Hanyang University.
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