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Abstract

Prompting is fundamental to unlocking the full potential of
large language models. To automate and enhance this pro-
cess, automatic prompt optimization (APO) has been de-
veloped, demonstrating effectiveness primarily in text-only
input scenarios. However, extending existing APO meth-
ods to multimodal tasks—such as video-language genera-
tion—introduces two core challenges: (i) visual token in-
flation, where long visual-token sequences restrict context
capacity and result in insufficient feedback signals; (ii) a
lack of process-level supervision, as existing methods fo-
cus on outcome-level supervision and overlook intermedi-
ate supervision, limiting prompt optimization. We present
UniAPO: Unified Multimodal Automated Prompt Optimiza-
tion, the first framework tailored for multimodal APO.
UniAPO adopts an EM-inspired optimization process that de-
couples feedback modeling and prompt refinement, making
the optimization more stable and goal-driven. To further ad-
dress the aforementioned challenges, we introduce a short-
long term memory mechanism: historical feedback mitigates
context limitations, while historical prompts provide direc-
tional guidance for effective prompt optimization. UniAPO
achieves consistent gains across text, image, and video bench-
marks, establishing a unified framework for efficient and
transferable prompt optimization.

Introduction
Recent advances in automatic prompt optimization (APO)
have enabled large language models to generate and refine
prompts without human intervention (Cui et al. 2025; Li
et al. 2025; Ramnath et al. 2025). These methods—ranging
from search-based strategies (Zhou et al. 2022; Fernando
et al. 2024) to feedback-driven approaches (Pryzant et al.
2023; Tang et al. 2025)—have shown promising results
across various natural language tasks (Spiess et al. 2025;
Saleem et al. 2025). Nevertheless, existing methods are
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largely restricted to unimodal text settings, limiting their
applicability in real-world scenarios involving multimodal
inputs. As multimodal large language models become in-
creasingly capable and widely deployed (Zhang et al. 2024a;
Song et al. 2025; Chen et al. 2025b), there is a growing need
for a unified APO framework that can operate seamlessly
across text, image, and video inputs.

Extending feedback-driven APO from text to multi-
modal inputs—by naively appending image or video to-
kens to existing frameworks—may seem straightforward but
quickly encounters two fundamental challenges (shown in
Figure 1(a)). First, visual token inflation: a single high-
resolution image or short video generates hundreds to thou-
sands of tokens (et.al. 2025; Lee et al. 2024), thereby re-
stricting the number of samples that can be accommodated
and resulting in insufficient feedback signals. Second, a lack
of process-level supervision: multimodal tasks are inherently
more complex (Zhou et al. 2025; Zhang et al. 2024c) and
demand richer supervision signals to effectively optimize
prompts. Relying solely on outcome-level supervision (cur-
rent feedback) is insufficient, often leading to unstable and
suboptimal prompt. And the problems caused by these two
challenges will also be intertwined with each other.

These challenges call for rethinking Multimodal APO
as disentangled optimization, expanded feedback signals,
and dual-level supervision (shown in Figure 1(b)). (i) The
intertwined problems of insufficient feedback signals and
sub-optimal prompt create a vicious cycle in multimodal
prompt optimization. To break this cycle, we propose a
framework inspired by the Expectation-Maximization (EM)
algorithm that decouples these problems. (ii)Visual token
inflation quickly saturates limited context, necessitating a
long-short term memory mechanism to preserve histori-
cal feedback and extend the optimization horizon. (iii) In-
spired by reinforcement learning (Yao et al. 2023; Rafailov
et al. 2023), we argue that supplementing outcome-level
supervision with process-level supervision is crucial. This
dual-supervision approach stabilizes the optimization to-
ward more performant and robust solutions.

We instantiate these insights in UniAPO (Unified mul-
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Figure 1: Motivation Illustration: (a) Naively extending text-based APO to multimodal inputs introduces visual token inflation
and a lack of process-level supervision. (b) Our proposal adopts an EM-inspired optimization scheme to iteratively update
feedback and prompt memory to solve the above problems.

timodal Automated Prompt Optimization), the first unified
framework adopting an EM-inspired optimization scheme
that explicitly decouples feedback modeling from prompt
refinement. In the E-step, UniAPO aggregates valid and di-
verse feedback using both current errors and semantically
relevant historical feedback, ensuring that optimization is
informed by a broader context. In the M-step, it generates
new prompts by integrating short-term candidates with high-
quality historical prompts from long-term memory, effec-
tively anchoring the optimization. These components enable
UniAPO to scale to complex multimodal tasks and achieve
robust, interpretable prompt optimization.

