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Abstract

Fine-grained visual recognition demands attention to sub-
tle, localized differences that current multimodal large
language models (MLLMs) often overlook when guided
by generic prompts. We propose APO-Pair, a prompt-
optimization framework that learns classification rules by
contrasting image pairs. A multimodal agent views these
pairs, judges whether they depict the same fine-grained
class, and iteratively updates a single verification prompt
using structured, interpretable YAML-style patches. Each
prompt is treated as an arm in a Thompson-sampling ban-
dit whose Beta posterior is updated from pairwise successes
and failures, balancing exploration with exploitation with-
out touching model weights. Experiments on seven chal-
lenging 3-class fine-grained splits derived from CUB-200,
iNaturalist, and VegFru, APO-Pair improves top-1 accuracy
over prompt-optimization baselines by up to 17 percentage
points. These results suggest that pairwise visual contrast
is a useful signal for prompt optimization in controlled fine-
grained settings.

1. Introduction

Multimodal large language models (MLLMs) have demon-
strated impressive image classification capabilities on broad
datasets [1]. Models such as Flamingo [4] and Qwen-VL
[31] can recognize generic object categories by leveraging
both vision and language understanding. However, when
these models are prompted on fine-grained classification
tasks that require distinguishing subtle visual differences
between similar subcategories, they often confuse similar
classes [16, 39]. For example, an MLLM may confuse bird
species or plant varieties that share visual traits, as it tends to
overlook minute details without explicit guidance. Closing
this gap is critical; fine-grained recognition of species, con-
sumer products, or medical pathology relies on subtle dis-
tinctions where generic MLLMs currently fall short [37]. A
conventional solution is to further fine-tune vision-language

models on large, labeled fine-grained datasets [15, 19, 41].
Indeed, prior efforts have shown that carefully supervised
training can improve fine-grained accuracy [15]. Unfortu-
nately, this approach is highly resource-intensive: collect-
ing and annotating fine-grained data is expensive and time-
consuming, due to the subtle distinctions between classes
[13, 34, 39]. For instance, labeling thousands of bird images
by species requires expert knowledge [30] and yields only
incremental improvements. Moreover, fine-tuning mas-
sive MLLMs (often with billions of parameters) is com-
putationally costly or even infeasible when using propri-
etary API-based models. A recent study analyzed MLLMs’
fine-grained abilities and introduced additional training to
boost their recognition power, but at the cost of large-
scale supervision [13]. This motivates exploring alternative,
lightweight strategies that do not rely on new labeled data
or model fine-tuning.

One promising direction is to optimize prompts for
frozen MLLMs without requiring model fine-tuning or
large-scale data collection [14, 28]. Even with limited la-
beled examples from the target domain, prompt optimiza-
tion can provide valuable signal about which visual fea-
tures are important for discrimination. However, effec-
tively optimizing prompts in a black-box setting (with no
model gradients or internal training) is non-trivial. A re-
cent work demonstrated that MLLMSs can improve them-
selves by iterative prompt refinement [16]. This work intro-
duces an intermediate image description step: the MLLM
is first prompted to generate a detailed textual description
of an image’s visual attributes and then classifies the im-
age using that description as additional context. By opti-
mizing the description prompt through self-supervised feed-
back, this approach highlights the promise of prompt-based
self-improvement: with the right prompting strategy, even a
fixed model like GPT [27] or Qwen-VL [31] can be steered
to focus on discriminative features it previously ignored.

Yet even with a well-crafted description prompt, the
model still reasons about each image in isolation. This
becomes brittle when subclasses live inside a visually ho-
mogeneous parent class—e.g., Arctic lupine, Silvery lupine,



and Arizona lupine differ only in minute petal venation and
foliage tint [29]. In such cases the decisive evidence is
not an absolute attribute (“this leaf is green”) but a rel-
ative one (“leaf A is bluer-green than leaf B”). Moti-
vated by this nuance, we introduce APO-Pair—an agen-
tic prompt-optimization loop. Overall, our approach re-
cast prompt-optimization for fine-grained recognition as a
pairwise contrastive visual reasoning problem: instead of
asking the MLLM to label a single image or describe it
separately, we ask it to contrast and visually reason be-
tween two images and determine whether belong to the
same sub-category. This contrastive framing obliges the
model to align and compare fine details, sharpening its sen-
sitivity to subtle cues that generic prompts overlook.

