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Metacognitive Active Perception with Memory-Guided Hypothesis Verification

Chengyi Peng*7(362322020108 @home.hpu.edu.cn)!, Yifei Peng*(362322020122@home.hpu.edu.cn)! &
Zichen Wang(312305080407 @home.hpu.edu.cn)’

'Henan Polytechnic University, Jiaozuo, Henan, China

Abstract

Current multimodal visual models continue to improve in per-
ceptual performance, yet still rely on passive, dense process-
ing, resulting in high computational overhead. From a cog-
nitive perspective, existing methods incorporate limited prior
memory and resource allocation during perception, making
it difficult to construct perception as goal-directed sequential
decision-making. This paper proposes an active metacognitive
framework inspired by biological memory priors, organizing vi-
sual understanding as a memory-driven hypothesis—verification
process. The model forms initial beliefs from low-resolution
global information and internal memory, and selects local ob-
servations to reduce uncertainty. As evidence accumulates, the
system adaptively terminates perception based on confidence,
enabling on-demand allocation of computational resources. Ex-
periments across visual complexity settings show that this ap-
proach matches or surpasses traditional models while reducing
inference time and token usage by approximately 15-30%, and
produces structured, interpretable observation sequences.

Keywords: metacognitive control;active perception;memory-
guided vision;sequential decision-making

Introduction

Vision is the cornerstone of human cognition. Inspired by
human vision, computer vision has rapidly evolved: from
convolutional neural networks (Purwono et al., 2022) to vi-
sual Transformers (Dosovitskiy, 2020), and on to multimodal
large models with open-world understanding capabilities, such
as GPT-4V (Hurst et al., 2024),LLaVA (Liu et al., 2023), ma-
chine perception capabilities continue to strengthen. However,
state-of-the-art visual models often require energy consump-
tion several orders of magnitude higher than humans when
approaching human-level perceptual understanding Roy et al.,
2019. This is typically linked to passive and dense processing
patterns: regardless of task requirements or difficulty, com-
putational resources are allocated to vast numbers of pixels
with limited relevance to the current task (M. Li et al., 2023;
Z. Lietal., 2017). This disparity prompts us to explore: can
we draw inspiration from human visual mechanisms to re-
duce unnecessary computational resources while maintaining
perceptual quality?

The biological visual system typically achieves efficient in-
formation acquisition through a fovea-peripheral vision mech-
anism: peripheral vision rapidly perceives overall contexts at
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lower resolution, while the fovea concentrates resources to
perform high-resolution analysis of critical regions (Crayen
et al., 2024). Cognitive neuroscience indicates that biolog-
ical perception is not entirely passive; rather, it integrates
memory-based prior knowledge with peripheral visual cues to
form holistic predictive hypotheses about scenes (Rothkopf &
Hayhoe, 2025). Concurrently, the oculomotor system actively
controls gaze position, imparting sequential characteristics to
perception (Yewbrey & Kornysheva, 2024). Research indi-
cates that gaze shifts are typically associated with uncertainty,
where new observations help reduce uncertainty in current
perception (Lanillos et al., 2021). Furthermore, during per-
ceptual tasks, biological systems often exhibit a tendency to
prematurely terminate information sampling as evidence ac-
cumulates, thereby flexibly allocating perceptual resources ac-
cording to varying task demands (M. Li et al., 2023; Stockart
et al., 2025).

However, current multimodal models still exhibit certain
limitations in incorporating biological perception mecha-
nisms. Although models have made significant progress in
logical reasoning through CoT (Zhang et al., 2023), they fail
to model task-relevant uncertainty regulation and metacogni-
tive decision-making mechanisms during perception (Liang
et al., 2022). Due to the lack of prior memory utilization,
models often struggle to form stable global hypotheses early
on, thereby failing to effectively organize perception into a
sequential observation process guided by uncertainty reduc-
tion. Consequently, under high-resolution visual inputs, main-
stream paradigms still tend to adopt bottom-up dense encoding
strategies, processing vast regions with limited relevance to
the current task (Min et al., 2022). This approach partially
constrains the model’s ability to balance perceptual accuracy
with computational efficiency (Rao et al., 2021; Wang et al.,
2023).

