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Abstract

Agentic search systems answer complex questions by iteratively
issuing subqueries, retrieving evidence, and deciding whether and
how to continue the search. However, existing evaluations often
reduce this process to final accuracy or the number of search calls,
obscuring whether an agent is exploring useful topics, reusing prior
evidence, or wasting context on redundant documents. We present
Hawkeye, a visual analytics tool for inspecting agentic search
trajectories at both the per-question and dataset levels. Hawk-
eye records each question, LLM-issued subquery, and retrieved
document, and visualizes three complementary aspects: topic shift
across subqueries, query provenance attributing query tokens to
the original question, retrieved context, LLM parametric memory,
or previous queries, and document novelty measuring how many
retrieved documents in each round are new rather than repeated
from earlier rounds. Using Hawkeye to analyze BrowseComp-Plus
runs, we identify behaviors that are difficult to observe from ag-
gregate metrics alone, including repeated retrieval of previously
seen documents and sparse use of newly retrieved context in query
formulation. These observations show how trajectory visualization
can help diagnose agentic search failures and suggest directions for
improving agentic search systems.

CCS Concepts

• Information systems → Information retrieval; • Human-

centered computing → Visual analytics.

Keywords

Agentic search, Search trajectories, Trajectory inspection
ACM Reference Format:

Crystina Zhang, Zigeng Xu, Xinyu Shi, Raphael Tang, Nandan Thakur,
XueguangMa, Yao Lu, and Jimmy Lin. 2026. Hawkeye: Toolkit for Inspecting
Agentic Search Trajectories. In Proceedings of the 2026 Annual International

∗Equal contribution.

This work is licensed under a Creative Commons Attribution 4.0 International License.
SIGIR-AP 2026, Singapore, Singapore
© 2026 Copyright held by the owner/author(s).
ACM ISBN 979-8-4007-3033-7/2026/12
https://doi.org/10.1145/3848000.3850193

ACM SIGIR Conference on Research and Development in Information Retrieval
in the Asia Pacific Region (SIGIR-AP 2026), December 13–15, 2026, Singapore,
Singapore. ACM, New York, NY, USA, 10 pages. https://doi.org/10.1145/
3848000.3850193

1 Introduction

Agentic search allows language models to answer complex ques-
tions by iteratively decomposing them into subqueries, retrieving
external evidence, reasoning over the retrieved content, and decid-
ing whether to search again or produce a final answer [1, 5, 12, 23].
This paradigm has become a common way to extend language mod-
els beyond their parametric knowledge, but also adds complexity
in inspecting the information seeking process. A final answer and
a scalar accuracy score reveal little about whether the model asked
useful subqueries, whether the retriever returned informative doc-
uments, or whether later queries actually made use of the evidence
collected earlier.

Existing evaluations often summarize an agentic search run by
outcome-level statistics such as accuracy, number of search calls,
or total context length [6, 9]. These signals are useful but incom-
plete: two trajectories with the same number of search rounds can
differ substantially in whether the model is exploring new topics,
repeating earlier queries, or accumulating redundant documents.
For failed questions, it is therefore hard to tell whether the bot-
tleneck comes from query formulation, retrieval quality, evidence
utilization, or any other factors. For correctly answered questions, it
is also hard to identify whether all search calls have been necessary
and helpful.

To make this process easily inspectable to all practitioners, we
present Hawkeye, an agentic search trajectory visualizer. Hawkeye
records each question, LLM-issued subquery, and retrieved docu-
ments, rendering the resulting trajectory at both the per-question
and dataset levels. The tool is designed to expose three complemen-
tary aspects: topic shift, which shows how the semantic topics of
subqueries change over time; query provenance, which attributes
query tokens to the original question, retrieved context, LLM para-
metric memory, or previously issued queries; and document novelty,
which measures how many retrieved documents in each round
are new rather than repeated from earlier rounds. Together, these
aspects help analysts move beyond counting search calls toward
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understanding how the agent searches and whether each round
contributes new information.

