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Abstract

Humorous memes blend visual and textual cues to convey
irony, satire, or social commentary, posing unique challenges
for AI systems that must interpret intent rather than surface
correlations. Existing multimodal or prompting-based models
generate explanations for humor but operate in an open loop,
lacking the ability to critique or refine their reasoning once a
prediction is made. We propose FLoReNce, an agentic feed-
back reasoning framework that treats meme understanding as
a closed-loop process during learning and an open-loop pro-
cess during inference. In the closed loop, a reasoning agent is
critiqued by a judge; the error and semantic feedback are con-
verted into control signals and stored in a feedback-informed,
non-parametric knowledge base. At inference, the model re-
trieves similar judged experiences from this KB and uses
them to modulate its prompt, enabling better, self-aligned rea-
soning without finetuning. On the PrideMM dataset, FLo-
ReNce improves both predictive performance and explana-
tion quality over static multimodal baselines, showing that
feedback-regulated prompting is a viable path to adaptive
meme humor understanding.
Caution: This paper contains offensive content due to the
nature of the topic, which may be disturbing or offensive to
some readers. Reader discretion is advised.

Introduction
Humorous memes play a central role in online discourse,
shaping opinions and spreading social commentary through
visual–textual wit (Li et al. 2024b; Xi, Yu, and Wang
2025). Understanding their humor is not only crucial for ap-
plications such as content moderation, sentiment analysis,
and cultural trend monitoring (Shifman 2013; Milner 2018;
Vásquez and Aslan 2021; Rehman et al. 2025), but also for
building AI systems capable of interpreting human intent
and nuance (Băroiu and Trăus, an-Matu 2022; Kalloniatis and
Adamidis 2024). However, humor in memes rarely resides
in explicit features, it often emerges from subtle semantic
interactions between image and text, such as irony, contrast,
or metaphor. Existing classifiers that solely rely on correla-
tions between pixels and words therefore fail to capture the
deeper incongruity that defines humor (Rahman et al. 2025;
Singh et al. 2024a).
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Figure 1: Comparison of our feedback-based reasoning cor-
rection approach (bottom) with prior approach (upper).

Recent studies have begun to incorporate reasoning
into multimodal humor detection by prompting large vi-
sion–language models (VLMs) to generate textual explana-
tions or multi-step justifications for their predictions. Ap-
proaches such as chain-of-thought prompting and multi-
agent debate frameworks (Liu et al. 2023; Madaan et al.
2023; Zong et al. 2024; Li et al. 2024a; Schneider 2025;
Liu et al. 2025a; Zhang et al. 2025; Lee et al. 2025) en-
courage models to articulate why an image–text pair may be
humorous, improving interpretability over black-box classi-
fiers like CLIP (Radford et al. 2021) or VL-BERT (Li et al.
2019). Other methods, including MemeCLIP (Shah et al.
2024) and TCRNet (Kasu et al. 2025), attempt to fuse textual
and visual cues for irony or incongruity reasoning. While
these methods mark progress toward explainable humor un-
derstanding, they remain fundamentally static: once a model
produces an incorrect or shallow rationale, there is no mech-
anism for correction, reflection, or adaptation based on feed-
back, as shown in the upper panel in Fig. 1. In contrast, hu-
man humor comprehension is inherently dynamic, in which
people refine their interpretations over time through critique,
social feedback, and exposure to new cultural contexts, as il-
lustrated in the lower panel of Fig. 1. This feedback process
stabilizes understanding much like a control system regu-
lates output to minimize error. Without such a loop, AI rea-
soning tends to oscillate between over- and under-predicting
humor, lacking the self-corrective mechanism that enables
humans to adaptively adjust their interpretations.



In this paper, we propose FLoReNce, Feedback-Loop
Reasoner with Non-parametric Experience (FLoReNce), a
novel agentic framework that addresses these limitations by
introducing feedback-driven adaptation into multimodal hu-
mor understanding. Our FLoReNce models the reasoning
process as a closed-loop system that continuously refines its
interpretation through structured critique and control. It in-
tegrates four key modules: 1) a Vision–Language Reason-
ing Agent that interprets the meme and produces an ini-
tial rationale; 2) a Judge Agent that evaluates this reason-
ing against ground truth and issues semantic feedback; 3) a
PID controller that transforms the prediction error and feed-
back into quantitative control signals; and 4) a Knowledge
Base that accumulates these experiences as non-parametric
memory. Together, these components enable FLoReNce to
dynamically adjust its reasoning strategy at inference time,
by retrieving similar past cases from memory and modu-
lating its prompts based on prior feedback, without requir-
ing any parameter updates or retraining. In doing so, FLo-
ReNce bridges the gap between static reasoning and human-
like adaptive understanding, allowing large vision–language
models to learn from their own interpretive history and pro-
gressively stabilize their perception of humor.

