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Abstract

Recent multimodal search agents use reason-
ing, vision, and live web search across many
turns to answer questions beyond parametric
knowledge by orchestrating a small library of
hand-crafted search and visual tools. How-
ever, the library is laborious to create and
maintain, and frozen when new query types,
evidence formats, and failure modes are en-
countered in the wild. Human practitioners,
by contrast, cope with insufficient tools by
fashioning new ones from familiar parts and
reusing them across tasks. Inspired by this,
we propose TOOLSMITH, an automatic tool-
generation framework that grows and reuses
modules on top of a lean base tool library.
We evaluate TOOLSMITH on three in-domain
multimodal search benchmarks and ten out-of-
domain benchmarks under a VLM-as-a-Judge
protocol. TOOLSMITH consistently improves
over the base library across deployed agents of
varying scales, with larger backbones reaping
greater gains, demonstrating the scalability of
the approach. Our code and data is available at
https://threesr.github.io/toolsmith/.

1 Introduction

Multimodal search agents (Geng et al., 2026;
Huang et al., 2026; Yao et al., 2026; Chen et al.,
2026a; Wu et al., 2025; Narayan et al., 2025) an-
swer information-seeking questions beyond static
knowledge inside the model, such as identifying
the source of the rare knowledge, cross-checking
a numerical claim against the live web, or assem-
bling a multi-step provenance argument across im-
ages and retrieved pages. Contemporary systems
handle such tasks by orchestrating reasoning, per-
ception, and live web search across many turns
over a fixed inventory of hand-crafted tools. It
typically contains web search, webpage fetching,
image grounding, OCR, depth estimation, and code
execution. Throughout this paper, we use tool to
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Figure 1: We propose an automatic tool-generation
framework for multimodal search agents. In the ex-
ample shown, an agent restricted to a fixed tool library
is bound to its pre-defined primitives and fails on queries
that no original tool can directly resolve. Our frame-
work instead grows the library: the agent operates over
an extended tool library that includes newly generated
tools and can invoke them freely when solving real
queries. Here, the newly generated Event In Image
tool resolves the query through finer-grained informa-
tion verification and image search.

mean a callable Python utility, exposed to the agent
through a typed schema, that takes structured in-
put (a text query, an image, a URL) and returns
evidence the agent’s reasoning loop consumes in
a subsequent turn; generating a new tool means
producing a new such callable schema, execution
logic, and all, and admitting it to the catalog the
agent draws from at inference.

Nevertheless, hand-crafted tools suffer from in-
herent limitations. First, tool inventories shipped
with production systems and developer-curated
skill banks (VoltAgent and Contributors, 2026) are
expensive to maintain and frozen at the developer’s
anticipated coverage. When new query types, evi-
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dence formats, and failure modes are encountered
in the wild, human intervention will be needed to
modify the tools. Second, complementary lines
of work that learn memory over a fixed inventory
(Xiao et al., 2025) or train an agent to use existing
tools more efficiently (Gao et al., 2025; Wu et al.,
2026) sharpen how the agent uses its tools but do
not expand which tools it has.

A natural alternative is letting the agent itself
generate the missing tool. Tool generation has been
studied across adjacent domains such as vision—
language understanding, math and table QA, gen-
eral NLP, and embodied / computer-use agents
(Chen et al., 2024; Yuan et al., 2024; Wolflein et al.,
2025; Wang et al., 2023, 2025), but has not been
carried over to multimodal search, where the in-
ventory remains hand-authored. The transfer is
non-trivial: search-agent trajectories are long, and
agent state mixes images, link references, and tool
outputs across turns.

When exploring the world, human practition-
ers both use existing tools and fashion new ones
when existing tools fall short (Goodall, 1964; Beck,
1980; Tomasello, 1999). We argue that a multi-
modal search agent should be equipped with the
same capability. When existing tools fall short, the
agent should organically fashion new ones from fa-
miliar parts, refining and reusing them across tasks.
Currently, multimodal search agents only share the
using half of this picture but conspicuously not
the fashioning half. When their tool set fails, they
’let it go’ rather than enlarge and revise the tool-
box. Moreover, humans do not blindly adopt every
novel implementation they sketch. They verify it
on test cases before adding it to the working library
(Schon, 1983). An agent equipped to grow its tools
must also be equipped to verify them.

To this end, we introduce TOOLSMITH, an au-
tomatic tool-generation framework organized as
four model-agnostic phases: 1) Trajectory Mining,
2) Reuse-or-Grow Decision, 3) Tool Generation,
4) Two-Gate Verification. We cluster the agent’s
failed trajectories into capability gaps (Shinn et al.,
2023; Andrychowicz et al., 2017; Chen et al.,
2025), check each gap against a lean library of
eight primitives to decide reuse versus generation,
prompt a generator VLM to author new tools as
Python source under structural and anti-hardcode
constraints, and admit candidates only after sand-
boxed sanity and LLM static code-review gates.

We evaluate TOOLSMITH across 3 in-domain
multimodal search benchmarks (FVQA, InfoSeek,

EncyclopedicVQA) and 10 out-of-domain bench-
marks under a VLM-as-a-Judge manner. When
using the Qwen3-VL-8B-Instruct model, admitted
tools improve the base tool library by +2.20pp in-
domain and +1.33pp out-of-domain tasks. Gains
scale with backbone capacity, reaching +2.98pp
out-of-domain on Qwen3-VL-32B-Instruct and a
consistent uplift on GPT-5. We also utilize a com-
prehensive ablation study to demonstrate how dif-
ferent tool generation models and training samples
affect the benchmark performance. Our code and
data will be publicly available.

Contributions.

1. We propose TOOLSMITH, to the best of our
knowledge, the first automatic tool-generation
framework for multimodal search agents, with
a model-agnostic four-phase pipeline over a
base tool library of search, visual, and code-
execution tools.

2. On 3 in-domain and 10 out-of-domain multi-
modal search benchmarks, admitted tools im-
prove the base library across different models,
with gains extending to larger backbones, which
demonstrate the scalability and flexibility of our
proposed TOOLSMITH.

3. We conduct ablation studies to analyze over-
head, new-tool usage, tool-call distribution, tool-
filtering, and failure modes, which provides an
objective landscape of TOOLSMITH.

2 Related Work

Multimodal search agents. Our work targets
multimodal search, where a query is resolved by
orchestrating reasoning, perception, and live web
retrieval across many turns. A growing collec-
tion of benchmarks frames this task: MMSearch
(Jiang et al., 2025) couples a multimodal query
with a curated search engine; MMSearch-Plus
(Tao et al., 2026) adds provenance-aware verifi-
cation; BrowseComp-VL (Geng et al., 2026) and
MM-BrowseComp (Li et al., 2025) raise cross-
modal information-seeking difficulty; VisBrowse-
Bench (Zhang et al., 2026) targets visual-native
search; and RealX-Bench (Hong et al., 2026a)
couples fine-grained perception with multi-hop re-
trieval. Beyond pure search, the landscape extends
to embodied tasks that integrate web information
with physical action (Hong et al., 2026b). Re-
cent browsing agents tackle these benchmarks via
hand-engineered tool inventories (Geng et al., 2026;
Huang et al., 2026; Yao et al., 2026; Chen et al.,
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2026a; Wu et al., 2025; Narayan et al., 2025), su-
pervised fine-tuning or reinforcement learning that
teaches tool use, or memory learned over a fixed
inventory (Xiao et al., 2025; Hasegawa et al., 2025).
Our contribution is orthogonal: rather than freeze
the inventory, we generate it.

Tool generation. Building on a lineage of LLM-
orchestrated modular vision-language reasoning,
our work is closely related to a recent line of meth-
ods in which the agent itself constructs new tools.
GENOME (Chen et al., 2024) grows a library of
vision-module wrappers proposed by an LLM and
validated on few-shot examples. CRAFT (Yuan
et al., 2024) creates and retrieves Python tools for
math, table QA, and image classification. TOOL-
MAKER (Wélflein et al., 2025) turns code reposi-
tories into LLM-callable utilities for general NLP.
Voyager (Wang et al., 2023) grows an executable
skill library for an open-ended Minecraft agent,
with a parallel line of work (Wang et al., 2025)
carrying the idea to web agents via online pro-
grammatic skill induction. EvolveR (Wu et al.)
distills past trajectories into textual principles that
guide future behaviour, and WorldMind (Ren et al.,
2026) builds a symbolic world-knowledge reposi-
tory from agent experience for physically-grounded
action. Compared with these, we introduce the tool
generation framework into the multimodal search
domain.