We use Hawkeye to inspect agentic search runs on BrowseComp-
Plus and observe patterns that are difficult to see from aggregate
accuracy alone. For example, many trajectories repeatedly retrieve
documents that have already been shown to the model, and re-
moving such duplicate documents improves accuracy across the
retrievers we evaluate. We also find that later queries draw more
heavily from the original user-question and previous LLM-issued
queries than from retrieved context, suggesting that agents only
sparsely use newly retrieved context in query formulation. These
observations illustrate how trajectory-level visualization can diag-
nose failure modes and suggest concrete directions for improving
agentic search systems.

2 Usage

The use of Hawkeye is simple and can be demonstrated in the code
snippet below:

distance = distances.Cosine(encoder)
with Hawkeye(output_path) as hawkeye:

for question in questions:
tracker = hawkeye.track(

question , distance , *config
)
for query , doc in stream(question):

tracker.log(query , doc)
hawkeye.add(tracker)

A visualization interface will be rendered when exiting the Hawk-
eye context manager, as shown in Figure 1, which will soon be
introduced in the following section. The distances.Cosine class
provides one of the distance metrics Hawkeye supports for pair-
wise query distance computation. More implementation details and
visualization efficiency will be provided in Sections 4 and 5.

3 Overview

The Hawkeye interface in Figure 1 comprises three main parts:
Controlling section that adjusts query layouts, Meta statistics that
provides a dataset-level overview, and Question panels that charac-
terize the search trajectory of each question.

3.1 Controlling Section

The controlling section exposes the widgets that control the order
of question panels and the quick-lookup filter. Specifically, Sort by
supports ordering question panels by question identifiers, num-
ber of search rounds, correctness, or completion status, in either
ascending or descending direction; this offers fast access to the
slow-converging or incorrectly answered trajectories that tend to
be the most informative for analysis. The search box allows users to
narrow the displayed panels to questions whose query text or iden-
tifier matches a substring, or whose retrieved documents intersect
a chosen relevance tag (e.g., gold, evidence), supporting targeted
inspection of subsets of interest.

3.2 Question Panel

This serves as the major analysis tool in Hawkeye, which visu-
alizes three complementary aspects given each logged question

and its search trajectory, along with a detailed question page for
further inspection. We briefly describe the functional design of each
component, and leave implementation details in Section 4.

Topic Shift. This aspect aims to show how the topics of LLM-
issued queries shift along the search trajectory. Specifically, we
color-code the query topic similarity so that queries with similar
topics are rendered in a similar color, and vice versa (Section 4.1).

Query Provenance. This aspect explains the provenance of each
LLM-issued query by attributing each query token to one of four
sources: the original question, retrieved context, LLM parametric
memory, or previous queries. The resulting query provenance is
thus represented as four ratios, each measuring the percentage of
query tokens attributed to one source. In the panel, these ratios
are shown using four colors, where higher values correspond to
more saturated colors. This visualization makes it easy to see how
different sources of information flow into the reformulated queries
over the search trajectory (Section 4.2).

Document Novelty. This aspect measures how many new docu-
ments are introduced by each round of search, which is encoded
using the bar height: taller bars indicate that the current query re-
trieves many documents that have not appeared in previous rounds,
while shorter ones indicate that the query mostly retrieves docu-
ments already seen before and barely provides new information.
This aims to distinguish informative search rounds from the redun-
dant ones.

While the above three aspects each have their own focus, they
provide complementary information. For example, when query
provenance shows that a query reuses existing vocabulary from
previous queries, document novelty helps assess whether such query
reuse is productive for finding new information. See Appendix A
for a dataset-level view of the interplay between query provenance
and document novelty.

Detailed Question Page. To allow users to inspect a question and
its retrieved documents in their original form, each question panel
can be expanded into a dedicated detail page. The page is organized
into two columns. The left column shows the question text, ground-
truth answer, the agent’s final response, and the evaluation result, if
available. This column is always pinned to the top so that it remains
visible while the user scrolls through the trajectory in the right
column.

The right column lays out the rounds vertically as a subquery
dependency tree: each round is rendered as a card containing the
issued subquery, with its tokens highlighted in the four provenance
colors introduced in Section 4.2; underneath each subquery, the
retrieved documents are shown in collapsed form by default and
can be expanded individually or collectively via a toggle in the
controls.

