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Optimization Objective

To inject context p into the model’s parameters, we aim to update the model such that, for any

Inquiry x and sentence s, though without access to p, it responds s with the same probability
as the original model given p.

Data for Context Injection

, , , Sentences unrelated to the context
Integrating small-scale experiences rapidly and « Sampled from RedPajama dataset

frequently is challenging. Two critical factors in = Used to maintain the model’s

Introduction

experiences.

Previous solutions embed experiences within
model parameters using continual learning,

on diverse, generated question-answer pairs
related to the context, between the predictions
of an original model (with access to context) and

\_

= Generated using LLMs
= Used to effectively inject the

context

assimilating these experiences are: original abilities. ., . \ P(s |+ p. 0) P(s |, 0) . \

(1) Efficacy: the ability to accurately remember . . , | N AN N ] ™
recent events: Question-answer pairs related to §" = arg min E, [KL Py(s | z,p) || P;(s | p)] ] . \ / G

(2) Retention: the capacity to recall long-past the context g (min KL |

To achieve this goal, the updated parameters 8’ minimize the KL divergence between the
predictions made using 8 (with access to context p) and those made using 8’ (without such
access).
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Recall@1 on the conversational recommendation task. r1, r2, r3, and r4 correspond to No
Filtering, Seen Items Filtered Only, OOV Items Filtered Only, and Both OOV and Seen Iltems

Filtered, respectively.

Average QA-F1 scores on the sequential context injection task. For each sequence, 20 contexts are
Injected one by one. The first column (step 0) represents the performance of the base model when
queried without any injected context. Each subsequent column (step i, where 1 < i< 20) shows the
model’s QA-F1 score on each of the contexts across all 20 contexts after i injection steps. The displayed
scores are the mean values averaged over all 50 sequences, demonstrating the model’s retention ability
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