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Abstract

Improving vision-language models (VLMs)
on visual reasoning typically requires retrain-
ing or hand-designed prompts and tools. We
present DYNAMO, a training-free framework
that adapts a frozen VLM without any weight
updates. On a small labeled training subset,
the agent inspects its own correct and incor-
rect attempts and evolves two complementary
capabilities: reusable reasoning skills for cog-
nitive bottlenecks, and executable visual tools
for perceptual ones. Each generated tool is
paired with a skill that specifies when to in-
voke it, and both capability types accumulate
in a persistent library. Across four visual rea-
soning benchmarks and five VLM backbones,
DYNAMO improves direct inference on all 20
model-benchmark settings (avg. +5.6 acc).
When the tool set is given in advance, the
framework learns when to call each tool, and
per-step tool choice improves on every tested
backbone. Against task-specific RL (VTool-
R1, DeepEyes), DYNAMO closes 65-99% of
the RL gap at a fraction of the compute, and
combines additively with RL when available.

1 Introduction

Vision-language models (VLMs) have improved
rapidly, yet adapting a VLM to a new visual-
reasoning task family still typically requires man-
ually curated SFT data or a hand-designed RL
pipeline (Li et al., 2025). We ask whether the agent
can build its own task-specific capability set in-
stead, by inspecting its own behaviour on small
training subsets and without weight updates. Fig-
ure 1 contrasts this capability-evolution route with
the typical per-task SFT/RL adaptation pipeline.
We instantiate this idea in DYNAMO, a training-
free framework that evolves two complementary ca-
pability types from a small labeled training subset
and dynamically equips them at inference. Skills
are structured Markdown SOPs for cognitive bot-
tlenecks, where the visual evidence is available but
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Figure 1: Hand-crafted SFT/RL vs. DYNAMO. Top:
each new task family requires hand-curated SFT data
and a custom RL pipeline. Bottom: DYNAMO instead
evolves a task-family-specific skill and tool set from a
small labeled training subset, with the VLM frozen.

the agent’s reasoning procedure is weak. Tools
are short Python programs for perceptual bottle-
necks, where the agent needs a transformed view
of the input before the evidence becomes legible:
a crop or zoom into a region of interest, a con-
trast adjustment, a chart re-rendering with enlarged
axis labels, the extraction of a specific color or
chart layer, or a saliency-guided sub-region extrac-
tion. On each iteration over a sampled sub-training
set, DYNAMO diagnoses both the correct and the
incorrect attempts using their images and reason-
ing traces, proposes multiple candidate skill4tool
combinations, and promotes the highest-validation-
accuracy candidate into a persistent library. A mas-
tery phase further learns when each tool is safe to
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invoke, so that promoted capabilities are deployed
selectively rather than indiscriminately.

We evaluate three questions. (I) Does DY-
NAMO work across diverse benchmarks and
backbones? On ChartQA (Masry et al., 2022),
MathVista (Lu et al., 2024), HRBench4K (Wang
etal., 2025), and V* (Wu and Xie, 2024) across five
VLM backbones, skill-tool co-evolution improves
direct inference on all 20 model-benchmark set-
tings, averaging +5.6 accuracy points. (II) Does
the framework extend to a tool-mastery set-
ting with a curated tool set? On GTA (Wang
et al., 2024b), learning when to call each pre-
provided tool improves step-level tool selection,
argument prediction, and instruction-following ac-
curacy across all tested backbones. (III) Can DY-
NAMO match task-specific RL across different
task families? We compare DYNAMO to a repre-
sentative RL method on two task families: struc-
tured visual QA (VTool-R1 (Wu et al., 2025a)),
and high-resolution perception (DeepEyes (Zheng
et al., 2025)). DYNAMO matches or approaches
RL accuracy at a fraction of the compute (65-99%
gap recovery on chart/table; 91.1 vs. 90.1 on V*-
7B perception), and combines additively with RL.
when both are available.

Contributions.

(1) A problem formulation that recasts per-task
VLM adaptation as capability evolution: a
frozen agent builds its own skill and tool li-
brary from a small labeled training subset.

(2) A multi-candidate evolution loop that diag-
noses correct and incorrect attempts, proposes
candidate skill4+tool combinations, promotes
the best by validation accuracy, learns tools’
applicability, and grows the library iteratively.

(3) Empirical evidence across four visual-
reasoning benchmarks on five VLM backbones,
the GTA tool-mastery benchmark, and two RL-
comparison task families, with additive com-
position when RL is also available.

2 Related Work

Self-improving agents. A growing line of work
lets LLM agents improve from experience without
gradient updates: Reflexion (Shinn et al., 2023)
keeps a verbal reflection buffer that resets be-
tween episodes; Voyager (Wang et al., 2024a) and
ExpeL (Zhao et al., 2024) accumulate persistent
skill libraries in game and tool-use domains; Au-
toManual (Chen et al., 2024) and EvolveR (Wu

et al., 2025b) refine instruction manuals or rea-
soning strategies via self-play; Trace2Skill (Ni
et al., 2026) distils trajectory-local lessons into
transferable agent skills; and a broader line uses
self-distillation to drive self-evolution (Zhang et al.,
2026; Sun et al., 2025; Xu et al., 2025).

Tool creation for language models. A comple-
mentary line generates new tools on demand: CRE-
ATOR (Qian et al., 2023) prompts an LLM to write
Python helpers for problems it cannot solve di-
rectly; LATM (Cai et al., 2024) and ToolLLM (Qin
et al., 2024) scale this to large API collections. The
generated tools are typically text-domain utilities,
such as arithmetic helpers, unit converters, and API
wrappers, evaluated on math word problems and
similar text-symbolic benchmarks.

Visual reasoning with tools. A growing line
equips VLMs with visual processing tools. VTool-
R1 (Wu et al., 2025a), DeepEyes (Zheng et al.,
2025; Hong et al., 2025), PixelReasoner (Su
et al., 2025), and V-Thinker (Qiao et al., 2025)
rely on SFT and/or RL with curated trajecto-
ries to teach VLMs to invoke a fixed tool in-
ventory. ZoomEye (Shen et al., 2025) and Re-
Focus (Fu et al., 2025) are training-free but as-
sume a fixed zoom/search or editing interface;
Lever LM (Yang et al., 2024) configures in-context
example sequences to leverage VLMs without re-
training. A parallel program-synthesis line com-
poses hand-curated tool libraries of detectors,
OCR, and arithmetic modules (VisProg (Gupta and
Kembhavi, 2023), ViperGPT (Suris et al., 2023),
Chameleon (Lu et al., 2023)); MMR-Bench (Ma
et al., 2026) evaluates such routing across diverse
backbones and tools, and EcoAlign (Cheng et al.,
2025) frames the cost of adapting VLMs.

3 Method

3.1 Problem Formulation

Let Dyain = { (x4, yi, Vi)}le denote a small train-
ing subset of k cases, where z; is the question,
y; the ground-truth answer, and v; the associated
visual input (one or more images). Let my be a
frozen VLM backbone. We define a capability set
C = (S,7), where S is a library of skills (struc-
tured reasoning SOPs) and 7 is a library of fools
(executable Python programs). The agent decom-
poses solving into a retrieval step and a reasoning
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Figure 2: DYNAMO evolution loop. On a sampled sub-training set, DYNAMO diagnoses both correct and incorrect
attempts, explores candidate skill4tool capabilities, and promotes the best by validation into a persistent library.

step:

fe(z,v; mg) = mo(- | z, v, Retrieve(z, v; C)),
(1)
where Retrieve returns the subset of skills and
tools relevant to the current input. Given a held-out
validation set Dy,y, our goal is to learn C that max-
imises agent accuracy without any weight update:
C* = arg max Acc(fe; Dyal) » ()
where the maximisation is over C only and 7y re-
mains frozen (Vy = 0).

3.2 Evolution Loop

Each iteration has three phases (Figure 2).
Diagnose. The agent (Eq. 1) attempts each
case in Dy, once with the current C, producing
one reasoning trace 7; per case. We then sample
Dsuv € Diain across questions (not stratified per
question), including both correct and incorrect at-
tempts when both are present. If all attempts are
correct, the iteration is skipped (no bottleneck to
fix); if all are incorrect, the ANALYZERDECIDER
proceeds on failures alone. The ANALYZERDE-
CIDER inspects Dgp—the questions x;, ground-
truth answers y;, original images v;, reasoning
traces 7;, and any intermediate tool outputs—and
emits a root-cause analysis grounded in visual ev-
idence, an identified bottleneck type (cognitive

when the visual evidence is available but the rea-
soning procedure is weak, or perceptual when the
agent needs a transformed visual input), and an
action a € {skill, tool,both}. Letting the AN-
ALYZERDECIDER choose freely from this three-
action set on each case is the default DYNAMO
behaviour (denoted Full in Section 4.2); restricting
a to {skill} or {tool} yields the Skill Only and
Tool Only ablations. Visual input here is essential:
deciding whether a crop is misaligned, whether
labels are legible, or whether a processed image
introduced artefacts requires inspecting the image,
not just the reasoning trace.

Explore. Conditioned on the diagnosis, the
GENERATOR proposes M candidate skill+tool
combinations, each addressing the diagnosed bot-
tleneck with a different strategy or implementation.

Validate and promote. Writing each candidate
as ¢ = (Sm, tm ), We evaluate every ¢, on Dyin
and promote the highest-accuracy one:

= arg max ACC(fCUc§ Dtrain) )
CG{Cl,...,C]u}
c Cu{c} if Ace(feuer) > Ace(fe),
C otherwise,

3)
where both accuracies are computed on Dy,in. The
guard ensures monotonic training-set accuracy: an
iteration in which no candidate strictly improves
over the current f¢ leaves C unchanged. Eq. 3 is
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a training-set proxy for the validation objective in
Eq. 2 and subsumes both an origin requirement (the
new capability must improve over the previous f¢
on the cases it targets) and a regression requirement
(it must not degrade currently-correct cases). Be-
cause Dinin and Dy, are disjoint, this proxy does
not contaminate the held-out numbers we report;
the only residual concern is selection bias in c*
over a discrete candidate set, which scales loga-
rithmically in M, so we keep M at a single-digit
budget. Appendix B.6 reports a direct empirical
estimate under candidate-count, selection-rule, and
equal-budget controls. When the action is both,
the paired skill additionally serves as the tool’s
mastery SOP, gating tool invocation at inference
(Section 3.4). The full procedure runs for N it-
erations (default N=3); pseudocode is given in
Appendix A.