Dependency arcs connect each token to its source, which also
follows the color code of query provenance: orange arcs trace back
to previous queries, green arcs to retrieved documents. Additionally,
when a user hovers over a query panel, only “connected” query
panels and corresponding query words from the user question are
highlighted. This allows users to not only inspect the actual query
token flow, but also identify “sub-trajectories” that lurk inside the
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Figure 1:Hawkeye interface, which comprises threemain parts:Controlling section for adjusting query layouts,Meta statistics
for a dataset-level overview, and Question panels for the search trajectory per question.

entire search trajectory. See Appendix C and Figure 6 for a demo and
discussion. This supports detailed inspection of how each trajectory
unfolded.

3.3 Meta Statistics

Themeta-statistics sidebar summarizes dataset-level behavior of the
agent in four stacked panels, each of which is interactive and reflects
the user’s current selection. The first panel reports the accuracy
breakdown of correct, wrong, and unknown1 judge verdicts, along
with the overall accuracy of the run.2 The second panel shows
histograms of the number of search rounds per question, which is a
commonly reported metric to evaluate the effectiveness of agentic
search.

The third and fourth panels are tightly related to the features in
question panel above: The third panel histograms the number of
novel documents retrieved per round, providing a coarse summary
of how informative or redundant each search round is. The fourth
panel summarizes the distribution of query provenance across the
four sources. For each question, we compute the average ratio
of query tokens attributed to the original question, the retrieved
context, LLM parametric memory, and previous queries (averaged
over all search rounds); the resulting per-question ratios are then
aggregated into four boxplots, one box per source. This shows at a

1Unknown denotes questions for which the judge produced no verdict, either because
the run did not terminate or because the judge itself abstained.
2Accuracy is shown only when evaluation results are available.

glance where the agent’s queries tend to come from across the entire
dataset.

Among the four panels, the accuracy panel (first panel) also
serves as a quick filter: clicking a bar applies a correctness filter
that applies to all question panels and propagates to the other
three meta statistics panels, so that the histogram and boxplot can
be sliced to, for instance, contrast the provenance distribution of
correctly versus incorrectly answered questions. See Appendix B
and Figure 5 for an example and discussion.

4 Implementations

This section provides algorithmic details on visualizing topic shifts
and query provenance.

4.1 Topic Shift

Hawkeye color-codes topic similarity among subqueries in two
steps: (1) compute pairwise distance among all subqueries, 𝐷 ∈
R𝑛×𝑛 , and (2) learn a low-dimensional representation per subquery
based on classic multidimensional scaling (MDS) [3].

Pairwise Distances among Queries. Hawkeye supports two types
of distances to allow a user-decided trade-off between efficiency
and accuracy:

(1) Lexicon-based distance computes Jaccard distances between a
pair of subqueries, where each query is tokenized into tokens
in the same way as described in Section 4.2. Since most
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queries are keyword-based, we observe that Jaccard distances
can effectively capture topic similarity while achieving much
lower rendering latency (more details in Section 5), enabling
fast prototyping. However, it would fail in the presence of
synonyms or language switches during the search trajectory.

(2) Embedding-based distance computes cosine distances be-
tween a pair of subqueries based on user-specified embed-
ding models supported in HuggingFace [24]. In contrast to
the Jaccard distances above, this trade-off exchanges render-
ing latency for higher semantic similarity accuracy and is
not limited by word-level mismatches.

Color Coding. To color-code the queries based on their pairwise
distances, we first project each query to a 1-D coordinate by ap-
plying classical MDS to the pairwise distance matrix 𝐷 . We fix the
arbitrary sign of the first MDS coordinate by requiring its largest-
magnitude entry to be positive, then min-max normalize the result
to 𝑡 ∈ [0, 1]. To ensure that the color changes could uniformly rep-
resent the semantic shift, we then map 𝑡 to the hue channel in the
OKLCh color space [16, 22]: each 𝑡 becomes a hue𝐻 = 20◦ + 𝑡 · 230◦
at fixed lightness 𝐿 = 0.70 and chroma 𝐶 = 0.13, traversing almost
the full color spectrum from red → yellow → green → cyan →
blue.3 Holding 𝐿 and 𝐶 constant keeps perceived brightness and
saturation identical across points, so hue alone carries the MDS
coordinate; after hue is computed, each (𝐿,𝐶 cos𝐻,𝐶 sin𝐻 ) triple
is converted from OKLab to sRGB for rendering.4