APO-Pair (Agentic Prompt Optimization with Pairwise
Contrastive Reasoning) refines the prompt through a mul-
timodal LLLM agent that interacts in a closed loop with a
frozen vision model. At each iteration the current prompt
is scored on a batch of image pairs, producing successes
and failures. A balanced subset of these outcomes, to-
gether with the images and textual rationales, is given to
the agent. The agent proposes targeted YAML-style ed-
its (line additions, modifications, or deletions); an edit is
accepted only if it improves the pairwise performance, af-
ter which the new prompt joins a repository of candidates.
This structured approach enables targeted modifications and
maintains an interpretable audit trail. Beyond academic re-
producibility, this lineage tracking is critical for deploying
dynamic prompts in production environments, where trans-
parency and the ability to roll back changes are essential. To
traverse the prompt space efficiently, APO-Pair treats each
prompt as a Thompson-sampling bandit [3, 6] arm with a
Beta posterior over its success rate. Every cycle samples
these posteriors, selects a promising prompt, re-evaluates
it, and allows the agent to refine it. This uncertainty-aware
exploration guards against local optima by keeping multi-
ple prompts active. A rejection log of failed edits and a
list of image pairs prevent repetitions and forgetting of pre-
vious failed attempts, since the agent learns not to repeat
unhelpful changes. Through multiple ablation studies, we
demonstrate that each of these components is beneficial to
fine-grained classification performance. Our contributions
are as follows:

1. Contrastive visual reasoning for prompt optimiza-
tion. We introduce multimodal prompt-optimization for
fine-grained recognition in which an agent examines im-
age pairs and reasons contrastively over successes and
failures.

2. Bayesian score-based prompt scheduling. We model
prompt selection as a Thompson-sampling bandit whose
Beta posteriors are updated from pairwise prediction
outcomes. Providing uncertainty-aware balance between
exploration and exploitation over prompt trajectory.

3. Interpretable YAML edits and lineage tracking. We
represent prompt updates as targeted YAML additions,
modifications, and deletions recorded in a patch log.
This structured evolution process supports auditability,
ablation, and rollback, while rejection memory discour-
ages repeated unsuccessful edits and encourages more
diverse prompt exploration.

2. Related Work

Fine-Grained Recognition with MLLMs: The difficulty
of fine-grained image classification for multimodal mod-
els is well documented [19, 22, 36]. Previous evaluation of
large vision-language models (VLM) on fine-grained cate-
gories found significant performance gaps compared to gen-
eral object recognition [10], as MLLMs trained on web-
scale data often lack specialized knowledge for expert-level
discrimination. Some works address this through domain-
specific prompts or fine-tuning [13, 20], but these super-
vised approaches are impractical when labeling data or re-
training models is expensive.

Our work aligns with recent efforts to improve fine-
grained classification in extremely similar visual classes.
The AutoSEP framework [16] uses images to self-optimize
prompts that elicit more discriminative descriptions from
MLLMs, conceptually related to chain-of-thought prompt-
ing [33]. We instead use pairwise comparison as the auxil-
iary task, analogous to contrastive learning [7, 23], where
the model learns by comparing similar versus dissimilar
pairs. By prompting an MLLM to decide if two images are
the same, we guide it to identify discriminative features.
Automatic Prompt Optimization (APO): There is grow-
ing interest in algorithms that automatically optimize
prompts for large language models [35]. Early approaches
treated this as discrete search over token space using gradi-
ents or reinforcement learning [8, 25], requiring white-box
access and labeled data. Recent black-box methods harness
LLMs’ own capabilities: some use LLMs to analyze errors
and suggest revisions [40], while others adopt evolution-
ary paradigms where populations of prompts undergo mu-
tation and selection [9, 12]. Building on this, recent frame-
works like GEPA demonstrate that reflective prompt evo-
lution can even outperform traditional reinforcement learn-
ing [2]. This underscores a shift toward continuous learn-
ing loops driven by iterative self-reflection, bypassing the
heavy overhead of RL. Collectively, these evolutionary ap-
proaches demonstrate that iterative prompt optimization can
significantly boost NLP performance without human inter-
vention.

