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Abstract

Most retrieval augmented generation pipelines rely on a fixed retrieval configuration across tasks,
despite the fact that different reasoning problems benefit from distinct retrieval depth, granularity,
and timing. This work introduces task aware retrieval selection mechanisms that adapt retrieval
behavior to the characteristics of each query and downstream objective. We design a two level
controller: a query level policy network that predicts retrieval depth, document granularity, and
whether to perform single shot or iterative retrieval, and a step level policy that can trigger additional
retrieval based on intermediate model uncertainty. Both policies are parameterized by lightweight
transformers that consume query embeddings, preliminary generation traces, and calibration
features such as entropy and self consistency variance. We train the policies with an off policy
contextual bandit objective using logged interactions from 1.2 million queries covering factoid QA,
multi hop reasoning, and code explanation tasks. When plugged into a standard RAG pipeline with
a 13B language model, the task aware mechanism improves overall Exact Match by 3.7 points and
reasoning success rate by 5.4 points on StrategyQA, HotpotQA, and GSMS8K style synthetic math QA,
while reducing average retrieval calls by 18.2%. Detailed analysis shows that the policy learns to
avoid unnecessary retrieval for simple questions and to allocate more retrieval budget to
compositional and numerically intensive problems.

Keywords: task aware retrieval; large language models; bandit optimization; reasoning; adaptive
retrieval strategy

1. Introduction

Large language models (LLMs) are widely used in question answering, coding assistance, and
mathematical reasoning, yet many tasks still rely on information that is not encoded in their internal
parameters. Retrieval-augmented generation (RAG) addresses this limitation by enabling models to
access external documents during inference [1]. Recent work in scientific, medical, and educational
applications shows that RAG improves factual accuracy and reduces unsupported statements, but it
also reveals that different tasks benefit from different retrieval configurations, including the number
of documents retrieved and the timing of retrieval within the reasoning process [2]. Most existing
RAG systems nonetheless apply a single fixed retrieval configuration to all inputs. They typically rely
on one top-k value and a fixed passage length, following a “retrieve-once-then-generate”” workflow.
Although this approach works for simple queries, it becomes unreliable for tasks that require multi-
step reasoning or dynamically evolving information needs. Several benchmark analyses show that
fixed retrieval rules frequently miss essential evidence or introduce excessive text that distracts the
model and disrupts the reasoning chain [3]. To mitigate these failures, recent studies explore adaptive
or task-aware retrieval mechanisms. Some methods leverage task descriptions to guide the selection
of relevant documents and demonstrate that retrieval behavior varies with user intent [4]. Other
approaches introduce self-monitoring, where the model inspects its intermediate outputs and
requests additional retrieval when signs of uncertainty appear [5]. A complementary development is
the emergence of context-reconstruction modules such as the plug-in reconstructor proposed in [6],
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which shows that reorganizing and rewriting retrieved evidence before generation can substantially
reduce hallucination. Additional adaptive retrieval strategies rely on confidence-based triggers that
skip retrieval for simple inputs while activating it for more complex ones [7]. Bandit-based
approaches treat retrieval decisions as actions and learn policies that maximize accuracy while
controlling retrieval cost [8]. Related work on document routing and task-aware optimization in
LLM-database pipelines similarly reports that adaptive retrieval improves both answer quality and
computational efficiency [9,10]. Despite these advances, several open problems remain. Many
adaptive retrieval systems modify only a single retrieval factor—typically top-k—without
coordinating other important decisions, such as retrieval depth, passage size, or retrieval timing [11].
Most approaches also depend solely on static query features and fail to incorporate signals that arise
during generation, such as entropy changes, disagreement across self-consistent samples, or shifts in
partial reasoning steps. Generalization is another challenge: models trained on narrow datasets often
struggle in mixed workloads that combine fact-based queries, multi-step reasoning, and code
explanation tasks [12]. Reasoning benchmarks further illustrate why dynamic retrieval is necessary.
StrategyQA consists of short queries requiring implicit multi-hop reasoning, making it difficult to
determine retrieval needs in advance [13]. Multi-step math benchmarks such as GSM8K show that
irrelevant retrieved documents can break the reasoning chain, indicating that selective retrieval at
intermediate steps is essential for maintaining coherent reasoning trajectories [14,15]. A growing
body of research highlights the importance not only of making retrieval decisions adaptively, but
also of managing the structure and quality of retrieved context. Studies of context organization
demonstrate that poorly structured or excessively long contexts can distort reasoning, even when
retrieval is accurate. Context reconstruction, evidence rewriting, and span-level filtering have shown
promise in stabilizing model behavior and reducing hallucinations by ensuring that retrieved
information is presented in a more consistent and interpretable form. These findings imply that
retrieval and context organization should be treated as integrated processes, particularly for tasks
involving multi-step reasoning.

