Entriever: Energy-based Retriever for Knowledge-Grounded Dialog Systems
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Motivation

» Traditional retrievers assume conditional independence of
knowledge pieces, ignoring inter-dependencies. This leads to
redundant retrievals or missing critical information (e.g.,
price-flow package constraints) .

» In unlabeled data, the knowledge base (KB) is unavailable,
making traditional methods unable to accurately compute
retrieval probabilities, thus limiting semi-supervised dialog

system performance .

Key Innovation

» Holistic Modeling via Energy Function: Treats candidate retrieval

results (combinations of knowledge pieces) as a whole, calculating
relevance scores through an energy function Ug (¢, Uy, &) to model

inter-piece dependencies directly.
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» Residual Energy Design: Constructs a residual form p

exp(—Upy) based on traditional retrieval distribution p**©

training difficulty.

Yucheng Cai, Ke Li, Yi Huang, Junlan Feng, Zhijian Ou
Speech Processing and Machine Intelligence (SPMI) Lab, Tsinghua University, China Mobile Research Institute, China

/Knowledge Pieces Prob
1.flow: 1GB (V) 0.996
2.price: $8 (X)) 0.912
‘ Can you find a cheap mobile plan that 3.call: 20min (X) 0.896
has IGB f|OW? oooooo . f ------
QO.pnce: S18 (V) 0.3@
(a) Traditional retriever
The cheapest plan with 1GB flow is @ssible retrieval results | Sco%
$18, which has 60 min phone call. You 1.flow: 1GB,price: $18,call: 60min (V'{ ) 50.0
can also choose the 28S plan with 120 2.flow: 1GB,price: $28,call: 120min (\-" ) 48.6
min phone call or the 38$ plan with 3.flow: 1GB,price: $38,call: 240min (V) 47.3
240 min phonecall. | e
\10.flow: 1GB,price: $8,call: 20min (X) 31.2/

(b) Entriever (energy-based retriever)

Experiment Set up

Datasets: 4 TOD Datasets with Evaluation metrics:

Extensive Knowledge Interaction
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» In-Car (English) BLEU (dialog)

» Woz2.1 (English)
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» Sampling Methods
» Importance Sampling (IS)
» Metropolis Independence Sampling (MIS)

Retrieval Pipeline:

» Retrieval Inference Flow: Viterb1 algorithm, to generation K
candidates from the 2"V choices

» Semi-supervised Application
Weights for unlabeled data:

exp(—Us(ct,ut, &) X py - (relee, us, &)
o (Eelce, ug, ¢)

Allowing for scoring pseudo knowledge without KB
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Residual Structure: Joint-acc
improved by 4.5%, significantly
enhancing stability

Candidate number K: K=16
balances performance and
computation

Setting Joint-acc  Inform F1 Config  Joint-acc Inform Precision Recall F1

Dual-encoder (Karpukhin et al., 2020b) 65.60 32.17 0.563 K =4 76.02 39.33 0.7162  0.5376 0.6142

Cross-encoder (Cai et al., 2023) 73.15 3595  0.589 K=8 7673 4070 0.7054  0.5580 0.6231
" Entriever (Non-residual, MIS) 76.94  31.89 0.593 g = ;g %% z-g‘g ggigg 82332 gg%

Entriever (Non-residual, IS) 72.19 32.22  0.596 _ : : : : :

Entriever (Residual, MIS) 76.67 39.81 0.620

Entriever (Residual, IS) 77.21 4245 0.628

Conclusion

> Contributions:

» Apply energy-based language model to retrieval, modeling
candidate retrieval results holistically
» Extensive experiments demonstrate the efficacy of the
energy-based retrieval model, and its potential in improving
semi-supervised dialog system
» Limitations: BERT-based retriever can be substituted by LLM
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