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1. Generative Representational Instruction Tuning
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METHODOLOGY

~

Given a scientific paper title, retrieve the Representational
paper's abstract Instruction Tuning

Bitcoin: A Peer-to-Peer Electronic Cash System

/ ﬂ 0.42, 1.52, -0.01..
Generative
If an obscure legal term is given as the Representational
query, fetch text from law books or legal Instruction 6.61, -1.681, 6.45.
databases that can help explain the term. Tuning
celestial res nullius y f&ure, here is the )

blog post.
GRIT It was August the
16th when I
arrived at Lake

\_ Kawaguchi from.. /

recent hike of Mt. Fuji at midnight.

[ Please write me a blog post about my

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.




METHODOLOGY

Representation Generation
Mean Pooling Language Modeling Head
A A
4 N - \
g A <s><|user|>
<s><|user|> ' '
{instruction} {instruction}
<|embed]|> <|assistant|>
{sample to represent} {response}</s>
\ Yy, <|user|>..




METHODOLOGY

*GRIT Training

Lrep = — lo EXp ™0 (fo(q"). fo(d™))) « E5 Dataset
Z S exp( - o folg®), fo(dD)))

+ 7|& embedding & Loss2t 5

LGen = ZlﬂgP fon(@)| fo.,(z(<Y)) « Tulu 2 Dataset

. 7|= Generative 22 Loss?2} =&

LGriT = )\Rep—aRep + AGenLGen




EXPERIMENTS

*Embedding Performance

Task (—) CLF Clust. PairCLF Rerank Retrieval STS  Summ. | Avg.

Metric (—) Acc. V-Meas. AP MAP nDCG  Spear. Spear.

Dataset # (—) 12 11 3 4 15 10 1 56
Proprietary models”

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 53.5 43.2 13.2 574 19.7 40.5

Mistral 7B Instruct | 67.1 34.6 59.6 44.8 16.3 63.4 259 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 | 73.1 447 86.6 573 49.3 83.1 32.3 61.8

BGE Large 0.34B | 76.0 46.1 87.1 60.0 54.3 83.1 316 | 642

ES Mistral 7B 78.5 50.3 88.3 60.2 56.9 84.6 314 66.6

GRITLM

Gen.-only 7B 65.4 32.7 54.2 43.0 13.7 60.2 21.1 41.2

Emb.-only 7B 78.8 51.1 87.1 60.7 57.5 83.8 30.2 66.8

GRITLM 7B 79.5 50.6 87.2 60.5 574 83.4 304 66.8

GRITLM 8x7B 78.5 50.1 85.0 59.8 55.1 83.3 29.8 65.7




EXPERIMENTS

* . . _
Generative Performance p () MMLU GSMS8K  BBH TyDi QA HumanEval Alpaca | Avg.
Setup (—) 0 FS 8 FS,CoT 3FS,CoT 1FS,GP OFS 0 FS, 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 25 30.2 94 9.8 0.0 13.3
SGPT BE 5.8B 244 1.0 0.0 22.8 0.0 0.0 8.0
Zephyr 7B 3 58.6 28.0 449 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 52.0 25.0 48.9 56.5 18.3* 0.0 33.5
Llama 2 70B 64.5 55.5 66.0 62.6 29.9¢ 0.0 46.4
Llama 2 Chat 13B 53.2 9.0 40.3 32.1 19.67 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 50.4 34.0 48.5 46.4 24.51 73.9 46.3
Tiilu 2 13B 55.4 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 44.1
Mixtral 8x7B Instruct | 68.4 65.0 55.9 243 53.5 94.8 60.3
GRITLM

Emb.-only 7B 23.5 1.0 0.0 21.0 0.0 0.0 7.6
Gen.-only 7B 7.5 52.0 554 56.6 34.5 754 55.2
GRITLM 7B 57.6 57.5 54.8 554 32.8 74.8 55.5
GRITLM 8x7B 66.7 61.5 70.2 58.2 53.4 84.0 65.7




EXPERIMENTS

*Analysis

MTEB DS () | No Rerank  Rerank top 10 Train DS (—) E5S MEDI?