Our key contributions are as follows:

• We formulate humor reasoning as a closed-loop state-
space system, where prediction errors and semantic feed-
back are treated as control signals regulating the rea-
soning process. This formulation enables control-driven
adaptive prompting that dynamically adjusts the reason-
ing behavior of a frozen vision–language model for hu-
mor classification.

• We construct a feedback-informed Knowledge Base
(KB) that encodes both the model’s own reasoning and
the Judge’s critique, rather than storing raw training ex-
amples as in prior retrieval-based approaches. This non-
parametric memory evolves through feedback, capturing
interpretive refinements that improve inference-time rea-
soning.

• We demonstrate the effectiveness of FLoReNce on the
PrideMM dataset, achieving strong performance with en-
hanced interpretability and adaptability. Even with a min-
imal retrieval setting (top-K = 1), FLoReNce attains an
F1-score of 0.7708, showing that dynamic feedback and
control substantially improve humor understanding over
static reasoning baselines.

Related Works
Humorous Meme Detection
Early research on humorous meme detection treated the
task as a shallow multimodal classification problem. Vlad
et al. (2020) and Guo et al. (2020) explored fusing image
and OCR text using handcrafted or CNN-based features.
Later, transformer-based encoders such as BERT and AL-
BERT (Devlin et al. 2019; Lan et al. 2019) were paired
with deep visual backbones like VGG and DenseNet (Si-
monyan and Zisserman 2014; Huang et al. 2017), forming
parallel branches or late-fusion pipelines (Gupta et al. 2020).

Subsequent work introduced cross-modal attention to align
visual and textual cues for contextual humor understand-
ing—e.g., Pramanick, Akhtar, and Chakraborty (2021) used
joint attention to capture image–text incongruity, and Phan
et al. (2022); Kumari, Adak, and Ekbal (2024); Singh et al.
(2024b); Kasu et al. (2025) extended this with transformer-
based multimodal fusion and multitask setups.

Despite these advances, most existing models treat humor
detection as a surface-level classification task, lacking the
ability to reason about how or why a meme is humorous
(Kumari et al. 2024; Liu et al. 2024). These models often
conflate different humor mechanisms (e.g., irony, absurdity,
wordplay) without modeling them explicitly.

LLM-Based Multi-Agent Frameworks
Large Language Models (LLMs) have been increasingly
adopted as autonomous agents capable of planning and
deliberation across diverse domains such as embodied
decision-making (Smit et al. 2023; Wang et al. 2023; Pham
et al. 2023), collaborative problem solving (Liu et al. 2023;
Madaan et al. 2023; Zong et al. 2024; Li et al. 2024a),
and social simulation (Schneider 2025; Zhang et al. 2025).
These efforts demonstrate that LLMs can reason beyond
static prompting when embedded in multi-agent environ-
ments. Frameworks such as ChatEval (Chan et al. 2023), De-
bate (Liang et al. 2024; Nguyen, Childress, and Yin 2025),
and CoT-SelfConsistency (Wang et al. 2022) simulates in-
teractive and consensus-driven reasoning, while stance and
meme-understanding frameworks like COLA (Lan et al.
2024), LoReHM (Huang et al. 2024), and MiND (Liu et al.
2025b) extend such agentic reasoning to multimodal social
media analysis.