3 Method

TOOLSMITH is organized as a four-phase pipeline
(Figure 2): Phase 1 mines capability gaps (query
patterns the base tools cannot handle) from the
baseline agent’s failed trajectories. Phase 2 de-
cides, per gap, whether to reuse an existing tool or
escalate to generation. Phase 3 prompts a gener-
ator LLM to author the new tool as Python code.
Phase 4 admits the candidate after verification gates.
At inference time, a lightweight retrieval step se-
lects relevant generated tools per query.

Notation. Let .4y be the baseline agent, Dy, the
training pool, and 7; the tool catalog at round ¢, ini-
tialized with the eight base tools, 7o = Tpase- A tra-
jectory 7 records the agent’s full tool-call sequence
on a single query. We write G4 for the generator
LLM, ¢ for a sentence encoder, and cos(-, -) for
cosine similarity.

3.1 Phase 1: Trajectory Mining

We roll out Ay on Dy,in and apply a two-layer trig-
ger to each trajectory. Layer A (cheap signal) flags
any trajectory whose final answer the LLM judge
marks as incorrect. Layer B (LLM self-critique)
then reads each flagged trajectory and assigns a
failure label from {NEW_TOOL_NEEDED, ARGU-
MENT_MISTAKE, SEARCH_NOISE, AMBIGUOUS}.
Only NEW_TOOL_NEEDED trajectories yield a ca-
pability gap, which we record as the tuple of (fail-
ing query, tools the agent already tried, the self-
critique’s failure reason, and an image reference
when image-grounded).

Clustering. To ensure diversity in candidates, we
embed each capability gap as the concatenation of
its question, prediction, and gold answer using a
sentence encoder 1, then apply agglomerative clus-
tering (average linkage) over cosine distance into
C clusters. One representative per cluster enters
Phases 2—4.

3.2 Phase 2: Reuse-or-Grow Decision

Phase 2 decides, for each capability gap, whether
the current tool catalog already covers it or a new
tool is needed. We compute the TF-IDF cosine
similarity between the gap’s text (its query and
subtask) and every existing tool’s description, and
take the maximum:

ppre(9, Te) = rtr?,%( cos(tﬁdf(ﬁ), tﬁdf(dt)), €))
where d; is the description of tool ¢ and g = ¢, D s
concatenates the gap’s query and subtask. If
Ppre > Tpre> the gap is treated as covered by the
best-matching tool and skipped; otherwise it is
forwarded to Phase 3. TF-IDF suffices here be-
cause tool descriptions are short, the vocabulary is
domain-specific (search, image, OCR, code), and
we only need to detect obvious overlaps.

3.3 Phase 3: Tool Generation

Phase 3 takes each gap that Phase 2 forwards and
writes a new tool for it. We prompt a generator
LLM G to produce Python source code condi-
tioned on the gap, the current catalog, a system
prompt that specifies the tool-class interface and
forbids dynamic execution / unsanctioned I/O /
hard-coded answers, and a handful of example
tools the generator can imitate (full prompts and
examples in Appendix F). The output is a candidate
c comprising Python source, a typed schema, and
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Figure 2: Overview of the TOOLSMITH pipeline: capability gaps mined from agent trajectories on a training pool
are filtered through reuse-or-grow against the tool catalog, passed to an LLM that authors each new tool as Python
source, and admitted only after verification gates with a feedback-driven retry on rejection.

a short natural-language description, which is then
forwarded to Phase 4 for verification. Representa-
tive code listings of admitted, failed, and filtered
candidates appear in Appendix G.

3.4 Phase 4: Verification and Inference

A candidate is admitted only if it passes both ver-
ification gates followed by a redundancy check
against the existing catalog. We run the gates in
order of increasing computational cost: Gate 1 is
a cheap static check, so candidates that fail it are
dropped before we pay for Gate 2’s LLM critic.

Gate 1: Sandboxed sanity. The candidate’s
source is parsed and scanned for dynamic-
execution and dangerous-1/O patterns, then exe-
cuted once on a minimal dummy input under a ten-
second wall-clock budget. Anything that violates
the static checks or errors at runtime is rejected.

Gate 2: LLM static code review. An LLM critic
scores the candidate on four 05 axes (paramet-
ric usage, description abstractness, edge-case han-
dling, and task alignment) and admits it only when
the mean score is at least pt,;, and the minimum
across axes is at least aiy. The critic may use a dif-
ferent model from the generator; tools with overly
narrow descriptions or missing error handling are

caught here.

Feedback-driven retry. When either gate rejects
a candidate, we re-prompt G4 with a short natural-
language summary of which gate failed and why,
up to a per-candidate budget A. Empirically, most
retries either pass on the second attempt or remain
wrong for the same reason, so A is capped at a
small constant.

Tool catalog update. A candidate that survives
both gates is then compared against every exist-
ing tool by TF-IDF cosine similarity over de-
scriptions (the same construction as Eq. 1, with
a stricter threshold 73,0¢). Only candidates whose
closest match falls below 7,45 are admitted to the
next-round catalog 7;1; redundant duplicates are
dropped.

Inference. Exposing the full generated catalog
alongside the base primitives would inflate the per-
turn schema and degrade tool selection. We instead
retrieve a per-query subset: each tool description d;
is pre-embedded with ¢; given a test query g, the
agent sees

7:1 = %ase U tOP-K(COS(l/J(Q)a ¢(dt)) s tE 7;16W)
(2)
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yielding |7pase| + K tools per sample. The base
primitives are always visible (they are referenced
by name in the agent’s system prompt); the gen-
erated tools rotate per query based on relevance.
Hyperparameter values are listed in Appendix E.

4 Experimental Setup
4.1 Base Tool Library

Our base library consists of eight primitive tools
grouped into three capability categories: Search,
Vision, and Code Execution. The search tools are
powered by the Serper API'; the visual tools wrap
SAM3 (Carion et al., 2026), PaddleOCR-VL (Cui
et al., 2025), and Depth Anything 3 (Lin et al.,
2025) as their underlying models. Table 1 lists the
eight tools with a one-line description each. More
details can be found at Appendix C.

Tool Description

Search
Text Search Web search with automatic query-
intent routing.

Reverse image search (image — en-

tities and URLs).

Image Search

Webpage Visit Fetch URL(s) and extract goal-
relevant content.
Vision
Zoom-in Crop a region by normalized bound-

ing box.

Locate regions matching a text query.
Extract printed text from an image.
Estimate a per-pixel depth map for
an image.

Visual Grounding
OCR
Depth Estimation

Code execution
Code Execution Execute a Python snippet (agent-
authored or LLM-authored from a
goal in plain language) over prior
tool outputs.

Table 1: Base library of eight primitive tools, grouped
by capability. Detailed schemas and tool documentation
appear in Appendix C.

These eight span the major primitive categories
a multimodal search agent commonly relies on,
providing a broad foundation on top of which our
pipeline grows additional, task-specific tools.

4.2 Tool-Generation Training Pool

We collect trajectories from the train or val splits
of three knowledge-intensive multimodal search
datasets: FVQA (Wu et al., 2025), InfoSeek (Chen
et al., 2023), and EncyclopedicVQA (Mensink
et al., 2023). The held-out test splits of the same

"https://serper.dev/

three datasets serve as our in-domain (ID) evalua-
tion in Section 4.3, providing a within-distribution
measure of whether the generated tools address the
failure modes they were designed for. No exam-
ple from any out-of-domain benchmark enters tool
generation. We defer per-dataset sampling sizes
and split choices to Appendix F.1.

4.3 Evaluation Benchmarks

We evaluate TOOLSMITH along two axes: in-
domain (ID) performance on the held-out test
splits of the three datasets we used to mine ca-
pability gaps during training, and out-of-domain
(OOD) transfer to ten public multimodal search
benchmarks unseen during tool generation. Per-
benchmark sample counts are summarized in Ta-
ble 8, and full per-benchmark descriptions are de-
ferred to Appendix B.1.

In-domain (ID). ID evaluation uses the held-
out test splits of FVQA (Wu et al., 2025), InfoS-
eek (Chen et al., 2023), and EncyclopedicVQA
(Mensink et al., 2023). Because the training pool
from which we mine capability gaps comes from
the training splits of these same datasets, the test
splits provide a within-distribution measure of how
well the generated tools address the failure modes
they were designed for. We give full per-benchmark
descriptions in Appendix B.1.1.