This study examines task-aware retrieval selection for large-scale reasoning. We introduce a
two-level controller that adapts retrieval behavior at both the query level and the step level. At the
query level, a policy selects retrieval depth, passage size, and whether retrieval occurs once or across
multiple rounds. At the step level, a second policy triggers additional retrieval when intermediate
signals—such as entropy, variance across self-consistent samples, or early reasoning traces—indicate
elevated uncertainty. Both controllers employ lightweight transformers and take as input the query
embedding, partial-generation outputs, and simple calibration signals. The system is trained using
an off-policy contextual bandit objective with 1.2 million logged interactions covering factoid QA,
multi-hop reasoning, and code-explanation tasks. When integrated into a 13-billion-parameter RAG
pipeline, the proposed framework improves exact-match accuracy, increases reasoning success rates,
and reduces unnecessary retrieval calls. These results demonstrate that retrieval decisions can be
shaped jointly by query characteristics and intermediate reasoning signals, offering a practical path
toward more efficient, more adaptive, and more reliable RAG systems.

2. Materials and Methods

2.1. Study Dataset and Task Composition

This study uses a dataset of 1.2 million queries collected from three major task categories: factual
question answering, multi-step reasoning, and code-related explanation tasks. The queries come
from public benchmarks and anonymized service logs. Each query includes the original text, the
retrieval results, and the model’s prior outputs. The dataset shows large variation in length and
structure, ranging from short factual prompts to long reasoning chains. All samples were screened to
remove incomplete entries and duplicated traces. After cleaning, the final dataset reflects a broad
range of reasoning patterns needed to train task-aware retrieval selection policies.
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2.2. Experimental Setup and Baseline Systems

To examine the effect of adaptive retrieval, we compare the proposed method with two baseline
systems. The first baseline uses fixed retrieval settings: a constant retrieval depth, uniform passage
size, and a single retrieval stage before generation. The second baseline uses iterative retrieval but
without any task-aware adjustment. The proposed system includes a two-level controller that can
adjust retrieval depth, choose passage size, and decide when to request additional retrieval. All
models share the same retriever and the same 13B language model. This design ensures that the
comparison focuses on retrieval behavior rather than differences in model capacity. Each system is
evaluated under identical conditions, including hardware, memory limits, and batch scheduling.

2.3. Evaluation Procedures and Quality Checks

For each query, the system records the retrieved documents, intermediate reasoning steps, and
the final answer. Accuracy is measured using Exact Match and task-specific success rates. All
experiments are repeated three times with different seeds to reduce the effect of random variation.
Queries that produce inconsistent logs or missing retrieval records are examined and rerun when
needed. During policy training, gradient updates are checked for abnormal values, and early
stopping is applied to avoid overfitting. Retrieval outputs are stored separately in a controlled format
to maintain consistent evaluation. These steps ensure that all model comparisons are based on
reproducible and reliable data.

2.4. Data Processing and Model Equations

Before policy training, each query is converted into embeddings using the base language model.
Intermediate signals such as entropy, token variance, and step counts are extracted from generation
traces. These features serve as inputs to the policy networks. We use two simple equations to
summarize model behavior.

The first equation is a regression model describing the relationship between retrieval depth and
answer accuracy [16]:

A=ap+a;d+e,
where A is the accuracy, d is retrieval depth, and ¢ is the error term.

The second equation defines the retrieval cost per correct answer:
R

A_C/

where R is the number of retrieval calls and 4, is the number of correct answers. This measure
helps compare systems that reach similar accuracy but differ in retrieval use. All processing steps
follow fixed preprocessing rules to maintain consistency.