Several contemporaneous works have introduced more
structured or strategic ways for LLMs to act as prompt
engineers. PromptAgent views prompt optimization as
a planning problem and uses Monte Carlo Tree Search
(MCTS) guided by an LLM’s critique of intermediate



prompts [32]. This strategic exploration enabled finding
expert-level prompts on challenging language tasks beyond
what greedy improvements achieved. CriSPO takes a multi-
aspect critique-and-suggest approach: the LLM evaluates a
candidate prompt along different dimensions (e.g. correct-
ness, clarity, completeness) and then proposes focused edits
for each aspect, which are aggregated into a refined prompt
[14]. By iterating this critique-suggestion loop, CriSPO im-
proved prompt quality for text generation tasks over single-
step baselines. Our APO-Pair framework shares the spirit of
using an LLM as an autonomous prompt editor, but extends
it to the multimodal realm where textual critiques alone are
insufficient. Our agent actually sees images and can thereby
ground its suggestions in visual evidence, a capability be-
yond the scope of text-only optimizers like PromptAgent or
CriSPO.

Bayesian Optimization and Bandits: Bayesian optimiza-
tion (BO) is renowned as a sample-efficient strategy for
black-box optimization, traditionally applied to hyperpa-
rameter tuning and experimental design [11, 26]. In the
era of LLMs, BO principles have been adapted for prompt
optimization [24] and multi-task soft prompt transfer [18],
while frameworks like LLAMBO leverage LLMs to warm-
start BO surrogates [21]. However, optimizing discrete
text prompts for expensive, closed-source multimodal mod-
els presents a unique challenge where standard continuous
BO surrogates struggle. Therefore, our work aligns with
the Multi-Armed Bandit (MAB) formulation of Bayesian
inference. While recent APO methods like PromptAgent
[32] rely on Monte Carlo Tree Search (MCTS) for directed
planning, APO-Pair treats prompt selection as a Thompson-
sampling bandit. This Bayesian scheduling explicitly tracks
the uncertainty of each prompt’s success rate via Beta pos-
teriors. In the context of vision-language tasks where it-
erative visual evaluation is computationally expensive, this
provides a mathematically principled balance between ex-
ploiting high-performing prompts and exploring novel evo-
lutionary branches.

3. Methodology

APO-Pair (Automatic Prompt Optimization with Pairwise
Contrastive Reasoning) is an agent-driven framework that
casts fine-grained recognition as a pairwise contrastive task
and optimizes a prompt for a frozen vision—language model
(VLM). Following previous work [16], we use Qwen-2VL-
7B [31] as our evaluator for direct comparison. The frame-
work decides whether to accept or reject each prompt edit
strictly according to the resulting pairwise performance. A
multimodal LLM agent, built with Claude 3.7 Sonnet [5],
proposes interpretable YAML patches after contrasting its
own successes and failures, while a Thompson-sampling
bandit allocates the evaluation budget across competing
prompt versions. Figure | gives a schematic overview; Al-

gorithm | formalizes an optimization cycle. A complete
working example can be found in Appendix A. Addition-
ally, specific hyperparameters are detailed in Appendix B.

3.1. Problem Setup

We start from a labeled fine-grained dataset D =
{(z4,y:)}Y, with class set [K]. From D we sample a pool
of image pairs P = {(x;,x;, 9;5) }, where g;; = 1 (a pos-
itive pair) if the two images share the same class label and
gij = 0 (a negative pair) otherwise. '

A frozen VLM fy is queried only through inference:
given a text prompt P € 7 and a pair (z;,z,), the model
produces

f]ij(P) c {0, 1}, €ij(P) € 5,

where §;; is the binary decision (“same” or
“different”). Along with the binary verdict, the
evaluator returns a short natural-language rationale e;;
explaining the decision (30 words max). These rationales
are stored in the context memory and later shown to the
agent as auxiliary feedback during prompt updates. Initial
base prompt is shown in Appendix C.

3.2. Optimization Loop

Each iteration ¢ proceeds through four stages:

1. Prompt selection. Thompson sampling draws a candi-
date P(*) from the prompt repository R by sampling its
Beta posterior and picking the arm with the highest sam-
pled accuracy.

2. Context aggregation. From the Context Memory DB
we retrieve: (i) a balanced batch B® mixing n~ mis-
classified and n™" correctly classified pairs from Piyin
with explanations (the explanations in the feedback bun-
dle are the evaluator VLM’s previously generated short
rationales e;; for those image pairs under the current
prompt) ; (ii) rejected patch log for P(*). We use a ro-
tation mechanism where previously used examples are
moved to the back of the sampling list to ensure diverse
context across iterations.

