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Abstract

Modern information systems, including many agentic workflows,
use dense retrieval to explore large amounts of unstructured data.
However, dense retrieval relies on surface-level semantic similarity,
which is insufficient for increasingly complex search applications.
Here, we investigate agentic retrieval that combines the reason-
ing capabilities of Large Language Models (LLMs) with the effi-
cient corpus exploration of retrievers in a ReAct agentic loop to
solve complex retrieval tasks. In our experiments, we show that
agentic retrieval is more effective than standard retrieval, improv-
ing nDCG@10 by 8.7 points using the same embedding model.
Moreover, while specialized retrieval methods struggle on out-of-
domain tasks, agentic retrieval is highly generalizable: the same
pipeline achieves competitive results on both the ViDoRe v3 and
BRIGHT leaderboards. However, this improvement comes at a cost.
On average, agentic retrieval takes 107.4 seconds, compared to 0.67
seconds for standard retrieval, and consumes 764.1K input and
5.8K output tokens per query. In short, our study demonstrates
the effectiveness of agentic retrieval in modern data systems and
motivates future work on more cost-efficient retrieval agents for
large-scale deployment. Code: https://github.com/NVIDIA/NeMo-
Retriever/tree/main/retrieval-bench
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1 Introduction

Many Al workflows, such as retrieval-augmented generation [11,
15] and DeepResearch [2], use information retrieval to process
massive amounts of unstructured data. With the growing popular-
ity of these applications, retrieval tasks are shifting from targeted,
well-defined search queries to high-level and abstract task descrip-
tions [2, 7]. For example, an agent given a math problem should be
able to retrieve potentially useful theorems based on the problem
description [16]. Here, we study agentic retrieval to address the
needs of complex and reasoning-intensive retrieval tasks!.
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The needs of these emerging retrieval tasks go beyond the capa-
bilities of standard dense retrieval, which relies solely on semantic
similarity represented by the cosine similarity between vector rep-
resentations of the query and documents [10]. In more complex
retrieval tasks, however, there may be limited surface-level seman-
tic similarity between a given query, such as a math problem, and
the relevant documents, such as useful mathematical theorems.
Instead, successfully completing these tasks requires higher-level
skills, including reasoning, such as searching over mathematical
theorems; knowledge of the dynamics of real-world systems, such
as retrieval of tool specifications; and iterative exploration, such as
in DeepResearch [2, 7, 16].

In this work, we investigate an agentic approach to information
retrieval that combines the capabilities of LLMs and dense retrievers
through a ReAct loop [19] to address the requirements of complex
retrieval tasks. Our agent inherits the reasoning skills and world
knowledge of LLMs while also being able to sift through a massive
corpus using lightweight dense retrievers. We evaluate our agent
on two dataset collections: ViDoRe v3 [12] for enterprise document
retrieval and BRIGHT [16] for reasoning-intensive retrieval tasks.
Our main findings are:

o Effectiveness of Agentic Retrieval. We show that agentic
retrieval is a promising approach for solving complex re-
trieval tasks. On average, our best agent achieves 8.7 points
better nDCG@10 than standard retrieval with the same
embedding model.

o Generalizability. Agentic retrieval generalizes effectively
across domains without any changes. While specialized
methods experience a significant drop in performance on
out-of-domain tasks, our agentic retrieval pipeline achieves
competitive results on both the ViDoRe v3 and BRIGHT
leaderboards without modification.

e Costs. In addition to performance, we study the costs asso-
ciated with agentic retrieval, in terms of additional compute.
We find that agentic retrieval incurs significantly higher
costs than standard dense retrieval, and further work is
needed before retrieval agents can be deployed at scale.

Our work provides empirical evidence that standard dense re-
trieval is insufficient for emerging retrieval applications and estab-
lishes agentic retrieval as a promising direction. We also discuss the
limitations of widespread adoption of agentic retrieval, primarily in
terms of cost and efficiency. We hope our results encourage future
work on agentic retrieval that addresses these limitations.

2 Retrieval Agent

The skills needed to solve information-seeking tasks effectively are
spread across two types of models. On one hand, LLMs possess
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Figure 1: Overview of our retrieval agent. Given a query, the agent iteratively invokes the think tool to reason and plan for
complex queries, the retrieve tool to explore the corpus, and finally final_results to return the top-k discovered documents

that are most relevant to the query.

significant reasoning capabilities and world knowledge, but they
struggle to handle massive corpora of millions of documents. On the
other hand, retrievers can easily sift through millions of documents,
but they are often small and lack extensive reasoning capabilities.
Prior attempts to combine these two model types often rely on static,
manually designed workflows. For example, in query rewriting,
an LLM is used to rewrite the original query into one or more
revised queries, which are then used as inputs to the retriever [8,
17]. This static design limits the autonomy and capabilities of the
final solution. For instance, in such designs, the LLM cannot refine
queries based on newly discovered information from the retriever.