3.3 Skills

A skill is a structured Markdown document with
four fields: When-to-Use (a trigger predicate over
question and image type), Strategy (a numbered
step-by-step SOP), Common Pitfalls, and Worked
Example. The Generator writes a skill conditioned
on the AnalyzerDecider’s root-cause analysis; if
a skill covering the same problem class already
exists in S, new insights are merged into it rather
than creating a duplicate, preventing library bloat.
Atinference, Retrieve(-) (Eq. 1) returns the top-K
skills by BM25 similarity to the question, which
the Solver appends to the system prompt.

3.4 Tools and Mastery

A tool is a Python function (<150 lines) that takes
one or more image paths and returns processed im-
ages or extracted data, using standard CV libraries
(OpenCV, PIL, NumPy). The Generator writes a
tool conditioned on a perceptual bottleneck diagno-
sis; representative examples produced in our experi-
ments include chart re-rendering with enlarged axis
labels, saliency-guided sub-region extraction, and
contrast enhancement for low-quality documents.

Mastery as a paired skill. When the Analyz-
erDecider’s action is both, the Generator emits
a skill alongside the tool, and this paired skill is
the tool’s mastery SOP. Its When-to-Use predicate
specifies the input patterns on which the tool helps,
its Common Pitfalls flag the patterns on which it
hurts, and its Strategy instructs the Solver how to
invoke the tool and consume its output. Because

tool invocation is gated by retrieving the paired
skill, deployment is selective by construction rather
than indiscriminate—a property that distinguishes
DYNAMO from prior tool-creation methods (Qian
et al., 2023; Cai et al., 2024) that expose generated
tools without learned applicability boundaries.

External tool sets (Mode B). When a curated
tool set Ty # () is provided, DYNAMO can oper-
ate in Mode B: skip tool generation and instead
synthesise a mastery skill for each provided tool
t; € 7o, learning when to invoke it from the agent’s
own behaviour on Dy,i,. Mode B requires no code
generation, making it practical when tool quality is
high but deployment strategy is unknown. Experi-
ment II (Section 4.3) evaluates Mode B.

3.5 Online Adaptation to Distribution Shift

In real deployments, DYNAMO runs against a
streaming query distribution that can shift over
time—a stream may begin with high-resolution per-
ception cases and later start including MathVista-
style reasoning cases, or vice versa. We design
DYNAMO to detect such shifts and update its skills
and tools online, without weight updates and with-
out the practitioner having to anticipate the shift or
prepare a per-family training set in advance.

Feedback signal. Running the evolution loop on-
line requires a per-case correctness signal to drive
diagnosis and selection (Egs. 1-3). Raw production
traffic typically lacks ground-truth labels, so Dy-
NAMO assumes one of the practical feedback chan-
nels available in real deployments: a small fraction
of queries reviewed by humans in the loop, an auto-
mated quality-assurance pipeline, or an LLM-based
verifier that scores the agent’s answer post-hoc.
Our experiments use the benchmark’s ground-truth
labels as a stand-in for this channel; the adaptation
policy itself is agnostic to the source of the correct-
ness signal, and the framework therefore does not
claim fully unsupervised online adaptation.
DYNAMO continuously samples a sub-training
set from the most recent queries (together with their
correctness signals) and runs the evolution loop of
Section 3.2 on them, accumulating skills and tools
into the library C. Let W be a rolling-window
length. The dominant task family at step ¢ is

t

Z 1[fam(z;) = ¢], @)

i=t—W+1

@ = arg max

where fam(-) classifies each query from its ques-
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tion and image features. When Eq. 4 flips (gZ;t #
qgt_l), the next evolution iteration is triggered on
the new sub-stream and produces updated skills
and tools that handle the new distribution. The li-
brary is thus kept in sync with the current query
distribution. We treat this autonomous online
adaptation—decoupled from the source of the cor-
rectness signal—as one of the method’s contri-
butions; Experiment I (Section 4.2) evaluates it
against a static baseline that never refreshes and an
oracle initialized with the full capability set.

4 Experiments

4.1 Experimental Setup

Benchmarks. For the evolution-from-scratch set-
ting (Exp I) we use four visual reasoning bench-
marks: ChartQA (Masry et al., 2022) (multi-step
numerical reasoning over charts; 2,500 test ques-
tions), MathVista (Lu et al., 2024) (math reason-
ing in figures and plots; 1,000 testmini questions),
HRBench4K (Wang et al., 2025) (perception on
4K-resolution images; 800 questions), and V* (Wu
and Xie, 2024) (visual search for an object’s prop-
erty; 191 questions); the first two stress cogni-
tive bottlenecks while the latter two stress percep-
tual ones, and all four use accuracy as the met-
ric. For the tool-mastery setting (Exp II) we use
GTA (Wang et al., 2024b), 229 real-world tool-use
tasks across perception, operation, logic, and cre-
ativity categories, reporting per-step tool-selection,
argument-prediction, and instruction-following ac-
curacy plus end-to-end answer accuracy. For the
RL comparison (Exp III) we follow the VTool-
R1 protocol (Wu et al., 2025a) on ChartQA and
TableQA, and reuse V* and HRBench4K under
the DeepEyes protocol (Zheng et al., 2025).

Foundation models. Experiment 1 evalu-
ates five proprietary and open-weight VLMs:
GPT-40 (OpenAl, 2024), o4-mini (OpenAl,
2025), GPT-5.4 (OpenAl, 2026), Doubao-Seed-
2.0 (ByteDance Seed, 2026), and Qwen3.5-
27B (Qwen, 2026). Experiment II evaluates
GPT-40, GPT-5.4, and Doubao-Seed-2.0 on the
GTA benchmark, plus a controlled Doubao-Seed-
2.0-Pro analysis that inspects how provided-tool
skills change with tool abstraction and task envi-
ronment. Experiment III uses the Qwen2.5-VL
family (3B, 7B) to align with the VTool-R1
evaluation protocol. All VLM weights are frozen
throughout; no gradient updates are performed.

Evolution protocol. For each benchmark, we
sample 10% of the official training split as Diin
and run the DYNAMO evolution loop for N=3 it-
erations. The capability set C is then frozen and
evaluated on the held-out validation / test split. For
each evolution configuration (Skill Only, Tool Only,
Full), we run three independent seeds that vary
the 10% training subset and the Generator’s sam-
pling, and report mean =+ standard deviation in Ta-
ble 1. The None (Base Agent) row runs the frozen
VLM with no evolved capabilities once per cell, so
no standard deviation is reported.

Baselines. For Experiment I, we compare four
evolution configurations that isolate the contribu-
tion of each component: None (Base Agent) in-
vokes the frozen VLM with no evolved capabilities
(the zero-shot baseline); Skill Only restricts the
Generator to producing reasoning skills (no tool
generation); Tool Only restricts the Generator to
producing executable visual tools (no skill gener-
ation); Full is the unrestricted DYNAMO system,
where the AnalyzerDecider chooses on each case
whether to generate a skill, a tool, or both.

Evaluation metrics. All primary metrics are
task-level accuracy on the held-out split. For Ex-
periment II we report four of GTA’s five canoni-
cal metrics: three step-by-step metrics—InstAcc
(Instruction-Following Accuracy: fraction of steps
executed without errors), ToolAcc (Tool Selec-
tion Accuracy), and ArgAcc (Argument Prediction
Accuracy)—and the end-to-end AnsAcc (Answer
Accuracy on full tool-using execution). For the
supplementary controlled GTA analysis, we also
report tool usage rate, average number of tool calls,
and dominant tool-call chains.

4.2 Experiment I: Autonomous Evolution
from Scratch

We test whether DYNAMO can bootstrap a useful
capability library from scratch (S=(), 7=0) across
five backbones and four benchmarks, and whether
the library remains useful when the query distribu-
tion shifts over time (Section 3.5).

Per-benchmark results. Table 1 reports accu-
racy for the four configurations on each backbone.
Comparing the Full system to the zero-shot None
baseline, DYNAMO improves direct inference on all
20 model-benchmark cells, with an average gain of
+5.6 accuracy points. The largest gains are on 04-
mini / V* (+14.1), o4-mini / HRBench4K (+12.7),
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Model Evolution Strategy HRBench4K MathVista \'A ChartQA

None (Base Agent) 0.6386 0.6711 0.5828 0.7552
GPT-4o Skill Only 0.6733+0.0121  0.712240.0038  0.6424+0.0066  0.77854+0.0026
Tool Only 0.6452+0.0044  0.690040.0029  0.6225+0.0066  0.772240.0029
Full 0.6886+0.0071 0.7189+0.0029 0.6689+0.0239 0.7799+0.0045

None (Base Agent) 0.7300 0.7533 0.7285 0.7833
odomini Skill Only 0.7724+0.0058  0.7470+0.0107 0.7616+£0.0066  0.7866+0.0151
Tool Only 0.7457+£0.1670  0.735640.0328  0.8387+0.0629  0.79204+0.0213
Full 0.8571+0.0099 0.7559+0.0055 0.8698+0.0076 0.8007+0.0081

None (Base Agent) 0.7471 0.7589 0.7748 0.7974
GPT-5.4 Skill Only 0.7805+0.0036  0.775240.0039  0.7682+£0.0199  0.809040.0022
' Tool Only 0.8367+0.0346  0.76634+0.0061  0.8477+0.0132  0.81084+0.0052
Full 0.8538+0.0036 0.7815+0.0101 0.8521+0.0233 0.8276+0.0278

None (Base Agent) 0.8214 0.8544 0.8675 0.8152
Doubao-Seed-2.0 Skill Only 0.8600+£0.0049  0.85564+0.0109  0.8609+0.0115  0.81984+0.0031
" Tool Only 0.9005+0.0022 0.86594+0.0061  0.9448+0.0038  0.8156+0.0068
Full 0.8990+0.0064 0.8681+0.0105 0.9558+0.0038 0.8347+0.0295

None (Base Agent) 0.8171 0.8088 0.8808 0.8114
Qwen3.5-27B Skill Only 0.8721+£0.0030  0.815240.0080  0.8675+0.0066  0.809740.0090
’ Tool Only 0.8986+0.0000 0.8241+0.0034  0.9514+0.0101  0.81154+0.0041
Full 0.9010+£0.0008 0.8252+0.0023 0.9603+0.0175 0.8158+0.0026

Table 1: Autonomous evolution from scratch. Accuracy across five VLM backbones and four benchmarks. The
Full DYNAMO configuration improves over the zero-shot None baseline on all 20 model-benchmark cells.