However, these systems remain fundamentally open-loop:
they exchange or aggregate textual responses but lack a prin-
cipled feedback mechanism that regulates reasoning trajec-
tories. Their refinement typically depends on oracle supervi-
sion or external evaluators, conditions infeasible in zero-shot
or subjective classification settings such as humor or hate
detection. FLoReNce departs from these paradigms by in-
troducing a closed-loop control formulation in which judge
feedback is numerically encoded, stored in a Knowledge
Base, and reused to modulate future reasoning prompts. This
bridges discrete linguistic critique with continuous control
dynamics, transforming reactive multi-agent dialogue into
a stable feedback-regulated reasoning process. Prior works
in multimodal humor understanding and LLM-based multi-
agent reasoning either rely on static fusion or unregulated
dialogue. FLoReNce unifies both strands under a control-
theoretic perspective, where reasoning, judgment, and re-
trieval interact through feedback loops, offering a principled
path toward interpretable and self-regulating humor under-
standing.

FLoReNce Framework
Problem Statement. We define a humorous meme detec-
tion dataset as a set of memes where each meme is denoted
m = (ximg, xtext, y), with image ximg, OCR text xtext, and
humor label y ∈ {0, 1}. The Reasoning Agent is a frozen



Figure 2: FLoReNce framework. In the closed-loop learning (top), the VLM reasons over memes, receives judge feedback,
and stores judged embeddings in the Knowledge Base (K). In the open-loop inference (bottom), K provides retrieval-based
guidance for adaptive prompting on unseen memes, distinguishing humorous from non-humorous cases.

VLM Rθ, which, given a guidance prompt p, outputs a hu-
mor score and a textual rationale; it also exposes a hidden
representation used for retrieval. We write this as

(ŷ, r) = Rθ

(
ximg, xtext, p

)
,

emb = Φθ

(
ximg, xtext, p

)
∈ Rd,

(1)

where ŷ ∈ [0, 1] is the predicted humor probability, r is the
generated reasoning text, and emb is the mean-pooled hid-
den embedding.

A numeric control vector c is mapped to guidance text via
a prompt-mapper

p = Ψ(c), (2)

which turns the control signal into succinct instructions (e.g.,
“be conservative,” “check sarcasm,” “verify setup→twist”)
used byRθ. Intuitively, Ψ is the interface that converts con-
tinuous feedback into discrete, interpretable prompting that
steers the VLM’s reasoning.

Closed-Loop Learning
Agent reasoning. Given m and a current prompt pt =
Ψ(ct), the agent produces (ŷt, rt) and an embedding embt
as above. This step collects the agent’s current belief (score)
and argument (rationale) under the present guidance.

Judge feedback and control. The Judge Jϕ, with access
to ground truth, critiques the agent by outputting a scalar
error et, a textual critique fb textt, and a low-dimensional

feedback vector ft:

(et, fb textt, ft) = Jϕ
(
m, ŷt, rt

)
,

et = y − ŷt, ft ∈ R3.
(3)

Here et measures how far the agent is from the target la-
bel, while ft summarizes the critique semantics along three
interpretable axes (e.g., irony/sarcasm, narrative structure,
layout cues). The Controller C converts error history into a
stabilizing action using PID dynamics:

ut = KP et + KI

t∑
τ=1

eτ + KD

(
et − et−1

)
. (4)

We aggregate numeric signals into a control vector

ct =
[
ut, f

⊤
t , k⊤t

]⊤ ∈ R1+3+3, (5)

where kt ∈ R3 is an optional compact KB signal (zero at the
beginning of training). The new prompt is then pt = Ψ(ct),
which nudges the agent toward the aspects highlighted by
the critique (e.g., “check for sarcasm” when ft,1 is large).

Experience-based KB update. After critique, we store
feedback-informed experience into a non-parametric KB:

K ← K ∪
{
(id, embt, rt, fb textt)

}
. (6)

Unlike retrieval systems that index raw training pairs,K pre-
serves the reasoning trace and the judge critique alongside
the embedding. This makes later retrieval experience-aware:
the system recalls not only “what it saw,” but also “how it
was corrected.”



Open-Loop Inference
Query embedding and retrieval. At test time there is no
judge: the system adapts by leveraging K to shape prompts.
We first form a neutral/base prompt p0 = Ψ(0) and compute
a query embedding

q = Φθ

(
ximg, xtext, p0

)
. (7)

We retrieve top-K neighbors by cosine similarity:

sim(q, embj) =
q⊤embj
∥q∥ ∥embj∥

, j ∈ NK(q). (8)

This step grounds the current meme in past, judge-corrected
experiences that were semantically similar.