ArguAna 63.24 64.39 MTEBDS(]) | OFS 1FS | OFS 1FS

ClimateFEVER 30.91 31.85 Banking77 88.5 883 | 88.1 879

CQADupstack 49.42 50.05 Emotion 528 510 | 525 519

DBPedia 46.60 47.82 IMDB 950 939 | 943 922

FiQA2018 59.95 60.39 —

HotpotQA 79.40 80.46 SprintDup. 93.0 949 | 952 957

NFCorpus 40.89 41.23 TwitterSem 81.1 779 | 768 73.9

NQ 70.30 71.49 TwitterURL 874 87.1 | 859 86.1

MSMARCO 41.96 42.47

QuoraRetrieval 89.47 88.67 ArguAna 63.2 517 | 535 532

SCIDOCS 24 41 24.54 SCIDOCS 244 197 | 255 255

SciFact 79.17 79.28 AskUbuntu | 67.3 64.7 | 66.6 66.0

TRECCOVID 74.80 75.24

Touche2020 27.93 28.41 STS12 | 77.3 780 | 766 735

Average 574 579 SummEval | 304 295 | 29.1 315
Reranking with GRITLM Few-shot embedding does not work



EXPERIMENTS

*Ablations

Representation

Mean Pooling
A

Attention Emb Attention Gen

Pooling

Emb

Gen

[nstruction Sample Instruction  Sample
Embedding Only
Causal Wmean 60.0 -
Causal Bidirectional Mean 61.0 -
Bidirectional Mean 61.8 -
Generative Only
Causal - 55.2
Bidirectional Causal - 50.7
Unified
Causal Causal Last token | 61.2 53.0
Causal Causal Wmean 62.8 528
Bidirectional Causal Mean 64.0 529

Attention and Pooling ablations

Bidirectional Attention
Generation

Language Modeling Head

A
4 A

Causal Attention



1. Generative Representational Instruction Tuning

*Caching

Traditional RAG Query Caching
1st Cache:
To slow down your speed Reuse query [TO slow down your Speecl]
of aging, you can.. representation of aging, you can..
+ for retrieval ’ ’
Generative Model J GritLM ]

) )

'

-

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

How to prevent aging? ] How to prevent aging? ]

" \,

-

Technological and lifestyle factors
may influence an individual’s

longevity. Cellular reprogramming.. | :
g Query-Doc Caching
Reuse query To slow down your speed
representation of aging, you can..

for retrieval ’

[ Embedding Model ] GritLM ]
* . + 2nd Cache: Reuse document
[ How to prevent aging? ] How to prevent aging? ] key-value states for generation




1. Generative Representational Instruction Tuning

*Caching Results

Match CPU Latency (s, ) GPU Latency (s, }) Storage ()
(0-shot, 1) Sample A Sample B Sample A Sample B
No RAG | 21.00 | 43x0.36 13.69+1.0 | 024+0.04 0.38£0.04 | 0GB
Query then document prompt
RAG 30.50 11.64+0.74 1488 +0.87 | 0.39+0.02 0.40+0.02 43GB
Query Caching 25.46 18.30+0.76 6.87+0.89 | 0.44+0.03 0.27 = 0.02 43GB
Query-Doc Caching 21.63 512+£0.23 6.62+097 | 0.27+£0.03 0.29+0.01 30TB
Document then query prompt
RAG 30.47 1418 +£1.01 1533+£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 6412096 | 0.26 £0.03 0.27 £ 0.02 30TB

Caching storage and Latency time



Conclusion
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2. Context Embeddings for Efficient Answer Generation in RAG
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2. Context Embeddings for Efficient Answer Generation in RAG

*Abstract & Introduction COCOM (%rs) .
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2. Context Embeddings for Efficient Answer Generation in RAG

Context Emb. 1 Context Emb. 2 Answer
—{ Question }— 000 00--@
When did Jung begin
crafting the record that
peaked on South i i
Korea's Gaon Album COCOM
chart? L T e T . S I e S S S SO S S m s .
) ’ : Compressor : : Decoder
p . x
Retrieval ¢ P ‘ﬂ' ______________________________________________ : " ( S
LY 7
/.-—'-'___'_‘--._\ T
\"“'--_.___._--"/ .[ Model Prompt ] ..................................
Collection {_Context 1 | [ 00---0 ]@[ 000 ] | 000 ]
The mini-album
e E] ........... * .......................................................
hree on South e e it
\""‘-—-——-“"’/ I(chrea's national : I
Gaon Album Chart. Question . Query Embeddings D LLM

— - :
TDD 5 contexts Section:Backgroun

i

|

|

|

: . Context Embeddings tﬂ' LoRA tuned

. : |

Jung began crafting crafting the record that I O Input Tokens @ Concatenate

|

|

|

|

|

|

Reranking d and recording. When did Jung begin
the record in March peaked on South
2017. In midst of a Korea's Gaon Album
break while .... | ) chart? COCOM Compressor = Decoder

COCOM-light Compressor = BERT

L . L




METHODOLOGY

*COCOM Inference
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Section:Backgroun !
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METHODOLOGY

*COCOM Pre-training 1

E = gf)cgmp(x'lp X2, .. ,IT)

L(OLLM, Pcomp) = — Z log Pg,, (Xt | & %1, .+, X1-1)