GPT-5.4 / HRBench4K (+410.7), Doubao-Seed-
2.0/ V* (+8.8), and Qwen3.5-27B / HRBench4K
(+8.4). The relative strength of Skill Only and Tool
Only also follows the cognitive / perceptual split:
Skill Only is competitive on ChartQA and Math-
Vista, where the gain comes from better decompo-
sition and calculation procedures, while Tool Only
and Full dominate on HRBench4K and V*, where
sub-region inspection and visual search are cen-
tral. The only cell where an ablation edges out Full
is Doubao / HRBench4K, where Tool Only beats
Full by 0.0015—an expected consequence of leav-
ing capability choice to the AnalyzerDecider rather
than enforcing both per case.

Capability quality. Appendix D inspects three
representative forms of evolved capability: a
ReFocus-style chart/table editing case, a ZoomEye-
style coarse-to-fine search case, and an interleaved
skill that pairs a textual SOP with visual evidence.
The case studies illustrate what DYNAMO gener-
ates; they do not claim to reproduce the full algo-
rithms of ReFocus or ZoomEye.

Cross-benchmark transfer. To test whether the
evolved library captures reusable task knowledge
rather than benchmark-specific patterns, we evolve
on one source benchmark, freeze the complete

skill and tool library, and evaluate it on an inde-
pendently constructed target benchmark without
target examples, labels, feedback, or further pro-
motion. Transfer is positive for both same-family
pairs and both backbones: V*—HRBench4K gains
+3.28 and +6.57 points on GPT-40 and Doubao-
Seed-2.0, while MathVista—MATH-Vision (Wang
et al., 2024c¢) gains +5.93 and +1.97. The source-
evolved library finishes within 0.63—1.72 points of
one evolved directly on the target. This supports
reuse across related benchmarks, while making no
claim about transfer between unrelated task fami-
lies (Appendix C.3).

Online adaptation to distribution shift. To sim-
ulate real online user traffic—where the task distri-
bution grows and shifts over time as different users
and requests arrive—we replay a 208-step non-
stationary stream in which each phase introduces
a new task family while keeping carry-over cases
from earlier phases: starting with HRBench4K,
then adding MathVista, ChartQA, and finally V*
as the new dominant family. The replay reuses
completed per-case outputs, and the benchmark’s
ground-truth labels stand in for the per-case cor-
rectness signal that a real deployment would obtain
from human review, automated QA, or an LLM ver-
ifier (Section 3.5). This isolates the adaptation pol-
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Figure 3: Online adaptation to distribution shift. Replay accuracy across five backbones and three stream
constructions. Online adapt stays close to the Oracle upper bound and far above Static everywhere; the gap is
largest under the stress protocol, where Direct nearly collapses. Error bars are seed std (50-200 seeds per cell).

icy from the cost of regenerating capabilities online
and from the cost of the feedback channel itself;
we do not claim fully unsupervised online adapta-
tion. We compare Direct (no capabilities, same as
the None baseline in Table 1), Static (capabilities
evolved on the first phase only and never refreshed),
Online adapt (DYNAMO detects the shift via the
rolling-window rule of Section 3.5 and re-runs the
evolution loop on the new sub-stream), and Oracle
(pre-evolved on every family; upper bound).
Figure 3 compares the four policies across all
five backbones and three stream constructions: the
natural mixture (a fixed-seed mix of the four fami-
lies), capability-relevant (cases whose outcome de-
pends on the matching capability), and stress (cases
the agent fails on without the matching capability).
The ordering Direct < Static < Online adapt ~
Oracle is consistent across every backbone x pro-
tocol cell. On GPT-5.4 the gap is representative:
Online adapt reaches 0.83 vs. 0.74 static on natu-
ral; widens to 0.89 vs. 0.65 on capability-relevant;
and on stress, Direct collapses to 0.03 while Online
adapt still recovers to 0.95. The per-step trajectory
along the stream, with shift-detection latencies of
2-7 cases per phase, is shown in Appendix C.2.

4.3 Experiment II: Learning to Use
Pre-Provided Tools

Results on GTA. Table 2 compares three meth-
ods on the 121-case GTA validation split: Base
Agent (zero-shot VLM with the GTA tools ex-
posed); an XSkill-style baseline (Jiang et al., 2026)
that adopts XSkill’s prompt-injection mechanism
on top of the same tool environment (see Ap-
pendix A.1 for the port); and DYNAMO Mode B

(skills + mastery learned on the training set). DY-
NAMO improves every metric on every backbone,
with the largest gains on Doubao-Seed-2.0 (+18.7
ToolAcc, +15.8 ArgAcc, +16.1 InstAcc, +4.9
AnsAcc) and smaller but uniformly positive gains
on GPT-40 (+4.3/+2.2/+11.4/ +5.0) and GPT-
54(+6.8/43.2/46.1/4+1.7).

What does environment-specific mastery
contribute? The XSkill-style baseline isolates
generic skill injection from environment-specific
mastery: it uses the same tools and scorer but
its skill is a generic visual-reasoning prompt
without GTA’s tool-chain, argument, or answer-
normalisation protocols. On every backbone,
DYNAMO beats XSkill-style by 11-20 points on
each step-level metric and 2.5-4.9 on AnsAcc.
More tellingly, XSkill-style itself drops below Base
on the step-level metrics for GPT-40 and GPT-
5.4—adding a generic visual-reasoning prompt
without learning the environment’s tool protocol
can actually confuse tool selection. The gain over
both baselines is therefore attributable not to skill
injection per se, but to mastery skills that encode
the target environment’s specific tool chains,
argument formats, and answer normalisation rules.

Controlled tool-policy analysis. Table 3 runs
a complementary controlled study on GTA with
Doubao-Seed-2.0-Pro to inspect what the learned
policy actually does when either the tool abstrac-
tion or the task environment changes. Two find-
ings stand out. First, fixing the environment to
OCR-+Calculator, stronger composite tools com-
press the policy: atomic tools reach 86.7 via
an OCR—Calculator chain (22/30 cases), while
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Model Method ToolAcc ArgAcc InstAcc AnsAcc

Backbone Variant ChartQA TableQA V* HRBench4K

Base Agent 80.3 62.0 52.0 66.1
GPT-40 XSkill-style 71.3 53.0 49.5 68.6
DYNAMO (Ours) 84.6 64.2 634 71.1
Base Agent 79.6 60.2 57.0 72.7
GPT-5.4 XSkill-style 66.3 48.0 46.2 71.1
DYNAMO (Ours)  86.4 63.4 63.1 74.4
Base Agent 67.7 455 41.6 76.9
Doubao-Seed-2.0 XSkill-style 72.8 48.4 444 76.9

DYNAMO (Ours) 86.4 61.3 57.7 81.8

Table 2: GTA results: Base Agent, XSkill-style, and
DYNAMO Mode B on the 121-case validation split.
Accuracy (%) per backbone; best per row in bold.

Study Condition Cases Acc. Tool use Avg. calls
Tool strength  Direct, no tools 30 83.3 0.0 0.00
Tool strength  Atomic OCR+Calc 30  86.7  100.0 1.83
Tool strength Composite VAS 30 90.0 100.0 1.00
OCR role OCR+Calc env 20 80.0 100.0 2.20
OCR role OCR+Search env 20  85.0 100.0 2.35

Table 3: Controlled tool-policy analysis on GTA. Acc.
and Tool use in %; Avg. calls is a count.

VisualArithmeticSolver reaches 90.0 with a
one-call policy (30/30). Second, the same OCR tool
plays different roles in different environments: in
OCR-+Calc it feeds arithmetic (OCR—Calculator,
19/20), while in OCR+-Search it feeds external
lookup (OCR—Search—O0CR— Search, 20/20).

4.4 Experiment III: RL and Self-Evolution
Across Visual Tool Tasks

We compare DYNAMO against task-specific RL
on two task families using two Qwen2.5-VL back-
bones (3B, 7B): structured visual QA (ChartQA
and TableQA) under the VTool-R1 protocol (Wu
et al., 2025a), and high-resolution perception
(V* and HRBench4K) under the DeepEyes pro-
tocol (Zheng et al., 2025).

ChartQA and TableQA. Using the gap-recovery
fraction (DYNAMO — Direct) /(RL — Direct), Dy-
NAMO recovers 65.7% and 99.4% of the ChartQA
gap at 3B and 7B respectively, and 67.5% and
91.4% of the TableQA gap. DYNAMO + RL fur-
ther beats RL alone by 1-3 points on every cell,
showing the two interventions compose additively.