Compact KB signal and control. We summarize re-
trieved entries into a compact memory signal

k =
1

K

∑
j∈NK(q)

g
(
embj

)
∈ R3, (9)

where g : Rd → R3 is a fixed projection used by the con-
troller. With no judge present, we set f = 0 and assemble

c =
[
u, f⊤, k⊤

]⊤
=
[
u, 0⊤, k⊤

]⊤
, (10)

where u is a policy-driven scalar derived from k (e.g., more
conservative when k signals risk of false positives). The
prompt is p = Ψ(c), which adapts the agent’s attention to-
ward failure modes seen in similar past cases (e.g., stereo-
type inversion, sarcasm cues).

Final reasoning and inference. The agent produces the
final judgment and rationale

(ŷ, r) = Rθ

(
ximg, xtext, p

)
, (11)

completing a memory-driven loop without supervision. In-
tuitively, the KB plays the role of a non-parametric prior
over reasoning behavior: it nudges the agent toward histori-
cally successful interpretations for similar memes. Because
Rθ is frozen, this achieves inference-time adaptation not by
changing weights, but by modulating prompts with control
signals learned from prior feedback.

Experiments Setup
Evaluation Datasets
We evaluate on PrideMM (Shah et al. 2024), a multimodal
dataset of 5,063 text-embedded images (memes, posters, in-
fographics) related to the LGBTQ+ movement, collected
from Facebook, Twitter/X, and Reddit during 2020–2024.
OCR text is extracted (with standard cleaning) and paired
with the image.

Unless otherwise specified, we follow the split protocol
used in the PrideMM paper’s experiments, i.e., a predefined
85/5/10 train/validation/test split. In our closed-loop learn-
ing stage, we build a feedback-informed KB on the training
split without updating model weights: the Reasoning Agent
is frozen, and the Judge accesses labels to issue critiques.
We report final results on the held-out test split. At inference
time, the Judge is disabled; the system performs retrieval
from the KB and adaptive prompting without labels.

Baselines
We benchmark FLoReNce against a comprehensive set of
text-only, vision-only, multimodal, and agentic/prompted
baselines that collectively span the evolution of humor un-
derstanding in multimodal memes.

Classical and Multimodal Fusion. Early multimodal ap-
proaches treat humor as a feature-level fusion problem.
ResNet50+MLP (visual-only) and T5+MLP (text-only) pro-
vide unimodal lower bounds. MOMENTA (Pramanick et al.
2021) combines BERT-based textual features and ResNet-
based visual features through multimodal transformers to
detect image–text incongruity. MemeCLIP (Shah et al.
2024) leverages CLIP embeddings to align vision and text in
a shared contrastive space and then trains a classifier for hu-
mor or hate recognition. These models encode multimodal
correlation but lack explicit reasoning or feedback; their pre-
dictions are static once trained.

Prompt-based and Agentic Reasoning. Recent work ex-
plores LLM/VLMs as reasoning agents. PromptHate (Cao
et al. 2022) reformulates meme classification as a textual
entailment problem using prompt templates over RoBERTa.
LoReHM (Huang et al. 2024) fine-tunes the LLaVA-34B
VLM with low-rank adapters to reason about humor and
harmfulness through visually grounded instructions. COLA
(Lan et al. 2024) introduces collaborative multi-agent stance
reasoning using GPT-3.5-Turbo, extending chain-of-thought
and debate prompting to generate stance-aware textual judg-
ments. MiND (Liu et al. 2025b) employs Qwen2.5-VL-32B
with iterative self-reflection for meme interpretation, rep-
resenting a state-of-the-art agentic reasoning baseline on
PrideMM.

These methods exploit in-context or few-shot prompting
and LLM-as-agent reasoning, yet they remain open-loop: no
explicit control feedback regulates their reasoning trajectory
once a prompt is issued.

Evaluation Metrics
Predictive performance. We report three thresholded
metrics: Accuracy, Macro-F1 (unweighted mean of per-class
F1), and Matthews Correlation Coefficient (MCC), a ro-
bust, single-number summary under class imbalance. Unless
stated otherwise, we binarize ŷ ∈ [0, 1] at 0.5 (optionally
calibrated on val).