Out-of-domain (OOD). OOD evaluation uses
ten public multimodal information-seeking bench-
marks: MM-BrowseComp (Li et al., 2025), Sim-
pleVQA (Cheng et al., 2025), MMSearch (Jiang
et al., 2025), MMSearch-Plus (Tao et al., 2026),
HLE-VL (Phan et al., 2025), Live VQA (Fu et al.,
2026), BrowseComp-VL (Geng et al., 2026),
RealX-Bench (Hong et al., 2026a), VDR-Bench
(Huang et al., 2026), and VisBrowse-Bench (Zhang
et al., 2026). None of these share data with the
training pool. For benchmarks that mix text-only
and image-grounded items we restrict evaluation to
the multimodal subset (queries carrying at least one
image), so the reported counts are smaller than the
full-benchmark totals. Appendix B.1.2 provides
per-benchmark descriptions.

Final-answer correctness is judged by a VLM-as-
a-Judge prompted with GPT-40 (Hurst et al., 2024),
following (Huang et al., 2026; Chen et al., 2026a);
the prompt and a discussion of retrieval-shortcut
concerns are in Appendix B.2.
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4.4 Models and Implementation

Models. We consider three open-sourced mod-
els, including Qwen3-VL-8B-Instruct (Bai et al.,
2025), Qwen3-VL-8B-Thinking, and Qwen3-VL-
32B-Instruct, since all of them can cover different
model sizes (8B vs 32B) and model variants (In-
struct vs Thinking). For proprietory models, we
consider GPT-5 (gpt-5-2025-08-07). We sample
at temperature 0.3 with top-p 0.95, allow up to
fifteen tool-calling iterations per query, and cap
context at 120K tokens; full hyperparameters are
in Appendix E.

Evaluation protocol. Because the search APIs,
the agent’s tool-routing decisions, and the LLM
judge are all stochastic, every reported number is
the mean of three independent runs.

5 Main Results

Tables 2 and 3 report headline accuracy on the
in-domain (ID) and out-of-domain (OOD) bench-
marks under three settings per inference backbone:
Direct Inference (no tools), Agent Workflow w/ Base
Tools (the eight-primitive base library), and Agent
Workflow w/ Base and TOOLSMITH (GPT-5) (the
base library plus tools admitted by TOOLSMITH
when GPT-5 is fixed as the generator).?

The eight base primitives alone lift Qwen3-VL-
8B-Instruct by roughly +25pp on ID and +10pp
on OOD over Direct Inference, with 32B and GPT-
5 showing comparably large jumps; multimodal
search is clearly a tool-driven task. Adding the
TOOLSMITH-generated tools on top of the base
library yields further consistent gains of one to
three points on both ID and OOD across all three
inference backbones, and the gains are pervasive
per-benchmark: 32B and GPT-5 improve on every
OOD benchmark and 8B improves on eight of the
ten, with the remaining two essentially flat.

The average gain peaks at 32B (42.32pp across
ID and OOD), with GPT-5 (+1.72pp) and 8B
(+1.77pp) close behind for different reasons: GPT-
5’s smaller gain partly reflects its privacy-refusal
floor (Appendix B.4); 8B’s reflects the long-context
tool-selection cost of an enlarged toolbox. The
Qwen3-VL-8B-Thinking variant modestly outper-
forms Instruct under Direct Inference but takes
more than 5Xx the per-query latency inside the full
agent workflow, so we standardize on Instruct as

Inference rows for GPT-5 here are systematically lower-

bounded by privacy-driven refusals on identity-related queries;
see Appendix B.4.

Model FVQA InfoSeek Enc-VQA  Avg
Direct Inference
Qwen3-VL-8B 28.39 29.20 10.61 22.62
Qwen3-VL-8B-T 25.67 27.25 18.06 23.63
Qwen3-VL-32B  32.67 33.20 32.76 32.88
GPT-5 54.67 53.67 43.33 50.46
Agent Workflow w/ Base Tools
Qwen3-VL-8B 55.00  50.67 38.67 47.94
Qwen3-VL-32B  62.67 55.33 49.00 55.47
GPT-5 55.00  52.00 48.67 51.80
Agent Workflow w/ Base Tools and TOOLSMITH (GPT-5)
Qwen3-VL-8B 58.00  53.00 40.00 50.14
A +3.00 4233 +1.33 +2.20
Qwen3-VL-32B  64.55 56.99 50.47 57.14
A +1.88  +1.66 +1.47 +1.67
GPT-5 56.10  53.04 49.64 52.84
A +1.10 +1.04 +0.97 +1.04

Table 2: In-domain benchmark results. It contains per-
benchmark accuracy on the held-out test splits of the
three training datasets. New tools are generated by GPT-
5 and utilized by the listed inference model. Qwen3-VL-
8B refers to Qwen3-VL-8B-Instruct and Qwen3-VL-8B-
T denotes the Qwen3-VL-8B-Thinking. Enc-VQA =
EncyclopedicVQA. Avg is the mean across the three
benchmarks (1800 / 2000 / 1960).

the default deployed agent for all subsequent re-
sults, ablations, and analyses.

6 Ablation Studies

The inference-backbone axis is already covered by
the main results (Section 5), which sweep Qwen3-
VL-8B-Instruct, 32B-Instruct, 8B-Thinking, and
GPT-5 with a fixed GPT-5 tool generator. This sec-
tion ablates the remaining design choices: which
model authors new tools, whose trajectories the
pipeline mines, and how the cluster-count knob
shapes the resulting tool bank. Because each abla-
tion requires re-running Phases 1-4 of the pipeline
end-to-end on the full training pool, we restrict
every sweep below to one representative ID bench-
mark (FVQA) and one representative OOD bench-
mark (MMSearch) to keep the compute budget
tractable.

6.1 Tool-Generation Model

The main results (Section 5) sweep the inference
backbone with a fixed GPT-5 generator; here we in-
stead vary the tool-generation model over (GPT-5,
Qwen3-VL-32B-Instruct, Qwen3-VL-8B-Instruct),
and for each generator evaluate the resulting tool
bank on the same three inference backbones. We
restrict the sweep to one representative ID bench-
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Model MM-BC SVQA MMS MSP HLE-VL LVQA BC-VL RXB VDR VBB Avg
Direct Inference
Qwen3-VL-8B 494 5433 14.04 1.29 6.36 34.67 21.05 22.16 540 7.69 16.97
Qwen3-VL-8B-T 741 54.67 12.87 3.22 1030 29.33 33.83 22.16 8.20 11.24 19.68
Qwen3-VL-32B 6.58 59.00 20.47 2.57 10.00 32.67 28.82 2474 9.40 10.06 20.36
GPT-5 8.64 6633 36.84 14.79 23.33 4233 42.11 3454 1420 28.40 3041
Agent Workflow w/ Base Tools
Qwen3-VL-8B 6.00 70.00 51.46 9.97 727 40.00 32.33 3471 1440 11.24 26.57
Qwen3-VL-32B  10.29 70.33 62.57 12.86 11.52 51.33 33.08 40.21 18.80 19.53 31.27
GPT-5 2593 6833 56.14 2540 23.03 50.67 5238 40.72 23.80 49.11 39.80
Agent Workflow w/ Base Tools and TOOLSMITH (GPT-5)

Qwen3-VL-8B 7.00 71.00 55.56 11.58 7.27 42.67 33.08 34.54 16.60 11.22 27.90
A +1.00 +1.00 +4.10 +1.61 0.00 +2.67 +0.75 —0.17 +2.20 —0.02 +1.33
Qwen3-VL-32B  13.58 73.33 64.33 16.08 13.03 56.00 36.09 43.30 22.00 21.89 34.25
A +329 +3.00 +1.76 +3.22 +1.51 +4.67 +3.01 +3.09 +3.20 +2.36 +2.98
GPT-5 29.22  71.00 57.31 27.65 24.55 56.67 53.88 4227 25.80 50.89 42.20
A +329 +2.67 +1.17 +2.25 +1.52 +6.00 +1.50 +1.55 +2.00 +1.78 +2.40

Table 3: Out-of-domain benchmark results. It has per-benchmark accuracy on the ten multimodal search benchmarks
unseen during tool generation. Tools are generated by GPT-5 and used by the listed inference model. Qwen3-VL-8B
refers to Qwen3-VL-8B-Instruct and Qwen3-VL-8B-T denotes the Qwen3-VL-8B-Thinking. Abbreviations: MM-
BC = MM-BrowseComp; SVQA = SimpleVQA; MMS = MMSearch; MSP = MMSearch-Plus; LVQA = LiveVQA;
BC-VL = BrowseComp-VL; RXB = RealX-Bench; VDR = VDR-Bench; VBB = VisBrowse-Bench. Avg is the
average performance across the ten benchmarks (total 2917 instances; per-benchmark counts in Table 8).

mark (FVQA) and one representative OOD bench-
mark (MMSearch) to keep the cost contained, and
treat the resulting numbers as an illustrative finding
rather than a statistical claim. Generation-process
statistics (pass rates, dedup, cost) for the three gen-
erators are reported in Appendix F.2.

