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Abstract

This paper presents initial research aimed at increasing accuracy and consistency of LLM responses by capturing
cases from LLM reasoning and reusing them as context for future LLM queries. This approach gives LLMs a simple
memory mechanism for lifelong learning from feedback and provides a practical form of retrieval augmented
generation (RAG) that does not require a preexisting dataset. We implemented case-based processes with two
different levels of feedback, tested them with multiple LLM models, and evaluated their accuracy on problems
from the Massive Multitask Language Understanding benchmark. Our experiments suggest that capturing LLM
cases and feedback for RAG reuse is a promising approach for improving LLM performance over time.
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1. Introduction

As LLMs have gained prominence, interest has grown in enhancing their processing with memory
capabilities from case-based reasoning [1, 2]. This paper proposes capturing cases containing queries,
responses, and feedback during LLM processing to provide to the LLM as context when solving similar
future problems. This process can be seen as a form of retrieval-augmented generation [3] based on
LLM problem-solving experience. We hypothesize two potential benefits of such an approach: first,
increasing system accuracy, and, second, supporting solution consistency, by biasing the LLM toward
solutions similar to those provided in the past. Increased consistency could in turn contribute to solution
predictability, supporting trust [4].

This approach exploits the natural learning process of CBR for a form of LLM lifelong learning
without retraining the LLM. Consistent with CBR, and in contrast to LLM training, the case learning is
inertia-free. In contrast to standard RAG, which requires a preexisting database, this approach enables
the LLM to gather its own set of cases describing past solutions. Because it can gather and reuse
information about both successes and failures, it can exploit the ability of CBR to anticipate and avoid
failures [5]. Even when feedback is not available, information about past solutions could potentially
increase the consistency of LLM solutions.

This paper describes an initial algorithm for this approach and evaluates an implementation on
three collections of problems drawn from the Massive Multitask Language Understanding (MMLU)
dataset [6]. For the tests, LLMs are augmented with a module that captures the problem, solution, and
feedback as a case to store. For subsequent similar problems, the most relevant prior case is retrieved
and provided as context to the LLM. The provided feedback is simple—simply whether a solution
is correct or incorrect—to minimize burden on the user. The evaluation shows that even under this
constraint, the tested LLMs are often able to perform better with the case-based component.

When an LLM provides erroneous information, rather than simply capturing and storing that case,
the feedback can be provided to the LLM immediately, as an opportunity for additional processing.
The paper also tests multi-round feedback situations, in which initial feedback of a problem prompts
subsequent LLM processing, which itself receives feedback. Experimental results support that in many
cases, even a single round of feedback improves performance, but multiple rounds do not provide
consistent benefit.
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2. Related Work

Integrations of CBR with LLMs have prompted much interest (See Bach et al. [1].) Most relevant to
this paper is work on bringing CBR-inspired memory capabilities to LLMs [2], on exploiting cases for
RAG [7], and on providing cases to LLMs as a knowledge source for LLM reasoning [8].

Multiple approaches for integrating CBR with LLMs have been proposed in the literature. For example,
Feng et al. [9] propose starting from a small number of seed cases and gradually building a case base by
integrating expert insight, generating synthetic cases with LLMs, and crowdsourcing feedback. Hatalis
et al. [10] propose an algorithm for integrating CBR with LLMs for agentic goal solving. Wilkerson
and Leake [8] study implementation of CBR with LLMs in a medical triage classification domain, and
Regulagedda et al. [11] test an LLM-based CBR implementation in a math domain, with particular focus
on the comparative performance of implicit versus explicit case adaptation. Wiratunga et al. [7] explore
the use of case-based reasoning to enhance the RAG step of LLMs for legal cases by retrieving context
from past cases using LLMs, which is used to augment the query.

Gan et al. [12] present an approach to visual decision-making in driving scenarios, based on retrieving
cases that are then adapted by an LLM. Dannenhauer et al. [13] explore how case-based reasoning can
be used to modify a user’s prompt iteratively in a code generation context by retrieving past examples
of code, generating code, and either storing cases when positive feedback is provided from the user, or
reweighing the cases in the event of negative feedback. Guo et al. [14] also apply CBR to generate test
scripts for software engineering. Some studies have experimentally shown performance improvement
with case learning. For example, Guo et al. [15] apply a CBR cycle for automating a data science
workflow, with demonstrated improvement over iterations.