To address these challenges, this paper proposes a metacog-
nitive framework inspired by prior mechanisms of biological
memory, attempting to introduce the concept of active percep-
tion from biological vision into modern multimodal models.
Unlike the traditional approach of passively ingesting the en-
tire image followed by dense processing, we organize the per-
ception process as a memory-driven hypothesis-verification
loop. Specifically, the model leverages a parameterized mem-
ory prior to form initial scene hypotheses. Based on these, it
evaluates the potential information value of different regions,
guiding the attention mechanism to perform discrete active
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sampling. This constitutes a sequential decision-making pro-
cess: as observational evidence accumulates, the inference
process can terminate early via an adaptive termination mech-
anism when confidence reaches a preset threshold. Experi-
mental results demonstrate that this framework maintains sta-
ble perception performance while significantly reducing com-
putational overhead, offering a clearer behavioral perspective
for analyzing the model’s perceptual decision-making pro-
cess.From an interdisciplinary perspective, this paper repre-
sents an exploratory endeavor: translating the concepts of
memory priors and uncertainty regulation from cognitive sci-
ence into computable perceptual mechanisms for analyzing
and organizing complex perceptual processes. This paper
contributes as follows:

* Memory-driven active perception framework. We pro-
pose a method that organizes the perception process into a
hypothesis-verification closed loop driven by memory. By
integrating low-resolution global inputs with prior knowl-
edge of the internal world, this approach guides subsequent
perception processes to explore more structured interpre-
tive spaces.

* Adaptive termination of active sampling mechanisms. A
heuristic active sampling strategy based on uncertainty re-
duction was designed, incorporating confidence levels to
achieve adaptive termination of the perception process.
This approach models visual perception as a controllable
sequential decision-making process.

» Systematic efficiency-performance evaluation. Experi-
mental results across varying visual complexity scenarios
demonstrate that this method achieves comparable per-
ceptual performance to high-resolution dense inference
baselines while significantly reducing inference time and
computational overhead, all while maintaining observation
paths with clear semantic interpretation.

Related Work

Active and Sequential Vision

Existing research generally models vision as a sequential pro-
cess, utilizing attention mechanisms (Shang et al., 2022)
or recurrent neural networks (Lemmel & Grosu, 2025) to
progressively integrate local observations. Although these
approaches incorporate a temporal dimension (Lemmel &
Grosu, 2025), agents typically map the next action directly
from the current observation, aiming to maximize cumu-
lative reward or task accuracy (Liu et al., 2021; Shang &
Ryoo, 2023). A critical limitation lies in their disregard for
the hypothesis-testing mechanism central to biological vision.
Without top-down guidance from prior assumptions, the per-
ception process degenerates into blind local exploration rather
than efficient cognitive verification, making rapid convergence
under conditions of extreme information scarcity challenging.

Some studies have attempted to incorporate concepts from
cognitive science such as active perception and uncertainty
representation into computational vision models (M. Li et al.,
2021; Sharafeldin et al., 2024), treating visual understanding

as a sequential decision-making process (Brohan et al., 2022).
While this approach has partially strengthened the connection
between models and human perceptual behavior, its primary
focus remains on modeling or explaining human behavioral
patterns. It rarely directly influences the perceptual workflow
within modern vision models to constrain observation and
resource allocation during actual reasoning processes (Bajcsy
et al., 2018).

Information-Driven Sampling and Adaptive
Termination

Research has also examined the relationship between atten-
tional selection and information value (Callaway et al., 2022),
positing that perceptual systems should prioritize inputs with
the highest information content to reduce uncertainty and en-
hance decision efficiency. Such approaches often employ met-
rics like information gain or uncertainty reduction to guide
perception or sampling strategies (Ren et al., 2021), find-
ing widespread application in active learning and perception.
Nevertheless, these studies typically do not explicitly frame
attentional behavior within a hypothesis-testing framework,
with information measures often serving general exploratory
objectives (Lee et al., 2023; M. Li et al., 2022).