Inference model

Benchmark Generator 8B 32B  GPT-5
Base tools only  55.00 62.67 55.00
FVQA Qwen3-VL-8B  52.00 60.67 54.00
Qwen3-VL-32B 56.00 63.17 55.20
GPT-5 58.00 64.55 56.10
Base tools only  51.46 62.57 56.14
Qwen3-VL-8B 4854 60.82 54.97
MMSearch 503 VI30B 5322 63.16 5673
GPT-5 55.56 64.33 57.31

Table 4: Tool-generation model ablation. Rows: the
model that authors the new tool in Phase 3 (the tool-
generation model). The Base tools only row is the
no-ToolSmith reference (i.e., the agent runs with the
eight base primitives alone; values reproduce the +Base
rows of Tables 2 and 3 for the FVQA and MMSearch
columns). Columns: the inference model that consumes
the tools.

Reading the matrix by column (fix the consumer,

vary the generator), accuracy rises monotonically
with generator strength on both benchmarks, for
every consumer, with no exceptions. A stronger
generator simply produces better tools; the gain
is largest when the consumer is weakest (the 8B-
Instruct consumer picks up roughly six to seven
points going from an 8B to a GPT-5 generator, ver-
sus only about two points for the GPT-5 consumer).
Conversely, pairing the GPT-5 consumer with an
8B generator loses about two points relative to the
all-GPT-5 cell. The take-away is that the choice
of generator dominates the design: invest compute
in the strongest available generator, and let the de-
ployed agent scale separately.

6.2 Trajectory-Mining Source Model

We additionally vary the model whose trajectories
are mined in Phase 1, holding the tool generator at
GPT-5 and the consumer at Qwen3-VL-8B-Instruct.
A weak miner surfaces many simple, frequent gaps;
a strong miner produces fewer but more specialized
failures. The question is whether the 8B consumer
prefers tools mined from its own failures or from a
stronger model’s.

The admitted tool count | 7yey| decreases mono-
tonically with miner strength (stronger miners fail
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Trajectory source |Tnew] FVQA MMSearch
Qwen3-VL-8B 264 58.00 55.56
Qwen3-VL-32B 218 57.11 54.97
GPT-5 173 56.50 54.39

Table 5: Trajectory-mining source ablation. The tool
generator is fixed at GPT-5, and the inference model is
Qwen3-VL-8B-Instruct. |Tpew| is the number of tools
admitted after both verification gates.

less, surfacing fewer raw gaps), and the 8B miner
is best on both benchmarks; stronger miners cost
roughly a point on FVQA and half that on MM-
Search. The take-away is that miner strength
should be matched to consumer strength: for an 8B
deployed agent, self-mining gives the best align-
ment between the failure patterns the generator sees
and the patterns the consumer hits at inference.

6.3 Cluster Count

We vary the Phase 1 cluster count C, which con-
trols how many capability-gap representatives are
forwarded to Phases 2—4 and is therefore the ef-
fective “training-sample” count for tool generation
(the raw rollout pool of 9,174 queries is fixed, see
Section 3.1). All other components are held fixed.
The sweep is intentionally coarse: we want to con-
firm the shape of the curve, not aggressively tune

C.

C  |Taew| FVQA MMSearch

0 0 55.00 51.46
250 145 57.39 54.97
500 264 58.00 55.56
750 298 57.50 54.97

Table 6: Phase 1 cluster-count sweep. C' is the number
of clustered gap representatives passed to Phases 2—4,
| Taew| the number of tools admitted to the tool catalog af-
ter both verification gates, and the last two columns are
accuracy on a representative ID benchmark (FVQA) and
a representative OOD benchmark (MMSearch), under
Qwen3-VL-8B-Instruct with GPT-5 as tool generator.
The C'=0 row is the eight-primitive baseline. C'=500 is
the main-results default.

The expected Goldilocks pattern emerges: too
few clusters yield a small, broad tool bank that lifts
accuracy only modestly, while too many spread the
within-cluster support too thin and the admitted-
tool count plateaus. The mid-range C'=500 sits
slightly above both C'=250 and C=750 on the two
benchmarks, indicating a flat plateau rather than a
sharp optimum; we adopt 500 as the default and do

New calls Adoption
In-domain 27% 40.9%
Out-of-domain 15% 16.3%

Table 7: New-tool adoption. New calls: fraction of
all tool calls to generated tools. Adoption: fraction of
samples invoking >1 generated tool.

not tune further.

7 Analysis
7.1 Overhead

Both the one-time tool-generation cost and the per-
query inference overhead of TOOLSMITH are man-
ageable in practice. Due to space, we defer the full
token, dollar, wall-clock, and per-query breakdown
to Appendix H.

7.2 New-Tool Adoption

Table 7 reports how often the agent invokes gen-
erated tools across in-domain and out-of-domain
benchmarks.

On in-domain benchmarks, generated tools ac-
count for 27% of all tool calls, and 41% of sam-
ples invoke at least one, confirming that the agent
actively selects generated tools when the query
matches their capability. On out-of-domain bench-
marks, adoption drops to 15% of calls and 16% of
samples, which is expected since the tools were
mined from in-domain failures. Nevertheless, the
non-trivial OOD adoption indicates that some gen-
erated tools generalize beyond their training distri-
bution.

7.3 Qualitative Analysis

We examine the patterns behind gained and lost
samples; four illustrated case studies appear in Fig-
ures 3—6 (Appendix I), and code-level tool exam-
ples in Appendix G.

Why generated tools help. The dominant pat-
tern is that generated tools enforce a perceive-then-
query pipeline that the base agent skips. With only
base primitives, the agent often jumps to text search
without first identifying the visual entity. Generated
tools chain reverse-image search with structured
KB lookup in a single call, forcing the correct order.
For example, on “What year did he give $50M to
create the Hastings Initiative?” (Figure 3), the base
agent searches without identifying Reed Hastings
and mis-attributes the donation to Eric Schmidt;
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the generated tool resolves the person first, after
which a single text search returns the correct year.

Why generated tools hurt. Among the lost sam-
ples, failures concentrate on a small number of
tools that return incorrect information. Other losses
stem from visual mis-identification or from the
agent trusting a generated tool’s output over a cor-
rect result it had already obtained from a base tool.
Appendix G walks through one successful tool, one
runtime-failing tool, and one tool filtered out by
Gate 2 in code-level detail.

Adoption correlates with gain. The in-domain
benchmarks, where adoption is highest (41%),
show consistent accuracy improvements, while the
lower-adoption OOD benchmarks show smaller or
neutral changes, suggesting that the accuracy gains
are driven by actual tool use rather than incidental
prompt differences.

8 Conclusion

We introduced TOOLSMITH, an automatic, model-
agnostic tool-generation framework for multimodal
search agents. Starting from an eight-primitive base
tool library, it mines trajectories on a training pool,
generates new tools under our proposed TOOL-
SMITH framework. Across three in-domain and ten
out-of-domain benchmarks, admitted tools improve
on top of the base tool library on every benchmark,
and gains persist across different inference mod-
els, and tool-generation models. Furthermore, we
conduct more in-depth analysis on tool generation,
tool use, and error samples. TOOLSMITH is a step
toward multimodal search agents that extend their
own capabilities with minimal human curation.

Limitations

TOOLSMITH does not include tools that them-
selves generate images, such as those introduced by
Gen-Searcher (Feng et al., 2026) and Unify-Agent
(Chen et al., 2026b); we plan to leave the genera-
tive part to future work. We have also not yet uti-
lized a code-specialized LLM as the tool-generator
backbone, and we believe a stronger code model
would further improve the quality of admitted tools
and downstream accuracy. Finally, since the live
search APIs and proprietary models change with
time, exact numerical reproduction may drift. We
pin model snapshots and archive trajectories to par-
tially mitigate this, but building a fully replicable

environment for search agents remains worth pur-
suing in the future.

Ethical Considerations

All datasets we use are publicly released for re-
search and we do not redistribute them. Generated
code runs in a process-level sandbox with an AST
allow-list and execution timeout, sufficient to block
accidental misuse. We cannot control the commer-
cial search APIs and proprietary models. But we
have ensured that all of our uses are legal and appro-
priate. The potential risk comes from the external
APIs, which may return harmful content. We have
verified and tried our best to mitigate this risk.
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Appendix

Outline.

* Appendix A, Contribution Statement: author
contributions.

* Appendix B, Evaluation: per-benchmark sample
counts and descriptions (in-domain and out-of-
domain), the LLM judge prompt, performance
variance, and a note on privacy-driven refusals.

* Appendix C, Base Tools: full schemas and at-
inference prompts for the eight base tools.