An important characteristic of CBR is the ability to learn from explaining failures [5]. For tasks such
as code generation, complex feedback on flaws with generated solutions is automatically provided
with error reports, and can be exploited by a CBR system. However, such feedback is not necessarily
available in other task domains and may require multiple attempts. This paper explores whether simple
and limited feedback is sufficient to improve performance over time in situations where multiple rounds
of feedback may be infeasible.

3. The PRIM Case Capture and Reuse Algorithm

This section describes our basic algorithm, which we call Prior Response and Interaction Memory
(PRIM). Given a problem, a previous case is retrieved based on the semantic similarity between the
current problem and the past problem of the case. Each case includes a previous problem, the LLM’s
previous response, and feedback to the response. If the feedback is negative, the LLM is prompted to
add an explanation for why it was incorrect (cf. research on LLM error recovery [16]). The LLM is
instructed to use the previous experience and provided feedback to inform its current situation, an
implicit directive towards case adaptation [8].

In the single feedback mode, every question-response-feedback chain is stored as a case, indexed
by the original question (see Section 5 for implementation details). If the response was incorrect, an
explanation message generated by the LLM will be appended to the chain before storage.

In double feedback mode, PRIM executes an extra step to allow an opportunity to provide a second
answer if the first is incorrect, using the prompt shown in Table 1. Responses that are correct on the
first attempt are stored as a question-response-feedback chain while responses that are correct on
the second attempt are stored as a question-response-feedback-response-feedback chain. In double
feedback mode, only cases with a correct answer in the first or second response are stored for retrieval,
with the original question as key. The process is shown in Algorithm 1.

As an illustration, one of the problems in the MMLU History dataset refers to a text passage from
U.S. President Johnson’s veto of the Reconstruction Acts, which he describes as tyrannical. The first
question asks which of four twentieth-century political positions is most similar to the passage. When
the question is presented to the LLM (for this example, gpt-4.1-nano), it incorrectly selects Joseph
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Algorithm 1 PRIM
1: Q « Problems
2: C « {}
3: mode € {single, double}
4: for all g; € Qdo
5: if |C| > 0 then > Build context h around retrieved case

6: ¢ < RETRIEVECASE(g;, C)
7: h « c.append(ADDPROMPT(g;))
8: else
9: h < [AppPromrT(g;)]
10: end if
11: h.append(QUERYLLM(h)) > Query LLM and append response to the context
12: if IsCorrECT(q;, GETANSWER(h)) then > Add feedback depending on the response
13: h.append(AFFIRMATIVE())
14: INDEXCASE(C, GETCASE(h, success, single))
15: continue
16: end if
17: h.append(REcovERYPROMPT(mode))

18: h.append(QUERYLLM(h)) > Either make 2nd attempt or add explanation, depending on mode
19: if mode == double then

20: if ISCORRECT(q;, GETANSWER(h)) then

21: h.append(AFFIRMATIVE())

22: INDEXCASE(C, GETCASE(h, success, double))
23: end if

24: else

25: INDEXCASE(C, GETCASE(h, fail, single))

26: end if

27: end for

Welch’s opposition to Senator McCarthy. When prompted to recover from this error, it instead selects
Justice Murphy’s dissent in Korematsu v. United States, explaining that it missed protection of individual
rights as the core position when considering the dissent. This interaction was stored in a new case.
This case was later retrieved as relevant to another question on the same passage from President
Johnson’s veto, which asked which president wrote the passage. Given the retrieved case, the passage
was correctly identified as from Johnson, given the stored prior analysis of the passage’s stance on
authority and oppression, which the LLM connected to Johnson’s personal opinions. The question was
not correctly answered by the baseline system, which assumed that the passage referred to Jackson’s
rhetoric on the Bank of the United States. In this instance, providing the case recovery information
appeared to encourage the LLM to focus on power over individuals, not the economy, to rule out the
Jackson passage.

4. Experimental Questions
To investigate the benefit of capturing cases for RAG reuse, the experiment addresses two questions:

RQ1 How does case capture and reuse as LLM context affect LLM accuracy, in single-round, limited-
information feedback situations?

RQ2 How does an additional round of feedback affect LLM accuracy?
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Single, correct Single, incorrect Double, correct
User | Please answer the follow- | Please answer the follow- | Please answer the follow-
ing multiple choice problem | ing multiple choice problem | ing multiple choice problem
carefully. Think step by | carefully. Think step by | carefully. Think step by
step. step. step.
[QUESTION] [QUESTION] [QUESTION]
LLM | [ANSWER] [ANSWER] [ANSWER]
User | Yes, that is correct. No, that is incorrect. Can | No, that is incorrect. Can
you reason why? you reason why and provide
a new answer? Think step
by step.
LLM [EXPLANATION] [ANSWER]
User Yes, that is correct.