Our contributions are summarized as follows:
• We propose UniAPO, the first unified multimodal APO

framework that scales across text, image, and video tasks
within a single architecture, achieving state-of-the-art
performance compared to existing baselines.

• We introduce an EM-inspired optimization scheme that
decouples feedback modeling and prompt refinement,
yielding a stable optimization process.

• We design a long-short term memory mechanism that
alleviates visual token inflation and lack of process-level
supervision via historical feedback signals and dual-level
supervision.

Related Work
Prompt Engineering for MLLMs
Prompt engineering plays a pivotal role in enabling MLLMs
to perform both general reasoning and domain-specific
tasks (Chen et al. 2023; Mohanty, Parthasarathy, and Shahid
2025; Peng et al. 2025). A prominent line of research cen-
ters on chain-of-thought (CoT) prompting (Wei et al. 2022;
Zhang et al. 2024d; Shao et al. 2024), where prompts like
“Think step by step” are used to elicit structured reasoning,
especially in spatial contexts. Related works extend this to
single-turn reasoning (Zheng et al. 2024; Wang et al. 2025b),
often prompting MLLMs to generate intermediate queries or
reflections to enhance interpretability and problem-solving

ability. Beyond reasoning, studies have explored prompt for-
matting (He et al. 2024; Wang et al. 2025a; Lamott et al.
2024) as a way to improve response consistency, especially
in scenarios requiring tool use, layout understanding, or con-
strained output forms. To address task-specific needs, re-
searchers have developed domain-adapted prompts across a
wide range of applications. This includes open-vocabulary
grounding (Du et al. 2022a,b), semantic segmentation (Li
et al. 2024; Lee et al. 2025; Chen et al. 2025a), and vi-
sual question answering (VQA) (Zhao et al. 2024; Keskar,
Perisetla, and Greer 2025; Zhu et al. 2024), where prompt
designs are often tailored to the data modality and task
structure. Despite promising results, these approaches rely
heavily on manual prompt design, which becomes increas-
ingly infeasible as MLLMs are deployed across more com-
plex, diverse, and open-ended domains. This limitation has
spurred growing interest in automated prompt optimization
techniques (Zhang et al. 2024b), aiming to scale prompt en-
gineering in a systematic and adaptive manner.

Automatic Prompt Optimization (APO)
APO aims to automatically discover effective prompts for
LLMs and MLLMs, reducing manual effort while enhanc-
ing generalization across diverse tasks (Cui et al. 2025; Qu
et al. 2025; Ramnath et al. 2025; Do et al. 2025). Exist-
ing approaches fall into two main paradigms: search-based
optimization and feedback-driven refinement. Search-based
methods explore the prompt space by iteratively sampling
and evaluating candidates (Davari et al. 2025; Zhang, Zhou,
and Liu 2024). APE (Zhou et al. 2022) frames prompt con-
struction as a discrete optimization task, with LLMs generat-
ing and scoring prompts in a closed loop. Subsequent works
adopt evolutionary strategies (Liu et al. 2024; Fernando et al.
2024) or treat LLMs as black-box optimizers (Yang et al.
2023). However, these methods often suffer from search path
explosion in semantically complex or open-ended settings,
limiting their scalability in multimodal domains. Feedback-
driven methods improve stability by introducing an interme-
diate phase: models analyze failure cases and generate tex-
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tual feedback, which is then used to revise prompts (Agar-
wal et al. 2025). APO (Pryzant et al. 2023) pioneered this
paradigm, viewing feedback as a textual “gradient” to guide
optimization. Later work extends this idea with analogi-
cal reasoning (Tang et al. 2025), pseudo-gradient propaga-
tion (Yuksekgonul et al. 2024), memory-augmented reflec-
tion (Yan et al. 2025), and strategic self-guidance (Wu et al.
2024), achieving strong performance in text-only tasks. De-
spite success in text tasks, feedback-based APO struggles
in multimodal contexts: visual token inflation and lack of
process-level supervision. We alleviates visual token infla-
tion and lack of process-level supervision via historical feed-
back signals and dual-level supervision by designing a long-
short term memory mechanism.