* Appendix D, System Prompt: the agent system
prompt used at inference.

* Appendix E, More Implementation Details:
model setup, decoding settings, and pipeline hy-
perparameters.

* Appendix F, More Tool Generation Details:
training samples, generator process statistics, and
Phase 2/3 prompts.

* Appendix G, More Tool Examples: successful,
failed, and filtered tool case studies.

* Appendix H, Overhead Analysis: end-to-end
generation cost (tokens, dollars, wall-clock) and
per-query inference overhead.

* Appendix I, Qualitative Analysis: recurring pat-
terns behind gained and lost samples.

The appendix is organized as follows:

A Contribution Statement

Rui Sun proposes the idea and finishes the imple-
mentation, paper writing, and rebuttal. Junhua
Huang helps with the tool generation part. Luca
Zancato, Md Mofijul Islam, and Kai-Wei Chang
take the advising roles. Md Mofijul Islam and Kai-
Wei Chang hold bi-weekly discussions with Rui
Sun and contribute the most advising, in equal mea-
sure.

B Evaluation

B.1 Evaluation Benchmarks

We list per-benchmark details for the in-domain
(ID) and out-of-domain (OOD) evaluation sets in-
troduced in Section 4.3. Table 8 summarizes the
per-benchmark sample counts. For OOD bench-
marks that mix text-only and image-grounded
items we restrict evaluation to the multimodal sub-
set, so OOD counts are smaller than the correspond-
ing full-benchmark totals.

B.1.1 In-Domain Benchmarks

FVQA. A fact-based VQA dataset (Wu et al.,
2025) that pairs images with questions whose an-

Benchmark # Samples

In-domain (test splits of training-pool datasets)

FVQA (Wu et al., 2025) 1800
InfoSeek (Chen et al., 2023) 2000
EncyclopedicVQA (Mensink et al., 2023) 1960

Out-of-domain (multimodal search benchmarks)

MM-BrowseComp (Li et al., 2025) 243
SimpleVQA (Cheng et al., 2025) 300
MMSearch (Jiang et al., 2025) 171
MMSearch-Plus (Tao et al., 2026) 311
HLE-VL (Phan et al., 2025) 330
LiveVQA (Fu et al., 2026) 300
BrowseComp-VL (Geng et al., 2026) 399
RealX-Bench (Hong et al., 2026a) 194
VDR-Bench (Huang et al., 2026) 500
VisBrowse-Bench (Zhang et al., 2026) 169

Table 8: Evaluation benchmarks. In-domain bench-
marks are the held-out test splits of the three training
datasets; out-of-domain benchmarks are ten multimodal
search benchmarks unseen during tool generation, eval-
uated on their multimodal subsets.

swers require commonsense or world-knowledge
facts not directly observable in the image. We eval-
uate on the official test split of 1800 samples, and
use the 3132 search-required samples from the train
split for tool generation.

InfoSeek. A visual information-seeking bench-
mark (Chen et al., 2023) of fine-grained questions
about entities depicted in images (e.g., species,
models, landmarks). We use the val split for tool
generation and test split for inference.

EncyclopedicVQA. A benchmark (Mensink
et al., 2023) of questions about detailed proper-
ties of fine-grained categories. We evaluate on the
test split and use val split for tool generation.

B.1.2 Out-of-Domain Benchmarks

MMSearch. A multimodal search benchmark
(Jiang et al., 2025) of 300 manually curated ques-
tions across 14 subfields, designed to assess large
multimodal models as multimodal search engines.
We evaluate on the End-to-End sub-task, which
requires the agent to perform query understand-
ing, retrieval, and answering in a single pipeline.
To align with other works for fair comparison, we
only use multimodal subset, which contains 171
samples.

MMSearch-Plus. A harder, provenance-aware
extension (Tao et al., 2026) that emphasizes lo-
calized visual reasoning, verification under noisy
or conflicting retrieval, and multi-step text—image
search; each item provides 1-5 images and one
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or more valid answers. We use 311 full set for

evaluation.

BrowseComp-VL. The vision—language exten-
sion of BrowseComp (Wei et al., 2025) introduced
by WebWatcher (Geng et al., 2026), with cross-
modal information-seeking questions spanning en-
tertainment, humanities, technology, natural sci-
ence, and other domains. We use all 399 samples
for evaluation.

MM-BrowseComp. Hand-crafted multimodal
browsing questions (Li et al., 2025) across sev-
eral sub-tasks, where the answer-relevant content
is hard to find. There are two versions of MM-
BrowseComp. We use the newest version, which
has 243 multimodal tasks.

SimpleVQA. A multimodal factuality bench-
mark (Cheng et al., 2025) of short, knowledge-
bound questions with timeless reference answers.
Following WebWatcher’s setting, we evaluate on
the English subset containing 300 multimodal
tasks.

VisBrowse-Bench. A benchmark of visual-
native search instances (Zhang et al., 2026) that
require cross-validation of multimodal evidence
via interleaved text—image retrieval and joint rea-
soning, including cases where the answer is not
present in any text snippet. We use the full 169
samples to evaluate.

HLE-VL. The multimodal subset of Humanity’s
Last Exam (Phan et al., 2025), drawn from frontier-
knowledge questions across mathematics, the natu-
ral sciences, and the humanities.

LiveVQA. A live visual knowledge-seeking
benchmark (Fu et al., 2026) drawing from recent
news, video platforms, and academic publications,
designed for the seeking-and-updating regime. We
follow WebWatcher’s setting and use 300 samples
from LiveVQA to evaluate.

RealX-Bench. Introduced by DeepEyesV2
(Hong et al., 2026a); expert-verified instances that
require integrating fine-grained visual perception,
dynamic multi-hop web retrieval, and multi-step
logical reasoning. This benchmark contains
perception and search types, which make it easy to
check the performance improvement coming from
visual tools and search tools.

VDR-Bench. The benchmark released alongside
Vision-DeepResearch (Huang et al., 2026): long-
horizon multimodal deep-research instances that
interleave many reasoning turns with hundreds of
search-engine interactions, designed to evaluate
sustained multi-step browsing under heavy real-
world noise.

B.2 LLM Judge Prompt and
Retrieval-Shortcut Check

No retrieval shortcut. Across all ID and OOD
benchmarks, we did not observe cases in which
the search tools surface the gold answer verbatim
from indexed pages. Accuracy therefore reflects the
agent’s multi-step reasoning over evidence rather
than a retrieval shortcut.

Judge prompt. To align with recent multimodal
deep-research work (Chen et al., 2026a), we adopt
the same LLM judge as Vision-DeepResearch
(Huang et al., 2026) and use GPT-40 as the
judge model, applying the prompt below uniformly
across all benchmarks.

LLM Judge Prompt

You are an impartial judge evaluating
whether a deep research report contains the
correct answer.

[Question] {question}

[Correct Answer] {correct_answer }

[Deep Research Report] {response}

Task: Determine if the deep research report
contains the correct answer anywhere in its
content.

Instructions:

1. Read through the entire research report
carefully

2. Look for the correct answer anywhere
in the report (it may be embedded in para-
graphs, tables, or sections)

3. Check if the information in the report is
consistent with the correct answer

4. The answer does NOT need to be in a
specific format or labelled as “final answer”
5. Provide your reasoning

6. Answer with “yes” if the report contains
the correct answer, “no” if it doesn’t or con-
tradicts it

Output format: correct: [yes/no] reasoning:
[your explanation]
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B.3 Performance Variance

Because the agent issues live search calls and the
randomness exists in LLM generation, repeated
evaluations of the same configuration show run-to-
run variance. For the result numbers in Section 5,
we report the average of three independent runs.

B.4 Refusals on Identity Queries

Some of our evaluation benchmarks contain queries
that reference a real person, such as “who is the
person in this photograph,” “what is the affiliation
of this researcher”. Proprietary models are increas-
ingly trained to decline such queries under their
privacy and identification policies, even when the
gold answer is a public-figure fact already widely
indexed on the open web. We observe this from
GPT-5 in our setting, which returns a refusal in
place of an answer, and the judge will count the re-
fusal as incorrect. Therefore, in some of the bench-
marks, the GPT-5 performance is lower than the
Qwen3-VL-32B model or Qwen3-VL-8B-Instruct
model.

C Base Tools

Below we give the detailed documentation for each
of the eight base tools introduced in Section 4.1.

C.1 Search Tools

All three search tools route HTTP queries through
the Serper API® and post-process the raw payload
with a Qwen3-VL-8B-Instruct model as the VLM
summarizer. The summarizer runs at decoding
temperature 0 with a 4096-token output cap, and
each call retrieves the top 10 raw results before
reranking and summarization.