4.2 Query Provenance

Query provenance attempts to trace the source of each query token
via lexical matching. Specifically, we tokenize the question, query,
retrieved context, and prior queries, and compute the percentage
of query tokens that exactly match tokens from each source. To-
kens that cannot be matched to the question, context, or previous
queries are categorized as LLM-memory tokens, which may reflect
paraphrases, synonyms, language switches, factual substitutions,
etc. Although LLM-memory is a rather broad attribution, we find
that such tokens are rare in practice: less than 5% of query tokens
fall under this category on average on BrowseComp-Plus.5

Tokenization and Lexicon Tracing. The query token traceback is
conducted on pure lexical space, based on normalized tokens using
Porter stemmer [17], and after removing English stopwords to allow
morphological variants of the same word to be aligned, a process
that is commonly used in bag-of-words retrieval algorithms [18].

Specifically, each text span 𝑇 — the question, a subquery, a re-
trieved document, or a previous subquery — is first segmented
into alphanumeric tokens via a Unicode-aware regular expression.
Each resulting token is lowercased, filtered against an English stop-
word list, and finally reduced to its Porter stem. The output is a
set of stemmed tokens S(𝑇 ), which we use as the matching unit;
purely numeric or symbolic tokens are passed through unchanged

3The hue ranges from 20 degrees to 250 degrees, covering almost the full color spectrum
while still leaving the two endpoints visually distinct. We intentionally avoid the violet-
pink regions because they show less perceptual uniformity.
4While there are more perceptually uniform color spaces, we choose OKLCh as it is
computationally efficient and easy to implement.
5Figure 3 and Figure 4 show the average query provenance per source on BrowseComp-
Plus while using Tongyi [21] and multiple retrievers.

so that identifiers and figures remain matchable. While the lexical
matching appears to be rigid, we find that over 95% of the query
tokens are traceable to the original question, retrieved context, or
previous queries in this way, suggesting that current LLMs tend to
“copy-paste” available information instead of creating new query
contents.

Given a search trajectory with rounds 𝑘 ∈ {1, . . . , 𝐾}, let S𝑞
denote the question stems, S𝑄𝑘

the stems of the 𝑘-th subquery, and
S𝐷𝑘

the union of stems extracted from the documents retrieved at
round 𝑘 . For each round 𝑘 , we partition S𝑄𝑘

into four disjoint sets
based on their provenance:

(1) from the question: Any query token that can be exactly
matched to the question stems, formally: InQ𝑘 = S𝑄𝑘

∩ S𝑞 .
(2) from previous queries: Any query token that can be exactly

matched to tokens from any previous queries and not in
InQ𝑘 , formally: InPrev𝑘 = (S𝑄𝑘

\ InQ𝑘 ) ∩
⋃

𝑗<𝑘 S𝑄 𝑗
.

(3) from the retrieved context: Any query token that can be
exactly matched to tokens from any previously retrieved
context and not in InQ𝑘 ∪ InPrev𝑘 , formally: InCtx𝑘 =

(S𝑄𝑘
\ (InQ𝑘 ∪ InPrev𝑘 )) ∩

⋃
𝑗<𝑘 S𝐷 𝑗

.
(4) from LLMmemory: all remaining stems form Ungrounded𝑘 ,

as they have no surface support in the question, prior sub-
queries, or any document seen so far, and are therefore at-
tributed to the residual LLM-memory category.

The four ratios reported in the question panel for round 𝑘 are
then normalized by |S𝑄𝑘

|. While all lexical matching happens in
stem space, the visualizer renders the original surface forms, so
the rendered labels remain human-readable while the underlying
matching stays robust to morphological variations.

Relation to CTAR. The computation of query provenance is in-
spired by the Context-driven Term Adoption Rate (CTAR) proposed
in Ning et al. [15], which measures the fraction of newly introduced
query terms that can be lexically traced to previously retrieved evi-
dence. We will discuss that while both are lexical matching based,
the two metrics are designed for different purposes, and the scores
are not directly comparable.