IrEzY
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1%
z|>

*COCOM Pre-training 2
X = {xp,x2,....,xr}  Xa={x1.x2.x;}  Xp={xj41.....x7}

LOLLM, feomp) == ), logPy,,, (xt | peomp(Xa),x1, ..., x1-1)

erXH
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1
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1
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METHODOLOGY

*COCOM Fine-tuning

L(OLLM, Pcomp) = — Z log Po, ;a0 (re | Ig go 115725 - - - T —1)
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Retrieval ‘ O e i ' g _______________________________________________
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Collection Context 1 i | 000 |@[ 000 (000 |
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RESULTS

*Main Results

Decoder Method Compression rate (&) Dataset

NQ TriviaQA  HotpotQA ASQA PopQA  Average

- AutoCompressor [4]* x4 0.000 0.000 0.000 0.000 0.000 0.000

% ICAE [8] X 4 0.210 0.592 0.184 0.222 0.290 0.300
& xRAG [3]*

N Mistral-7B-v0.2  x 128 0.184 0.622 0.185 0.182 0.199 0.274

Mixtral-8x7b  x 128 0.265 0.744 0.239 0.292 0.318 0.372

RAG* (no compression) - 0.597 0.883 0.500 0.622* 0.514 0.623

. LLM" (without context) - 0.359 0.708 0.264 0.546 0.199 0.416

= ‘:\:Ix COCOM-light (ours) X 4 0.539 0.849 0.409 0.601* 0.458 0.531

E B2 X 16 0.492 0.823 0.367 0.565 0.385 0.526

g % x 128 0.444 0.794 0.321 0.550 0314 0.485

P § COCOM (ours) X 4 0.554 0.859 0.430 0.609 0.474 0.585

X 16 0.539 0.852* 0.426" 0.602* 0.465 0.577

x 128 0.511 0.835 0.378 0.585"* 0.391 0.540

COCOM-light = Compressorg BERT 2= &&5t11 XS EF7] 2[5 Projection layer 7t



RESULTS

*Computational Efficiency

Model ¢ Decoding Time GPU Mem. GFLOPs

Mistral-7b-v0.2 (ms) (GB)

RAG (no compr.) - 1064 18.1 25031

LLM (no context.) - 159 14.1 607

COCOM (light) 4 371 (x 2.87) 15.1 (x 1.20) 7016 (x 3.57)
16 213 (X 5.00) 14.4 (X 1.29) 2465 (x 10.16)
128 187 (X 5.69) 14.2 (x 1.27) 1138 (x 22.00)

AlZh 2ef, gad 2R =52 4

-1 - O

=

Compressor & Time (h) Index size (TB)
COCOM 89 6.06

16 77 1.51

128 73 0.19
COCOM-light 4 1 6.06

16 1 1.51

128 1 0.19

24m Context =2t



*Ablation
Model £ NQ ASQA
k=1 k=5 k=1 k=5
COCOM 4 0.499 0.554 0.558 0.609
16 0.491 0.539 0.541 0.602
128 0.482 0.511 0.544 0.585
Docl| £AtE =0|H d&5 7}

Ablation Datasets

NQ ASQA

COCOM-light (baseline) 0.444 0.550
w/0 pre-training 0.423 0.524
pre-training on FineWeb 0.427 0.545
w/o tuning decoder 0.353 0.438
COCOM (baseline) 0.519 0.585
w/o0 pre-training 0.490 0.565
pre-training on FineWeb 0.503 0.581
w/o tuning decoder 0.421 0.521

Ablation study
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3. PISCO: Pretty Simple Compression for RAG

*Abstract & Introduction SR *
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3. PISCO: Pretty Simple Compression for RAG
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Training

*SKD
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Experiments & Result

*Main Results

Compression rate ASQA HotpotQA NQ TriviaQA POPQA Average

Decoders with no compression

Mistral-7B - 0.74 0.51 0.69 0.92 0.70 0.71
Llama-3.1-8B - 0.71 0.50 0.65 0.90 0.68 0.69
Solar-10.7B - 0.75 0.55 0.71 0.93 0.71 0.73
Compression Models
XxRAG-mistral-7BT (Cheng et al., 2024) x128 0.34 0.27 0.32 0.77 0.33 0.40
AutoC01’11]}res.50ﬁ3t (Chevalier et al., 2023) x4 0.57 0.31 0.35 0.70 0.24 0.43
ICAE? (Ge et al., 2023) x4 0.47 0.29 0.42 0.78 0.43 0.48
DODO? (Qin et al., 2024) x10 0.52 0.38 0.48 0.82 0.47 0.53
COCOM (Rau et al., 2024b) x16 0.63 0.46 0.58 0.89 0.48 0.61
PISCO - Mistral® (Ours) x16 0.72 0.48 0.65 0.90 0.66 0.68
PISCO - Mistral (x128) (Ours) x128 0.68 0.46 0.61 0.89 0.55 0.64
PISCO - Llama (Ours) x16 0.72 0.50 0.64 0.91 0.66 0.69
PISCO - Solar (Ours) x16 0.78 0.57 0.70 0.94 0.71 0.74