3. Agentic patch proposal. A multimodal LLM agent re-
ceives (P(t), BW rejected-patch log) and returns a tar-
geted YAML patch AP®) (insert / modify / delete
lines). Applying MERGE(P®), AP®) yields a candi-
date prompt P(®).

4. Acceptance test and update. We run the frozen VLM
on the pair dataset P (reusing cached responses when-
ever possible) to compute F'1 (p(t); P) = % where
P=TP/(TP+ FP)and R =TP/(TP+ FN). If
this score is > F'1 (P(t); P) the patch is accepted:

« insert P() into R and initialize / warm-start its Beta
counts;

I'The pair pool is created once, off-line.



* update the running confusion-matrix statistics for ev-
ery prompt affected;

* log the new explanations and outcomes to the context
DB.

Otherwise we discard P(Y) and append AP to the

rejected-patch log so the agent will not retry it. The ac-

ceptance/rejection of a candidate patch is decided on the

validation set.

3.2.1. Prompt Repository and Thompson Sampler

Every prompt version P®*) is treated as an arm in
a Thompson-sampling bandit. After each full-pool
evaluation we record its confusion-matrix counts
(T Py, FPy, FNy,TNy) over all pairs in P. Inter-
preting every pair decision as a Bernoulli trial (success =
correct prediction), we maintain a conjugate Beta(ay, Sk)
posterior:

Ozk:].—‘rTP]@‘f‘TNk, ﬂkzl"‘rFPk—f'FNk.

At iteration ¢ we draw ﬁ,(f) ~ Beta(ay, B;) and select
P®) = argmaxy, ﬁg’). Under standard i.i.d. assumptions,
Thompson sampling enjoys O(K log T') Bayesian regret.

3.2.2. Balanced Contrastive Batch Selection

The Context Memory DB logs tuples
(P, i, 25, 9ij, Gijs €ij) from Pyyn. Each batch B con-
tains n~ = 2 misclassified pairs and n™ = 2 correctly
classified pairs, stratified by error type. To prevent immedi-
ate re-use and ensure diverse learning signals, we maintain
rotation lists moving recently sampled pairs to the back of
their respective lists.

3.2.3. Visual-Aware Agent Updates and Patch Merge

The evolution agent Ag is given:

(i) the current prompt P(®), (ii) the balanced batch B
(images and explanations), and (iii) the log of previously
rejected patches for P(*).

The agent is instructed to modify only the eval-
vation guidelines within the EVAL block (be-
tween ### BEGIN_EVAL_GUIDELINES and ###
END_EVAL_GUIDELINES) of the prompt template. It
produces a YAML patch AP, example:

+ 3: "Emphasise beak curvature and eye-—
ring color"

" 1: "Replace ’'overall color’ with '
plumage pattern and wing bars’"

- 5: "Remove background-based cues"

where +, ~, and — denote insertion, modification, and
deletion. Applying MERGE(P®), AP) yields a candidate
prompt P. The complete agent instructions are provided in
Appendix D.

Algorithm 1 APO-PAIR

Require: Training pairs Py, validation pairs Py, eval
VLM fy, agent Ag, max iterations Ty .x
1: Evaluate base prompt PO on P; initialize R with
Beta counts
2: t < 1, no_improv_count < 0
3: while ¢ < T},,,x and no_improv_count < 10 do
(1) Thompson  draw: P® —
arg maxy, sample from Beta(ax, k)
5. (2) Build context: contrastive batch B®) from Pyyin
(with rotation), rejected patch log
6: (3) Agent proposes patch:
Agp(PW, B® rejected log)
7: Candidate P®") « MERGE(P®) AP®)
8 (4) Evaluate P() on Py — Fl ey
9:  if Flyeyw > F1(P®) then

AP®

10: Accept: add P® to R, update Beta counts, log
predictions

11: no_improv_count < 0

12:  else

13: Reject: log AP only

14: no_improv_count < no_improv_count + 1

15:  endif

16: t+t+1
17: end while
18: return best prompt in R

We adopt an anchor-based protocol to enable contrastive
visual comparisons: for every task we randomly select an
anchor image per class from the training set with a seed for
consistency across experiments, let the model compare each
test image against all anchors, and choose the class whose
anchor yields the highest log( P(Same)/P(Different))
margin. This converts pairwise judgments into standard
top-1 accuracy metrics while providing interpretable con-
fidence scores.