To address this issue, we create NeMo Retriever Agent in which
the query is given to the LLM, and the LLM can then invoke the
retriever in a loop to explore the corpus as needed until it discovers
the necessary information (Figure 1). This design allows the LLM to
adapt its search strategy to each query and corpus, and to dynami-
cally decide when, how often, and with what queries the retriever
should be called. We implement this agent using a ReAct loop and
standard tool calling through JSON schemas [19]. Compared with
custom prompting templates, the ReAct loop makes the agent easier
to extend in the future by adding new tools, such as tools for using
different retrievers simultaneously, and also enables feedback to be
provided to the agent through tool outputs.

Specifically, our agent starts with a system prompt that explains
the goal of the task, namely discovering all relevant documents,
and describes each tool. The main query is provided in the first user
message. We also include the initial documents retrieved for the
original query by the dense retriever as part of the user message, and
ask the agent to find any missing documents. These initial retrieval
results avoid unnecessary search attempts and, more importantly,
allow the agent to understand the type of documents in the corpus,
such as math theorems or function descriptions, and adjust its
search strategy and subsequent queries accordingly. Finally, the
agent is provided with the following tools that it can use to solve
the task and report the results.

o Retrieve. The Retrieve tool takes a query and an integer k
as arguments. It is powered by a dense retriever and uses the

cosine similarity between query and document embeddings
to select the top-k documents most similar to the query and
returns them to the agent, along with their unique IDs.

e Think. The Think tool takes a string thought argument,
which allows the agent to generate additional tokens for
reasoning about complex queries or planning its search
strategy. The Think tool does not return any output or
change the environment.

e Final_Results. This tool allows the agent to report the re-
sults and terminate the interaction. It expects as input a list
of k document IDs that are most similar to the query, sorted
by relevance. If the agent selects the wrong number of doc-
uments, the tool returns an error and asks the agent to try
again. This tool also expects a second argument containing
the agent’s rationale for selecting these documents.

Reliability. Unlike dense retrievers, retrieval agents can fail for a
variety of reasons before selecting the final list of documents. Such
failures include exceeding the context window or raising content
violation errors. To improve reliability, in these cases, our pipeline
falls back to Reciprocal Rank Fusion (RRF). Specifically, when an
error occurs, we collect the ranked list of documents from each
search attempt before the error. We then use RRF to merge these
rankings and calculate a final score for each of these documents.

Infrastructure. Model Context Protocol (MCP) has emerged as
a standard method for exposing tools to LLMs [1]. However, in
our experiments, we find that for retrieval agents, where a limited
number of tools is called many times, MCP leads to compounding
overheads: each run requires spinning up a separate server, loading
corpus embeddings into GPU memory, and managing the lifecycle
of both client and server processes. Moreover, network round-trips
add latency to every retrieval call. To address these issues, we
replace the MCP server with a thread-safe singleton retriever that
lives in the same process as the agent. In this approach, the model
and corpus embeddings are loaded once, all access is protected by
a reentrant lock, and the same retrieve() interface is exposed
to several concurrent agents. This implementation eliminates an
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Table 1: Performance of agentic retrieval and standard dense
retrieval with different models.

Method LLM Embedding NDCG@10
ViDoRe v3

. Opus 4.5 colembed-vl-8b-v2 69.22

NeMo Ret:
€ ;)\geen;lever gpt-oss  colembed-vl-8b-v2 66.38
gpt-oss  llama-nemotron-1b 62.42
- colembed-vl-8b-v2 64.36

ieval
Standard Retrieval llama-nemotron-1b 55.83
BRIGHT

. Opus 4.5 llama-nv-reasoning-3b 50.79

NeMo Ret
€ Zg eenilever gpt-oss  llama-nv-reasoning-3b 41.27
gpt-oss llama-nemotron-1b 33.85
Standard Retrieval llama-nv-reasoning-3b 38.28
- llama-nemotron-1b 19.56

entire class of deployment errors and substantially improves GPU
utilization and experiment throughput.

3 Experiments
3.1 Setup

Datasets. We evaluate our pipeline on two benchmarks for com-
plex retrieval. First, we use ViDoRe v3 [12], a benchmark for enter-
prise document retrieval that spans six languages and 10 domains,
including finance, pharmaceutical, and government energy reports.
It also contains seven types of queries, such as extractive queries,
multi-hop queries, and queries requiring numerical reasoning. We
also evaluate on the BRIGHT benchmark for reasoning-intensive
text retrieval [16]. Across different domains, BRIGHT measures
complex reasoning skills, including logical deduction, code under-
standing, and mathematical reasoning.