High-resolution visual search. On V*, Dy-
NAMO alone beats task-specific RL at both scales
(4+6.3 at 3B, +1.0 at 7B). On HRBench4K, DyY-
NAMO beats RL at 3B by +4.0 but trails at 7B by
1.8. Adding DYNAMO on top of the RL-trained
policy raises 7B V* to 92.7 and 7B HRBench4K to
81.3, the strongest configurations in those cells.

Direct 45.40 43.00  71.20 63.62
RL 66.95 5625  78.01 66.50
Quen23-VL-3B 1y vamo 59.56 5197 8429 70.50
DYNAMO+RL 6828 5954 8534 7125
Direct 56.05 5691 79.06 70.50
RL 75.18 6842 84.82 76.88
Quen25-VL-7B ) vamo 75.06 6743 85.86 75.12
DYNAMO+RL  76.88 69.41  92.67 8125

Table 4: Self-evolution vs. task-specific RL across two
task families. Acc. (%) on Qwen2.5-VL 3B and 7B.

Cost. The RL baselines need on the order of 10%—
10° rollouts and 80—240 gradient updates per back-
bone (Appendix A.2 for the per-protocol break-
down). DYNAMO performs no weight updates: a
run uses 10% of the training split for N =3 passes
of frozen-VLM API calls, a few thousand calls per
benchmark (token details in Appendix A).

Takeaway. DYNAMO’s self-evolved skills and
tools alone reach RL-level accuracy on both task
families (most of the gap on ChartQA/TableQA;
matching or beating RL on V* and at 3B on
HRBench4K) without any weight updates. RL and
self-evolution are not at odds: DYNAMO + RL is
the strongest configuration in every cell, so the two
interventions compose additively.

4.5 Ablation Studies

The Skill Only and Tool Only rows of Table 1 al-
ready isolate the contribution of each capability
type, so we use the remaining ablation budget to
study the mechanisms that drive those gains rather
than rerunning the same capability-type compar-
ison. Appendix B reports three artifact-backed
mechanism probes that support the claims we de-
fend with the current budget: (i) generic prompt
injection does not explain the HRBench4K gain—
only the validated visual-tool path does; (ii) text-
only diagnosis cannot materialise a usable image-
processing tool; and (iii) diagnosing only correct or
only incorrect ChartQA cases fails to drive useful
evolution, supporting the full loop’s use of contrast
between solved and unsolved cases. The remaining
mechanism removal (multi-candidate exploration)
is evaluated in Appendix B.6 on two backbones
and four benchmarks.

Supplementary multi-candidate analysis. Best-
of-4 raises macro accuracy over M =1 by 3.35
points on GPT-40 and 2.60 on Doubao-Seed-2.0.
Under equal 12-proposal budgets, three best-of-
4 rounds still beat 12 single-candidate rounds by
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1.53 and 1.18 points, respectively, whereas ran-
dom selection from four candidates gives no gain.
Thus, the benefit comes from validating alternatives
within a round and promoting the best, not merely
from generating more proposals (Appendix B.6).

Adaptation-subset robustness. Across five in-
dependently sampled adaptation subsets and three
generator seeds per subset, the mean DYNAMO
result remains above Direct in all eight backbone—
benchmark cells. A stricter nested-promotion vari-
ant, which separates candidate generation from pro-
motion, also remains above Direct in all eight cells
and within 1.97 points of standard DYNAMO. The
low tail is not uniformly safe, however: the worst
sampled subset falls below Direct on Doubao-Seed-
2.0 / MathVista and ChartQA. Thus, the gains do
not depend solely on promoting candidates on their
generation examples, but subset composition still
affects reliability (Appendix B.7).

5 Conclusion

DYNAMO is a training-free framework in which a
frozen VLM agent evolves a task-family-specific
library of reasoning skills and executable visual
tools from a small labeled training subset, with the
Analyzer choosing on each case whether to emit a
skill, a tool, or both. A mastery skill paired with
each generated tool gates its invocation at inference,
and an online adaptation loop refreshes the library
when the query distribution shifts.

Across four visual-reasoning benchmarks and
five backbones, DYNAMO improves direct infer-
ence on all 20 model-benchmark cells; on GTA
it lifts every step-level tool-use metric across all
tested backbones; and against task-specific RL
(VTool-R1, DeepEyes), DYNAMO matches or beats
RL on high-resolution perception, recovers most of
the structured-VQA gap, and composes additively
with RL when both are available. These results
suggest much of task-specific VLM adaptation can
be obtained without gradient updates, by letting the
agent shape its capability library.

Limitations

Diagnosis bounded by the backbone. The ANA-
LYZERDECIDER’s bottleneck classification (cogni-
tive vs. perceptual) and the GENERATOR’s can-
didates are produced by the same frozen VLM
that the agent uses. On backbones with weak self-
introspection a mis-classified bottleneck can propa-
gate to a mis-targeted skill or tool; the promotion

guard rejects under-performing candidates but does
not correct upstream diagnosis errors, so smaller or
less capable backbones may converge more slowly
or to a less useful library.

Benchmark scope. We evaluate capability evo-
lution on image-based VLMs across four visual-
reasoning benchmarks plus GTA and the VTool-R1
/ DeepEyes splits. Other modalities (3D spatial rea-
soning, medical imaging) are outside the current
scope; whether the cognitive / perceptual decision
rule and the executable-tool interface transfer to
those settings is left to future work.

Reliance on a per-case correctness signal. Both
the offline evolution loop and the online adapta-
tion policy (Sections 3.2-3.5) require a per-case
correctness signal to drive diagnosis and the multi-
candidate selection rule. Our experiments use
ground-truth from the benchmark splits as this sig-
nal, which corresponds to deployment settings with
human-in-the-loop review, an automated quality-
assurance pipeline, or an LLM-based post-hoc veri-
fier. Deployments that have no access to any of
these channels—i.e. fully unsupervised produc-
tion traffic—fall outside the scope of the current
method; extending DYNAMO to that setting would
require a confidence-based or self-consistency-
based feedback substitute that leave to future work.
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A Implementation Details

Algorithm. Algorithm 1 gives the full DYNAMO
evolution procedure described in Section 3.2.

Algorithm 1: DYNAMO evolution loop.
Input: Dy, frozen VLM my, iterations IV,
candidates M
Output: Capability set C = (S, T)
1 C«+ (0,0);
2 forn=1to N do
3 Solve Dyain With fe; collect attempts;
Dgup < sample from Dip,in;
a,r
ANALYZERDECIDER (Dgyyp; 7p);
o | (s tm) P
GENERATOR(a, r; mg); /! Sm
paired with t,, acts as its
mastery SOP

4
5

7 m*
arg max,, Acc (fCU(sm,tm) ) Dtrain) 5

8 if accuracy improves then

9 C+ CU{(Sm,tmx)}s

10 end
1 end
12 return C;

Role prompts. DYNAMO uses three role-specific

system prompts for the same base VLM: Solver
(standard QA prompt with capability context in-
jected), AnalyzerDecider (root-cause analysis and
decision), and Generator (skill or tool generation).
Representative generated skills and tools are repro-
duced in Appendix D, alongside further implemen-
tation details.

SKkill retrieval. At inference time, the Solver re-
trieves the top-K=3 skills from S using BM25
cosine similarity over skill titles and When-to-Use
fields. Retrieved skill text is appended to the sys-
tem prompt.

Tool invocation. The Solver inspects each tool’s
mastery SOP to decide whether to invoke it on the
current input. If the input matches a tool’s sup-
ported patterns, the tool is applied and its output
image(s) are appended to the multimodal context.
Tool execution is sandboxed with a 30-second time-
out and resource limits.

Hyperparameters.
eter settings.

Table 5 lists all hyperparam-

Table 5: Hyperparameter settings.

Value

10% of  Per-benchmark evolution
train split subset Digin

N 3 Evolution iterations

K 3 Skills retrieved per query
Max tool lines 150 Max lines for generated
Python tool

Parameter Description

Training subset

Temperature 0.7 Generator temperature
Max tokens 2,048 Max tokens for capability
(gen.) generation

Compute. Experiments use the frozen VLM

backbones listed in Section 4.1. Each train-
ing case incurs at most three frozen-VLM calls
(Solver, AnalyzerDecider, and Generator), so the
per-benchmark call budget scales linearly in the
size of the training subset and in V. No GPU train-
ing is performed.

A.1 XSKill-style Baseline

What XSKkill is. XSkill (Jiang et al., 2026) is a
continual-learning framework that maintains a li-
brary of structured Markdown skills (Definition
2.1 of their paper: each skill carries metadata, a
workflow, code templates, and watchpoints) and a
complementary library of short JSON experiences
(Definition 2.2: (¢, a, v.) tuples of triggering con-
dition, recommended action, and semantic embed-
ding, < 64 words combined). At inference, XSkill
decomposes the task into subtasks, retrieves top-k
experiences by embedding similarity to the cur-
rent visual context, rewrites them, prunes irrelevant
sections of a retrieved skill against the current im-
age, and injects the adapted skill plus rewritten
experiences into the agent’s system prompt as a
non-prescriptive reference.

Our port to GTA. Our XSkill-style baseline
keeps XSkill’s prompt-injection point in the sys-
tem prompt, the same GTA tool environment, and
the same scorer as DYNAMO Mode B. It does not
run XSkill’s continual-learning loop end-to-end on
GTA training data; instead, the slot that XSkill
would fill with a learned Markdown skill is filled
by a single generic visual-reasoning skill prompt
(no GTA-specific tool-chain, argument-format, or
answer-normalisation protocol). This isolates the
contribution of XSkill’s skill-injection mechanism
from DYNAMO’s GTA-specific mastery skills.
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A.2 RL Baseline Training Compute

Each RL baseline in Experiment III is the pub-
lished, pre-trained checkpoint from its original pro-
tocol, evaluated at both Qwen2.5-VL scales (3B,
7B).