Research on decision-making processes indicates that hu-
man judgments rely on evidence accumulated over time and
terminate (Yildirim, 2025) when confidence reaches a thresh-
old. This concept is widely used to explain tradeoffs between
reaction time and accuracy (Masis et al., 2023). However, rel-
evant models often treat termination mechanisms as products
of the decision phase rather than integral components of the
perception process itself (Ratcliff & McKoon, 2008).

Method

Overview

This paper proposes a metacognitive framework inspired by
biological memory prior mechanisms(Figurel), organizing
the perception process into a sequential hypothesis generation
and verification workflow. Specifically, the model first com-
bines memory information with coarse-grained perception to
form an initial hypothesis about the scene. Subsequently, dur-
ing the inference process, it actively selects locally valuable
regions for observation. As evidence gradually accumulates,
perception is adaptively terminated via a confidence-based
termination criterion. This framework aims to dynamically
allocate perception resources according to task requirements,
thereby ensuring perception effectiveness while avoiding un-
necessary computational overhead.

Memory-Driven Initial Belief Modeling

During the initial perception phase, the model must form an
overall judgment of the scene within a limited budget. To
achieve this, we introduce a memory-prior-driven initial hy-
pothesis mechanism. The model constructs an initial belief
distribution about the potential scene state y using only low-
resolution global input x; and the memory representation M
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Figure 1:

Overview of the proposed metacognitive perception framework. Stage 1: Receive raw image and query; Stage

2: Integrate low-resolution global visual information with internal memory representations to construct initial beliefs about
the scene and form top-down prior assumptions; Stage 3: Local verification loop: under the current belief state, heuristically
select observations based on maximizing uncertainty reduction, and adaptively determine whether to terminate perception via

a confidence threshold mechanism.

of internal world knowledge (a fixed-dimensional vector set
of general scene or task-related priors):

p1(y | x1, M) 1)

where y denotes the task-relevant scene interpretation and
Mrepresents internal memory, which is formalized as a set of
fixed, structured representations. It draws from the pre-trained
knowledge base of the underlying model. In our implemen-
tation, this is achieved through explicit contextual prompts.
This design mirrors the biological mechanism whereby long-
term memory guides early visual attention, thereby shaping
the initial belief distribution without the need for additional
parameter optimization. This belief distribution characterizes
the system’s relative confidence in different interpretations
prior to detailed observation, serving as a predictive approx-
imation of the full high-resolution input x. Accordingly, we
constrain the initial hypothesis by minimizing the expected
prediction error under this distribution:

Lpred = Ey~p1 [f(x, y)] (2

where £(-) denotes the deviation metric between predictions
induced by the hypothesis y and the actual input. By mod-
eling this memory-driven belief distribution during early per-
ception, the model constrains subsequent perception within
a more structured interpretive space, providing prior con-
straints for subsequent local verification and decision-making.
It should be noted that this memory module is not used to store
reasoning trajectories or linguistic context, but solely to influ-
ence early observation selection.

Uncertainty-Driven Active Observation Selection

After forming an initial hypothesis, the perception process
evolves into a gradual validation and refinement of that hy-
pothesis. We model local perception as an active sampling
process whose goal is to minimize the uncertainty of the cur-
rent belief distribution within a finite number of steps. At step
t, the model selects the next observation location /; from can-
didate regions based on the current belief distribution p;_; (y),

guided by an uncertainty-reduction-based heuristic informa-
tion gain metric:

v = argmax E[H(p;-1(y) = H(p:(y [ x:(D)]  3)

where H(-) denotes information entropy, and x,(l) repre-
sents the high-resolution local observation obtained at posi-
tion /. This metric is used to compare the relative information
value across different regions, rather than calculating mutual
information in the strict sense. Upon acquiring new local
evidence, the model updates its current belief through a nor-
malization update rule:

pe(y) o« p(xe [y) pr-1(y) 4)
Thus, new observations are integrated into existing beliefs.
This updating process allows previously dominant hypotheses
to be suppressed or modified under the influence of new evi-
dence, enabling the perceptual process to gradually converge.