Experiments & Result

*Main Results

Pairwise evaluations with gpt-4o0
COCOM wins

PISCO wins
POPQA 62.3%
ASQA 63.7%
HotpotQA 51.2%
TriviaQA 72.1%
NQ 55.1%
PISCO wins Tie
POPQA 30.6%
ASQA 35.0%
HotpotQA 35.5%
TriviaQA 26.1%
NQ 29.7% 40.4%

GPT 405 &%t Answer Quality Evaluation

Mistral-7B wins

Model
Mistral-7B 11231
PISCO-Mistral 2803

PISCO-Mistral (x128) 2312

Computational efficiency

GFlops Time(s) Max batch size



Experiments & Result

*Analysis of Training Data and Tasks

0.7 4

=]
=]
|

Accuracy

0-49 Mistral
PISCO - Mistral
0.3 - PISCO - Mistral (with pretraining)
1Ik 5rk lllr]k lﬂlﬂk 21.‘:Dk 45TD|<

Number of fine-tuning samples

PreTraining= &Sl = 450k samples 0|2 2= &

Needle-in-haystack success (%)

After pre-training
Fine-tuning on raw labels
Distillation

Needle in haystack taskOj Af Tt fine-tuningO| A Ij



Experiments & Result

*Analysis of Training Data and Tasks

Teacher
mw Llama-3.1-70B b Llama-3.1-8B e SOLAR-10.7B
e Yi-1.5-34B e Mistral-7B No distillation .74
071071071071
L 0.68 0.68
’3. 0.64 0.65 064064 0.65
0.62
(18]
1-3— 0.60
o 0.58 .58
J
<

PISCO-Llama PISCO-Mistral PISCO-Solar

Teacher and Labels Quality




Experiments & Result

*Generalization Evaluation

NQ HotpotQA
0.70
0.55 —
> 0.65
(]
0 0.50 —
e
= 0.60
O
@] 0.45 -
< 0.55
PISCO - sola
0.50 Solar " 0404
[I) 1IO 2IO 3I0 4|0 5|0 (I] 1|0 2I0 3|0 4|0 5I0
Number of documents Number of documents

Increasing the num of documents



Experiments & Result

*Generalization Evaluation

RobustQA Multilingual QA
Dataset Bi10-QA Covid ParaphraseRC Lifestyle Writing Science Recreation Tech | FR KO  RU
Metric Recall F1 Accuracy Fl F1 Fl Fl1 F1 recall-3gram
Llama 0.26 0.17 0.48 0.25 0.23 0.25 0.25 0.23 | 0.56 0.28 0.47
PISCO - Llama 0.24 0.12 0.38 0.28 0.27 0.26 0.26 0.26 | 0.54 024 0.44
Mistral 0.27 0.13 0.49 0.28 0.27 0.26 0.25 0.25 | 057 0.26 040
PISCO - Mistral ~ 0.26 0.11 0.38 0.28 0.27 0.26 0.25 0.26 | 0.52 0.17 0.35
Solar 0.28 0.14 0.50 0.28 0.27 0.26 0.26 0.25 | 0.59 0.20 0.52
PISCO - Solar 0.29 0.10 0.47 0.29 0.28 0.25 0.25 0.26 | 0.60 0.16 0.48

Out of domain & Multilinguality
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4. HEGA - Hybrid Embedding-to-Generation Architecture

| Embedding Vector
______ J_ . I (1, embedding dimension)

( B

. Embedding Layer '
' (0 ~ L layer)




4. HEGA - Hybrid Embedding-to-Generation Architecture

| Embedding Vector
I (1, embedding dimension)




4. HEGA - Hybrid Embedding-to-Generation Architecture

*Training

Training Step 1 - Embedding Training Step 2 — Generation




4. HEGA - Hybrid Embedding-to-Generation Architecture

*Step 2 Training

| Embedding Vector
I (2, embedding dimension)

-_— .




4. HEGA - Hybrid Embedding-to-Generation Architecture

*Step 1 Training Experiments

Qwen2.5-0.5B : 24 Layer

« 1 ~ 24Layer”tX| Pruning= ZI&3}0] Last Token=2 embeddmgoi ArE5td, S et
OIO|E Al(nlpai-lab/ko- “triple et-v1.0)0| M St=5H0] = S LayerO A ZEE C}
AN O*OfE 28ct ds= A = U=A| &2

1 epoch / 5e-5 Learning rate / 4096 Batch size / 1024 max length

A 6000 4%0j|A 5& Z&



Train loss (log scale)

4. HEGA - Hybrid Embedding-to-Generation Architecture
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