VTool-R1 (ChartQA, TableQA). The released
checkpoints are reported after 80 GRPO steps with
a batch of 32 prompts and n0ut=38 rollouts per
prompt, giving approximately 80 x 32 x 8 = 20,480
trajectories and 80 gradient updates per backbone.

DeepEyes (V*, HRBenchd4K). The released
checkpoints are reported after 240 RL steps with
a batch of 128 prompts and noj100¢=4 rollouts per
prompt, giving approximately 240 x 128 x 4 =
122,880 trajectories and 240 gradient updates per
backbone.

DYNAMO. A DYNAMO run performs no gradient
updates. It uses 10% of each benchmark’s training
split as Dyin and runs the evolution loop for N=3
passes, invoking the frozen VLM only for solving,
diagnosis, generation, and validation. The total
budget is on the order of a few thousand frozen-
VLM API calls per benchmark; per-benchmark
token totals appear earlier in this appendix.

B Mechanism Ablations

Experiment I in the main paper already isolates
the contribution of each capability type: the None,
Skill Only, Tool Only, and Full rows of Table 1
answer whether skills, tools, or both account for
the observed gains. The ablations here test a com-
plementary question: when the Full system is used,
which mechanisms inside the evolution loop (Sec-
tion 3.2) are doing the work? Each variant removes
one design decision and holds the rest fixed, so each
row of Table 6 rules out one alternative explanation
for the Full system’s gains.

Setup. The full grid of mechanism ablations is ex-
pensive because each row rebuilds C from scratch.
We therefore report the completed artifact-backed
probes first, and use them to answer the most
immediate reviewer question: is the gain merely
generic prompting, or does the evolved visual-tool
path matter? All rows in Table 6 use the same
HRBench4K validation set (700 cases) and the
same function-calling VQA runtime with Doubao-
Seed-2.0-Pro. For the first three rows, tools are
disabled, so the comparison isolates prompt/skill

content; the last two rows reuse the existing full-val
tool-enabled runs for context.

Completed mechanism probe. Table 6 shows
that generic skill injection does not explain the
HRBench4K gain. A neutral task prompt is slightly
below the no-capability runtime, and the evolved
no-tool skill is essentially tied with it. In con-
trast, enabling the evolved visual-tool/artifact path
yields a much larger improvement, and pairing the
evolved tool with its mastery skill (Evolved Skill
+ Tool) reaches the highest accuracy in the probe.
This supports the mechanism claim for perceptual
benchmarks: the active ingredient is not “more
prompt text” but validated image transformations
that expose hard-to-read local evidence, with paired
mastery skills adding a small incremental boost on
top.

Guarded 30-case tool-generation pilot. After
adding the generated-tool acceptance guards, we
ran a time-bounded HRBench4K pilot on the first
30 validation cases to check whether the mecha-
nism interventions now instantiate the intended tool
path. This pilot is not a replacement for the 700-
case mechanism probe above; it is an audit of the
evolution loop under the stricter acceptance crite-
rion. We therefore report the selection score used
by the loop—candidate accuracy on the same 30-
case subset against the same-run baseline—rather
than treating the noisy final replay as a held-out
estimate.

B.1 Generic Skill vs. Evolved Capability

What is removed. The evolved capability library
is replaced with a single hand-neutral task prompt
that gives generic task advice (for ChartQA: “read
the chart carefully, identify relevant values, reason
step by step”’; for HRBench4K: “inspect local de-
tails before answering and verify the target object”).
No diagnosis, generation, validation, or persistence
is run.

What this rules out. A pure prompt-engineering
account would predict that Generic Skill closes
most of the gap to Full, since the evolved skills
are themselves natural-language SOPs. If Generic
Skill improves over Direct by only a small margin
and stays well below Full, the gap is attributable to
mechanism-level evolution—failure-specific pro-
cedures, applicability triggers, and pitfalls that a
generic prompt cannot anticipate—rather than to
the presence of any task-aware prompt.
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Variant Mechanism isolated Tools Correct/ Total Accuracy

No Capability no skill context; no tool exposure off 599 /700 0.8557

Generic Skill evolved library — hand-neutral HRBench4K  off 594 /700 0.8486
prompt

Evolved No-Tool Skill evolved HRBench4K SOP, but visual tools dis-  off 597 /700 0.8529
abled

Evolved Tool Only validated visual tools/artifacts, no extra generated  on 625 /700 0.8929
skill text

Evolved Skill + Tool  paired evolved skill/tool deployment on 629 /700 0.8986

Table 6: Completed HRBench4K mechanism probe. The first three rows disable tools and test whether generic
prompt/skill text explains the gain. It does not: generic and evolved no-tool skills are near the no-capability runtime.
The tool-enabled rows show a much larger gain from validated visual artifacts, and the paired Evolved Skill + Tool
reaches the highest accuracy in the probe, isolating both the perceptual mechanism and the additional boost from

pairing skill with tool.

Variant Guarded outcome

Baseline Candidate A

Full tool-guard pilot

Text-only Diagnosis

No Paired Mastery

No Persistence

accepted one generated tool with its paired mastery
skill; target HRBench4K-cross family improved from
0.5000 to 0.8125

rejected: the proposed tool produced no visual artifact,
so no generated tool was promoted

smoke passed, but the unpaired tool candidate re-
gressed on the full subset; HRBench4K-cross fell from
0.5625 to 0.4375

the candidate regressed before persistence mattered,
so this row is diagnostic but not a clean persistence

0.5667 0.6000  +0.0333
0.6667 0.6667 0.0000
0.5667 0.5333 -0.0333
0.5667 0.5333 -0.0333

ablation

Table 7: Guarded HRBench4K tool-generation pilot on 30 validation cases. All rows require at least one
generated tool and forbid skill-only fallback. Numbers are selection scores against the same-run baseline (not
held-out effect sizes), so the rows should be read as a mechanism audit rather than a benchmark comparison.

Observed pattern. On HRBench4K with tools
disabled, Generic Skill obtains 0.8486 accuracy,
compared with 0.8557 for the no-capability run-
time and 0.8529 for the evolved no-tool skill. These
rows show that simply adding a neutral task prompt
does not recover the tool-enabled gains. The tool-
enabled rows in Table 6 are roughly four points
higher, so the HRBench4K improvement is bet-
ter explained by validated visual artefacts than by
generic skill injection.

B.2 Correct-Only vs. Error-Only Diagnosis

What is removed. This stress test splits the di-
agnosis evidence by polarity on a ChartQA k=50,
N=3 run. Correct-Only Diagnosis exposes only
cases the current agent already solves; Error-Only
Diagnosis exposes only the cases it misses. All
other settings match the ChartQA structured evolu-
tion protocol.

What this rules out. The full method assumes
that useful evolution needs contrast: correct cases

show the boundary of the existing capability,
while incorrect cases expose the missing behav-
ior. Correct-only evidence should therefore have
no target for evolution, and error-only evidence
should over-focus on the visible failures without
enough successful neighboring cases to constrain
the proposed capability.

Observed pattern. The two extremes show the
intended qualitative failure modes. Correct-only di-
agnosis is degenerate: with no failures in the digest,
the evolution loop has no target family to repair and
accepts no capability. Error-only diagnosis is active
but unstable: the decider asks for generate_both
in every round, and the generator produces a fresh
overlay/highlighter-style tool each time rather than
refining a stable reusable capability. Since none of
these candidates improves over the 46/50 selection
baseline, the library remains unchanged. The result
supports the design choice to diagnose both correct
and incorrect attempts rather than treating either
polarity alone as sufficient.
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Variant Observed evolution behavior Rounds Promoted Train replay
Correct-Only Diagnosis no failure cluster is constructed, so the loop stops 0 0 45750
before candidate generation
Error-Only Diagnosis each round targets the same ChartQA error clus- 3 0 45750
ter and proposes a new broad visual-overlay tool;
round 1 fails smoke validation, while rounds 2-3
tie the baseline selection score and are rejected
Table 8: Diagnosis-polarity stress test on ChartQA. Correct-only evidence cannot drive
evolution because no missed cases are available. Error-only evidence repeatedly triggers
new tool  generation (chart_data_point_highlighter, chart_series_value_overlay, and

chart_data_point_overlay_generator) but promotes none of them. The selection baseline and candi-
dates for the two completed error-only rounds are both 46/50, so the generated tools do not improve the subset

despite repeated regeneration.

B.3 Text-only Diagnosis

What is removed. The AnalyzerDecider’s inputs
are restricted to text only: the question, the agent’s
answer (correct or incorrect), the ground-truth an-
swer, and the reasoning trace. No original image,
no intermediate tool output, and no processed vi-
sual artefact is passed in.

What this rules out. Text reflection can say that
an answer was wrong, but it cannot tell whether a
crop was misaligned, whether a zoomed region
missed the target, or whether a processed im-
age introduced artefacts. We expect the gap to
Full to be largest on the perceptual benchmarks
(HRBench4K, V*). On ChartQA the gap should be
smaller because many failures there are procedural;
a small ChartQA gap with a large HRBench4K/V*
gap is itself the signature of the visual-diagnosis
claim.

Observed pattern. The guarded HRBench4K pi-
lot produced the expected failure mode: the text-
only candidate was rejected because the proposed
tool did not produce a visual artifact. Its selec-
tion score therefore stayed at the same-run baseline
(0.6667 to 0.6667) and no generated tool was pro-
moted. This supports the qualitative mechanism
claim that visual diagnosis is needed to material-
ize useful image-processing tools, not just to write
another textual rule.

B.4 No Paired Mastery Skill

What is removed. When the AnalyzerDecider’s
action is both, the Generator emits only the tool
and not its paired mastery skill. The tool is added
to 7 but has no WHEN-TO-USE predicate gating
its invocation at inference, so any skill retrieval that
surfaces a tool reference exposes the tool uncondi-
tionally.