Preliminaries
Problem Formulation and Baseline
Let the datasets be denoted as Dtrain, Ddev, and Dtest, each
consisting of sample-label pairs (x, y). We consider a sys-
tem of frozen MLLMs with different system prompts as al-
ternates roles: a task model LT for prediction, a feedback
model LF for generating feedback, a prompt optimization
model LP , and an evolution model LE . Details of system
prompts are stated in the Appendix. Our primary objective
is to find the optimal prompt P ∗ that maximizes the expected
performance on a given dataset Dtest:

P ∗ = argmax
P∈P

E(x,y)∈Dtest [Eval(LT (x;P ), y)], (1)

where P represents the space of all possible prompts and
Eval(·) is the evaluation metric.

Then we establish a baseline method based on feedback-
driven Automatic Prompt Optimization (APO). In a naive
multimodal feedback-driven APO (Pryzant et al. 2023) loop,
the optimization process is iterative. At each step t, we iden-
tify an error set Dt

error ⊆ Dtrain where the task model LT

fails with the current prompt P t. Subsequently, the feed-
back model LF generates feedback F t+1 based on Dt

error
and P t. Finally, the prompt optimization model LP opti-
mizes the prompt P t using the feedback F t+1 to produce
an improved prompt P t+1. However, this straightforward
feedback-driven approach encounters two significant chal-
lenges. Details of system prompts are stated in the Ap-
pendix.

Core Challenges
A naive multimodal APO framework faces two critical, in-
tertwined challenges: visual token inflation (Cao et al. 2023;
Lee et al. 2024) and a lack of process-level supervision (Ue-
sato et al. 2022). Visual token inflation stems from the
feedback generator’s (LF ) finite context, which yields low-
quality feedback by failing to process all historical and cur-
rent errors. Concurrently, the prompt optimizer (LP ) re-
ceives only this outcome-level supervision, leading to sub-
optimal prompts. These issues create a vicious cycle of mu-
tual degradation, making a simultaneous solution exception-
ally difficult.

Methodology
To tackle the two intertwined challenges of Visual Token In-
flation and a Lack of Process-level Supervision, we propose
a novel framework named Unified Multimodal Automatic
Prompt Optimization (UniAPO). Our approach is inspired
by the Expectation-Maximization (EM) algorithm and em-
ploys a divide-and-conquer strategy to decouple the prob-
lem, as illustrated in Figure 2. UniAPO consists of two main
steps: an E-step designed to address Visual Token Inflation,
and an M-step to counter a Lack of Process-level Supervi-
sion. This design effectively breaks the vicious cycle arising
from the interplay of these two challenges.

Overall Architecture
A core component of UniAPO is the integration of memory
to leverage historical information. We introduce a feedback
memory, Mt

F , and a prompt memory, Mt
P , to store all gen-

erated feedback and prompts up to iteration t.
Specifically, our method begins with a simple phase. We

use the prompt optimization model, LP , to refine a sim-
ple, sample-agnostic initial prompt (e.g., “keywords about
sports”) to obtain a superior input prompt, P 0. This ensures
that the optimization process starts from a more reasonable
point in the optimization space. The optimization then pro-
ceeds iteratively through the E-step and M-step.
E-Step: At iteration t, the current prompt P t is used with
the multimodal inputs to perform inference (assised by LT ),
resulting in an error set Dt

error. This error set, along with the
feedback memory Mt

F , is then processed by the feedback
model LF (potentially assisted by a evolution model LE) to
generate new, targeted feedback F t+1. The feedback mem-
ory is subsequently updated with this new information. The
entire process can be expressed as:

(F t+1,Mt+1
F ) = E-Step(Dt

error,Mt
F ;LF ,LE). (2)

M-Step: In the subsequent M-step, the newly generated
feedback F t+1 and the prompt memory Mt

P are used to
guide the prompt optimization model LP (also assisted by
LE). This step refines the current prompt P t to produce an
improved prompt P t+1 for the next iteration, and the prompt
memory is updated accordingly. This step can be formulated
as:

(P t+1,Mt+1
P ) = M-Step(F t+1,Mt

P , P
t;LP ,LE). (3)

In the following subsections, we will elaborate on how the
E-step and M-step are specifically designed to address the
challenges of Visual Token Inflation and a Lack of Process-
level Supervision, respectively.