Adaptive Termination Mechanism Based on
Confidence Level

To avoid unnecessary oversampling, the model evaluates the
certainty level of the current belief after each perception step.
Specifically, we define the confidence metric as:

C = m;lx Pe(y) 4)

We compare this value with a preset threshold . When
C; > n, the perception process terminates and the system di-
rectly outputs the current decision. From a utility perspective,
this termination condition can be understood as determining
whether the potential benefit of continuing sampling is lower
than its computational cost:

E[AU;+1] < A - Costy 4 (6)

where AU, denotes the potential decision improvement
from additional sampling, and A represents the cost weight.
This mechanism embodies a trade-off between decision con-
fidence and computational overhead. To ensure algorithmic
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Table 1: Performance comparison of methods at different visual complexity Levels. Under three distinct perception-level
settings, we systematically compare our proposed method with four baseline models across three dimensions: answer quality,
reasoning time, and resource consumption, with BL-1 serving as the Backbone. Results are reported under both fixed budget

and adaptive budget modes.

Level  Model Fixed Budget (K=5) Adaptive Budget
Score Time | Tokens | Score Time | Tokens |
BL-1 97.44 11.74 3378 98.52 12.19 3489
BL-2 82.28 1025 |}, 2547 |, g 84.82 13.43 11050, 2742 |5, 4o
Level 1 BL-3 85.78 11.98 ., o 2689|5949 85.84 12.66 13 94, 2754 |5, 19
BL-4 75.64 1371 4650 2764 | 1550, 77.23 13.28 14 94, 2861 | 5q,
Ours 97.23 9.89 |15 50 2464 |5, 10, 98.24 8.21 |5, 40 2263 |35 10,
BL-1 95.05 16.74 3862 95.11 16.78 3789
BL-2 74.53 16.52 |, 34, 3514 1444, 77.86 15.84 |5 a0 3567 |54q,
Level 2 BL-3 71.79 1579 <10, 3422 |40 73.19 1523 |y, 3542 |50,
BL-4 66.45 13.64 |15 50, 3344 |54, 67.58 16.35 |, 50 3788 | ga.
Ours 94.73 11.23 |5, 90, 3258 | 1560 94.89 12.34 |5 50, 3362 |34,
BL-1 91.21 17.56 4042 92.16 18.23 4121
BL-2 70.42 18.24 .., 217 5, 71.23 20.23 1, 40, 4511 1y,
Level 3 BL-3 68.46 18.67 1 301 4289 1414, 69.54 19.24 1550, 4274 ., 5,
BL-4 65.34 19.67 115 c 4334 1, 5, 65.23 20.25 44y 4, 4587 11130
Ours 92.67 16.23 ;. 3964 |, 4, 94.21 17.54 |54 4024 |, g

termination, all experiments set a maximum perceptual step
count 7 as a fallback condition.

Experiment

Settings

Visual Stimuli To investigate the hypothesis-testing behav-
ior of models under varying levels of perceptual stress, we
constructed a hierarchical perceptual stress test suite. Based
on visual content density, saliency, and semantic ambiguity,
we categorized test scenes into three perceptual tiers. (1) Level
1: Primarily captures basic visual information, featuring clear
images with simple structures and minimal occlusions or dis-
tractions; (2) Level 2: Introduces more complex visual feature
integration requirements, with images containing moderate
background interference and local complexity; (3) Level 3:
Scenes exhibit significant occlusions and strong interference,
with highly incomplete overall information. Models must
leverage top-down memory priors to guide attention alloca-
tion. For each scenario, we designed specific queries focusing
on local details, relational attributes, or subtle cues, avoiding
reliance on purely linguistic inference. Decision quality was
jointly assessed by human experts and character agents, aim-
ing to validate deep alignment between model behavior and
human perceptual processes.