What this rules out. Prior tool-creation meth-
ods deploy generated tools indiscriminately. The
paired-skill design in Section 3.4 predicts that gat-
ing tool invocation by retrieval of an applicability-
encoding skill is what keeps tool usage selective.
No Paired Mastery Skill is expected to keep or even
increase tool-usage rate but reduce accuracy on
benchmarks where naive tool exposure can hurt—
MathVista is the canonical cautionary case.

Observed pattern. The guarded HRBench4K
pilot cleanly instantiated this ablation. The un-
paired generated tool passed smoke validation, but
once exposed without a mastery skill it regressed
on the 30-case subset (0.5667 to 0.5333) and was
rejected. The targeted HRBench4K-cross family
also dropped from 0.5625 to 0.4375. This is the
strongest new mechanism evidence from the pilot:
the tool itself can be executable and locally plausi-
ble, while the missing when-to-use gate still makes
it harmful at subset scale.

B.5 No Persistence

What is removed. Capabilities promoted during
one iteration are not stored in C. The agent can still
reflect on a case and immediately retry it with the
generated capability, but the capability is discarded
before the next case is processed, so no cross-case
retrieval occurs.

What this rules out. A retry-only account would
predict that most of Full’s gain comes from in-
place retry on the triggering case rather than from
cross-case reuse. If No Persistence matches Full
on held-out accuracy, the library is a bookkeep-
ing device with no inferential value. A gap shows
that the system’s advantage comes from accumulat-
ing capabilities that future cases can retrieve, not
just from one more attempt at the triggering case.
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ChartQA is the cleanest test because failures there
form recurring families (stacked-bar boundary read-
ing, multi-series selection) that a single capability
can fix across many held-out cases.

Observed pattern. In the guarded HRBench4K
pilot, the generated candidate regressed on the sub-
set (0.5667 to 0.5333) and was rejected by ordinary
candidate selection before the persistence switch
could be exercised; we therefore mark this row as
inconclusive for the cross-case persistence claim
on this particular pilot.

B.6 Multi-Candidate Exploration

Here M counts independently sampled, complete
capability bundles (a skill, a tool, or a paired skill—
tool bundle as selected by the AnalyzerDecider),
rather than paraphrases of one instruction. Panel (a)
of Table 9 varies both the number of candidates
and the promotion rule while holding the three-
round evolution protocol fixed. Increasing best-of-
M from M =1 to M =2 and then M =4 improves
macro accuracy monotonically on both backbones.
By contrast, randomly choosing one of four candi-
dates performs no better than M =1, showing that
merely generating more candidates is insufficient;
validation and selection are the active ingredients.

Panel (b) controls for the total number of propos-
als. Giving M =1 twelve rounds does improve over
its three-round counterpart, so reflect-and-retry is
itself useful. However, with the same 12 proposals,
three best-of-4 rounds remain ahead by 1.53 macro
points on GPT-40 and 1.18 on Doubao-Seed-2.0.
Multi-candidate selection therefore contributes be-
yond additional generation attempts by enabling
the system to compare alternatives under the same
diagnosis before promotion. This sweep uses a dif-
ferent seed set from Table 1, so its values support
within-table mechanism comparisons rather than
replacing the main results.

B.7 Adaptation-Subset Robustness and
Nested Promotion

The standard protocol uses one sampled adaptation
subset for diagnosis, candidate generation, and pro-
motion. To test sensitivity to that choice, we repeat
the complete pipeline on five independently sam-
pled subsets, with three Generator seeds per sub-
set (15 runs per backbone—benchmark cell), while
holding the candidate budget, evolution rounds, and
held-out evaluation split fixed. We also test nested
promotion: each sampled Dy, is partitioned into

Dyen, which is visible during failure diagnosis and
candidate generation, and Dseect, Which is hidden
from generation and used only to decide whether
to promote a candidate.

Table 10 separates the aggregate trend from the
low tail. The five-subset mean exceeds Direct in
all eight cells, and nested promotion also remains
above Direct in all eight while staying within 0.53—
1.97 points of standard DYNAMO. This shows that
the gains do not rely solely on evaluating candi-
dates on the examples that generated them. Nev-
ertheless, the worst sampled subset falls below Di-
rect for Doubao-Seed-2.0 on MathVista (84.90 vs.
85.44) and ChartQA (78.80 vs. 81.52), so a poor
adaptation subset can yield over-specialised capa-
bilities. The 0.66—0.85 capability-overlap scores in-
dicate that common capability families recur across
subsets, while leaving room for subset-specific
skills and tools.

B.8 Summary

We deliberately keep the claims from these tables
narrow.

Generic prompt injection does not explain the
HRBench4K gain. Table 6 (700 cases) shows that
disabling the tool path and replacing the evolved
library with either a hand-neutral prompt or an
evolved no-tool skill leaves accuracy within noise
of the no-capability runtime; the four- to five-point
gain appears only once the validated visual-tool
path is enabled. This rules out a pure prompt-
engineering account of DYNAMO on perceptual
tasks.

Visual diagnosis is necessary to materialise a
usable image-processing tool. In the guarded 30-
case pilot (Table 7), the text-only diagnosis variant
proposed a tool that produced no visual artifact and
was rejected by the acceptance guard, leaving the
selection score equal to the same-run baseline.

Diagnosis must see both correct and incor-
rect cases. The ChartQA polarity stress test in
Table 8 shows that neither polarity alone supports
useful evolution: correct-only diagnosis cannot en-
ter the generation path because no failure cluster
is formed, while error-only diagnosis is active but
unstable, regenerating a fresh broad overlay tool
in each round and promoting none of them. The
contrast between solved and unsolved cases is what
gives the AnalyzerDecider a stable target for capa-
bility proposal.

The remaining two pilot rows (No Paired Mas-
tery and No Persistence) sit within subset-level
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Backbone Selection condition = HRBench4K MathVista v* ChartQA Macro avg.

(a) Candidate-count and selection-rule sweep (N =3 rounds; mean = std)

GPT-40 M=1 65.20+0.95 69.00+£0.70 61.40£1.60 76.5040.55 68.03
M =2, best 66.70+0.85 70.30£0.60 63.60+£1.45 77.2040.50 69.45
M =4, random 65.10+1.05 68.90+0.75 61.20£1.70 76.4040.65 67.90
M =4, best 68.60+0.80 71.80+0.55 66.90+1.50 78.20+0.45 71.38

Doubao-Seed-2.0 M=1 85.40+0.95 85.80+0.90 89.20+1.10 82.1041.60 85.63
M =2, best 87.20+0.80 86.20+£0.85 92.40£0.90 82.9041.40 87.18
M =4, random 85.20+1.00 85.70+£0.95 89.00£1.20 82.00+1.70 85.48
M =4, best 88.60+0.70 86.90+0.80 94.104+0.75 83.30+1.30 88.23

(b) Equal-total-proposals control (12 proposals; accuracy)

GPT-40 M =1, 3 rounds 65.20 69.00 61.40 76.50 68.03
M=1, 12 rounds 66.90 70.20 63.80 78.50 69.85
M =4 best, 3 rounds 68.60 71.80 66.90 78.20 71.38

Doubao-Seed-2.0 M =1, 3 rounds 85.40 85.80 89.20 82.10 85.63
M=1, 12 rounds 86.70 86.20 92.10 83.20 87.05
M =4 best, 3 rounds 88.60 86.90 94.10 83.30 88.23

Table 9: Multi-candidate exploration. Best-of-/ improves with candidate count, whereas random selection does
not. Under an equal 12-proposal budget, best-of-4 selection within three rounds also outperforms 12 single-candidate

rounds in macro accuracy.

Backbone Benchmark Direct Standard Five-subset Range Worst Nested promotion Overlap

GPT-40 HRBench4K 63.86 68.864+0.71 68.484+1.18 66.40-69.30 66.40 68.21£0.98 0.80
MathVista 67.11 71.8940.29 71.604+0.83 70.20-72.30 70.20 71.3440.70 0.85
v* 58.28 66.894+2.39 65.784+3.00 60.80-68.80 60.80 64.92+2.51 0.66
ChartQA 75.52 77.9940.45 77.644+1.15 75.60-78.40 75.60 77.25+0.96 0.82

Doubao-Seed-2.0 HRBench4K 82.14 89.904+0.64 89.684+1.20 87.60-90.60 87.60 89.14+0.91 0.81
MathVista 85.44 86.81+1.05 86.584+0.97 84.90-87.30 84.90 86.28+0.84 0.84
v* 86.75 95.584+0.38 95.0641.51 92.40-96.10 92.40 94.73£1.30 0.76
ChartQA 81.52 83.47+2.95 83.1642.45 78.80-84.60 78.80 82.55+1.90 0.78

Table 10: Sensitivity to adaptation-subset sampling and disjoint promotion. Accuracy (%) except Overlap.
Five-subset aggregates five independently sampled adaptation subsets with three Generator seeds each. Nested
promotion hides its internal selection split during diagnosis and generation. Overlap is the fraction of capability

families recurring across sampled-subset runs.

noise on 30 cases and should be read as diagnostic
audits of the loop machinery rather than as effect-
size estimates. The multi-candidate exploration
mechanism is evaluated separately in Table 9 with
candidate-count, random-selection, and equal-total-
proposal controls.

Practical diagnostic. The mechanism ablations
also suggest a practical rule of thumb for new task
families. If the bottleneck is procedural—visual
evidence is present but the reasoning is weak—skill
evolution is the lower-cost first choice; if a different
view of the image is required before the evidence
becomes accessible, tool evolution is necessary. A
practitioner targeting a new benchmark can use a
small pilot run (e.g. 5% of the training split with

k Promoted capabilities

Train replay

Frozen val[:200]

10 0 9/10(0.900)  162/200 (0.810)
25 0 23/25(0.920)  159/200 (0.795)
50 1 skill 45/50(0.900)  159/200 (0.795)
100 1 skill 88 /100 (0.880)  158/200 (0.790)
200 1 skill + 1 tool 180 /200 (0.900) 161 /200 (0.805)

Table 11: Artifact-backed ChartQA sensitivity sweep.
All rows use the same safe ChartQA normalization,
Doubao-Seed-2.0-Pro runtime, N =3, max-attempts 5,
and the same 200-case validation slice.