Models. We evaluate our agent using Opus 4.5 as a capable propri-
etary model. We also experiment with gpt-0ss-120b? as a representa-
tive open-source model. For ViDoRe v3, we use the colembed-vl-8b-
v2 retriever? [4], a capable model for visual document retrieval. For
BRIGHT, we use llama-nv-reasoning-3b*, which is trained specifi-
cally for reasoning tasks. We also report results with the smaller
llama-nemotron-1b> model on both datasets.

3.2 Results

Table 1 reports the performance of agentic and standard retrieval
with different models. Across all cases, agentic retrieval outperforms
the same embedding model used in a standard retrieval pipeline.
This shows that our retrieval agent better understands the com-
plexity of the given queries and uses the embedding models more
effectively than standard dense retrieval pipelines. Our results also
emphasize the importance of reasoning capabilities in modern re-
trieval problems: using the best embedding model for each dataset,

Zhttps://huggingface.co/openai/gpt-oss-120b
3huggingface.co/nvidia/nemotron-colembed-vl-8b-v2
“huggingface.co/nvidia/llama-nv-embed-reasoning-3b
Shuggingface.co/nvidia/llama-nemotron-embed-vl-1b-v2
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Table 2: Performance of our agent and INF-X-Retriever [20]
on ViDoRe v3 and BRIGHT. We also report the performance
of standard dense retrieval as well as that of INF-X-Retriever
using the same embedding model as our agent. #1 and #2 are
leaderboard ranks on March 13, 2026.

Pipeline ViDoRe v3 BRIGHT
NeMo Retriever Agent (ours) 69.22 (#1)  50.90 (#2)
INF-X-Retriever 51.01 63.40 (#1)
INF-X + nemotron-colembed-vl-8b-v2 62.31 -
Dense only (nemotron-colembed-v1-8b-v2) 64.36 -

our agent with the stronger Opus 4.5 model achieves, on aver-
age, a 6.2 point higher nDCG@10 than the same pipeline with
gpt-0ss-120b. This performance difference is more pronounced on
the BRIGHT benchmark, which requires more extensive reasoning
skills, where the gap is 9.5 nDCG@10 points. In our investigation
on ViDoRe v3, we find that Opus 4.5 makes more search calls per
query, 9.2 on average, than gpt-oss-120b, which makes 2.4 calls on
average. This suggests that the limited exploration capabilities of
gpt-o0ss-120b may be one cause of the performance difference.

A particularly interesting finding is that the agent can partially
compensate for the limitations of the embedding model. Specifically,
the performance gap between weaker and stronger embedding mod-
els is much smaller in the agentic retrieval setup than in standard
retrieval with the same models: agentic retrieval reduces the perfor-
mance gap between embedding models with different capabilities
by almost half, 57%, on average. This is particularly important be-
cause embedding models are often kept very small to handle large
numbers of documents, which limits their capabilities.

3.3 Analysis

Generalizability. Agentic retrieval, with its dynamic search strat-
egy for each task, generalizes better to a wide range of tasks than
specialized retrieval systems. As of March 13, 2026, our retrieval
agent holds the #1 spot on the ViDoRe v3 leaderboard® and the
#2 spot on the BRIGHT leaderboard’. To put the generalizability
of agentic retrieval in context, we evaluate the #1 method from
the BRIGHT leaderboard, INF-X-Retriever [20], on the ViDoRe v3
benchmark and find that its performance is significantly lower than
that of our retrieval agent (Table 2). Moreover, we also evaluate their
pipeline using the same retriever that our agent uses. Although the
new embedding model improves its performance, the specialized
method for the BRIGHT benchmark performs even worse than
the standard retrieval baseline in this case. In contrast, the same
retrieval agent, without any changes, achieves competitive results
on both benchmarks, demonstrating that the agent’s dynamic adap-
tation provides genuine cross-domain generalizability.

Successful Search Patterns. The combination of the LLM’s reason-
ing skills and the iterative agentic loop leads to several recurring
search patterns that contribute to the agent’s success. Query Re-
finement: the agent dynamically refines and adjusts its subsequent

Chuggingface.co/spaces/vidore/vidore-leaderboard?tab=vidore-v3-pipeline
7 github.com/NVIDIA/NeMo- Retriever/blob/main/retrieval-bench/submissions/
bright_agentic.md
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Table 3: Average delay and costs of agentic retrieval on Vi-
DoRe v3 for each query.

Opus 4.5 gpt-oss-120b
Delay (sec.) 136.3 78.6
Input tokens 759.4k 768.9k
Output tokens 6.2k 5.4k

search queries based on newly discovered information. Persistent
Rephrasing: the agent persistently rephrases queries until it finds
useful information. Complexity Decomposition: the agent breaks
complex, multi-part queries into multiple simpler queries with clear
goals, which are easier for the embedding model to understand.

