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Abstract

Aiming at the problem of separation between generative behavior and creative intention in Al art
creation, an intentionality-aware Bayesian generative model (IBGM) is proposed, which represents
intentionality as a three-layer potential structure of global creative intention (16 dimensions), local
decision intention (64 dimensions) and execution noise (32 dimensions). The aggregation probability
graph is constructed through three channels of conditional prior, modulation transfer and backtracking
correction. Sparse prior, rank-4 low-rank constraint and noise upper bound are used to achieve
hierarchical identification and complexity control. The inference end constructs and generates
topologically isomorphic structured variational family, dual-stream amortized encoder and variational
inference-sequence Monte Carlo adaptive switching mechanism. Combined with analytical control
variables and low-rank block design with block length 16, the effective degrees of freedom of the model
are reduced from 4,144 to 320, and the complexity of single sequence inference is reduced by about
one order of magnitude compared with the full covariance scheme. On 24,000 paired trajectories
(training/validation/held out = 16,000/4,000/4,000, average trajectory length 64 steps), the mean
squared error of IBGM global intention was reduced by about 30% compared with the strongest baseline,
the correlation coefficient was increased by about 19%, and the posterior calibration KS distance was
reduced to 0.03. The displacement increment of the set reached 0.14 (baseline 0.05-0.09), and the
contribution ratio of hierarchical decomposition and structured variation was the top two, and the
alignment distance of behavioral statistics was 0.16. The results show that intentionality can be
rigorously modeled as a Bayesian computational object that can be generated, inferred, and identified.
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1. INTRODUCTION

Artificial intelligence art creation has made remarkable progress in recent years, and generative
models have been able to produce highly realistic works in composition, color and style [1],[2],[3].
However, when faced with a work of art generated by an algorithm, the most common question is often
not "is it good?" but "what is it trying to say?" This inquiry reveals a deep gap in current Al art creation:
models can generate behavior, but they cannot carry intention. The generative process is modeled as a
statistical mapping from noise to image, and the tradeoff, persistence and correction in the creation are
compressed into uninterpretable sampling steps, so the work lacks the intentionality of attribution [4].
As Al art enters the scenes requiring intention communication such as curation, education and
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commercial creation, how to make the machine not only "draw" but also "intend to draw" and reverse
infer the creative intention from the work has become a computational problem with both theoretical
value and application urgency.

This gap manifests itself as a paradigm misalignment in methodology. The existing research
generally progresses along two paths: one is to continuously improve the expression ability of diffusion
model, autoregressive model and adversarial generative network with the goal of generation quality,
and its evaluation criteria are the fidelity and diversity of images; The other aims at intent recognition,
treating works as static input and attaching style, emotion or theme labels to them using classification
or retrieval methods [5]. Both paths share an implicit assumption that intent is an external property of
the work that can be attached or read after it has been generated. However, the intentionality of artistic
creation is not the label after the event, but a process structure that is constantly revised and expanded
layer by layer with each step of decision-making throughout the whole process of creation. Generative
models do not model this process, and intention recognition does not restore this process. Therefore,
there is a paradigm gap between the two that is neither generation nor recognition: there is a lack of a
probability calculation framework that can simultaneously describe how intentions generate works and
how they are reversed from works.

In the current research situation at home and abroad, this gap can be seen more clearly from the
intersection of the three veins. Generative model context has made great progress in expressiveness, but
its latent variables generally lack semantic division of labor, and global conception and local choice are
confused in the same representation space, resulting in the difficulty of attribution of generative results.
Intention recognition context is becoming more and more mature in label prediction, but it compresses
intention into discrete categories or single vectors, losing the hierarchy and time evolution of intention
[6]. The context of Bayesian cognitive modeling provides a principled probabilistic language for
intention, which can describe belief updates and uncertainty. However, classical models are mostly
oriented to static judgment tasks, and their intention variables, either post-explanation amount or fixed
parameters that remain unchanged throughout, fail to enter the generation process. The three streams
are mature but isolated from each other, and their intersection is the foothold of this paper: if a Bayesian
generation framework with hierarchical structure, time evolution and identifiability can be established
for intentionality, the generative model can obtain interpretable intentionality drivers, the inference
basis of process for intention recognition can be obtained, and the Bayesian cognitive modeling can be
extended from static judgment to creative process modeling.