N=1) to inspect which kinds of capabilities are
generated and whether they transfer beyond the
triggering examples.
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Figure 4: ChartQA training-size sensitivity. We
sweep k € {10, 25, 50,100,200} with N=3 evolution
iterations and evaluate each frozen library on the same
200-case ChartQA validation slice. Labels above the
held-out curve indicate the promoted capabilities.

C Additional Results

C.1 Training Set Size Sensitivity

Figure 4 and Table 11 show that the held-out accu-
racy is stable across training subset sizes, ranging
from 0.790 to 0.810 on the matched validation slice.
The sweep therefore supports a saturation interpre-
tation rather than a tuning claim: small subsets
already expose the common ChartQA reading pat-
terns, while increasing k£ mainly changes what the
gate is willing to promote. In particular, the k=200
run is the only row that promotes a generated visual
tool together with its mastery skill, and it recovers
the best held-out score among the evolved-library
rows (0.805), but the difference from smaller sub-
sets remains within two accuracy points.

C.2 Distribution-Shift Adaptation: Time
Series and Aggregates

Figure 3 in the main paper aggregates the
distribution-shift experiment across backbones and
stream constructions. This appendix shows the per-
step trajectory along the stream (Figure 5) and the
full per-backbone numerical aggregates (Table 12).

C.3 Cross-Benchmark Transfer

Experiment I studies few-shot adaptation within a
benchmark: a small labeled subset is used to evolve
a library for the remaining held-out examples. Here
we ask a distinct question—whether that frozen
library transfers to an independently constructed
benchmark without target-side supervision. We
evolve the complete skill and tool library using
only the source benchmark, freeze it, and evaluate
it directly on the target. No target examples, labels,
validation feedback, test-time updates, or further
capability promotion are used. A target-evolved

HRBench :+MathVista: +ChartQA +V*
1.00 +
>
@
S 0.75 4
=]
3]
@
o> 0.50 T
£ g
ngj 0.25 A Direct === Online adapt
—= Static —- Oracle
0.00 T T T T
50 100 150 200

Stream step

Figure 5: Rolling accuracy along the natural stream
(GPT-5.4). Phase labels above the plot mark the newly
introduced family at each shift; earlier families remain
present in the mix. Static lags at each shift; Online
adapt catches up to Oracle within a 2—7 case detection

latency.

Replay protocol Direct Static Online adapt Oracle
GPT-4o (Full)

Capability-relevant 0.4184+0.020 0.558+0.023 0.789+0.025 0.8184+0.022
Stress 0.0684+0.009 0.34740.011 0.912+0.008 0.961+0.010
Natural 0.66440.032  0.6734+0.030 0.702+0.028 0.705+0.028
o4mini (Full)

Capability-relevant  0.467+0.019 0.626+0.019 0.852+0.019 0.881+0.016
Stress 0.0474+0.006 0.41240.006 0.940+0.009 0.984+0.007
Natural 0.7454+0.029 0.787+0.028 0.807+0.027 0.808+0.027
GPT-5.4 (Full)

Capability-relevant 0.47940.021 0.636+£0.020 0.870£0.020 0.89940.018
Stress 0.0264+0.004 0.39140.004 0.947+0.007 0.995+0.005
Natural 0.7614+0.029 0.80040.029 0.830+0.026 0.833+0.025
Qwen3.5-27B (Full)

Capability-relevant 0.514+0.015 0.667+0.016 0.888+0.020 0.917+0.018
Stress 0.12240.007 0.488+0.007 0.940+0.009 0.984+0.008
Natural 0.8214+0.026 0.847+0.023 0.861+0.022 0.862+0.022

Doubao-Seed-2.0 (Full)

Capability-relevant
Stress
Natural

0.63540.014
0.62140.013
0.85040.023

0.773+0.015
0.768+0.014
0.876+0.022

0.90040.018
0.90240.014
0.89340.019

0.91740.016
0.92040.014
0.89540.019

Table 12: Per-backbone aggregates for the
distribution-shift experiment. Mean accuracy with
seed std (50-200 seeds per cell). Bars in Figure 3 are
computed from this table.

library is reported only as an in-domain reference.

Table 13 reports two transfers within related task
families: V*—HRBench4K for high-resolution
perception and MathVista—MATH-Vision (Wang
et al., 2024c¢) for visual mathematical reasoning.
The source-evolved library improves over the Base
Agent in all four cells by 1.97-6.57 points and ap-
proaches the target-evolved reference, with only a
0.63—-1.72 point gap. These results show that the
promoted capabilities are not tied only to instances
from their source benchmark. We deliberately re-
strict the conclusion to related task families; trans-
fer between unrelated capabilities, such as visual
search and mathematical reasoning, is not tested
here.
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Backbone Source — Target Base Agent Source-evolved Target-evolved Transfer gain
GPT-40 V* — HRBench4K 63.86 67.14 68.86 +3.28
GPT-40 MathVista — MATH-Vision 32.23 38.16 39.14 +5.93
Doubao-Seed-2.0 V* — HRBench4K 82.14 88.71 89.90 +6.57
Doubao-Seed-2.0 MathVista — MATH-Vision 87.50 89.47 90.10 +1.97

Table 13: Evolve-on-source, test-on-target transfer. Accuracy (%). The source-evolved library receives no target
examples or feedback. Transfer gain is Source-evolved minus Base Agent; Target-evolved is an in-domain reference

rather than a target-free method.

C.4 Multi-benchmark Joint Evolution

Experiment I in the main paper evolves a sepa-
rate library per benchmark. This appendix tests
whether a single shared library can serve all four
visual reasoning benchmarks at once. We com-
bine the validation sets of ChartQA, MathVista,
HRBench4K, and V* into one mixed pool, sample
10% as the joint evolution subset, and use the re-
maining 3,671 cases as the held-out test set. The
evolution loop produces a single unified skill paired
with the standard preset tools (execute_python,
get_image_info, zoom_image, crop_image); we
evaluate the frozen library on the held-out pool
with GPT-4o.

Benchmark Held-out cases Correct Accuracy

ChartQA 1,920 1,488 0.775
MathVista 900 616 0.684
HRBench4K 700 476 0.680
\A 151 101 0.669
Combined 3,671 2,681 0.730

Table 14: Multi-benchmark joint evolution (GPT-40).
A single unified skill, evolved on a 10% subset of the
combined four-benchmark validation pool, is applied to
the remaining 3,671 held-out cases. The same library
is used across all four benchmarks; no per-benchmark
capability is loaded.

The unified skill reaches 73.0% overall on the
held-out pool, with per-benchmark accuracy rang-
ing from 66.9% on V* to 77.5% on ChartQA. This
shows that DYNAMO can evolve a library that gen-
eralises across visually distinct benchmark families
from a single joint training subset, rather than re-
quiring a separate evolution run per benchmark—
an option useful in practice when a deployed agent
must answer queries drawn from a mixture of task
families.

D Qualitative Analysis of Evolved
Capabilities

This appendix gives three qualitative case studies of
evolved capabilities. The examples are intended to
make the generated artifacts concrete, not to intro-
duce new quantitative results. Each case presents a
generated skill/tool artifact and explains the failure
mode it targets. We use the case studies to make
one specific point: the atomic operations them-
selves are not new, but DYNAMO can decide from a
failed attempt which operation is needed, generate
it as a reusable capability, and validate it before
future use.

D.1 Case A: ReFocus-Style Skill and Tool for
Structured Images

ReFocus (Fu et al., 2025) proposes visual editing
as a form of chain-of-thought for structured im-
age understanding, by asking an MLLM to gen-
erate Python code that edits the input image—
drawing boxes, highlighting relevant regions, mask-
ing distractors—before reasoning. The case below
illustrates that DYNAMO can produce a capability
with the same flavour autonomously: on a ChartQA
training case, the evolution loop diagnosed a visual-
disambiguation bottleneck and proposed the paired
skill and tool shown next.

## Skill: Edit-Then-Read for Structured Images

When-to-Use:

Use when the question refers to a specific chart/table
element that is visually close to distractors, such as
one series among many lines, one segment in a stacked
bar, or one table row/column.

Strategy:

1. Identify the visual entity named by the question.
2. Before computing the answer, create an edited view
that marks only the relevant region and suppresses
likely distractors.

3. Re-read the edited image and extract the required
value.

4. Perform the requested arithmetic or comparison.

Common Pitfalls:
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Case study Generated capability

Prior motif

Claim supported

Case A: Structured-image A skill that instructs the

editing solver to isolate the relevant
chart/table structure, plus a
tool that highlights, boxes, or
masks visual evidence.

ReFocus uses Python visual ed-
its as chain-of-thought for struc-
tured image understanding (Fu
et al., 2025).

DYNAMO can generate a
reusable visual-editing capa-
bility from failure, rather than
relying on a fixed visual-
editing interface.

A skill that decomposes the
question into target-location
cues, plus a tool that searches
or zooms into candidate re-
gions.

Case B: High-resolution
visual search

ZoomEye performs training-
free tree-based image explo-
ration over zoomed sub-regions
(Shen et al., 2025).

DYNAMO can generate a lo-
cal coarse-to-fine search ca-
pability without being given
ZoomEye as a predefined
module.

A skill whose SOP includes
both text steps and a visual
worked example or linked crop
from the triggering failure.

Case C: Interleaved visual
skill

Visual-thought methods show
that intermediate visual artifacts
can guide structured reasoning.

DYNAMO can store procedu-
ral and visual evidence to-
gether as a retrieved capabil-

ity.

Table 15: Three qualitative forms of evolved capability. The case studies compare generated artifacts to prior
visual-reasoning motifs. They do not claim that DYNAMO reproduces the full prior algorithms.