2.5. Policy Training and Optimization Strategy

The retrieval-selection policies are trained using an off-policy contextual bandit approach. Logged
interactions provide the reward signals without requiring new retrieval calls during training. The
policies are implemented as lightweight transformer modules with reduced hidden dimensions.
Training batches mix queries from all task categories to prevent bias toward one type of reasoning. A
replay buffer is maintained to retain rare long-form queries, which are important for learning when
deeper retrieval is needed. Training continues until validation performance stabilizes. After policy
convergence, all systems are tested on a held-out set that mirrors the distribution of the training queries.

3. Results and Discussion

3.1. Overall Performance and Retrieval Cost

Across all datasets, the task-aware retrieval method improves both accuracy and retrieval
efficiency. When combined with the 13B model, Exact Match rises by 3.7 points, and reasoning
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success increases by 5.4 points on StrategyQA, HotpotQA, and GSM8K-style math tasks. At the same
time, the average number of retrieval calls falls by 18.2%. These results show that changing retrieval
depth and timing for each query is more useful than using one fixed rule.
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Figure 1. Diagram of the task-aware retrieval process and its main steps.

3.2. Differences Across Task Types

The improvements vary across task categories. For StrategyQA, the controller often selects
shallow retrieval for simple questions and deeper retrieval for questions that contain hidden
reasoning steps. For HotpotQA, which needs information from multiple places, the controller tends
to use longer passages and allows retrieval at more than one point in the reasoning process. This
helps the model keep important facts that link different parts of the question. For GSM8K-style math
questions, the controller usually turns retrieval off for short arithmetic problems but uses retrieval
when the question includes unfamiliar terms or extra factual information. Similar task-dependent
patterns have been reported in other RAG systems tested on mixed workloads in QA and scientific
domains [17,18].

3.3. Retrieval Use and Policy Decisions

We also examine how the two-level policy uses retrieval. The query-level policy sets an initial
retrieval depth and passage length based on the expected difficulty of the query. The step-level policy
then adds or skips retrieval according to uncertainty measures such as entropy and variation across
sample outputs. For questions in the easiest group, more than 60% require no retrieval beyond the
first call. For harder questions, this share drops below 25%, and the controller often adds one more
retrieval step during the middle of the reasoning process. This pattern agrees with observations from
earlier RAG applications in health and safety studies, where retrieval is used only when internal
signals show that more evidence is needed [19].

Step 1. The question-answer pairs Step 2. The development of Q&A system Step 3. The performance evaluation
> theramr? retrzevalA > The Naive RAG based Q&A » The testing database: Q&4 pairs
» Information extraction
 Title, abstract and main text > %:erzdvance d RAG based 0&A : Correciness
* Literature vector indexing An.?wer Relevance
*  Multi-index retrieval system > Faithfulness

» the generation of > Context relevance

question-answer pairs

Figure 2. Relation between retrieval use and answer accuracy across different settings.
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3.4. Comparison with Related Methods and Limitations

Compared with recent adaptive retrieval approaches, the proposed method offers a simpler and
more flexible structure. Bandit-based systems choose from a small set of fixed retrieval options and
do not adjust retrieval during reasoning. Other methods depend on multi-stage retrieval graphs that
are harder to extend when new tasks appear [20]. In contrast, our method uses compact transformer
policies and a single set of shared features, allowing both depth and timing to change within the same
model. The results show clear gains with only a small number of extra parameters. However, several
limits remain. The method still depends on the quality of the top-ranked retrieved documents, and
performance may drop if the retriever returns mostly irrelevant content. In addition, the policies are
trained on a fixed set of tasks, and applying them to new domains may require additional data or
adaptation. Future work may focus on improving retriever quality, allowing cross-domain transfer,
and designing better uncertainty signals for step-level control.

4. Conclusion

This study introduces a retrieval method that adjusts to the needs of each query and each step
of reasoning. The results show steady gains in accuracy and a clear reduction in retrieval use when
compared with fixed retrieval rules. The two-level design allows the model to use shallow retrieval
for simple questions and to request more information only when the reasoning indicates a lack of
evidence. These findings suggest that retrieval should be treated as part of the reasoning process
rather than a single action taken before generation. The approach can support applications in search
assistance, educational tools, scientific writing, and code understanding, where tasks vary in
structure and difficulty. However, the method still depends on the quality of retrieved documents,
and it may not work well when the retriever provides mostly irrelevant or noisy text. In addition, the
policies are trained on a limited set of tasks, so applying them to new domains may require further
tuning. Future work may explore better retrieval quality, transfer across domains, and improved
signals for detecting uncertainty during reasoning.
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