In view of the above gap, this paper proposes the Intentionality-aware Bayesian generative model
(IBGM), whose core idea is to model intentionality as three layers of latent variables throughout the
whole process of creation: The global creative intention carries the governing idea and remains constant
throughout the whole process, while the local decision intention evolves with the creation step and is
modulated by the global intention. The execution noise only explains the technical fluctuation when the
intention is landing but does not carry the semantics. Around this representation, this paper contributes
on three levels. At the architecture level, IBGM constructs an aggregation probability graph of "global
intent-local intent-observation", which achieves bidirectional coupling between global and local
through three channels of conditional prior, modulation transfer and backtrack correction, and ensures
the identification of hierarchical intentions with sparse prior, low-rank constraint and noise upper bound
[7]. Make intentionally a computable object that can be generated, inferred and controllable in
complexity. At the algorithm level, this paper designs a structured variational family that is topologically
isomorphic to the generation to retain inter-layer dependence, constructs a dual-stream amortized
encoder to realize amortized inference in a single training, and proposes an adaptive switching
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mechanism of variational inference and sequential Monte Carlo to pay the cost of multimodal modeling
on demand. The gradient variance is reduced by reparameterization, analytic control variates and weight
self-normalization, and the inference complexity is reduced to the practical level by low-rank
covariance and block parallelism. At the empirical level, this paper constructs a paired dataset of "Al
artwork and creative process trajectory ", constructs the layer-by-layer intention truth value by
conditional vector projection, and systematically tests the model from five mutually non-substitutable
dimensions of inference accuracy, prediction generalization, component ablation, algorithm efficiency
and behavior rationality, forming a complete evidence chain.

The paper is organized as follows. Section 1 clarifies the research background, paradigm gap,
research status and contributions of this paper, and defines the problem domain and methodological
positioning of the paper. Section 2 discusses the architecture design of IBGM. Starting from the
hierarchical formal representation of intentness, the probability graph structure, recursive Bayesian
update mechanism, identifiability analysis and complexity control scheme are given, and the
methodological differences are established through the structural comparison with the classical
Bayesian cognitive model. Section 3 discusses the inference algorithm and computation acceleration of
IBGM, and constructs structured variational framework, dual-stream amortized inference network,
hybrid inference strategy, variance reduction mechanism and scalability design in turn, so that the
hierarchical coupling architecture of Section 2 can obtain available intention posterior under acceptable
computing cost. Section 4 reports experimental verification and model testing, which completes five
types of independent tests in a unified experimental setting and analyzes the results and model
boundaries. Section 5 summarizes the main research findings, methodological contributions and
research limitations, and looks forward to the future direction of cross-modal intention modeling. A
progressive chain of "gap establishment, structure determination, solution calculation, verification and
effectiveness, and collection and contribution" is formed between the five sections, and each section
assumes the unique narrative function, jointly supporting the core proposition of this paper: the
intentionality in Al art creation can be rigorously modeled as a hierarchical, dynamic and identifiable
Bayesian computing object, and can be supported at the three levels of architecture, algorithm and
empirical.

2. ARCHITECTURE DESIGN OF INTENTIONALITY-AWARE
BAYESIAN GENERATIVE MODEL (IBGM)

2.1 Formal representation of intentionality: hierarchical decomposition of potential
intention variables

The computational representation of intentionality faces a basic tension: if intention is compressed
into a single hidden variable, it is not possible to distinguish "overall creative conception" from "brush-
level local choice"; If each decision is parameterized independently, the intention loses coherence and
degrades to noise. The solution idea of IBGM is to introduce three layers of latent variables and assign
them semantic division of labor. The global creative intention z9 represents the unified conception
throughout the whole work, with low dimensions, abstract semantics and unchanged throughout the
creation process; The local decision intention z} represents the specific trade-offs in the t-th creative
step, which has a high dimension, evolves with the steps, and is constrained by the conditions of z9.
Execution noise z{ represents the random disturbance and technical fluctuation when the intention is
implemented into specific operations, which only affects single-step observation but does not carry
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semantics. The joint priority of the three is written as follows:

T
p(e% 2hn ) =p@) | | (@129 p(af) W

Where T is the total number of creative steps, p(z9) is, the isotropic Gaussian to preserve
uninformative priors, p(z{ | z9) is the diagonal Gaussian conditional on z9, and p(zf) takes the
zero-mean small-variance Gaussian. The key design of this decomposition is "condition rather than
parallel”: local intention is conditional on global intention, so that intention can obtain consistency in
the time axis; Execution noise is independent of intention hierarchy, so that it only explains observed
residuals without contaminating semantic inference.