Table 1
Conversation case templates for (1) LLM first response correct, (2) LLM first response incorrect, in single feedback
mode, and (3) LLM second response correct, in double feedback mode.

Subject order (descending) | # of problems
history | high_school_european_history | 687
high_school_us_history
high_school_world_history
science | high_school_biology 750
high_school_chemistry
high_school_physics
math high_school_mathematics 548
high_school_statistics

Table 2
The order of subjects and total number of problems given for each problem set. Problems within each subject
are simply ordered by the database default.

5. Experimental Setup

Evaluation Dataset: Both variants of PRIM were evaluated on the MMLU benchmark, a standard
dataset for evaluating LLM accuracy on multiple choice questions [6]. The dataset spans 57 tasks, of
which we focused on three subsets collecting similar topics: history with 687 questions, grouping high
school US history, European history, and world history, science, with 750 questions, grouping high
school biology, chemistry, and physics, and math, with 548 questions, grouping high school mathematics
and statistics. In our tests, problems are solved by the LLM one subject category at a time. Within
each subject, the subtopics for each topic are solved in the order listed in Table 2. For each subtopic,
problems are solved in the default order provided by the MMLU benchmark.

LLMs Tested: To cover a mix of open source and proprietary LLMs, six models were tested: gpt-3.5-
turbo, gpt-4.1-nano, Llama-3.1-8B-Instruct, Llama-3.1-70B-Instruct, Qwen2.5-32B-Instruct, and phi-4
[17, 18, 19]. All open source models were downloaded from their official HuggingFace repositories.
Indexing and Retrieval: In order to generate embeddings for all of the problems, the HuggingFace
implementation of bge-small-en-v1.5 was used with Sentence-BERT and retrieved using the L2-norm
distance with FAISS [20, 21, 22].

The Feedback Model: In order to represent a form of limited feedback, the LLM is only informed that
its response is either correct or incorrect, with no added information.

Accuracy Criterion: The LLM is only considered correct if it provided the correct answer in the first
response, even in the double feedback condition. The second response in the double feedback condition
is not considered during evaluation, but is included in the context used when retrieved later as a case.
Evaluation Baseline: The accuracy of PRIM is compared to a baseline of the accuracy of each LLM on
the same prompts, without case retrieval.
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gpt-3.5-turbo gpt-4.1-nano
Baseline | Single | Double Baseline | Single | Double
history | 78.6 80.3 81.2 history | 82.1 85.0 83.7
science | 66.9 64.3 71.9 science | 83.3 85.6 88.1
math 61.9 62.8 64.1 math 83.0 87.4 90.7
Llama-3.1-8B-Instruct Llama-3.1-70B-Instruct
Baseline | Single | Double Baseline | Single | Double
history | 76.9 82.1 81.8 history | 89.1 90.5 90.0
science | 67.5 68.4 70.7 science | 86.5 86.5 87.1
math 58.0 60.9 63.9 math 82.3 82.5 82.3
Qwen2.5-32B-Instruct phi-4
Baseline | Single | Double Baseline | Single | Double
history | 88.8 90.4 89.4 history | 88.2 88.9 88.7
science | 89.6 89.6 89.9 science | 91.6 91.1 91.2
math 89.8 90.7 91.6 math 78.8 90.9 91.1

Table 3

Accuracy results for tested LLMs for single-feedback, double-feedback, and baseline conditions. Bold in
the single feedback mode column indicates statistically significant higher accuracy than the baseline,
and bold in the double feedback mode column indicates statistically significant higher accuracy than
the single feedback mode (p < 0.05). ltalicized and bold numbers indicate highly significant results
(p <0.01).

6. Results

To establish statistical significance for results, McNemar’s test was used to test whether the set of
answers produced by the single feedback mode was significantly different from the baseline, and if
the set of answers produced by the double feedback mode was significantly different from the single
feedback mode, by creating a contingency matrix between the problems solved correctly and incorrectly
between each configuration. McNemar’s test was chosen because, as a paired test, it accounts for
problem order.