E-step: Multimodal Feedback Generation
The E-step is specifically designed to combat the Visual
Token Inflation challenge during the feedback generation
phase. The essence of this problem lies in a practical con-
straint: the feedback model, LF , has a finite context window.
As the generation process iterates, the cumulative set of all
encountered errors can easily grow to exceed this capacity.
Consequently, at iteration t, it becomes infeasible to feed the
entire raw error history into LF for consideration.
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Figure 2: Illustration of our UniAPO framework for UniAPO. Starting with a simple prompt initialized by an MLLM (left),
UniAPO iteratively refines it into a structurxed and knowledgeable prompt (right) using an Expectation-Maximization (EM)
algorithm. The E-step generates long- and short-term feedback from the current prompt, which is then used in the M-step to
update the prompt, enabling optimization across diverse data types.

To overcome this limitation, we introduce a short- and
long-term memory mechanism. Our key insight is that the
complete error history can be effectively represented by two
distinct components:
• Short-term Information: The current error set, Dt

error,
which captures the model’s most recent failures and is
used by LP to generate the next feedback, F t+1.

• Long-term Information: The feedback memory, Mt
F ,

which stores a cumulative history of past errors and their
associated corrective feedback.

The E-step is to first extract information from these two
sources and then unify them, ensuring that a holistic view
of all errors can be processed within the limited context of
LF .

Short-Term Feedback Generation. A practical chal-
lenge remains: even the most recent error set, Dt

error, can
be too large to fit into the context window of LF in a sin-
gle pass. To manage this, we adopt a hierarchical strategy
inspired by techniques in multimodal Retrieval-Augmented
Generation (RAG) (Yu et al. 2024). The procedure first clus-
ters Dt

error to group semantically similar failures, enabling
LF to produce more stable feedback on common error pat-
terns. Subsequently, to adhere to the model’s context limit,
each resulting cluster is processed in smaller chunks. Feed-
back is generated for each chunk and then aggregated to rep-
resent the entire cluster’s error profile, as depicted in Fig-
ure 2. The entire process of generating the short-term feed-
back, denoted as F t+1

short , can be formally expressed as:

F t+1
short = LF (Pt,Clustering(Dt

error)), (4)

where Clustering(·) is the DBSCAN algorithm using BGE-
m3 (Chen et al. 2024) embeddings.

Long-Term Feedback Generation. A naive inclusion of
the entire memory Mt

F is suboptimal, as obsolete feedback
for corrected errors can introduce semantic noise. To address
this, we shift from simple summarization to targeted re-
trieval. Specifically, we use the newly generated short-term
feedback, F t+1

short , as a dynamic query. The feedback derived
from each error cluster acts as a separate query to retrieve
the most relevant entries from the memory Mt

F . These re-
trieved historical records are then aggregated to form a po-
tent and contextually relevant long-term feedback, F t+1

long , as
illustrated in Figure 2, where Retrieval(·, ·) denotes the re-
trieval process. The entire generation process can be formu-
lated as:

F t+1
long = Retrieval(F t+1

short ,M
t
F ). (5)

Short- and Long-Term Feedback Evolving To combine
the short-term (F t+1

short ) and long-term (F t+1
long ) feedback, we

devise a two-step process. First, inspired by evolutionary al-
gorithms (Bäck and Schwefel 1993), an “Evolver” MLLM,
LE , fuses the two streams, guided by a system prompt to
resolve conflicts and merge salient information. Second, to
guarantee utility, the resulting candidate feedback undergoes
a filtering step, Filter(·), inspired by ERM (Yan et al. 2025).
This step validates the feedback by retaining only sugges-
tions that demonstrably correct errors in the original set
Dt

error. The generation of the final, validated feedback F t+1

is formulated as:

F t+1 = Filter(LE(F
t+1
short , F

t+1
long ),D

t
error, P

t;LT ) (6)

where F t+1 is added into Mt
F to gain Mt+1

F as depicted in
Equation (7):

Mt+1
F = Add(Mt

F , F
t+1). (7)
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M-step: Multi-modal Prompt Optimization
The M-step resolves the outcome-only supervision problem
by synergizing two distinct supervisory signals for prompt
optimization.
• Outcome-level Supervision: Following naitive feedback-

driven methods (Pryzant et al. 2023), we use the imme-
diate feedback, F t+1, to perform a tactical update on the
current prompt, P t, yielding a short-term prompt, P t

short.
• Process-level Supervision: Inspired by PRMs (Uesato

et al. 2022), we introduce a novel process-level signal
by distilling a long-term prompt from the entire prompt
history, Mt

P . This prompt embodies stable, historically
effective strategies.