3.3. Datasets

Following Hong et al. [16], we evaluate on three
fine-grained benchmarks, each reduced to small subsets that
are notoriously hard to distinguish. This evaluation protocol
enables direct comparison with the most relevant baseline
for fine-grained classification with VLMs. For CUB-200
[30] we use three three-class splits: CUB_CUCKOO, con-
taining the Black-billed, Mangrove, and Yellow-billed
cuckoos; CUB_ORIOLE, with Hooded, Orchard, and Scott’s
orioles; and CUB_VIREO, composed of Philadelphia,
Red-eyed, and Warbling vireos. From iNaturalist-2021
[29] we derive INAT_BUTTERFLY (Symbrenthia lilaea,
Claudina crescent, Elada checkerspot) and INAT_LUPINE
(Arctic, Silvery, and Arizona lupines). Finally, in VegFru
[17] we utilize VEGFRU_GREENS—Dandelion, Shepherd’s
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Figure 1. APO-Pair overview. The optimization loop starts from the base prompt, which initializes the prompt repository. At each
iteration, the Thompson sampler selects a prompt variant; the context DB retrieves a balanced set of previously correct and incorrect
image-pair decisions together with their rationales; the multimodal agent proposes a YAML patch; and the frozen evaluation VLM scores
the updated prompt on the validation pair set. The resulting score determines whether the candidate is accepted into the repository and
lineage or rejected and logged in memory. This loop repeats until the iteration budget or early-stopping criterion is reached.

purse, Prickly lettuce—and VEGFRU_ALLIUM—Leek,
Green Chinese onion, Bunching onion. These challenging
subsets represent scenarios where even subtle visual differ-
ences make a big difference, making them ideal testbeds for
our pairwise contrastive approach.

3.4. Baselines

We compare seven variants. Base is the initial prompt we
optimize from; its entire text is reproduced in Appendix
A for reference. One-shot is APO-Pair with one-shot ini-
tialization: one labeled exemplar per class is used to de-
rive initial class-specific comparison rules, which are then
evolved for four generations on the small support set before
inference. APO-Pair (Neg.) runs the full APO-Pair loop
but feeds the agent only misclassified (negative) pairs, pro-
viding a basis for comparison against our balanced method
with both positive and negative evidence. APO-Pair (text)
supplies both positive and negative pairs but removes the
images, so the agent sees only the VLM’s textual rationales;
this isolates the value of visual feedback. APO-Pair is the
complete APO-Pair system. We also compare two exist-
ing prompt optimization methods: AutoSEP [16], a visual
prompt optimization method for fine-grained recognition,
and GEPA [2], a reflective prompt optimizer that uses nat-
ural language feedback and Pareto-based candidate selec-
tion to evolve prompts. Using Qwen-2VL-7B consistently
across all methods ensures a controlled comparison.

4. Experiments
4.1. Results

Table | presents top-1 accuracy across all seven fine-grained
evaluation sets. APO-Pair achieves the highest performance
on six of seven tasks, with substantial improvements over
the base prompt: +15.2pp on iNat_butterfly, +15.6pp on
iNat_lupine, and +20.8pp on VegFru_greens. The method
consistently outperforms the one-shot baseline, demonstrat-
ing that iterative optimization surpasses static initialization.
The results validate our key design choices. Balanced feed-
back proves essential: APO-Pair (Neg.) underperforms on
five of seven tasks, confirming that learning from both suc-
cesses and failures stabilizes optimization. Visual evidence
is equally critical: APO-Pair (text) excels on some bird
tasks but struggles on plant recognition, where subtle mor-
phological differences require direct visual analysis.
Compared to existing optimizers, APO-Pair demon-
strates clear advantages. It outperforms AutoSEP on the
iNaturalist (+15.4pp butterfly, +4.4pp lupine) and VegFru
tasks (+3.1pp greens, +10.7pp allium), while AutoSEP per-
forms better on CUB_vireo. Both methods optimize uni-
versal prompts without fine-tuning, but differ in strategy:
AutoSEP optimizes description-generation prompts, while
APO-Pair directly optimizes evaluation guidelines for pair-
wise visual contrast. Similarly, APO-Pair outperforms
GEPA on six of the seven tasks. While GEPA effectively
optimizes prompts using natural language reflection, its re-
liance on text-based feedback limits its ability to capture
the subtle morphological distinctions required for these do-
mains, further underscoring the necessity of visual con-



Table 1. Top-1 accuracy across all fine-grained datasets. INAT_BUTTERFLY, INAT_LUPINE, CUB_ORIOLE, CUB_VIREO, CUB_CUCKOO,