First, CTAR is defined over newly introduced terms between
two consecutive queries: it asks what fraction of those new terms
can be traced back to the last round of retrieved context or to all
accumulated context so far. In contrast, Hawkeye attributes every
query token, including tokens that have appeared in earlier queries,
so its ratios are normalized by the total number of query tokens.
Thus, the two metrics use different denominators and answer differ-
ent questions: CTAR measures context adoption among new terms,
while query provenance describes the information source of the
entire query.

This difference also changes how repeated terms are interpreted.
In CTAR, a term is considered new if it appears in 𝑞𝑘+1 but not in
𝑞𝑘 , which means a new term in 𝑞𝑘+1 could have appeared in the
previous query 𝑞 𝑗 where 0 ≤ 𝑗 < 𝑘 . This is desirable when the
goal is to investigate query reformulation motivation per-round.
In contrast, Hawkeye aims to characterize the minimal informa-
tion required to form each query token, which helps to inspect
the smallest amount of external context required to form a query.
Thus it is worth distinguishing whether a token is newly adopted
from retrieved context or has already been seen in the “known
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Figure 2: Breakdown of rendering latency per query. (Note

that here the Qwen embedding models are used to compute pairwise query

distance, and are independent from the retrievers used in the agentic search

process.)

vocabulary” through a previous query. In the latter case, even if the
token was originally retrieved from context, it would not require
an additional search call to regather the same information as such
information has already been presented to the LLM. This reflects
our goal of characterizing the information flow of the agent at each
round: once a term has appeared in a previous query, it no longer
requires newly retrieved context to explain its reuse.

5 Visualization Efficiency

Figure 2 provides a breakdown of rendering latency per query
when using different distance and embedding models, gathered on
a single 140G-memory H200 and using batch size 256 if encoding is
required. It shows that the latency bottleneck mainly comes from
encoding queries into embeddings, whereas all other operations
take minimal time (< 5ms). We thus provide two modes for query
encoding, stream and batched. In stream mode, queries are encoded
while they are added to the session, which consumes less GPU
memory and is better for running on the side. In batched mode,
queries are buffered and encoded together once a user-specified
encoding batch size is reached to fully utilize GPU resources and
maximize throughput.

The two modes target different user scenarios: The stream mode
is to allow logging search trajectories on the fly. In such cases, query
latency of around 50ms on a separate thread has minimal effect
on overall runtime, while consuming minimal GPU resources. The
batched mode is to allow visualizing the trajectory from cached
files, in which case we hope the visualization could be completed
at full speed.

6 Insights

The goal of building a visualization tool is to aid practitioners in
spotting unexpected behaviors from the system, which hopefully
leads to better understanding and further improvements. We hereby
share some of the interesting findingsmade from BrowseComp-Plus
as humble starts.

Retriever

Entire Dataset Context-Limit Subset

w/o filter w/ filter w/o filter w/ filter

BM25 0.3422 0.4578 0.0000 0.2834
Qwen3-8B 0.5530 0.5988 0.0000 0.2905
R-MC 0.6663 0.6988 0.0000 0.3484

Table 1: Result comparison of filtering duplicate documents

during agentic search, reporting accuracy on BrowseComp-

Plus using Tongyi-30B as LLM and different retrievers.

The context-limit subset contains questions whose no-filter

baseline runs reach the maximum context length. “w/o fil-

ter” indicates original settings, “w/ filter” indicates that du-

plicate documents are removed before retrieved documents

are returned to the LLM, and that the LLM is asked to re-

generate the query if all documents are duplicates. Eval-

uations are based on Qwen-32B using the official evalu-

ation script. “Qwen3-8B”: Qwen3-Embedding-8B, “R-MC”:

Reason-ModernColBERT.

6.1 Experimental Setups

Evaluation Benchmark. Experiments under this section are based
on BrowseComp-Plus, an evaluation benchmark for deep-research
agents under a controlled retrieval environment derived from
BrowseComp [23]. It contains 830 queries and a fixed corpus of
roughly 100K human-verified documents, allowing for running
agentic search without access to live web search. We re-use the
codebase provided by BrowseComp-Plus with modifications to
cache and visualize the search trajectory, and add support for
Reason-ModernColBERT.

