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Challenges Encountered in RAG for Conversational Agents
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Challenges Encountered in RAG for Conversational Agents

 Challenges 2: the redundancy in natural language impairs the retrieval system

» Decreasing the retrieval recall.

» Complicating the extraction of key information
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(a) Retrieval recall v.s. compression rate:
#tokens after compression
#tokens before compression *

retrieved segments. Retriever: BM25.
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(b) Retrieval recall v.s. compression rate:

#tokens after compression
#tokens before compression *

retrieved segments. Retriever: MPNet.
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(c) Similarity between the query and
different dialogue segments. Blue: releve
segments. Orange: irrelevant segments.
Retriever: MPNet.



SeCom

A system constructs memory bank at segment-level and applies compression-based denoising on memory unit

Conversation Segmentation Model:
v' Segments a conversation session into several segments.

v" Lightweight models, such as Mistral-7B and even RoBERTa-scale models can perform segmentation well.
Compression-Based Memory Denoising:
v Employ LLMLingua-2 to compress the memory unit before retrieval.
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Experiments | Main Results

SeCom outperforms all baseline approaches and exhibits greater robustness of the retrieval system.

Methods | QA Performance | Context Length
. | GPT4Score BLEU Rougel Rouge2 RougeL BERTScore | # Turns # Tokens
Experimental Setup LoCOMO
. Zero History 24.86 194  17.36 372 13.24 85.83 0.00 0
» Datasets: LOCOMO, LOﬂg -MT-Bench+. Full History 54.15 626 2720 1207 22.39 8806 | 21034 13330
Turn-Level (BM25) 65.58 705  29.12 1387 2421 88.44 4982 3,657
Turn-Level (MPNet) 57.99 607 2661 1138 2160 88.01 5477 3,288
. ) . Session-Level (BM25) 63.16 745 2929 1424 2429 88.33 5588 3,619
° Segmentatlon Models: GPT-4, Mistral- Session-Level (MPNet) 51.18 522 2423 933 19.51 87.45 5388 3471
SumMem 53.87 287 2071 6.66 16.25 86.88 - 4,108
7B—Instruct—v0.3, RoBERTa-based model RecurSum 56.25 222 2004 836 16.25 86.47 - 400
ConditionMem 65.92 341 2228 7.6 17.54 87.23 - 3,563
MemoChat 65.10 676  28.54 1293 2365 88.13 - 1,159
SECOM (BM25, GPT4-Seg) 71.57 8.07 3140 1630 2655 88.88 5552 3,731
. SECOM (MPNet, GPT4-Se 69.33 719  29.58 1374 2438 88.60 5551 3,716
* Response Models: GPT-35-Turbo, ( i
SECOM (MPNet, Mistral-7B-Seg) 66.37 695 2886 1321 2396 88.27 5580 3,720
. SECOM (MPNet, RoBERTa-Seg) 61.84 641 2751 1227 2306 88.08 5632 3,767
Mistral-7B-Instruct-v0.3 2
Long-MT-Bench+
Zero History 49.73 438 1869  6.98 13.94 84.22 0.00 0
Full History 63.85 751 2654 1287 2076 85.90 6545 19,287
o i . - Turn-Level (BM25) 82.85 1152 32.84 1786  26.03 87.03 3.00 1,047
Retrievers: BM2 5’ MPNet-based. Turn-Level (MPNet) 84.91 1209 3431 1908  27.82 86.49 3.00 909
Session-Level (BM25) 81.27 1185 3287 1783 2682 87.32 1335 4,118
Session-Level (MPNet) 73.38 889 2934 1430 2279 86.61 1343 3,680
o H . i _ SumMem 63.42 784 2548 1061  18.66 85.70 - 1,651
Baselines: Full H |story, Turn IeveI, RecurSum 62.96 717 2253 942 16.97 84.90 - 567
. . ConditionMem 63.55 782 2618 1140  19.56 86.10 - 1,085
Sess|on—|evel and four Strong basehnes, MemoChat 85.14 1266  33.84 19.01 26.87 87.21 - 1,615
SECOM (BM25, GPT4-Seg) 86.67 12.74 3382 1872  26.87 87.37 2.87 906
SECOM (MPNet, GPT4-Seg) 88.81 1380 3463 1921  27.64 87.72 2.77 820
SECOM (MPNet, Mistral-7B-Seg) 86.32 1241 3437 1901 2694 87.43 2.85 834
SECOM (MPNet, RoBERTa-Seg) 81.52 1127 3266 1623 2551 86.63 2.96 841