Text Search. Search the web with intelligent
query routing and VLM summarization. Given
a text query, the tool automatically classifies the
query intent and routes it to the most appropri-
ate Serper endpoint, which has general web, news,
academic papers, images, maps, local places, shop-
ping, or patents types, and returns a coherent sum-
mary of the top-10 raw results with inline citations
(11, [21, . followed by a citations block of
source titles and URLs. This format supports multi-
round search: the agent can read the summary for
quick understanding and then visit specific cited
URLSs through Webpage Visit. The summarizer
prompt is shown in C.1.

*https://serper.dev/

Text Search summarizer prompt (abridged)

You are a research summarizer. Given raw
web search results and a user query, do ex-
actly three things:

1. RERANK the numbered organic results
by how directly each helps answer the
query.

2. KEEP at most X most useful results;
emit their original 1-based ranks as
kept_indices. If none help, emit
kept_indices: [].

3. SUMMARIZE the query-relevant facts
from the FULL set of raw results into a
concise 3-5 sentence prose paragraph;
include named entities, numbers, and
dates verbatim.

Knowledge-graph, answer-box, and
top-stories blocks are ineligible for
kept_indices but their facts should still
surface in summary. Output STRICT
JSON with the schema {kept_indices,
summary, no_results_justification,
suggested_queries,

suggested_next_actions}; when
no result is useful, populate the justifica-
tion and propose alternative queries or
downstream tool calls.

\

Image Search. Identify the objects, landmarks,
artwork, text, products, plants, animals, and other
entities depicted in an image, using Serper’s
reverse-image-search (Google Lens) endpoint. Re-
turns a list of visual matches with titles, source
URLs, links, and thumbnails. The agent invokes
the tool by passing the runtime identifier of the
target image. The tool performs reverse search
(image — information) on a single image per call;
finding images from a text description is instead
handled by Text Search with an image-search in-
tent. A separate multimodal summarizer prompt
C.1 reranks the candidates against the query im-
age and produces the same JSON envelope as Text
Search.

Image Search summarizer prompt

(abridged)

You are a visual-match summarizer. Given
raw reverse-image-search results (and, in
the multimodal variant, the query image
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plus each candidate’s thumbnail), do exactly
three things:

1. RERANK the numbered matches by how
likely each identifies the same subject as
the query image.

2. KEEP at most K most useful matches as
kept_indices.

3. SUMMARIZE what the FULL set of
raw matches indicates about the query
image’s likely subject in a concise 3—5
sentence prose paragraph; capture entity
names, dates, attributes verbatim.

Output STRICT JSON with {kept
indices, summary, no results
justification, suggested next

actions}; when no match is useful, justify
per-match and propose follow-up actions
such as cropping with Visual Grounding
before re-searching, or switching to Text
Search.

Webpage Visit. Visit one or more webpages, con-
vert them to plain text via Serper APIs, and extract
goal-relevant content using a local Qwen3-VL-8B-
Instruct model. This tool returns per-URL evidence
and a summary. The extraction prompt is shown in
C.1.

Webpage Visit extraction prompt

Please process the following webpage con-
tent and user goal to extract relevant infor-
mation:

Webpage Content: {webpage_content?}
User Goal: {goal}

Task Guidelines

1. Content scanning for rationale: locate
the specific sections directly related to
the user’s goal.

2. Key extraction for evidence: extract the
most relevant information; preserve the
full original context whenever possible.

3. Summary output: organize the result
into a concise paragraph with logical
flow that connects the evidence back to
the goal.

Output: a single JSON object with keys

rational, evidence, and summary (each a

string; empty string if no content is avail-

able). No code fences, no Markdown, no

[ extra keys. ]

C.2 Visual Tools

Zoom-in. Crop a region of an image given a nor-
malized bounding box on the [0, 1000] scale plus
padding, and return the cropped image. Used for
closer visual inspection after the agent has already
localized a region of interest.

Visual Grounding. Locate and highlight regions
of an image that match a text query, backed by
SAM3 (Carion et al., 2026). It returns an anno-
tated image with matched regions highlighted and
numbered, along with bounding boxes.

OCR. Extract readable text from an image,
backed by PaddleOCR-VL (Cui et al., 2025). Re-
turns the transcribed text as a single string. Used
when the task is about words, numbers, or printed
labels in the image; not for general object localiza-
tion or segmentation.

Depth Estimation. Estimate a per-pixel depth
map for an input image, backed by Depth Any-
thing 3 (Lin et al., 2025). Returns a depth im-
age (closer surfaces brighter, farther darker). Used
when the task requires reasoning about relative dis-
tance, foreground-background separation, or 3D
scene structure cues that flat 2D crops cannot re-
solve.

C.3 Code-Execution Tool

Code Execution. Run Python over the agent’s
local computation state and the outputs of previ-
ously called tools (bounding boxes, OCR strings,
segmentation masks, and so on), returning both
standard output and the resulting local variables.
The agent may pass a snippet directly, or describe a
computation goal in plain language and let a small
coding LLM (Qwen3-VL-8B-Instruct) author the
snippet using prior tool outputs as named variables.
Used for aggregating numbers extracted by OCR,
filtering detected regions by bounding-box area,
or any cross-tool numerical reasoning the agent
cannot complete in its own response.

D System Prompt

Here is the system prompt of the agent.
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System Prompt

You are a visual reasoning agent that an-
swers questions about images using a struc-
tured Perception-Reasoning-Action frame-
work.

Your goal is to provide accurate, well-
reasoned answers. You have access to vari-
ous tools that compensate for known limita-
tions of vision-language models.

Use native tool-calling for tools. Do not
write textual Action/Action Input to call
tools.

At most one native tool call is allowed per
assistant message/turn.

Use the following format:

Question: the input question you must an-
swer

Observation: your direct perception of the
input or the result of the action you took
Thought: you should always think about
what to do

Action: the action to take, should be one
of the provided tools, or “Final Answer” if
you have a final answer and do not need to
call any more tools.

Action Input: the input to the action, or the
final answer if Action is “Final Answer”

# Image-input rule:

- Runtime image IDs are provided in Envi-
ronment Update messages.

- If a tool needs image input, use those IDs
in *_image_path fields.

- Do NOT invent image file names or paths.
# Tool-Use Rules

- Call exactly ONE tool per turn. Never
include multiple <tool_call> blocks.

- Full tool schemas with parameters and
types are provided in the <tools> section
below.

- After each tool call, verify whether the
result is actually informative for the task.

- If a tool result is empty, missing key values,
or non-informative, do NOT guess. Issue
another tool call with corrected arguments
or use a different tool.

# Available Tools

You may call ONE tool per turn to assist
with the user query.

You are provided with function signatures
within <tools></tools> XML tags:

<tools>
{tools_directory}
</tools>
For each function call, return a json object
with function name and arguments within
<tool_call></tool_call> XML tags:
<tool_call>

“name”’: <function-name>, “arguments’:
<args-json-object>}
</tool_call>

E More Implementation Details

Model setup. For full reproducibility, all GPT-5
calls use the pinned snapshot gpt-5-2025-08-07
via the OpenAl API. All Qwen3-VL-8B-Instruct,
Qwen3-VL-32B-Instruct, and Qwen3-VL-8B-
Thinking calls use the public Hugging Face weights
served locally with vLLM. The LLM judge uses
GPT-40 (Appendix B.2).

Decoding. Temperature 0.3, top-p 0.95, repeti-
tion penalty 1.1, per-turn maximum 2,048 gener-
ated tokens, at most fifteen tool-calling iterations
per query, and an agent context capped at 120K
tokens.

Pipeline hyperparameters. Phase I (Trajectory
Mining). Sentence encoder 1) =BAAI/bge-m3 for
embedding capability gaps; agglomerative cluster-
ing with average linkage over cosine distance; de-
fault cluster count C' = 500. Phase 2 (Reuse-or-
Grow). Pre-generation TF-IDF reuse threshold
Tpre = 0.40. Phase 3 (Tool Generation). Per-
candidate retry budget A = 2. Phase 4 (Verifica-
tion). Gate 1 (sandboxed sanity) wall-clock budget
10 seconds; Gate 2 (LLM static code review) mean-
score threshold iy = 3.0, minimum-axis thresh-
old api, = 1; post-gate TF—IDF dedup threshold
Tpost = 0.55. Inference. Progressive-disclosure
retrieval exposes the top-K = 10 generated tools
per query alongside the base library.

