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Fine-Tuning or Retrieval?

Comparing Knowledge Injection in LLMs
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Figure 1. A visualization of the knowledge injection framework.
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Table 1. Results for the MMLU datasets described in Section 4.1 in terms of log-likelihood accuracy (Equation (4)).

Task Model Base model Base model + RAG  Fine-tuned Fine-tuned + RAG
Mistral 7B 0.556 0.681 0.570 0.659
Anatomy (0-shot) Llama2 7B 0.393 0.489 0.430 0.489
Orca2 7B 0.607 0.637 0.600 0.637
Mistral 7B 0.600 0.681 0.622 0.674
Anatomy (5-shot) Llama2 7B 0.467 0.563 0.496 0.548
Orca2 7B 0.570 0.659 0.593 0.674
Mistral 7B 0.625 0.678 0.651 0.697
Astronomy (0-shot) Llama2 7B 0.401 0.467 0.487 0.520
Orca2 7B 0.645 0.750 0.651 0.750
Mistral 7B 0.658 0.724 0.651 0.697
Astronomy (5-shot) Llama2 7B 0.401 0.474 0.447 0.520
Orca2 7B 0.664 0.763 0.664 0.743
Mistral 7B 0.681 0.757 0.701 0.764
College biology (0-shot) Llama2 7B 0.438 0.493 0.458 0.465
Orca2 7B 0.583 0.639 0.604 0.632
Mistral 7B 0.722 0.778 0.736 0.771
College biology (5-shot) Llama2 7B 0.451 0.521 0.424 0.479
Orca2 7B 0.604 0.660 0.625 0.653
Mistral 7B 0.470 0.500 0.490 0.500
College chemistry (O-shot)  Llama2 7B 0.310 0.380 0.390 0.390
Orca2 7B 0.370 0.440 0.370 0.390
Mistral 7B 0.470 0.540 0.500 0.500
College chemistry (5-shot)  Llama2 7B 0.370 0.380 0.360 0.390
Orca2 7B 0.430 0.470 0.370 0.380
Mistral 7B 0.713 0.750 0.719 0.731
Prehistory (0-shot) Llama2 7B 0.448 0.481 0.457 0.478
Orca2 7B 0.642 0.679 0.673 0.673
Mistral 7B 0.722 0.762 0.725 0.762
Prehistory (5-shot) Llama2 7B 0.515 0.531 0.503 0.537

Orcal 7B 0.664 0.698 0.667 0.694
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Figure 2. Box plot comparing all knowledge-injection methods
over all experiments in Table 1.
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Table 2. Current events results. Models that were fine-tuned on the original dataset are labeled as FT-reg, while those trained on the dataset
with multiple paraphrases are labeled as FI-par.

Base model  Base model + RAG  FT-reg Fl-par Fl-reg + RAG  FT-par + RAG

Mistral 7B 0.481 0.875 0.504  0.588 0.810 0.830
Llama2 7B 0.353 0.585 0219 0392 0.326 0.520
Orcal 7B 0.456 0.876 0.511 0.566 0.820 0.826
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Figure 4. Model accuracy on the current events task as a function
of the number of paraphrases.
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