VEGFRU_GREENS, and VEGFRU_ALLIUM.

iNaturalist CUB VegFru
Method iNat_butterfly iNat_lupine CUB_cuckoo CUB_oriole CUB_vireo VegFru_greens VegFru_allium
Base 0.556 0.435 0.558 0.600 0.482 0.545 0.615
One-shot 0.667 0.509 0.558 0.625 0.500 0.611 0.522
GEPA 0.684 0.554 0.658 0.593 0.575 0.667 0.679
AutoSEP 0.554 0.547 0.634 0.551 0.655 0.722 0.624
APO-Pair (Neg.) 0.632 0.427 0.671 0.588 0.463 0.657 0.664
APO-Pair (text) 0.684 0.421 0.656 0.718 0.512 0.606 0.717
APO-Pair 0.708 0.591 0.687 0.724 0.529 0.753 0.731

trastive reasoning.
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Figure 2. Distribution of decision-separation margins (log-odds
of best vs. second-best anchor) for the base prompt (red) and the
optimized APO-Pair prompt (green). Dashed vertical lines mark
the respective means; call-outs report the relative improvement.
Optimized prompts (green) achieve significantly higher separation
compared to base (red). Statistical significance: p < 0.001.

4.2. Ablation Studies

All ablations are run on the two iNaturalist splits,
INAT_BUTTERFLY (Symbrenthia lilaea, Claudina crescent,
Elada checkerspot) and/or INAT_LUPINE (Arctic, Silvery,
and Arizona lupines).

Decision-boundary separation. To gauge how clearly
the optimized prompt separates confusable subclasses, we
plot the confidence margin (the log-odds gap between the
best anchor and the runner-up) for every image at infer-
ence. Figure 2 shows the distributions for both iNat splits.
On INAT_LUPINE the mean margin moves from 2.24 to
3.16 log-odds, a +41.1% increase; on INAT_BUTTERFLY
it rises by +70.9%. Although the curves still overlap, high-
lighting the intrinsic difficulty of fine-grained recognition,
the shift demonstrates that APO-Pair not only fixes border-
line cases but broadens the internal gap between the correct
class and its closest competitor, yielding more decisive pre-
dictions and fewer near-ties.

§ H 3
21005 3UBWLIOJIBY

21005 32UBLLIONA]

(a) INAT_LUPINE (b) INAT_BUTTERFLY

Figure 3. Prompt-evolution trees generated by APO-Pair with
Thompson sampling. Each circle is an accepted prompt ver-
sion during optimization, labelled by its version ID; circle
color encodes the pair-wise score at the moment of acceptance
(green=higher, red=lower).

Prompt-selection strategy The default optimizer con-
troller relies on Thompson sampling: after each full-pool
evaluation the confusion-matrix counts update a Beta pos-
terior and the next prompt is sampled in proportion to its
posterior success probability. We compare against a purely
greedy rule that always picks the highest-scoring prompt so
far, and an e-greedy rule with ¢ = 0.1 that occasionally
selects a random prompt to force exploration.

Table 2. Impact of the sampling rule on iNaturalist accuracy.

Strategy iNat_butterfly  iNat_lupine
Thompson sampling 0.708 0.591
Greedy 0.638 0.497
e-greedy 0.684 0.458

Thompson sampling achieves the best top-1 accuracy
on both subsets, outperforming the greedy baseline by
+7.0pp on butterflies and +9.4pp on lupines. The greedy
rule converges quickly but often to a sub-optimal prompt,
while e-greedy expends valuable evaluation budget on un-
informed random choices. The Bayesian controller there-



fore provides a superior trade-off between exploitation and
uncertainty-driven exploration, justifying its use in the full
APO-Pair pipeline.

Prompt-evolution dynamics. Figure 3 plots the ac-
cepted prompt lineages for INAT_LUPINE (3a) and
INAT_BUTTERFLY (3b). The lineages never collapse into
a single chain; Thompson sampling maintains multiple ac-
tive branches, investing in prompts with uncertain poten-
tial. Many of the highest-scoring variants (bright-green cir-
cles) appear two or three hops from the root, demonstrating
that initially weak ancestors can serve as valuable stepping
stones toward better prompts, a cumulative improvement
pattern observed across optimization domains [38]. These
represent opportunities that a greedy approach would miss.
Evolution depth varies by domain: INAT_LUPINE devel-
ops 17 versions (best v17 from v4) while INAT_BUTTERFLY
stabilizes at 9 versions (best v4 from v3), suggesting plant
species’ subtle distinctions require more iterative refine-
ment than butterflies’ distinctive features. The branching
structure reveals hierarchical refinement rather than random
exploration, validating uncertainty-aware optimization.