- Do not answer from the unedited image if multiple
marks are visually similar.

- Do not treat the visual edit as adding new
information; it only exposes the evidence already
present in the image.

def mark_relevant_region(image_path, region,
mode="highlight"):
"""Return an edited image that highlights or masks
chart/table evidence."""
from PIL import Image, ImageDraw
img = Image.open(image_path).convert("RGB")
draw = ImageDraw.Draw(img, "RGBA")
x1, y1, x2, y2 = region
if mode == "highlight”:
draw.rectangle([x1, y1, x2, y2], outline=(255, 0,
0, 255), width=6)
draw.rectangle([x1, y1, x2, y2], fill=(255, 255,

0, 60))
elif mode == "mask_distractors”:
mask = Image.new("RGBA", img.size, (255, 255,
255, 180))

ImageDraw.Draw(mask) .rectangle([x1, y1, x2, y21,
fill=(e0, 0, 0, 0))
img = Image.alpha_composite( img.convert("RGBA"),
mask)
out_path = image_path.replace(”.png", "_marked.png")
img.convert("RGB").save(out_path)
return out_path

Like ReFocus, this capability uses visual edit-
ing as an intermediate reasoning step: the solver
does not merely produce a textual explanation but
creates an edited visual artefact that changes the
evidence shown to the next solver call. The dif-
ference is that ReFocus defines visual editing as
the reasoning interface up front, whereas DYNAMO
emits this skill/tool pair only after the evolution
loop’s diagnosis identifies visual disambiguation
as the bottleneck on the triggering ChartQA case.

D.2 Case B: ZoomEye-Style Skill and Tool for
High-Resolution Search

ZoomEye (Shen et al., 2025) addresses the loss
of fine visual detail by treating image understand-
ing as a tree-based exploration over zoomed sub-
regions: the full image is the root, zoomed crops
are children, and the model searches over promis-
ing regions until it finds the visual evidence needed
to answer. The case below illustrates that DYNAMO
can produce a capability with the same flavour
autonomously: on an HRBench4K training case
where the target object occupied a small fraction
of a high-resolution image, the evolution loop diag-
nosed a perceptual-resolution bottleneck and pro-
posed the paired skill and tool shown next.

## Skill: Coarse-to-Fine Region Search

When-to-Use:

Use when the question asks about a small object, distant
text, fine-grained attribute, or localized region in a
high-resolution image.

Strategy:

1. Phrase the question into a short "“target_description”
(e.g., "small red sign on the right side of the
building”).

2. Provide a tile scoring callback
“score_tile(tile_path, desc)” that returns a higher
value when the tile is more likely to contain the
target; in our agent this is a fast VLM yes/no probe.

3. Call “coarse_to_fine_zoom(image_path,
target_description, score_tile, grid=2, depth=2)"
(defined in the paired tool below). The function
recursively splits the image into a 2x2 grid, scores all
four tiles, zooms into the best one, and recurses; after
“depth=2" it returns the path of the final zoomed crop.
4. Answer the question from the returned zoomed crop. If
the crop is still ambiguous, call ~coarse_to_fine_zoom™
again on the returned crop with “depth=1" to drill in
one more level.
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Common Pitfalls:

- Do not answer from the globally downsampled image when
the requested evidence is small.

- Do not crop solely by image center; rely on the
per-tile score and let the function pick.

- Do not use “depth >= 3~ without re-checking the crop's
resolution; further subdivision yields tiles too small
to read text from.

def coarse_to_fine_zoom(image_path, target_description,
score_tile, grid=2, depth=2):

"""Recursively split-and-zoom on an image. At each
level the image is divided into a “grid™ x ~grid" array
of tiles, every tile is scored against
“target_description® via the supplied
“score_tile(tile_path, desc) — float™ callback, and the
function recurses into the highest-scoring tile. After
“depth” levels the path of the final zoomed crop is
returned. """

from PIL import Image

crop_path = image_path

for level in range(depth):

img = Image.open(crop_path).convert("RGB")
W, H = img.size
best_path, best_score = None, -float("inf")
for gy in range(grid):
for gx in range(grid):
box = (gx * W // grid, gy * H // grid,
(gx + 1) * W // grid, (gy + 1) * H // grid)
tile_path = crop_path.replace(”.png",
f"_L{level}_t{gx}{gy}.png")
img.crop(box).save(tile_path)
s = score_tile(tile_path,
target_description)
if s > best_score:
best_path, best_score = tile_path, s
crop_path = best_path
return crop_path

Like ZoomEye, this capability avoids forcing the
VLM to answer from a single fixed-resolution full
image and instead surfaces candidate sub-regions
for a second solver call. The difference is scope:
ZoomEye is a general tree-search algorithm fixed
up front, whereas the DYNAMO capability is pro-
duced only after the evolution loop’s diagnosis
identifies a perceptual-resolution bottleneck on the
triggering HRBench4K case and implements only
the subset of zoom/search behaviour the diagnosis
warrants.

D.3 Case C: Interleaved Visual Skill

The most interesting of the three cases. Here the
artefact stored in the library is partly visual and
the visual part teaches by demonstration: an inter-
leaved skill bundles textual reasoning steps with
a pair of reference images, one good example and
one bad example. The skill body literally instructs
the agent to compare its own intermediate output
against the two reference images and act differently
depending on which one it matches. The good/bad
pair, the matching text rule, and the diagnostic that
produced them are all emitted together by one evo-

lution iteration and are retrieved together as a bun-
dle on later cases.

The triggering case is a ChartQA bar chart where
the agent decided to zoom in on the bars to read
their heights more precisely. Its first crop was tight
enough that the x-axis labels were cut off: in the
zoomed view it could see the bar heights but could
no longer tell which bar corresponded to which
year, and answered the wrong year. The ANALYZ-
ERDECIDER traced the failure to “crop too aggres-
sive: target context lost,” and the Generator emitted
a paired skill+tool whose visual anchor is two sep-
arate reference images: good-crop (Figure 6a), the
same chart re-cropped with ~ 30 px of padding
so the axis labels are fully visible; and bad-crop
(Figure 6b), the agent’s own failed crop with the
axis labels truncated. The skill text refers to each
by name and tells the agent what to do when its
own intermediate crop matches each one.

## Skill: Conservative Cropping with Axis-Label
Preservation

When-to-Use:

Use when the question requires reading values off a
chart and your plan is to crop the chart for
higher-resolution inspection. Trigger words: "zoom",
"crop”, "look closer”, "read the y-axis”.

Strategy:

1. Identify both the *measurement target* (the bars /
lines / points you need to read off) AND the *contextx
you need to interpret it (x-axis labels, y-axis ticks,
legend swatches).

2. Compute a tight bounding box around the measurement
target.

3. Expand the bounding box by ~30 px in every direction
toward an axis or legend; never crop with margin = 0.
4. Render the crop and compare it against the two
reference images stored alongside this skill:

- If your crop looks like crop_bad.png (axis

labels or legend on one side cut off, target visible but
no longer associated with its label), the crop is too
aggressive. Re-think the bounding box: expand it by
another ~30 px in the direction of the missing context
and re-crop. Repeat step 4.

- If your crop looks like crop_good.png (target +

axis labels + legend all visible together), proceed to
read off values.

Visual References (stored in the skill folder):

- crop_good.png : target appearance for any crop

produced under this skill.

- crop_bad.png : failure appearance; if your crop

converges to this shape, redo step 3 with a larger
expansion.

Common Pitfalls:

- Cropping with margin = @ around the bars. This almost
always truncates the x-axis labels, which was the
failure on the triggering case.

- Assuming the agent can recover from a label-truncated
crop by recalling labels from the full image. The full
image was the reason for cropping in the first place;
the crop is the new source of truth for the agent.

- Cropping too generously (margin >> 50 px), which
defeats the purpose of zooming in. Stick to ~30 px.
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(a) crop_good.png: target
appearance. Year labels
(2016, 2015) and category
headers are fully visible along-
side the bars, so the agent can
read off values and associate
them with the right year.

(b) crop_bad.png: failure
appearance. The year-label
column on the left is masked
out (red overlay with “?”) to
mark what a too-aggressive
crop would lose. Bars are still
visible but the agent can no

longer tell which bar is which
year.

Figure 6: Two reference images stored alongside the
Case C skill. Strategy step 4 of the skill instructs the
agent to compare its own intermediate crop against these
two files: re-do if the crop converges to the right panel,
proceed if it matches the left panel.

def make_crop_reference(image_path, bad_crop_box,
expand_px=30) :

"""Save the agent's failed crop and a corrected good
crop as

TWO separate reference images for the skill library.

“bad_crop_box™ is the agent's failed crop (axis
labels cut off).

The good crop is the same target with ~expand_px~
padding

restored on every side. Returns (good_path,
bad_path)."""

from PIL import Image

img = Image.open(image_path).convert("RGB")

W, H = img.size

1, t, r, b = bad_crop_box

bad = img.crop(bad_crop_box)
good = img.crop((max(@, 1 - expand_px), max(Q, t -
expand_px),

min(W, r + expand_px), min(H, b +

expand_px)))

bad_path = image_path.replace(”.png”,
_crop_bad.png")

good_path = image_path.replace(”.png",
"_crop_good.png")

bad.save(bad_path)

good. save(good_path)

return good_path, bad_path

"

The interleaved nature here is concrete: the skill
is not just text that mentions a picture, it is a Mark-
down body whose Strategy step 4 names two spe-
cific stored images and prescribes different agent
behaviour depending on which one the agent’s own
intermediate crop matches. The good reference,
the bad reference, the diagnostic “crop too aggres-
sive” line, and the conservative-cropping rule were
all emitted by the same evolution iteration on the
triggering case, and all four are retrieved together
on later cases of the same problem family. The
agent does not have to rediscover the failure mode
or invent the heuristic; it loads them as one bundle.
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