Baselines To ensure fair comparison among different per-
ception and decision strategies, all methods are based on the
same visual language model GLM-4V-Flash, with unified in-

ference parameters such as temperature and decoding strategy.
We constructed four baseline categories representing distinct
perception approaches: (1) BL-1: Performs a single inference
pass on the high-resolution full map, representing traditional
perception; (2) BL-2: Utilizes only the VLM’s general in-
ference capabilities to plan observation paths based on low-
resolution full-image data, representing a general-purpose
agent lacking specialized internal memory modules; (3) BL-3:
Selects observation points based on classical saliency maps,
representing passive perception driven by underlying physics;
(4) BL-4: Randomly selects observation regions, serving as a
reference for evaluating the effectiveness of active sampling.

Metrics To quantify the model’s performance, we use the
following metrics for evaluation: (1) Score, calculates the de-
gree of alignment between the model’s output and the user’s
query. To ensure objectivity, scores are determined and ver-
ified jointly by human experts and an agent evaluator, and
the average is taken. (2) Time, taken per query, which mea-
sures the model’s decision-making efficiency. (3) Tokens,
total number of tokens consumed per task, which measures
the model’s computational overhead.

Main Results

Overall Performance Comparison As shown in Table 1,
we evaluated and compared each method across three dimen-
sions: (1) answer quality; (2) reasoning time; and (3) resource
consumption. Time and Tokens were averaged under two dis-
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Figure 2: Comparison of inference time and resource consumption. Our approach demonstrates significant speed advantages

and resource efficiency across all levels.

tinct settings: a resource-constrained configuration with a
fixed high-resolution observation count (K=5), and an adap-
tive setting allowing models to adjust observation steps based
on confidence scores. This approach captures differences
in reasoning behavior under varying perception budget con-
straints. BL-1, representing the traditional perception model,
exhibited no significant variation across these two settings.
In our implementation, the observation window size is set to
[10 x 10] pixels, and the adaptive termination threshold 7 is
empirically set to [0.85]. Information gain is heuristically ap-
proximated by the entropy reduction of the token probability
distribution generated by the VLM’s language head.

Answer quality Under both inference modes, our approach
achieved overall optimal or near-optimal response quality. As
shown in Table 1, in Level 1 scenarios, our non-fixed mode
scores approached those of BL-1 with high-resolution full-
image inference, indicating that this method maintains stable
perceptual performance while significantly reducing compu-
tational overhead in tasks with clear visual structures and min-
imal interference. As visual complexity increases in Level 2,
our approach maintains response quality comparable to BL-1,
demonstrating stable performance under moderate perceptual
pressure. In the high-complexity Level 3 scenario, our ap-
proach outperforms BL-1 in both modes. This result indi-
cates that relying solely on dense, high-resolution inputs does
not always yield more reliable decisions in the presence of
severe occlusions and semantic interference. Instead, selec-
tive observation helps mitigate the interference of irrelevant
visual evidence on task judgments, thereby more effectively
extracting task-relevant information.

Reasoning Time Our approach demonstrates superior over-
all temporal efficiency across varying levels of complexity
(Table 1). Under resource-constrained settings with fixed ob-
servations (K=5), our method maintains competitive inference
times when compared against other approaches at identical
perception steps. In non-fixed settings (Figure 2), our method
achieves lower average completion times than BL-1 and other
baselines across all levels, demonstrating its ability to effec-

tively control computational overhead through dynamic ad-
justment of observation steps. This advantage is particularly
pronounced in Level 1/2 scenarios, revealing that when task
structure is clearer, the model can terminate high-resolution
observations earlier, thereby avoiding unnecessary perception
computations. In contrast, BL-3 and BL-4 exhibit relatively
stable delays as observation steps increase due to their fixed
or random observation strategies.