Reasoning quality. Let y ∈ {0, 1} be the ground truth
and ŷ ∈ {0, 1} the predicted label. Denote N1 and N0 the
number of positive and negative examples, and TP, TN the
counts of correct predictions in each class. We define a basic
correctness-aligned reasoning score

RQ =
1

2

(
TP

N1
+

TN

N0

)

Implementation Details
Reasoning AgentRθ: Qwen2.5-VL-32B-Instruct (frozen).
Judge Jϕ: same backbone in supervision mode; produces
(et, fb textt, ft) with et = y−ŷt and ft ∈ R3 from MiniLM
all-MiniLM-L6-v2 (first 3 components).



Table 1: Results on PrideMM. Predictive Performance reports Accuracy, Macro-F1, MCC, and RQ.

Predictive Performance Reasoning Performance

Model Backbone Accuracy Macro-F1 MCC RQ (%)

Visual Only ResNet50 + MLP 66.08 61.67 0.33 -
Text Only T5 + MLP 67.85 66.10 0.36 -

MemeCLIP (Shah et al. 2024) CLIP 78.30 76.99 0.57 -
MOMENTA (Pramanick et al. 2021) CLIP 73.57 69.92 0.47 -

PromptHate (Cao et al. 2022) RoBERTa 73.77 73.46 0.49 -
LoReHM (Huang et al. 2024) LLaVA-34B 70.09 64.07 0.39 64.8
COLA (Lan et al. 2024) GPT-3.5-Turbo 53.25 59.34 0.07 58.5
MiND (Liu et al. 2025b) Qwen2.5-VL-32B 54.45 50.43 0.05 52.6

FLoReNce (K=1)

Qwen2.5-VL-32B

73.40 77.08 0.48 74.0
FLoReNce (K=3) 73.73 77.36 0.48 74.3
FLoReNce (K=5) 73.80 77.33 0.48 74.4
FLoReNce (K=10) 73.60 77.33 0.47 74.2

Controller C: PID with (KP ,KI ,KD); states (
∑

et, et−1)
persist across samples during closed-loop learning.
Knowledge Base K: stores (id, emb, r, fb text), where emb
is the mean of the last hidden layer from Qwen-VL. Re-
trieval uses cosine similarity on CPU tensors; the KB is
JSONL (reproducible, low memory). The prompt mapper Ψ
converts control into guidance.
Closed-Loop Learning For each train meme mt, the agent
produces (ŷt, rt) and embt; the Judge returns (et, ft);
the Controller computes ut; and K is augmented with
(idt, embt, rt, fb textt). PID states (

∑
et, et−1) are pre-

served across steps. No test items are added to K, and no
model weights are updated.
Open-Loop Inference For each test meme, we compute a
query embedding qt, retrieve top-K neighbors from K, and
summarize them into kt ∈ R3. With Judge disabled (ft =
0), we form ct = [ut, 0⊤, k⊤t ] and generate a controlled
prompt Ψ(ct) for final (ŷt, rt). Unless specified, we set K =
TOP K from the config.
Hyperparameters and Reproducibility Unless stated, we
set (KP ,KI ,KD) = (1.0, 0.5, 0.1). We cap generation at
128 tokens (rationales). All experiments run on NVIDIA
L40S (48GB).

Results and Discussions
The results in Table 1 show that FLoReNce attains predic-
tive performance on PrideMM that is comparable to, and in
several cases slightly better than, strong multimodal base-
lines. Classical unimodal systems (Visual Only, Text Only)
remain in the mid-60% range for accuracy, confirming that
humor in LGBTQ+ memes is genuinely multimodal. Es-
tablished multimodal approaches such as MemeCLIP reach
higher accuracy (78.30%) and macro-F1 (76.99%), indi-
cating that better image-text alignment helps detect in-
congruity. Prompt-based or agentic baselines (PromptHate,
LoReHM, MiND) mostly fall in the low-to-mid 70% ac-
curacy range, with macro-F1 between 64% and 73%. Our
framework, FLoReNce with retrieval and control at K = 3,
reaches 73.73% accuracy and 77.36% macro-F1, which is
notable because the macro-F1 gain is larger than the gain

in accuracy. This suggests that the feedback-informed KB
and control signal are especially helpful for the harder class,
improving class-balanced performance rather than only the
dominant class.