The final prompt, P t+1, is synthesized by modulating the
short-term prompt with the strategic guidance from the long-
term prompt. This ensures that our updates are not only re-
sponsive to immediate failures but are also grounded in a
history of successful optimizations, leading to superior ro-
bustness and performance.

Short-Term Prompt Optimization. Our process begins
with generating a Short-Term Prompt, P t+1

short , by leveraging
an MLLM optimizer, LP , to refine the current prompt P t.
This refinement is guided by the recent, coarse-grained feed-
back F t+1. To ensure the optimizer maintains a robust un-
derstanding of the task (Zhang, Zhou, and Liu 2023), we also
provide it with a set of positive examples, Sample(·), sam-
pled from Dtrain −Dt

error. This prevents over-fitting to recent
failures and is formally expressed as:

P t+1
short = LP (Pt, F

t+1, Sample
(
Dtrain −Dt

error)
)

(8)

We run the optimizer LP multiple times to generate a diverse
set of candidate prompts, as shown in Figure 2.

Long-Term Prompt Generation To ensure that our
process supervision signal is derived from high-quality
prompts, we filter the prompt history rather than using it
wholesale. We recognize that underperforming prompts can
provide misleading guidance. Therefore, we select only the
top-k historical prompts from Mt

P based on their scores on
the Ddev. This selection is performed via a Top-K algorithm,
yielding P t+1

long :

P t+1
long = TopK(Mt

P , k) (9)

Short- and Long-term Prompt Evolving. To effectively
fuse the process and outcome signals, we introduce a step
inspired by evolutionary crossover. We task the MLLM op-
timizer, LE , to act as a supervisor that intelligently synthe-
sizes the short-term prompt with the wisdom from the long-
term prompts. This supervised crossover allows the current
prompt to adopt the proven advantages of its predecessors in
a structured way. The process is defined as:

P t+1 = LE(P
t+1
short , P

t+1
long ) (10)

The generated prompt P t+1 is first evaluated on Ddev, and its
score is recorded as it is integrated into the prompt memory,
which is updated to Mt+1

P :

Mt+1
P = Add(Mt

P , P
t+1). (11)

To prevent premature convergence and expand the opti-
mization horizon, we then employ a beam search mecha-
nism. Specifically, we select the top-b prompts from Mt+1

P
based on their scores. These b prompts become parallel
‘beams’ for the next iteration.

Experiment
Experimental Setting
Datasets. We evaluate UniAPO across text, image, and
video domains on both classification and generation tasks:
(1) Text: LIAR (Wang 2017) (fake news classification),
BBH-navigate (Suzgun et al. 2023) (multi-step instruction
following), ETHOS (Mollas et al. 2022) (hate speech detec-
tion), and WebNLG (Gardent et al. 2017) (structured-to-text
generation). (2) Image: Meme (Javaid 2023) (multi-image
classification requiring semantic alignment via prompt rea-
soning). (3) Video: An in-house dataset from an interna-
tional platform, covering static classification (low-motion
detection), occlusion classification (identifying overlays),
and open-domain keyword extraction (generating keywords
from multimodal metadata) across Beauty, Sport, Travel,
and Food themes. More details are stated in Appendix.

Evaluation Metrics. Tasks are grouped by domain
with corresponding metrics: Text classification (LIAR,
ETHOS, BBH-navigate): binary F1 score; Text genera-
tion (WebNLG): ROUGE-L; Image classification (Meme):
multi-class F1-micro; Video classification (Static, Occlu-
sion): binary F1; Multimodal keyword extraction (video,
four themes): F1-score More details are stated in Appendix.

Baselines. For all tasks, we compare UniAPO against
standard prompting, Chain-of-Thought (CoT) prompt-
ing (Wei et al. 2022), and two prominent categories of
automatic prompt optimization: (1) Search-based methods
(e.g., EvolPrompt (Liu et al. 2024)), which iteratively mu-
tate and select prompts; (2) Feedback-based methods (e.g.,
ERM (Yan et al. 2025)), which update prompts based on per-
formance signals.

Implementation Details. All primary experiments use
GPT-4o (Achiam et al. 2023) as the underlying MLLM
across all stages of the UniAPO pipeline. Prompts are initial-
ized with minimal handcrafted templates, denoted as “Sim-
ple Prompt” to simulate a low-resource setting. In additional
experiments, we replace GPT-4o with QwenVL2.5-72B (Bai
et al. 2025) as the predictor to evaluate cross-model general-
ization, while keeping the other components unchanged. We
also explore settings with more structured initial prompts, as
detailed in relevant sections.