The dimension configuration of hierarchical decomposition follows the principle of "the more
abstract the semantics, the lower the dimension". See Table 1 for specific parameters. It should be
emphasized that the dimension ratio (global: local: noise) is deliberately set to about 1:4:2, which is
designed on the basis that the semantic information of intention should focus on the low-dimensional
global layer, the local layer bears step-level variation, and the noise layer only absorbs execution
fluctuations. If the dimension of the global layer is too high, it will form information redundancy with
the local layer and destroy the identifiability described in Section 2.4.

Table 1. Structural configuration and design basis of latent variables at the IBGM level

Hle.rarchy of Symbol Dimension Temporal Prior form Basis of design
variables nature
Global g Constant . . Low dimension carries governing

. z 16 Isotropic gaussian .
authoring intent throughout semantics to suppress redundancy

- Di 1 . .
Local decision L ragona Gauss Step-level variation, constrained by
. . z; 64 Step by step conditioned .
intention g global intent
on z
. . Only the observed residuals are

Noise of e Single step Zero-mean small- ua

. zf 32 . . . interpreted and no semantics are
execution independence variance gaussian

carried

Table 1 shows that the three levels of variables form a clear division of labor in the three attributes
of dimension, timeliness and prior form: timeliness advances from "constant" to "evolution" and then
to "independence," while the prior constraint strength increases from no information to conditional
constraints and then to strong constraints. This configuration enables the model to have the causal
interpretation sequence of "intention, decision and execution" in structure, rather than only pursuing the
fitting accuracy.

2.2 IBGM probability graph structure: joint distribution modeling

On the basis of hierarchical decomposition, IBGM models the creative process as a generative
process with intention as the condition and work as the end point. Its joint distribution is as follows:

T
p(xl:T, 29,7k, zf:T) =p(z9) Ht_lp (Zé I zg) p(zf) p(xt, |;Z£ng<t) (2)
Where x; is the creation observation (stroke, region or potential canvas state) at step t, and x.;
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is the historical observation. The structure consists of two design decisions. First, observation likelihood
is conditional on z} and z¢ and depends on the history x.,, so that the creation is modeled as
autoregressive conditional generation rather than independent sampling, so as to capture the
accumulative nature of "the latter stroke follows the previous" in artistic creation. Second, z9 does not
directly enter the observation likelihood, but only indirectly affects x, through z}. This design of
"global intention does not directly observe" makes the global layer a pure semantic hub, and its
inference must be mediated by the local layer, avoiding the hierarchy collapse caused by the global
variable absorbing the local variation.

In order to give consideration to expressiveness and computability, the observed likelihood is
output by mixed density: the neural network fyg is used to map (zé, zg, x<t) into the parameters of K
Gaussian components [8]:

K
p(xe |, ztzfxe,) = Zk—lnk N (x5 s Zk) 3)

Where m,, ug, Ly are all output by fg, and K is 8. The reason for mixing density rather than
single Gaussian is that the single-step observation of art creation often shows multi-peak distribution
(there are multiple reasonable ways to write under the same intention), and single Gaussian will force
the average and produce the false solution of "intention ambiguity". The directed structure of the whole
probability graph can be summarized as the aggregation topology of "global intention — local intention
— observation < execution noise", which together with recursive update in Section 2.3 constitutes the
architecture skeleton of IBGM.