LLM and Retriever. Constrained by API and compute budget, all
experiments use Tongyi-DeepResearch-30B-A3B [21] as the LLM
backbone of the deep research agent, which has been shown to have
superior deep-information-seeking ability with an affordable model
size. We use the default configuration in our runner: temperature
0.85, top-𝑝 0.95, and presence penalty 1.1. Each search call returns
top 𝑘 = 5 documents, and each returned snippet is truncated to 512
tokens.

We experiment with multiple retrievers from lexical, embed-
ding, and multi-vector families: BM25, Qwen3-Embedding (0.6B, 4B,
8B) [20], and Reason-ModernColBERT [4].

For BM25 and the Qwen3-Embedding retrievers, we use the pre-
built indexes released by BrowseComp-Plus.6 Specifically, BM25
uses the released Pyserini/Lucene index, while theQwen3-Embedding
retrievers use the released FAISS indexes with normalized embed-
dings. For Reason-ModernColBERT, we build a late-interaction in-
dex over the BrowseComp-Plus corpus using the open-sourced
Reason-ModernColBERT.7

get_document. In our experiments, we provide both search
and get_document tool usage to LLMs following [6]: search al-
lows agents to receive truncated snippets from the top-ranked
documents, whereas get_document allows agents to additionally
6https://huggingface.co/datasets/Tevatron/browsecomp-plus-indexes
7lightonai/Reason-ModernColBERT from https://huggingface.co/lightonai/Reason-
ModernColBERT

https://huggingface.co/datasets/Tevatron/browsecomp-plus-indexes
https://huggingface.co/lightonai/Reason-ModernColBERT
https://huggingface.co/lightonai/Reason-ModernColBERT
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fetch full document content given the document id. Compared to
having only the search tool, having get_document allows models
to dynamically access the full context if they desire and thus avoid
the failing cases where relevant information is not included in the
first 512 tokens. On the other hand, this introduces the potential
cost of longer context length. We choose to enable get_document
as it consistently provides higher accuracy in all our settings.

Remove duplicate documents. To study the effect of redundant
documents, we run duplicate-document filtering ablations with
BM25, Qwen3-8B, and Reason-ModernColBERT in the above set-
ting. The baseline returns retrieved documents as usual. We add
a filter between the retriever and the LLM backbone, which re-
moves documents that have already been shown earlier in the same
question trajectory. Then the filtered documents are returned to the
LLM. If no document remains after filtering, the LLM reformulates
the query and searches again, as instructed in the system prompt.

6.2 Discussions

Duplicate Documents. In almost all search trajectories, we ob-
serve search rounds with duplicate documents that have been re-
trieved and presented to LLMs in previous rounds, and sometimes
a search round provides only duplicate documents, providing zero
new information to seek the information. Our meta-statistics also
show that the average number of new documents per round is only
2 to 3 (among 5) for most of the questions from BrowseComp-Plus,
meaning that half of the retrieved documents are duplicates.

Intuitively, such a large portion of duplicate documents unneces-
sarily wastes the context capacity, but how much does it influence
the effectiveness of information seeking in practice? We ablate its
impact on Tongyi with BM25, Qwen3-Embedding-8B, and Reason-
ModernColBERT.8

Table 1 reports accuracy on BrowseComp-Plus in the original
setting (w/o filter) versus removing duplicate documents from the
retrievers’ returned list (w/ filter), where we see the system benefit
from removing duplicate documents with all evaluated retrievers.
For example, with Qwen3-8B, it increases the overall accuracy
from 0.5530 to 0.5988. If only looking at the questions that hit
the context limit (thus with average accuracy to be 0), removing
duplicate documents improves the accuracy to 0.2905. This means
that approximately 29% of questions whose baseline runs hit the
context limit can now be answered correctly after filtering duplicate
documents.

Limited Context Contribution in Query Formulation. Exact docu-
ment duplication captures one form of redundancy in search trajec-
tories; another is whether retrieved documents shape later query
formulation. In Hawkeye, this behavior is shown through the query
provenance view in Figure 1 and the final meta-statistics panel,
where we observe that most of the query tokens are traced to the
original questions, then to previous queries, and finally to retrieved
context.