Comparision Study
Comparision with different tasks. UniAPO sets a new
state-of-the-art across a diverse suite of multimodal tasks
as shown in Table 1, consistently outperforming existing
baselines. Its superior performance and stability, particu-
larly on video tasks, are driven by our unified memory
mechanism that combats visual token inflation and a lack
of process-level supervision. Underscoring its robustness,
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Text CLS Text GEN Image CLS Video CLS Video KE
Method LIAR BBH ETHOS WebNLG Meme Static Occlusion layer Beauty Sport Travel Food

GPT4o as Predictor

Vanilla 25.3 69.4 88.6 50.9 25.8 71.2 25.6 36.7 55.8 43.5 24.6
Vanilla + CoT (Wei et al. 2022) 56.9 90.7 95.0 51.1 25.6 80.1 50.0 46.9 63.9 54.1 31.5
EvoPrompt* (Liu et al. 2024) 58.6 92.7 96.6 50.5 26.9 82.8 33.3 47.4 56.2 44.9 24.7

ERM* (Yan et al. 2025) 65.2 95.4 95.6 52.1 28.6 80.1 61.5 68.3 69.3 57.4 40.3
UniAPO 78.7 99.4 98.1 53.2 37.6 86.3 70.3 74.7 78.3 60.9 54.3

QwenVL2.5-72B as Predictor

Vanilla 2.0 44.7 89.0 44.3 24.7 0.0 25.6 28.7 50.0 45.9 27.6
Vanilla + CoT (Wei et al. 2022) 49.4 93.2 97.6 46.3 24.6 54.5 41.9 43.9 58.6 47.1 25.3
EvoPrompt* (Liu et al. 2024) 50.6 94.1 98.0 46.3 25.8 78.2 30.0 44.3 52.8 46.1 27.8

ERM* (Yan et al. 2025) 67.4 93.3 98.2 52.3 28.2 59.8 63.2 64.0 64.1 51.2 41.4
UniAPO 73.1 95.8 98.9 54.4 35.7 83.1 67.9 75.2 76.8 63.7 48.6

Table 1: Performance comparison using GPT-4o vs. QwenVL2.5-72B as the predictor, optimized by our UniAPO framework.
UniAPO’s other internal components are implemented using GPT-4o. All experiments are conducted on 11 datasets including
text classiifaction (“Text CLS”), text generation (“Text GEN”), image classification (“Image CLS”) and video classification
(“Video CLS”) and video keyword extraction (“Video KE”).

UniAPO maintains its effectiveness when the backbone
model is switched from GPT-4o to Qwen2.5VL-72B, prov-
ing the generalizability of our framework.

Generalization of UniAPO. UniAPO demonstrates
strong generalization, which we validate through two key
experiments: robustness to initialization and cross-model
transfer (Figure 3).
• Robustness to Initialization: UniAPO is largely insensi-

tive to the quality of the initial prompt. It consistently el-
evates the performance of both simple and complex start-
ing prompts, as evidenced by the significant gap between
“Opt Settings” and “Init Settings” on “Test @ 4o”. This
robustness is a direct result of its EM framework, which
iteratively refines the solution, and its process-level su-
pervision.

• Cross-Model Transferability: Prompts optimized by
UniAPO transfer effectively across different architec-
tures. When prompts optimized on GPT-4o are trans-
ferred to different the testing predictor settings, such as
Qwen2.5-VL-72B, they retain a substantial performance
advantage over the original prompts (”Test @ Qw” with
”Opt Settings” vs. ”Init Settings”).

Efficiency of UniAPO. UniAPO is significantly more effi-
cient than baselines, reaching superior performance in fewer
optimization steps (Figure 4). This is attributed to its EM-
inspired framework, which creates a virtuous cycle: an E-
step refines feedback by mitigating visual inflation, and an
M-step uses dual-level supersion to optimize prompt ef-
fectively. This closed-loop process accelerates convergence,
demonstrating that UniAPO delivers state-of-the-art results
with greater sample and compute efficiency.