2.3 Conditional dependence mechanism between intention levels: Recursive Bayesian
update architecture

Static probability graphs only stipulate dependencies, while the essence of intentionality lies in
dynamic revision as creation progresses. IBGM therefore designs the evolution of local intentions as a
recursive Bayesian update: the local intention posterior at each step both inherits the posterior of the
previous step and absorbs the current observation:

p(Zé.I xstzg) X P(xt; | Z£x<t) f p (Zé: | Zé—1zg) p(Zé_l,I x<tz‘g) dzé—l 4)

The transition kernel p(zg, | zt_,z9 ) is designed as a linear Gaussian drift conditional on z9, and
its drift matrix is generated from z9 by low-rank mapping. The innovation of this design lies in that
the global intention not only restricts the initial distribution of the local intention a priori but also
controls the evolution rate of the local intention as the modulation signal of the transfer kernel [9]. High
consistency of the global intention corresponds to low drift (stable creative orientation) and vice versa
corresponds to high drift (creative orientation drift). Thus, the "coherence" of intentions is no longer an
external regular term, but endogenous to the transition structure.

Recursive updating introduces an architecture-level risk: the accumulation of errors over T steps
lead to posterior drift. IBGM's countermeasure is to introduce a backtracking correction channel for
global intentions, that is, to perform a posterior recalibration of z9 with cumulative observations at
every M steps (taking M = 8):
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t
p(z7 | x<¢) x p(z9) ‘ ‘ f p(xs, 1, 2528 x<s) p(28 | 29) p(2§) dzt dzg 5)
s=1

This formula shows that the posterior of the global intention is the accumulation of the marginal
likelihood of the whole observation, and the backtracking correction enables the global layer to "look
back" the completed creation segment and correct itself, forming a dual-time scale architecture of "local
push-global back correction". Table 2 compares the differences in architectural attributes of the three
candidate dependency mechanisms, indicating the basis for selecting recursive update and backtracking
correction.

Table 2. Comparison of three types of candidate architectures of intention hierarchy

dependency mechanism

Arch_ltecture Inter-layer dependence Modehng of Global-local coupling Major architectural defects
solution form time
Independent Intentions are not coherent, and

No interlayer condition No No information is not available

hierarchy model between levels

It cannot be corrected with

One-wa . . . Only the coupling is -
way 29 - z} static condition No recursion oyt upling observation, and the error
conditional model initialized
accumulates one-way
IBGM recursive Conditional prior + Double time Initialization, evolution The computational overhead is
back to school modulation transfer + scale rate, backtracking three- higher than the first two (solved by
architecture backtracking correction recursion channel coupling the algorithm in Section 3)

Table 2 shows that the core difference of the three types of schemes is not in the parameter scale
but in the number of coupling channels: IBGM realizes the bidirectional coupling between global and
local through initialization, evolution rate and backtrack, which ensures the consistency and
modifiability of intentions from the architecture. The cost is the increase of inference complexity, which
is borne by the variational inference and amortized network in Section 3.

2.4 Identifiability analysis and complexity control of the model

The structural hazard of hierarchical latent variable model is identifiability: if different
combinations (Zg , Zl) produce the same observation distribution, the intention inference is not unique,
and the model degenerates into only generating but not explaining. IBGM imposes structural constraints
to guarantee identifiability in three ways. The first is sparse prior: group sparse penalty is introduced to
the prior precision matrix of local intentions:

T
R =2 Wy 7 ©)

Where W is the projection matrix derived by z9 and A is the sparsity intensity. This penalty
forces only a few directions in the local intention that are related to the global intention to be activated,
compressing the set of equivalent solutions in the intention space. The second is the structural constraint:
the path from z9 to the observation must pass through z! (described in Section 2.2), and the low-rank
constraint rank(Ag) < r (taking r = 4)is imposed on the drift matrix of the transfer kernel to prevent
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the unbounded expansion of the local evolutionary degrees of freedom. The third is the scale constraint:
fixing the upper bound of execution noise variance 2 < € makes the noise layer unable to explain the
variation that should be attributed to the intention layer, thus separating the three-layer contributions in
the sense of variance decomposition.

The effective complexity under the combined action of the above constraints can be described by
an explicit degree of freedom measurement [10],[11]:

DoF 4 = dim(z9) +r-T + K - dim(x;) @)

Where the first term is the global intention degree of freedom, the second term is the local evolution
degree of freedom subject to the low-rank constraint, and the third term is the mixing density output
layer degree of freedom. This metric reveals a design tradeoff: the local evolutionary degrees of freedom
grow linearly with T and are the main source of complexity, so the low-rank constraint r is the key
knob controlling overfitting. Table 3 shows the effective degrees of freedom and constraint strength
under different constraint configurations to illustrate the selection basis of constraint combinations
(non-experimental results, only structural measurement at the level of model parameters).