Structured vs. Freeform Prompt Evolution To validate
the effectiveness of our YAML-style structured editing ap-
proach, we compare it against a freeform optimization base-
line where the LLM agent can rewrite the entire prompt
without structural constraints. Both methods use the same
visual feedback and Thompson sampling framework, differ-
ing only in how the agent modifies prompts.

On the iNat_butterfly dataset, our structured YAML ap-
proach achieves superior performance (0.708) compared to
the freeform baseline (0.684) while producing significantly
more concise prompts (89 vs. 342 words; see Appendices
E.2 and F.2 for full prompts). The YAML format enables
precise ablation studies, as individual guidelines can be eas-
ily removed or modified to assess their contribution. In con-
trast, the freeform approach produces verbose, hierarchi-
cal text where concepts are intertwined across multiple sec-
tions, making targeted modifications difficult (see Fig. 4).

This comparison demonstrates that structured, inter-
pretable prompt evolution achieves superior performance
with more analyzable and efficient prompts. Complete
prompts and additional analysis with iNat_lupine are pro-
vided in Appendix F.

Rejection Memory Ablation To validate our rejection
memory mechanism, we compare optimization runs with
and without providing previously rejected patches as con-
text to the agent. Table 3 shows that rejection memory
significantly impacts exploration and performance. With-
out rejection context, iNat_butterfly achieves only 0.649 ac-
curacy with 2 evolutions, while with rejection memory it

YAML

1: Compare wing patterns, colors, markings
, and body structure only between
organisms in the same life stage.

2: Focus on distinctive taxonomic features

rather than similarities in pose,
background, or activity.

3: Note that similar coloration alone
doesn’t indicate same species; examine

pattern arrangement and wing shape.

Freeform

# Species Identification Protocol for
Butterfly Image Comparison
## Primary Analysis Framework
1. Focus exclusively on the butterfly’s
distinctive morphological features:
- Wing pattern: Examine the specific
arrangement of colors, bands, spots
, and borders
— Wing shape: Note the outline, edges,
and proportional dimensions
— Body structure: Observe thorax and
abdomen characteristics when
visible
- Antennae: Note length and shape if
visible
2. Disregard environmental factors that
don’t indicate species:

Figure 4. Comparison of structured YAML and Freeform prompt
outputs. The YAML enforces concise, modular rules, whereas the
freeform baseline tends toward verbose, hierarchical text.

Table 3. Impact of rejection memory on prompt evolution dynam-
ics and performance.

Dataset | Rejection Total Best Top-1
Memory  Evolutions Version  Acc.

lupine X 7 v3 0.463
P v 18 vi7  0.591
X 2 v3 0.649

butterfly | -/ 8 v 0708

reaches 0.708 accuracy across 8 evolutions (+5.9pp). On
iNat_lupine, the effect is more pronounced: 0.463 accu-
racy with 7 evolutions versus 0.591 accuracy with 18 evolu-
tions (+12.8pp). This demonstrates that rejection memory
prevents the agent from repeatedly proposing similar failed
modifications, enabling more diverse exploration by focus-
ing creative efforts on genuinely novel prompt variations



rather than revisiting unsuccessful attempts.

Table 4. Studying the impact of modality and batch size (num-
ber of pairs) on top-1 accuracy (iNaturalist splits). ‘“Reasoning
Only” feeds the agent the VLM’s textual rationales without im-
ages, while “Image Desc. Only” relies on independent LLM image
descriptions. W/ Images” represents the full multimodal APO-
Pair pipeline, which maxes out at 4 pairs due to API image limits.

| Reasoning Only | Image Desc. Only | W/ Images (APO-Pair)

Pairs

‘ butterfly lupine ‘ butterfly  lupine ‘ butterfly lupine
4 0.684 0.421 0.649 0.497 0.708 0.591
8 0.695 0.485 0.643 0.418 - -

