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Motivation

Long-Context is still challenging for Large Language Models

[ Action History J—»%
Common approaches to addressing the long-context challenge: s
[ o2 :Vlultl Agent ]_.‘@ m J
e SSM, Transformers with Recurrence, Linear Attention S8 Interaction é

= Can't be combined with best LLMs
e Agents that Knowledge Graphs

. Long Documents . . .

= Slow inference for long context processing
e Multi-step RAG and RAG agents
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Q-RAG: Main Idea

Main Idea:

(D
e Train Embedder instead of LLM to multi-step search s
= search query
tasks — <
e Search queries are generated directly in embedding =] —>| Embedder LLM
: >
space — @ matched chunks S
e Formulate multi-step RAG as an MDP =

Long context | :I | = | ‘ = |




Q-RAG: retrieval as RL problem

Multi-step retrieval as RL problem:

e State: query + retrieved information.

e Actions: chunks available for retrieval

e Reward: 1.0 if all required chunks are found
e Termination: exausting retrieval budget
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Q-RAG: Training

We train embedders to approximate Q-function with Inner product beween state
embedding and chunk embedding:

<E8(S;91)7Ea(a'i7i;02)> — QO(Saa’i) ~ Q*(Saai)



Q-RAG: Training

We train embedders to approximate Q-function with Inner product beween state
embedding and chunk embedding:

<E8(8;91)7Ea(a'i77:;02)> — QO(Saa’i) ~ Q*(Saai)

NCE training: (s,a) — semantic similarity
Q-value approximation: (s,a) — usefulness of a given query s = prompt(q,a;_1...,a9)
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Q-RAG: Training

We train embedders to approximate Q-function with Inner product beween state
embedding and chunk embedding:

<E8(8;91)7Ea(a'i77:;92)> — QO(Saai) ~ Q*(Saai)

NCE training: (s,a) — semantic similarity
Q-value approximation: (s,a) — usefulness of a given query s = prompt(q,a;_1...,a9)

Max entropy value functions that encourage exploration:
Q"(s,a) =r(s,a) + vV (s' = p(s,a))
VW(S) — anw(-\s) [QW(‘S’ a’) — 1Ogﬂ-(a"8)]

6.2



Q-RAG: Training

We train embedders to approximate Q-function with Inner product beween state
embedding and chunk embedding:

<ES(S;91)7Ea(a'i7i;92)> — QO(Saai) ~ Q*(Saai)

NCE training: (s,a) — semantic similarity
Q-value approximation: (s,a) — usefulness of a given query s = prompt(q,a;_1...,a9)

Max entropy value functions that encourage exploration:
Q"(s,a) =r(s,a) + vV (s' = p(s,a))
VW(S) — anw(-\s) [QW(‘S’ a’) — alogw(a\s)]

Given @y, the chunk selection probability is computed using a Boltzmann policy:

1
exXp — St. Q) —
p Q (Qle( ty t) q) , where ¢ = max QO(St,G)
D aca, €XP 5 (Qo(st,a) — q) ac A,

m(a|s;) =
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Q-RAG: Architecture

Additional Q-RAG Details:

Q-RAG Agent

e PQN Backbone:
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Relative Positional Encoding

Q-RAG assigns each candidate chunk a
continuous relative position p;(3):

pe(i) = jo + ¢

’ g
bj_|_1 - b] q

where b; < ¢ < bj i1 51

bj - closest retrieved chunk to the left

bj11 - closest retrieved chunk to the right

(Ey(s), Eq(a)) = <E5(s), R, i) Ea(ai)>

e ROPE + p;(7) is used to rotate chunk 207

embeddings E
e encodes position within the document and
relative to retrieved chunks

1 — bj 20 1

s1 = [query, chunk#40]

Relative positional value p(i), #chunks=50, S;=[40], 6=10, /=8
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Results: BabiLong

Lo- BabiLong QA1-QA5 Babilong QA3: three supporting facts
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BabiLong is commonsense and temporal reasoning benchmark for ultra-long contexts

e Q-RAG achieves state of the art performance (from 128k to 10M tokens)
e The gap is bigger on harder tasks like (QA3)



Results: RULER

RULER benchmark:

Single-needle

Multi-keys
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Results: Open Domain QA

Results on Open-Domain QA Table 2: Comparison of methods on HotPotQA and Musique benchmarks. Bold text and underline
denote the best and second best scores respectively.

e Competitive results on HotPotQA

, HotPotQA \ Musique (OOD) \ Avg
an d M u S I Q ue Methods Fact F1 Fact EM Ans F1 Ans EM ‘ Fact F1 Fact EM Ans F1 Ans EM ‘ Ans F1 Ans EM
e Cheaper training than LLM fine- Finetuned on HotPotQA
tunin gm ethods Plan Q-RAG 095 091 076 060 | 069 053 051 036 | 0.64 048
_ Q-RAG 093 08 076 059 | 071 055 052 037 | 0.64 048
e Faster inference than Beam ¥ Beam-Retriever 097 094 077 061 | 061 036 040 027 | 059 044
: ¥ Search-rl 081 066 065 052 | 071 055 051 039 | 058 046
Retriever and Graph based methods RAGLRL 0sr . 0es 065 orr | oss

*Multi-step RAG w.o. FT  0.73 0.54 0.65 0.50 0.51 0.30 0.40 0.27 0.53 0.39

Zero Shot methods

¥ GraphReader — — 0.46 0.24 - — 0.40 0.20 0.43 0.22
¥ Single step RAG - - 0.53 0.39 - - 0.28 0.17 0.41 0.28




Training and Inference Cost

Q-RAG fine-tunes only the retriever/embedder Sabllond ference fme (UG8 ey
and keeps the answering LLM frozen. /,,-"’/ - 55552:::::{::,1‘12?1
e Main experiments fit on a single A100-80GB f—\ T
GPU gloz
e Fine-tuning of one embedder model takes :
around 12 hours
e Faster inference than Beam Retriever and
Graph based methods T L
GPU
Multi-step RAG methods Memory for fine-tuning
Q-RAG A100-80GB x1
Beam Retriever A100-80GB x1
Search-R1 H100-80GB x8

RAG-RL H100-80GB x8




Conclusion

Fine-tuning the embedder for multi-step retrieval is cheaper than LLM
Competitive Quality on Open Domain QA

State of the Art on BabiLong and RULER

The main bottleneck is dependence on support-chunk annotations

An open question for future work:

e can generated data or LLM-based rewards remove
dependence on support-chunk annotations?
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