Table 3. Measurement of effective degrees of freedom under different configurations of

structural constraints

Configuration Sparse intensity A Low rank 7 Upper bound of noise € DoF. (T = 64)
No constraints 0 64 No 4144

Only sparse 0.05 64 No 4144

Sparse + low rank 0.05 4 No 320

Full constraint (IBGM) 0.05 4 0.01 320

Table 3 shows that only imposing the sparsity penalty does not change the degree of freedom
measurement (because it acts on direction selection rather than dimension), while the low-rank
constraint reduces the effective degrees of freedom from 4,144 to 320, which is the dominant factor in
complexity control. The noise upper bound does not change the degrees of freedom but changes the
variance attribution, which is complementary to the low-rank constraint.

2.5 Demonstration of structural differences from the classical Bayesian cognitive model

Placing IBGM in the lineage of classical Bayesian cognitive models clearly defines its architectural
innovations [12]. The classical model follows two paths: the "flat inference model" which takes
observation as the condition and intention as the single hidden variable, and the "hierarchical generation
model" which takes the generation process as the chain, but the intention is fixed. The difference
between IBGM and the two is not whether Bayesian methods are used, but the topological location and
temporal role of intention variables. In the flat model, intention is a passive ex post explanatory quantity,
which is not structurally related to the creative process; In the fixed-level model, although intention
enters the generation chain, the whole process remains unchanged, which cannot describe intention
modification in creation. IBGM puts intention in the dual position of "the source of generation" and
"the target of inference” and endows it with the dynamic nature of double time scale.
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This difference can be accurately characterized by the comparison of structural attributes (Table
4). There are three key differences: first, the role of intention variable changes from "explanation label"
to "generation drive", which enables the model to generate works from intention forward; Second, the
interlayer coupling changes from "one-way static" to "three-channel bidirectional", so that the intention
can be modified with the creation; Third, complexity control changes from "implicit regularity” to
"explicit degree of freedom measurement", so that architecture selection can be quantitatively
demonstrated rather than empirically tuned. The common effect of the three is that IBGM achieves the
processability of generative models while maintaining the interpretability of Bayesian models, thus
bridging the structural gap between the two modeling traditions of "intention recognition" and
"intention generation".

Table 4. Comparison of structural properties between IBGM and classical Bayesian cognitive

models
Property of structure The flat inference model ~ Fixed hierarchy generation model IBGM
Role of intention Explain the label after Generate fixed parameters in the Dual roles of generation driver and
variable the fact chain inference target

Temporal nature of

. . No Constant throughout Dual time scale (constant + evolution)
intention
Coupling between No One wav static Initialization/evolution
layers y rate/backtracking three channels
. . . .. . Explicit effective degrees of freedom
trol of lexit Implicit larit Implicit 1
Control of complexity mplicit regularity mplicit regularity measTement
Process modeling Yes, but the intention is not There is and the intention can be
o No . .
capability amendable recursively modified

To sum up, this section completes the architecture design of IBGM from the four levels of
hierarchical decomposition, probability graph structure, recursive update and structural constraints, and
establishes its methodological positioning relative to the classical model by structural difference
demonstration: The innovation of IBGM is not to introduce new probability tools, but to rearrange the
topological position and time role of intention variables in the probability graph, so that intention can
be generated, inferred, recognized and controllable in complexity.

3. IBGM INFERENCE ALGORITHM AND COMPUTATION
ACCELERATION

3.1 Variational Bayesian Framework for posterior inference of intentions: construction of
structured variational families

The general mean-field variational family assumes that all latent variables are independent of each
other, which is in direct conflict with the deliberate inter-layer conditional dependence constructed by
IBGM: if factorization is enforced, the recursive coupling of Section 2.3 is smoothed out in the posterior
approximation, and the inference reduces to variation-by-variable independent fitting. IBGM therefore
constructs a structured variational family that preserves the dependency topology, and its decomposition
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form is isomorphic to the probability graph of the generative model [13]:

T
a2 A zin) =a@) | | _a(dh12971) a(at) ®)

Where q(z9) is the variational posterior of global intention, and the diagonal Gaussian is taken;
q(zé, | z9 Zé_l) is the local posterior conditional on the global intention and the local intention of the
previous step, and the conditional Gaussian is taken. q(zf) is the execution noise posterior. The key
point of the design of the variational family is to "replace the generative condition with the variational
condition": the conditional dependence in the generative model is explicitly preserved in the variational
family, so that the approximate posterior inherits the recursive structure, rather than being destroyed by
the independence assumption.