16 0.667 0.508 0.690 0.395 - -
32 0.729 0.456 0.632 0.537 - -

Text-only feedback and batch-size exploration. Here,
we evaluate the optimization dynamics when the agent re-
ceives only textual cues rather than images. Beyond iso-
lating the value of visual feedback, this setting allows us
to explore the impact of larger batch sizes. Because our
multimodal agent is constrained to a maximum of ten im-
ages per API call, the visual pipeline is bottlenecked at four
pairs (eight images) per iteration. By relying solely on text,
this constraint is lifted, allowing us to sweep batch sizes
up to 32 pairs (Table 4). Reasoning Text feeds the agent
the VLM’s natural-language rationales without images; Im-
age Desc. Only inserts an auxiliary step that asks the LLM
to describe each image first, passing those descriptions in
place of the pixels. Both settings allow larger batches be-
cause no images are transmitted.

A primary observation from these results is that visual
context provides a significantly stronger and more sample-
efficient optimization signal than simply scaling up text-
based examples. As shown in Table 4, the full multi-
modal APO-Pair system with its maximum capacity of 4
image pairs (0.708 on butterfly, 0.591 on lupine) is vastly
more efficient and robust than text-only variants. While the
”Reasoning Only” variant edges out the multimodal system
on iNat_butterfly at 32 pairs (0.729 vs. 0.708), it requires
eight times the amount of evaluation data to achieve this
gain. Furthermore, this text-only scaling proves highly brit-
tle across domains: on the challenging iNat_lupine split, the
32-pair text variant collapses to 0.456, falling far behind the
4-pair multimodal system (0.591). The description variant
shows similarly inconsistent patterns. This instability sug-
gests that text-only signals are fragile; independently gener-
ated descriptions may omit the fine details the agent needs,
while raw rationales expose only the features the evalua-
tor was able to focus on, without painting the whole pic-
ture. Images give the agent the full visual context, letting
it decide which cues matter and yielding steadier improve-
ments and cross-domain reliability. Closing this gap re-

mains an open direction: more structured or multi-turn de-
scriptions might capture the fine-grained cues now missing
from single-prompt text. Future work could explore richer
visual caption pipelines or joint reasoning over sets of de-
scriptions to give the agent a fuller picture without exceed-
ing image input limits.

5. Conclusion, Limitations and Future Work

We introduced APO-Pair, a framework that treats
fine-grained classification as a pairwise task and optimizes
a single class-agnostic prompt for a frozen multimodal
LLM. A Thompson-sampling controller maintains multi-
ple prompt lineages in parallel, while a multimodal agent
refines each prompt through interpretable YAML patches
grounded in both successes and failures. Experiments on
seven challenging fine-grained splits drawn from CUB,
iNaturalist 2021, and VegFru show that APO-Pair consis-
tently outperforms a generic prompt, one-shot baseline, and
the recent AutoSEP zero-shot optimizer, achieving an aver-
age improvement of 10.4pp. Ablations reveal that balanced
positive—negative feedback with visual evidence are criti-
cal, and that Bayesian exploration yields higher accuracy
and wider decision margins than greedy or e-greedy alter-
natives. Qualitative lineage analysis further demonstrates
that the method promotes open-ended, hierarchical knowl-
edge accumulation rather than a single greedy walk.

While promising, our anchor-based evaluation scales
quadratically with the number of classes, limiting direct
applicability to large taxonomies with hundreds or thou-
sands of categories. Practical deployment would require ef-
ficiency strategies such as hierarchical coarse-to-fine clas-
sification that first narrows to a subtree, embedding-based
pre-filtering to reduce candidate anchors to a top-k short-
list, or learned anchor selection—directions we leave for
future work. Additionally, our text-only feedback experi-
ments reveal brittle performance patterns, and the impact
of pair pool size on optimization dynamics warrants further
investigation. See Appendix G for detailed discussion.

The framework is generalizable to any dataset, requires
no gradient updates, and produces a transparent audit trail of
prompt edits. Looking ahead, this interpretable lineage lays
the groundwork for continuous learning loops where feed-
back from human domain experts or specialized Al agents
could dynamically refine the prompt repository over time.
Furthermore, while our method relies on large VLMs, the
high-quality reasoning generated by APO-Pair could serve
as a valuable supervision signal for model distillation. This
would streamline the transition from an optimized prompt
to a lightweight, production-ready model, reducing infer-
ence latency and throughput bottlenecks. Ultimately, we
hope these results encourage broader adoption of agentic
prompt optimization as a scalable, transparent alternative to
conventional fine-tuning for fine-grained visual understand-
ing.
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