F More Tool Generation Details

F.1 Training Samples

Trajectories are mined from the result of the
agent on three knowledge-intensive multimodal
QA datasets, all distinct from the evaluation bench-
marks (Appendix B.1). We sample 3312, 3000, and
2862 queries per dataset.
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Dataset Split (size)
FVQA (Wu et al., 2025) train (3312)
InfoSeek (Chen et al., 2023) val (3000)
EncyclopedicVQA (Mensink et al., 2023)  val (2862)

Table 9: Tool-generation training samples and datasets.

F.2 Generator Process Statistics

We hold the inference model fixed at Qwen3-VL-
8B-Instruct and vary the model that authors new
tools during Phase 3, running each on the same 300-
query FVQA training subset (search-required parti-
tion). Table 10 reports generation-process statistics;
qualitative findings follow.

Generator Trig. Succ. (%) Dedup  Cost
GPT-5 73 50 (68%) 23 $1.03
Qwen3-VL-32B 83 67 (81%) 6 $0.00
Qwen3-VL-8B 83 24 29%) 17 $0.00

Table 10: Tool-generator model ablation on 300 FVQA
training queries. 7Trig.: queries whose self-critique la-
bels a capability gap. Succ.: candidates that pass both
verification gates. Dedup: candidates skipped because
a near-duplicate already exists in the catalog. Local
models incur zero API cost.

GPT-5 produces structurally rich tools: mod-
ular helper functions, tiered authority ranking of
knowledge sources, and multi-layer fallback chains.
Qwen3-VL-32B passes 81% of candidates with
clean but simpler code. Qwen3-VL-8B succeeds
on only 29%; manual inspection reveals logic bugs
that survive the gates but would fail at runtime (see
Appendix G for code examples). We adopt GPT-5
as the default generator, accepting its API cost in
exchange for the structurally richer code.

F.3 Tool Generation Prompts

We list all prompts used in the tool-generation
pipeline in execution order.

1. Self-critique (Phase 1, Layer B).

Self-critique prompt (abridged)

System: You are an analyst deciding whether a
failed multimodal agent run requires a NEW tool
to be invented.

User:

Question: {question}

Final answer the agent gave: {prediction}
Ground-truth answer: {gold}

The agent invoked these tools: {tool_counts}
Last tool errors: {recent_errors}

Would a NEW tool have let the agent answer

correctly? Reply with one of:

- NEW_TOOL_NEEDED: capability X is missing
- ARGUMENT_MISTAKE: right tool, wrong usage
- SEARCH_NOISE: tools worked, bad results

- AMBIGUOUS: question itself unanswerable

If NEW_TOOL_NEEDED, describe:
(a) input modality (text / imagettext / image)
(b) data source (website/API or web search)
(c) which field of the gold answer to extract

Reply: LABEL: <label> WHY: <one sentence>

\

2. Query classifier (Phase 3 pre-step).

Classifier prompt (abridged)

System: You classify a question by its expected
answer shape. Reply ONLY in 3-line format.

User:
Question: "{failed_query}"

Reply with EXACTLY this format (3 lines):
ANSWER_TYPE: <COUNT |DATE |BOOLEAN|ENTITY_NAME |
FACTUAL _LOOKUP | OTHER>
ANSWER_LENGTH: <1-5_chars|short_phrase|
full_sentence>
EXTRACTION_HINT: <what to extract from search>

\

3. Generator system prompt (Phase 3).

Generator system prompt (abridged)

You are a Python tool author for a multimodal
deep-research agent. Write a single new tool
class that solves the failed query.

The tool must:

1. Inherit from BaseTool

2. Call super().__init__() with: tool_name,
tool_description, input_schema, ...

3. Implement execute(*xkwargs) -> dict|str|list

4. Use only: requests, re, json, datetime

5. Chain-call base tools via HTTP POST to
127.0.0.1:8104/execute -- do NOT call
external APIs directly

6. Take entities as parameters; do not hardcode

Anti-hardcode rules:
(a) No conditional-return lookup tables
(b) No fake scores from string properties
(c) No hardcoded reference constants

\

4. Seed examples (Phase 3, appended to sys-
tem prompt). The system prompt includes six
positive tool examples and one anti-pattern. Each
example demonstrates a different tool archetype:

Seed example categories (code omitted)

# Example 1: text-only KB chain
# (e.g. actress_by_character: query Wikipedia
# for an actress given a character name)

# Example 2: image-then-KB chain
# (e.g. fossil_identification: OCR image,
# then search KB for fossil species)

# Example 3: narrow-domain HTML scrape
# (e.g. esports_player_stats: scrape a
# specific game wiki for player stats)

# Example 4: cross-modal lens+verify
# (e.g. company_recognition: Lens to ID logo,
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# then verify via text search)

# Example 5: structured-KB chain-call
# (e.g. entity_property_lookup: query
# Wikidata for a specific property)

# Example 6: vision zero-shot classification
# (e.g. best_label_by_image: CLIP similarity
# over a label set)

# ANTI-PATTERN (what NOT to write):

# - Hardcoded lookup tables

# - Fake scores from string length

# - Specific entity in tool_description

\

5. Generator user prompt (Phase 3, per-
Generator user prompt (abridged)

Failed subtask:
query: {failed_query}

Expected answer shape (from classifier):
answer_type: ENTITY_NAME
answer_length: short_phrase
extract_hint: extract the person's name

Image: {image_url}
(Declare image_url in input_schema and
chain-call a vision tool)

Failure reason: {self_critique_reason}
Tools already tried: {tried_tools}

Design a single new tool that would have made
this subtask succeed, then return the JSON.

. J

6. Feedback retry prompt (Phase 3, on gate
failure).
Feedback retry prompt (abridged)

You previously wrote a tool for this subtask,
but it did not pass the quality gate.

Failed subtask:
query: {failed_query}

Quality gate feedback:
{feedback}
(e.g. "L1: tool chain-calls wikidata_query
but never checks confidence field")

Your previous code:
 Tpython
{previous_code}

Fix the issues flagged above. Keep what worked.
Return the revised JSON.

L

7. LLM critic (Gate 2).
Critic prompt (abridged)

System: You are a senior Python code reviewer.
Score on FOUR axes (@-5 each). Return JSON:
{parametric_usage, description_abstractness,
edge_case_handling, task_alignment, critique}

Axis definitions:

- parametric_usage: Do declared parameters
drive logic? Hardcoded returns score 0-1.

- description_abstractness: Does description
name a CLASS of queries (4-5) or a specific
entity (0-1)?

- edge_case_handling: Does execute() handle
empty/None/invalid inputs gracefully?

- task_alignment: Does the tool's purpose
actually address the original failing query?

G More Tool Examples

We show more tool examples here, including suc-
cessful and failed ones. Code is abridged for space.

G.1 Successful Tool: Medical Condition
Identifier

Triggered by “What skin condition is shown?” The
tool decomposes the problem into helper functions,
ranks medical sources by authority, and chains five
fallback stages. Key excerpts:

Medical Condition Identifier (abridged)

# Tiered medical-source authority ranking
def _authority_score(self, domain):
tiers = [
(100, ["wikipedia.org”l),
(95, ["nih.gov"”, "cdc.gov"”, "who.int"]),
(90, ["dermnetnz.org”, "mayoclinic.org"l),
(80, ["medscape.com”, "webmd.com"]),
]
for score, subs in tiers:
if any(s in domain for s in subs):
return score
return 30

def execute(self, *xkwargs):
# Stage 1: reverse-image search
cands = self._pick_candidates_from_lens(matches)
# Stage 2: fallback to Image Search
if not cands:
cands = self.
_pick_candidates_from_image_search(...)
# Stage 3: rank by authority score
ranked = sorted(cands, key=lambda x: -x["score”
D
# Stage 4: extract from URL slug or title
for ¢ in ranked[:5]:
cond = self._slug_to_condition(c["1link"])
if self._is_valid_condition(cond):
return cond. lower()
# Stage 5: last-resort -- visit the page
directly
_post("Webpage_Visit_Tool”, {
"urls”: [best["1link"1],
"goal”: "Extract the medical condition name”

D

The tool embeds domain knowledge (medical
authority tiers) and robust output normalization
(1-5 word lowercase phrase, HTML/wiki markup
stripped). The generated tool here also demon-
strates the compositionality by composing base
tools (Image Search, Text Search, and Webpage
Visit) and then generate the new tool.