Table 3 presents accuracy results for each combination of dataset, feedback condition, and LLM,
with statistically significant results (p < .05) shown in bold. Italicized and bold numbers indict highly
significant results (p < 0.01). These results respond to the first experimental question, RQ1, supporting
the benefit of capturing and reusing cases as LLM context for certain models and certain problem
sets. Figure 1 visualizes results for one of the single-feedback combinations, single feedback with
gpt-4.1-nano on the history problem set, illustrating the benefit of ongoing learning. Performance
mostly mirrors the baseline for the first few questions before diverging and exceeding the baseline as
more relevant cases are stored and retrieved over time.

In response to RQ2, in four trials there is a significant difference between the single feedback mode
and the baseline, but there are only three trials in which the double feedback mode is significantly better
than the single feedback mode. In addition, there are six trials in which the accuracy actually decreases
when using the double feedback mode over the single feedback mode. These drops are not statistically
significant, so more study is needed. However, the results could suggest that there are only marginal
benefits to using multiple rounds of feedback with PRIM and in some cases, can actually be harmful to
performance. It is possible that this might be because the second chance to answer provides too much
extraneous information, resulting in the case misleading the LLM when it is retrieved. Alternatively, it
is possible that the focus on storing only successful cases in the double feedback mode is excluding
certain negative cases that are useful as retrieved cases.

On the history problem set with gpt-4.1-nano as the LLM, the double feedback mode underperformed
the single feedback mode. Manual analysis shows that out of a total of 687 questions, there were
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Figure 1: Cumulative number of correct answers for the baseline and single feedback CBR with gpt-4.1-nano on
the history problem set.

23 questions that the baseline missed but the CBR system with double feedback answered correctly.
Given that in aggregate the double feedback mode only answered 11 more questions correctly than the
baseline, this shows that the double feedback mode may cause the LLM to make mistakes not present
in the baseline.

7. Limitations

This study provides a simple first demonstration. One limitation is that the system uses a simple retrieval
approach, which may limit its ability to retrieve the most relevant cases. The evaluation itself focuses
on a few domains, for answering multiple-choice questions, and uses a limited range of LLMs; tests
with additional datasets—and datasets with different characteristics and requiring richer answers—and
additional LLMs would give a stronger assessment of generalizability.

8. Conclusions and Future Work

This paper proposes augmenting LLMs with a memory component to capture query-response cases
with feedback, furnishing a growing case base of contextual information for RAG. It presents the PRIM
algorithm for this process, and an initial evaluation on test datasets drawn from the MMLU benchmark.
The evaluation suggests that PRIM can improve performance over time even with simple feedback,
generating a useful case base of contextual information for RAG, without requiring an external curated
dataset. The evaluation also tested providing the feedback immediately to the LLM for a second round of
processing, with the unexpected result that multiple rounds of feedback may not improve performance.
This is an area for future study.

Broadening the scope to additional tasks and more open-ended responses would be a natural next step,
as would testing for agentic tasks with richer potential failure feedback. Additional work is required to
understand the best methods for retrieval and indexing LLM success and failure cases. The approach
also relies on LLM reasoning about its own failure, so future research could explore different methods
for eliciting the most informative explanations, or how to integrate relevant external information into
the explanation generation process.

Interestingly, although most of the LLMs tested only show significant improvement with CBR systems
on certain problem sets, gpt-4.1-nano shows significant improvements across all domains. Reasons
for this are unclear, but it is possible that LLMs could be trained or tuned specifically to reason about
mistakes or better use provided feedback. This is another possible avenue for future work. Another
broad question is comparison of this case-based approach to fine-tuning the LLM using captured answers
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[23]. CBR contrasts in providing inertia-free learning; it would also be interesting to compare accuracy,
computational costs, and data requirements.

The experiments in this paper focus solely on accuracy benefits. However, we hypothesize that case
capture for RAG reuse can increase response consistency, supporting user trust, even in the absence
of feedback. In open-ended tasks with a range of solutions, case capture could also provide a form of
personalization, as the responses favored by a user in the past influence those generated by the LLM in
the future. Ramifications for consistency and personalization are an interesting area for future research,
as is the effects of both on user trust and satisfaction with LLM responses.

Finally, we note the opportunity for an approach in which captured cases for sufficiently similar
queries are used to directly solve queries to the LLM when possible, replacing LLM processing with
CBR, thus bypassing expensive LLM processing. In that approach, would CBR serve as a case-based
intelligent component, wrapped around another system and learning from its behavior, as proposed by
Riesbeck [24]. This is an interesting potential extension.
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