Analysis Study
Visual Token Inflation. Here, we empirically validate the
Visual Token Inflation (VLF) bottleneck and the efficacy of
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Figure 3: Evaluating the robustness and transferability of
UniAPO in beauty keyword extraction. The table compares
performance from “Simple” and “Complex” initial (“Init”)
prompts against our optimized prompts (“Opt”) based on
GPT4o. We use “Test @ 4o” and “Test @ Qw” respectively
represent the predictor types when testing.

our historical feedback solution (Figure 5a). We first estab-
lish that while performance scales with the number of input
errors, it inevitably saturates as it hits the feedback gener-
ator’s context limit. This confirms the VLF problem. Criti-
cally, introducing our historical feedback at this saturation
point yields further, significant performance gains. This re-
sult demonstrates that our long-term memory mechanism ef-
fectively compensates for the limited context window, en-
riching the feedback generation process with vital historical
information.

A Lack of Process-level Supervision. Figure 5b vali-
dates our core hypothesis: dual-level supervision is essential
for robust prompt optimization. We show that a feedback-
only baseline (blue line) is insufficient. By augmenting
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Figure 4: Optimization efficiency and performance compar-
ison. This figure illustrates the Testing F1-score progression
for UniAPO, ERM*, and EvolPrompt* over iterations.
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Figure 5: UniAPO is proven to be both practically efficient
and highly effective to alleviate visual token inflation and a
lack of process-level supervision.

this with process-level supervision from varying numbers
of historical prompts, our method consistently boosts per-
formance across all tested beam sizes, critically, with no
computational overhead. This demonstrates that integrating
process-level guidance with outcome-based feedback is key
to achieving stable and superior optimization results.

Ablation Study

E-step M-step Video CLS Video KE

Occlusion layer Beauty Sport

25.6 36.7 55.8
✓ 59.3 66.3 75.1

✓ 61.2 67.8 73.0
✓ ✓ 70.3 75.2 78.3

Table 2: Ablation of E-step and M-step.

Ablation of E-step and M-step. As shown in Figure 2,
our ablation study confirms the synergistic relationship be-
tween UniAPO’s E-step and M-step. While both prompt op-
timization (M-step) and feedback generation (E-step) are

individually effective, yielding significant gains when used
alone, the full framework that alternates between them per-
forms best, which validates that the complementary interac-
tion of these two steps is critical to UniAPO’s capabilities.

FG Type PO Type Video CLS Video KE

Occlusion layer Beauty Sport

ERM* ERM* 61.5 68.3 69.3
UniAPO ERM* 65.5 73.1 74.3
ERM* UniAPO 65.6 70.7 76.7

UniAPO UniAPO 70.3 75.2 78.3

Table 3: Comparison with different combainations between
Feedback Generation methods (FG) and Prompt Optimiza-
tion (PO) methods.

Feedback Generators and Prompt Optimizers. Our ab-
lation study, which created hybrid models by swapping com-
ponents with baselines (Table 3), reveals the powerful syn-
ergy within UniAPO. While our feedback generator (FG)
and prompt optimizer (PO) each provide significant, dis-
tinct benefits—mitigating visual token inflation and a lack
of process-level supervision, respectively—all hybrid con-
figurations underperform the complete UniAPO system.

F-Mem P-Mem Video CLS Video KE

Occlusion layer Beauty Sport

Short Short 63.2 68.3 70.5
Short-long Short 66.7 71.3 75.6

Short Short-long 65.2 70.9 74.0
Short-long Short-long 70.3 74.7 78.3

Table 4: Ablation of Short-Term and Long-Short Term mem-
ory mechanism in Feedback Memory (F-Mem) and Prompt
Memory (P-Mem).

Effect of each component in Memory Mechanism. Our
ablation study confirms that UniAPO’s dual memory sys-
tem is critical. The long-term memory in Feedback Gener-
ation (FG) is essential for mitigating visual token inflation,
while the long-term memory in Prompt Optimization (PO)
provides process-level supervision. Removing either com-
ponent cripples the system by introducing low-quality feed-
back or sub-optimal prompt, respectively. UniAPO’s state-
of-the-art performance is attributable to the synergy of these
mechanisms in solving these core multimodal challenges.

Conclusion
We present UniAPO, the first unified framework for auto-
mated prompt optimization (APO) that operates effectively
across text, image, and video tasks. By decoupling feedback
modeling from prompt refinement through an EM-inspired
scheme and introducing a long-short term memory mech-
anism, UniAPO overcomes key challenges in multimodal
APO. Experiments show UniAPO surpasses baselines.
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