Resource consumption Our model demonstrates superior
resource efficiency across varying complexity scenarios (Ta-
ble 1). BL-1 consistently employs a dense, high-resolution
observation strategy, resulting in significant token overhead
in high-complexity scenarios averaging over 4,100 tokens at
Level 3. In contrast, our approach maintains comparable or
even higher response quality while keeping token consump-
tion at a lower level. Particularly in non-fixed adaptive set-
tings (Figure 2), our model dynamically adjusts the number
of observation steps based on the current task difficulty. This
enables effective reasoning with fewer local observations in
most examples, thereby avoiding the redundant computations
commonly found in baseline methods.

Explainable and Efficiency routes Although the aforemen-
tioned results demonstrate that our model outperforms base-
line methods in both response quality and reasoning efficiency,
it warrants further analysis whether its perceived behavior ex-
hibits more structured exploration patterns. To this end, we
visualize high-resolution observation trajectories of the model
in challenging scenarios (Figure 3), comparing regional se-
lection behaviors among BL-3, BL-4, and our model.

As shown in the figure, the observation paths of BL-4 ex-
hibit distinct non-directional characteristics. Due to the ran-
dom generation of observation locations, even after multiple
iterations, the sampling points remain highly dispersed spa-
tially. The model typically requires a large number of ob-
servations to cover task-relevant key regions, and paths vary
significantly between different samples, lacking stable spatial
convergence trends. After incorporating classical saliency
maps, the observation paths of BL-3 become more spatially
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Figure 3: Visual exploration trajectory comparison.Unlike the undirected sampling of BL-4 or the saliency paths of BL-3, our

approach demonstrates gradual convergence.

concentrated. The model tends to prioritize areas with more
prominent structural information, thereby reducing redundant
observations to some extent. This strategy primarily relies on
low-level visual saliency, which does not always align with
the semantic requirements of specific queries. In challenging
scenarios, it may deviate from task-relevant regions

In contrast, Ours shows consistent stepwise convergence in
multi-round perception. Initially, it explores regions that max-
imize belief uncertainty reduction. Guided by multiple ob-
servations and accumulated evidence, locations progressively
reduce belief uncertainty. This process mirrors human obser-
vation trajectory structures. Ultimately, it achieves effective
decisions in fewer steps and adaptively terminates based on
confidence.

Discussion

Resource-Rational Perceptual Loop

While traditional vision models rely on passive, dense pro-
cessing, our framework demonstrates that integrating mem-
ory priors and uncertainty-driven active sampling can yield
a highly efficient, resource-rational perceptual loop. This
approach shifts machine perception toward a goal-directed
decision-making process, endowing intermediate visual ex-
plorations with transparent functional semantics.

Limitations in Cognitive Alignment

However, we must clarify the scope of our current study’s con-
tributions. At this stage, our framework primarily serves as a
biologically inspired computational model rather than a rig-
orously validated cognitive theory. Although the exploratory
trajectories of our model resemble human center-periphery

visual scanning patterns, the lack of quantitative validation
of these results remains a key limitation of the present work.
Future work should involve quantitative evaluation of these be-
haviors using metrics such as ScanMatch or KL divergence.
We also plan to investigate whether our adaptive termination
mechanism correlates with human reaction times under vary-
ing cognitive loads. Ultimately, we view this work as an
exploratory bridge: integrating cognitive science into practi-
cal models of perceptual processes to provide new insights for
research on resource-constrained perception.

Conclusion

This paper introduces a memory-driven active perception
framework that shifts visual understanding from passive,
dense processing to a sequential hypothesis-verification loop.
By integrating internal memory priors with uncertainty-driven
active sampling, our model adaptively allocates computa-
tional resources on demand. Experiments demonstrate that
this approach maintains perceptual performance comparable
to dense models while significantly reducing inference time
and token consumption, particularly in high-complexity sce-
narios. Ultimately, this framework provides a computable
bridge between cognitive theories of active perception and
the development of resource-rational visual agents.
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