Figure 4 shows an example of such attribution at the dataset
level. To characterize this behavior in the paper, we further present
an aggregated view in Figure 3. Across all retrievers, the original
user question contributes to more than 40% of all query tokens,

8with get_document

Figure 3: Aggregated query provenance ratios on

BrowseComp-Plus while using Tongyi and three retrievers.

Colors match to their corresponding category in the query

provenance panel. “Qwen3-8B”: Qwen3-Embedding-8B,

“R-MC”: Reason-ModernColBERT.

indicating that the agent’s search behavior remains strongly an-
chored to the initial information need. By contrast, only around
20% of query tokens are newly introduced from retrieved context,
suggesting that retrieved evidence is only sparsely converted into
follow-up search queries. Meanwhile, around 30% of query tokens
are reused from previous queries. Together, these patterns suggest
that many later queries are reformulations of the agent’s existing
search vocabulary, rather than heavily relying on context-driven
expansions from newly retrieved documents.

7 Related Work

Agentic Search. Agentic search extends retrieval-augmented gen-
eration from a single retrieve-then-answer step into a multi-turn
process in which an LLM repeatedly issues queries, inspects re-
trieved evidence, and decides how to continue searching [12]. Early
tool-using and browser-assisted systems such as WebGPT, Tool-
former, ReAct, and Self-RAG showed that language models can
benefit from external tools and retrieval during generation [1, 14,
19, 25]. Recent deep-research agents push this idea toward harder
information-seeking tasks, where success requires sustained ex-
ploration, multi-hop reasoning, and adaptive query reformulation
across many retrieval turns [23, 26]. This shift has motivated new
benchmarks and infrastructure for evaluating long-horizon search
behavior [6, 7, 23]. In parallel, systems and training frameworks
such as Search-R1 and WebSailor improve agents’ ability to inter-
leave reasoning with search tool use [11, 13]. Our work builds on
this line of research, but studies what happens inside the search
trajectory: rather than only reporting final answer accuracy or ag-
gregate tool-use counts, we provide tools to help every practitioner
easily inspect how LLM-issued queries evolve, what information
contributes to the query reformulation, and how retrieval behavior
changes over the trajectory.

Analysis of Search Trajectories. Traditional search-log analysis
has long studied query reformulation, session structure, and within-
session learning in human web search [2, 8, 10]. Agentic search in-
troduces a related but distinct setting: the searcher is an autonomous
LLM agent, and the observable trace consists of generated sub-
queries and retrieved evidence rather than clicks, dwell time, or
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explicit human feedback. Recent work on agentic search logs stud-
ies this behavior at scale. For example, Ning et al. [15] analyze
14M+ real search requests from DeepResearchGym, label session
intents and query reformulation types, and propose Context-driven
Term Adoption Rate (CTAR) to measure whether newly introduced
query terms are traceable to previously retrieved evidence, which
we discussed in detail in Section 4.2 on the metric design difference.
Additionally, Hawkeye provides an interactive visual interface for
inspecting individual questions and dataset-level patterns together
instead of only producing corpus-level statistics. These visual diag-
nostics complement benchmark and log-analysis studies by helping
practitioners identify trajectory-level behaviors on any customized
agentic search runs, where we provide some examples in Section 6,
such as repeated retrieval of already-seen documents and limited
propagation of retrieved context into later queries.

8 Conclusion

Hawkeye provides a visualization tool for opening the black box
of agentic search trajectories by making intermediate queries, re-
trieved documents, and their relationships inspectable at both the
per-question and dataset levels, which helps users understand
search behavior beyond the final accuracy or the number of search
calls. It exposes how an agent moves across topics, where query
terms are derived from, and whether each retrieval round con-
tributes new information.