Costs. The performance gains of agentic retrieval come at a cost.
Table 3 reports the average costs of agentic retrieval for each query
in ViDoRe v3. While standard retrieval takes 0.67 seconds, agentic
retrieval takes 107.45 seconds per query on average. Moreover,
completing each query consumes 764.1k input and 5.8k output
tokens, which is an additional cost compared to standard retrieval.
The additional overhead of LLM inference is the main limitation of
agentic retrieval at scale. However, given the increasing complexity
of retrieval tasks and the ability of retrieval agents to address this
complexity, we hope our results encourage future work on more
efficient models and approaches for agentic retrieval.

4 Discussion

Our work offers several lessons for future work on data systems
that handle massive amounts of unstructured data.

Evolving applications of retrieval demand new approaches to re-
trieval. While standard retrieval based on semantic similarity works
well for narrow and targeted search queries, it is insufficient for
emerging retrieval applications in systems, such as RAG or Deep-
Research. These applications demand high-level skills, such as iter-
ative exploration and intermediate reasoning steps, that go beyond
what standard retrieval methods offer. Our work shows that agentic
retrieval is a promising approach for these more complex retrieval
tasks, and our results encourage future work in this direction.

The costs of retrieval go beyond embedding and index lookup.
Agentic retrieval introduces new dimensions to retrieval cost, namely
the number of reasoning steps and tokens consumed, which are
functions of query complexity and dynamic agent behavior. This
differs from standard retrieval, where costs primarily correlate with
the size of the search index and, therefore, the size of the corpus.
Thus, just as there are different methods for controlling costs as-
sociated with the search index, such as variants of approximate
nearest neighbor search [6], future work on agentic retrieval should
investigate similar capabilities for agentic retrieval, allowing users
to adapt token and reasoning costs to their specific applications.

More efficient and effective open-source models for agentic retrieval.
As shown in Table 1, the performance of open-source models notice-
ably lags behind that of proprietary counterparts. Moreover, unlike
general-purpose agents, the task for retrieval agents is clear, well
defined, and requires very specific skills, such as iterative explo-
ration. Taken together, we believe a promising direction for future
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work is to develop novel models for agentic retrieval that are more
effective than current open-source models and more efficient than
proprietary models like Opus 4.5.

Infrastructure and system design should adapt to the needs of the
target task. As evidenced by our migration from an MCP-based re-
triever tool to an in-process implementation, standard approaches
for agent development are not the best choice for all applications.
Another example is tool-calling patterns. Agents often make se-
quential tool calls one at a time, which aligns with the nature of
most real-world tasks. For retrieval, however, parallel tool calls, that
is, multiple search attempts in a single turn, are a better option and
can reduce the number of steps while potentially improving results
by providing more context for the next search attempt. We believe
such task-specific optimizations are key to creating effective and
efficient retrieval agents which are reusable across many systems.

4.1 Related Work

Retrieval methods have long been based on semantic similarity
between queries and documents as captured by their vector embed-
dings [10, 14, 18, 21]. Many works have also used LLMs to improve
this paradigm, for example by rewriting and improving the orig-
inal query [5, 8, 17]. However, this line of work still relies on a
static pipeline and does not fully take advantage of emerging LLM
capabilities, such as iterative reasoning and exploration. Agentic
retrieval, in contrast, goes beyond semantic similarity alone and
incorporates the agentic capabilities of recent LLMs in a dynamic
pipeline that adapts to the complexity of each query.

In another line of work, retrievers are frequently incorporated
as key components of modern agentic systems for solving specific
tasks, such as DeepResearch [2, 3, 9]. In these systems, the retrieval
method remains the same as before, while the goal is to have an
agent that can effectively use standard retrieval to solve a specific
task. Conversely, our goal is to make the retrieval task itself agentic
and to create a generalizable retrieval agent that can be reused as
the search component of many downstream applications.

5 Conclusion

In this work, we investigate agentic retrieval as a promising so-
lution for addressing the increasing complexity of retrieval tasks.
Since standard dense retrieval is based solely on semantic similarity
between query and document embeddings, we develop a ReAct
agent that uses standard retrievers to explore the corpus while
also using LLMs to provide the higher-level capabilities needed for
complex queries, such as reasoning and iterative exploration. Our
experiments on two complex benchmarks, ViDoRe v3 and BRIGHT,
show that agentic retrieval is better equipped to address this level
of complexity and significantly improves performance compared to
standard dense retrieval. Moreover, we show that agentic retrieval
is highly generalizable: the same pipeline performs well on diverse
tasks, whereas the performance of specialized solutions drops sig-
nificantly when they are evaluated on out-of-domain tasks. Finally,
we compare the costs of agentic and standard retrieval and discuss
the additional compute requirements of retrieval agents. Overall,
our work demonstrates the promise of agentic retrieval, discusses
its limitations, and encourages future work to further improve the
efficiency and effectiveness of agentic retrieval.
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