Pairwise Comparison & Human Evaluation

O Pairwise Comparison (GPT-4 Judge)

Ours- WIN TIE LOSE Ours- WIN TIE LOSE
SumMem | 58.86% 18.97% 22.18% Zero History | 82.15% 9.21%8.65%
Ours- WIN TIE LOSE Ours- WIN TIE LOSE
RecurSunm | 50.49% 24.55% 24.97% Full History | 52.72% 22.04% 25.24%
Ours- | WIN TIE LOSE Ours- | WIN TIE LOSE
ConditionMem 45.05% 25.52% 29.43% Turn-Level 45.19% 26.22% 28.59%
Ours- | WIN TIE LOSE Ours- | WIN TIE LOSE
MemoChat 44.21% 23.85% 31.94% Session-Level 43.38% 23.85% 32.78%
0% 20% 40% 60% 80% 100% 0% 20% 40% 60% 80% 100%
Rate (%) Rate (%)
O Human Evaluation
Methods \ Coherence Consistency Memorability Engagingness Humanness Average
Full-History 1.55 1.11 0.43 0.33 1.85 1.05
Sentence-Level 1.89 1.20 1.06 0.78 2.00 1.39
Session-Level 1.75 1.25 0.98 0.80 1.92 1.34
ConditionMem 1.58 1.08 0.57 0.49 1.77 1.10
MemoChat 2.05 1.25 1.12 0.86 2.10 1.48
COMEDY 2.20 1.28 1.20 0.90 1.97 1.51
SECOM (Ours) \ 2.13 1.34 1.28 0.94 2.06 1.55




Segmentation Evaluation

LLM-based segmentation outperforms unsupervised baselines.

Experimental Setup
» Datasets: DialSeg711, TIAGE and SuperDialSeg.

A s o o Dialseg711 SuperDialSeg TIAGE
WD/| FI1 Scoret | Pkl WD| FI1 Scoret| Pkl WDJ| FIT ScoreT| Pkl
Unsupervised
0.571 0.366 0.419  BayesSeg 0.306 0.350 0.556 0.614 [0.433 0.593 0.438 0.463 |0.486
0.488 0.204 0.363  TextTiling 0470 0.493 0.245 0.382 [0.441 0.453 0.388 0.471 |0.469
0.515 0.238 0.366 GraphSeg 0412 0.442 0.392 0.483 [0.450 0.454 0.249 0.398 [0.496

0.511 0236 0369  TextTiling+Glove | 0.399 0.438 0.436 0.509 |0.519 0.524 0.353 0.416 |0.486
0.556 0.218 0.340  TextTiling+[CLS]|0.419 0.473 0.351 0.453 |0.493 0.523 0.277 0.385 |0.521
0.439 0285 0426  TextTiling+NSP |0.347 0.360 0.347 0.497 {0.512 0.521 0.208 0.346 |0.425
0.506 0.181 0.341  GreedySeg 0.381 0.410 0.445 0.525 [0.490 0.494 0.365 0.437 |0.490
0.420 0427 0509 CSM 0.278 0.302 0.610 0.660 |0.462 0.467 0.381 0.458 |0.400
- - - DialSTART T 0.178 0.198 - - - - - - -

0.401 0.596 0.607 Ours 10.093 0.103 0.888 0.895 |0.277 0.289 0.758 0.738 | 0.363




Ablation Study

Removing the Compression-based denoising degrades the performance.

| LOCOMO | Long-MT-Bench+
Methods
| GPT4Score BLEU Rouge2 BERTScore | GPT4Score BLEU Rouge2 BERTScore
SECoM 69.33 7.19 13.74 88.60 88.81 13.80 19.21 87.72
— Denoise 59.87 6.49 12.11 88.16 87.51 12.94 18.73 87.44

Reason: (a) improving the retrieval recall (b) increasing the similarity between the
query and relevant segments while decreasing the similarity with irrelevant ones.
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You can find more details in

aka.ms/SeCom
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