Across the FLoReNce configurations (K=1, 3, 5, 10), the
performance is remarkably stable: accuracy remains around
73–74%, macro-F1 stays around 77%, and the reasoning-
quality score hovers near 74%. Since RQ is defined in a
balanced-accuracy style over correctly reasoned instances,
this pattern implies that once the KB has been populated
in the closed-loop phase, the open-loop inference can ex-
ploit even a small number of retrieved neighbours (K=1 or 3)
to produce consistent, feedback-aligned reasoning. Increas-
ing K beyond 3 does not deteriorate performance, which in-
dicates that the retrieved experiences are semantically co-
herent and that the prompt-mapping function Ψ can absorb
slightly richer control signals. Overall, these findings sup-
port the central claim of FLoReNce: integrating control-
style feedback with a non-parametric, feedback-built mem-
ory improves not only raw prediction but also the stability
and consistency of humor reasoning.

Case Study
Figure 3 illustrates three representative examples from
PrideMM showing how FLoReNce leverages feedback and
retrieval for adaptive humor reasoning. In the first two cases
(top rows), the system successfully classifies the memes as
humorous. For the “Corporations on June 1” meme, the re-
trieved example from the KB contains prior judge feedback
emphasizing irony, contrast, and corporate opportunism,
which guides the Reasoning Agent to identify the satirical
intent and deliver a socially aware explanation. Similarly, in
the “Doctor / Gender” meme, retrieval provides feedback
cues such as subversive punchline, shock-based humor, and
social taboo, helping the agent contextualize the blunt di-
alogue as intentional irony rather than literal bias. These
examples demonstrate how feedback-informed retrieval en-
ables FLoReNce to internalize semantic corrections, trans-
forming judge supervision into reusable reasoning guidance.
The third case (“Christians vs. Gay People”) highlights a



Figure 3: Examples of retrieved memes with feedbacks. Correct prediction in green. Incorrect prediction in red.

failure: although the meme was labeled non-humorous, the
system predicted humorous because retrieved feedback on
similar religious-context memes overemphasized absurdity
and irony, causing misalignment between form (satirical
tone) and intent (mocking content). This case underlines the
challenge of distinguishing satire that critiques power from
mockery that targets marginalized groups, a boundary that
FLoReNce aims to learn more robustly through future re-
finement of judge feedback and retrieval filtering.

Ablation Studies
To understand the contribution of each component in FLo-
ReNce, we progressively removed the KB, the control path,
and the judge-derived semantic feedback ft, while keeping
the retrieval size fixed at K = 3. The plain VLM only
achieve mid-range performance on PrideMM, while adding
the KB alone yields a considerable gain, showing that re-
trieving feedback-informed experiences helps even without
extra control. Adding only the controller also improves over
the base model, though slightly less than KB-only, indicat-
ing that control is more effective when it can condition on
meaningful memory signals. When we keep PID and KB
but drop the semantic feedback vector ft, performance de-
creases compared to the full model, which confirms that
judge critiques carry information that cannot be recovered
from embeddings alone. The best results are obtained when
all three ingredients are present (PID + KB + ft), supporting
our claim that humorous meme understanding benefits from
a closed-loop design that fuses numeric control, semantic

Table 2: Component ablation on PrideMM (K=3).

Variant Acc Macro-F1 MCC

Base VLM (no KB, no control) 64.20 58.10 0.22
+ KB only (no control) 68.30 63.90 0.35
+ Control only (no KB) 72.00 69.40 0.44
– ft (PID+KB, drop feedback vec) 73.00 70.20 0.46
– PID (KB signal only) 72.60 70.00 0.45
Full FLoReNce (PID+KB+ft) 73.73 77.36 0.48

feedback, and non-parametric memory.

Conclusion
In this paper, we delved into multimodal humor understand-
ing and proposed FLoReNce, which treats the task as a regu-
lated, experience-aware process rather than a one-shot clas-
sification problem. We introduced a feedback-loop formula-
tion that transforms judge critiques into control signals and
stores them as non-parametric experience, enabling iterative
refinement of both predictions and rationales. On PrideMM,
this yields improvements in accuracy and in the stability and
consistency of generated reasonin even under minimal re-
trieval, showing that feedback-informed prompting can be a
practical alternative to full model fine-tuning for subjective,
nuance-heavy phenomena. Collectively, these findings posi-
tion FLoReNce as a general recipe for controllable, critique-
driven reasoning in multimodal settings, and open avenues
for richer memory design.
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