G.2 Failed Tool: Building Identifier

tall_slender_building_identifier passes
the AST process, but still contains three defects:
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Building Identifier (abridged)

# BUG 1: missing import -- module uses json.loads
# but “import json® is absent from the file header
infobox = json.loads(result) # NameError

# BUG 2: returns a dict KEY, not the VALUE

return {"building_name":
list(infobox["infobox"].keys())[@]}

# A returns "height” instead of "828 m”

# BUG 3: overly specific, non-reusable name
tool_name = "tall_slender_building_identifier”
# % only matches one visual archetype

\

G.3 Filtered Tool: Wrapper

The generator occasionally produces tools whose
tool_name and docstring advertise a general ca-
pability, but whose body hardcodes the literal tar-
get entity from the originating forging-time query.
The candidate below (with explanatory comments
added) was triggered by a single training query
about a named hurricane:

Wrapper (abridged)

class HurricaneWindSpeedLookupTool (BaseTool):
"""Look up the maximum sustained wind speed
of a HURRICANE by name via web search. ..."""

def __init__(self):
super().__init__(
tool_name="hurricane_wind_speed_lookup”,

-2
def execute(self, xxkwargs):

# Identify hurricane via Lens, then filter
titles
# by a hardcoded name regex:
if image_url:
titles = [m.get("title”,"")
for m in matches[:5]]
name_candidates = [t for t in titles
if re.search(
r"\b(hurricane|storm|”
r"eresto|ernesto)\b"”,
t, re.I)]

\. J

The advertised scope is generic hurricane wind-
speed lookup, but the title filter hardcodes the literal
target entity (ernesto) together with an autoregres-
sive misspelling (eresto). On every other hurri-
cane, the filter returns the empty list and the tool
erTors out.

H Overhead Analysis

Table 11 breaks down the one-time cost of run-
ning TOOLSMITH with GPT-5 as the generator at
C = 500, yielding 264 verified tools. The cost
is dominated by completion tokens (~$34.80 of
$41.44 at the GPT-5 list price) because GPT-5’s
reasoning traces are charged as output.

Component Calls Prompt Compl. Cost
Generator (codegen) 455  5.19M 2.77TM $34.18
Self-critique (trigger) 446  0.25M  0.70M  $7.26
Classifier (local 8B) — 0.05M 0.02M  $0.00
Total 549M 3.48M $41.44
Table 11: Tool-generation cost breakdown. Token

counts are from the API’s reported usage field. GPT-5
pricing: $1.25/ 1M input, $10.00 / 1M output (reason-
ing tokens count as output). The classifier runs on a
local Qwen3-VL-8B at zero API cost. Wall-clock time:
170 minutes with 4 concurrent workers.

At inference, the only added overhead is the per-
query tool routing: a single forward pass through
a sentence encoder (~10ms on CPU) followed
by a dot-product over the tool embedding matrix.
The agent sees |Tpase| + K = 18 tools per query
rather than the full catalog, so the per-turn con-
text grows by only the top-K'=10 generated tool
schemas (~2K tokens), a modest increase relative
to the 120K context budget.

I Qualitative Analysis

We present additional case studies; three patterns
account for the gains:

1. Perceive-then-query. The generated tool
chains visual identification (Lens) with struc-
tured lookup (Wikidata, text search), forcing
the agent to identify the entity before search-
ing for facts. The base agent often skips iden-
tification and searches for the wrong entity.

2. Specialized lookup. The generated tool di-
rectly answers a specific attribute query (e.g.
aircraft model year, building architect) via a
targeted chain-call pipeline, replacing the base
agent’s generic multi-step search.

3. Forced verification. The generated tool pre-
vents the agent from answering from internal
knowledge alone (zero-tool hallucination) by
requiring a lookup step.

Lost samples concentrate on a few tools return-

ing incorrect information, and on mis-identification
where Lens returns a similar wrong entity.

Case studies. Figures 3—6 present four represen-
tative gained samples. The first three illustrate the
perceive-then-query pattern at the entity (Figures 3
and 4) and region (Figure 5) levels; the fourth (Fig-
ure 6) shows a generated tool re-ranking search
results toward higher-authority sources even when
both pipelines call similar primitives.
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Question: "What year did he give $50M to create
the Hastings Initiative?"

Answer: 2025

Only Base Tools
Turn 1 Text Search "$50M Hastings Initiative donation"

Returns results about various philanthropic donations, multiple people named
Turn 2 Text Search "Hastings Initiative founder year"

Finds Eric Schmidt / other tech donors — agent misidentifies the person

Agent never identifies WHO is in the image. Searches for "Hastings Initiative"

Error mode:
without knowing the person, matches wrong donor.

Predicti “Eric to Al-related causes... Al2050 fund..." X
With ToolSmith
Turn 1 Image Entity Canonical Name Image Path=<Input Image>

Image Search -> face/entity matching -> canonical name lookup

Turn 2 Text Search "Reed Hastings $50M Hastings Initiative year"

Finds: Reed Hastings donated $50M to Bowdoin College in 2025

Why it works:
Generated tool identifies the person FIRST, then the fact search is grounded to
the correct entity. Entity-first pattern.

Prediction: "2025" v

J

Figure 3: Entity-first identification (Reed Hastings,
$50M Hastings Initiative). The base agent searches
without knowing who is in the image and misat-
tributes the donation to Eric Schmidt; the generated
Image Entity Canonical Name tool resolves the per-
son first, after which a single text search returns the
correct year.

Question: "What event is this person associated
with?"

Answer: Miss Universe Philippines 2021

Only Base Tools
Turn 1 OCR

No useful text found — only visual content (woman in gown)

Image Path=<Input Image>

Tun2  TextSearch "Miss Mississippi pageant winner"
Agent ississippi' — wrong country and pageant

Error mode:
Agent cannot identify the person. Guesses ‘Mississippi' from vague visual cues.
Without person identification, event lookup is hopeless.

Prediction: "Miss Mississippi 5 X

With ToolSmith

Tum 1 Celebrated Person From Image Image Path=<Input Image>

Reverse image search + celebrity matching pipeline

Tum2  Image Search Image Path=<Input Image>
Confirms identity through visual matching
Tum3  Webpage Visit "Confirm event for Beatrice Luigi Gomez"

Wikipedia: won Miss Universe Philippines 2021

Generated tool identifies the PERSON first (Beatrice Luigi Gomez), then event

Why it works:
lookup is trivially grounded. Entity-first pattern.

Prediction: "Miss Universe Philippines 2021" \"

Figure 4: Entity-first identification on a person whose
visual context provides only vague cues. The base
agent guesses “Mississippi” from incidental visual con-
tent and returns the wrong pageant; the generated

Celebrated Person From Image tool produces the
canonical identity (Beatrice Luigi Gomez), which makes
the event lookup trivial.

Question: "Who is the governor of the state ~ =
marked in red?"

Answer: Tina Kotek

Only Base Tools
Tum 1 Image Search Image Path=<Input Image>
Returns US map images — does not identify which state is red
Turn 2 Text Search "governor of Washington State 2024"

Agent misidentifies Oregon as Washington — returns Bob Ferguson

Error mode:
Agent confuses Oregon with neighboring Washington. Both in Pacific NW.
Without precise state identification, governor lookup returns wrong person.

Prediction: "Bob Ferguson™” X

With ToolSmith

Tum 1 State Context Lookup subject="state", fact="governor"

Image analysis + map interpretation to identify the highlighted state

Tum 2 Text Search "who is the governor of Oregon 2024"

Retumns: Tina Kotek, governor of Oregon since 2023

Why it works:
tool precisely i i Oregon (not from the red
highlight. Correct state ID is the critical first step; governor lookup is then trivial.

Prediction: "Tina Kotek" \'

=

Figure 5: Precise region identification on a US
map. Without explicit map-region parsing the base
agent confuses Oregon with neighboring Washing-
ton and returns the wrong governor; the generated
State Context Lookup tool pins down the high-
lighted state first, after which the governor lookup suc-
ceeds.

Question: "What event does this map
represent?”

Answer: 1996 United States presidential
election

Only Base Tools
Tumn 1 Image Search Image Path=<Input Image>
Returns similar US election maps — matches multiple years
Tum 2 Webpage Visit "1968 Midnight Map Reddit thread"

Follows Reddit link about 1968 — confirms wrong year

Error mode:
Image search returns multiple election maps across years. Agent latches onto a
Reddit post about 1968, confirming wrong year.

Prediction: "1968 presi ial election™ X

With ToolSmith

Tum 1 Event Name From Image target_field="event_name"
Attempts abstract event extraction from map image

Tum2  Image Search Image Path=<Input Image>

Reverse image search with better source ranking

Why it works:
Generated tool primes agent to seek the event NAME specifically. Image Search
then ranks Wikipedia (1996) above Reddit (1968).

Prediction: "1996 United States presidential election™ \V

Figure 6: Search-ranking steering. The base agent’s
generic image search returns multiple election maps
and the agent latches onto a Reddit thread about the
wrong year; the generated Event Name From Image
tool primes the search for an event-name extraction and
reorders the results so Wikipedia (1996) outranks Reddit
(1968).
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