Using Hawkeye on BrowseComp-Plus, we identify two con-
crete trajectory-level patterns: repeated retrieval of already seen
documents, which wastes context and can hurt accuracy, and lim-
ited use of newly retrieved context in LLM-issued queries. These
findings suggest that improving agentic search requires not only
stronger retrievers or more search calls, but also better mechanisms
for avoiding redundant evidence and converting retrieved context
into useful follow-up queries. We hope Hawkeye can support more
interpretable research on agentic search by easing the inspection
process and helping a broader audience uncover trajectory-level
behavior that aggregate metrics may obscure.
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A Interplay between Query Provenance and

Document Novelty

Here we present a dataset-level view of the interplay between query
provenance and document novelty. As mentioned in Section 3, the
three aspects visualized in the Question Panel of Hawkeye may
provide complementary information. For example, when query
provenance shows that a query is largely derived from previous
queries, document novelty helps assess whether such query reuse is
productive for finding new information.

Figure 4 shows the ratio of query provenance from different
sources versus number of new documents retrieved per round. The
x-axis shows the ratio of query provenance from different sources,
while the y-axis on the right shows the number of new documents
retrieved per round and y-axis on the left shows which retriever is
used in agentic search. The color of the bars matches the color of
the query provenance in the Question Panel.

On one side, the figure shows that fewer novel retrieved doc-
uments per round correspond to higher query provenance from
previous queries. When more than 40% of query tokens come from
previous queries, the number of new documents retrieved per round
typically drops to just one or zero. On the other side, a small fraction
of reused query tokens (< 14%), together with question tokens and
new tokens from context, generally corresponds to full utilization
of retrieved documents.

B Demo of Meta Statistics Panels

As mentioned in Section 3, the first meta-statistics panel reports
the accuracy breakdown of correct, wrong, and unknown evaluation
results, along with the overall accuracy of the run. After selecting
the “correct” or “unknown” categories in the first panel, not only are
the displayed Question Panels filtered to only show the questions
under the selected category, but also the other three meta statistics
panels are updated to show the statistics of selected questions.

Figure 5 shows a demo on how the first meta-statistics panel can
be used to filter the other three panels. The left panel is the default
display, while the middle and right panels are the displays after se-
lecting the “correct” or “unknown” categories in the first panel. This
highlights statistics of questions under the selected category and
moves the overall dataset-level statistics to the background (shown
in less saturated colors). This provides a quick way to inspect the
associated features when the question is correctly or incorrectly
answered. For example, number of search rounds (panel 2) follows
two distinctively different Gaussians for “correct” and “unknown”
questions, where the “correct” questions tend to have much fewer
search rounds. Similarly, the correctly answered questions tend to
have more novel documents per round (panel 3) and higher query
provenance from retrieved context (panel 4).

Figure 4: Ratio of query provenance from different sources

(x-axis) versus number of new documents retrieved per

round (labeled on y-axis on the right). “R-MC” stands

for Reason-ModernColBERT, “Qwen3-” stands for Qwen3-

Embedding- models. All experiments are conducted with

Tongyi-30B as the LLM backbone.
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Figure 5: Demo of the detailed meta statistics panels in Hawkeye. Left: Default meta statistics panels; Middle and Right: After

selecting the “correct” or “unknown” categories in the first panel, the meta statistics panels are updated to the statistics of

questions under the selected category. (Note: The differences after selection in Panel 4 may be easier to see when zoomed in due to the panel’s rich use

of color.)

C Demo of Detailed Question Page

Figure 6 shows a demo of the detailed question page in Hawkeye.
The top shows the default display after a question panel is clicked (as
shown in Figure 1), and the bottom highlights the information flow
surrounding the query tokens when a query entry is hovered over.
Such information flow is composed of two parts: (1) the highlighted
blue tokens on the left question panel, which indicate query tokens
from the user question; (2) the green and orange arcs on the right
panel, connecting the query entries, which indicate the information

flow between context and queries. Note that the arcs not only
connect the query with its previous entries (i.e., the sources that
contribute to it), but also its future queries (the queries that it
contributes to). This allows users to find “sub-trajectories” that lurk
inside the entire trajectory. With the demo page as an example,
we observe that there are usually many independent paths within
one query trajectory, which do not necessarily start from the first
LLM-issued query or lead to the final round of search. For example,
the demo figure shows a “dead-end” path, which contributes to no
future queries even though there are many.
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Figure 6: Demo of the detailed question page in Hawkeye. Top: Default page display; Bottom: Highlighting the sources of the

query tokens when a query entry is hovered over.
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