The optimization objective brought by structured variational family is the lower bound of evidence
with constraints [14],[15]:

p(zt 1 29) p(zf)
q(zt 1 29z{_) q(z§)

T
L =Eq [logp (xy.r, | zir2fr) +logp (29) + Zt_llog —logq (z9)| (9

Where the expectation is taken with respect to the structured variational family. The key difference
in this equation compared to the standard evidential lower bound is that the KL term for local intentions
appears in recursive form: the KL at each step simultaneously penalizes deviations from the generating
prior and breaks from the variational posterior at the previous step, thus maintaining the coherence of
intention trajectories at the optimization level. Table 5 shows the comparison between the structured
variational family and the mean-field variational family in terms of structural properties, indicating the
costs and benefits of retaining the dependent topology.

Table 5. Comparison of variational family structure schemes

Variational family scheme Inter-layer dependence Recursive structure KL term form Structural fidelity
Mea'n-ﬁeld variational All independent No Ind.ependent KL by Fallur.e of interlayer
family variable coupling

Only global-local conditions
are retained

One way condition No Hierarchical KL fl{:;ltiig inter-layer but not

IBGM structured variational ~ The global-local-timing . Isomorphic to the
. . . Yes Recursive KL -
family triple condition generative topology

Table 5 shows that the difference between the three types of schemes is that the fidelity dimension
increases step by step: the mean field is only the fidelity edge distribution, the one-way conditional
scheme is the fidelity between layers but the timing is lost, and the IBGM structured variational family
is simultaneously the fidelity between layers and the timing dimension.

3.2 amortized inference network: Architecture innovation and training objectives of
intent encoders

If the structured variational family is optimized independently sample by sample, the variational
parameters need to be re-fitted for each creation sequence, and the computational cost expands linearly
with the number of samples. IBGM uses amortized inference to map observations directly into
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variational parameters by encoder network, realizing "training once, inference everywhere". The
encoder is designed as dual-stream architecture: the global stream takes the pooling representation of
the whole creation sequence as input and outputs the mean and variance of q(z9). The local flow
represents the sliding window representation and the hidden state of the global flow as the joint input,
and outputs the parameters of q(zé, | z9 Zé_l):

W, 09) = Eg (¢Crr10)), (i 0f) = Er (@, (emw:e) h9) (10)

Where ¢ is the sequence pooling operator, 1 is the window feature operator, w is the window
length (w =8), h9 is the global flow hidden state, Ej, E; are the global and local encoders
respectively.

The training objective of the encoder is to add two architectural regularities based on the lower
bound of evidence [16]:

T
2
g=—L+p) k= ual + o0y (11)

Where [ controls the smoothness strength of the local intention trajectory and y controls the
sparsity of the global posterior variance. The first regularize forces the local mean trajectory of the
encoder output to be smooth, preventing the amortized inference from generating frame-by-frame jitter.
The second term regularizes the global posterior variance and suppresses the encoder's overly uncertain
output of the global intention. The two regularization terms are complementary to the recursive KL of
Section 3.1: the recursive KL acts at the level of distribution, and the trajectory regularities are explicit
complements to its mean level. Table 6 lists the structural hyperparameter configuration of the encoder
and its role.

Table 6. Structural configuration of dual-stream intention encoder

Components Input in Dimension of Key Action of structure
output hyperparameter
Sequence pooling 32 (mean + . Outputs the global intent

Gl

obal flow £, representation variance Pool window 64 osterior

P p
The local flow E Window feature + global 128 (mean + The window w = Output the conditional local
t hidden state variance) 8 posterior

Regularity of . _ ..
trajectory Locally mean sequence Scalar quantity B =0.01 Suppress frame-by-frame jitter
Regularity of Global variance Scalar quantity y = 0.001 Curb excessive uncertainty

variance

This configuration of "dimension budget decreasing with semantic abstraction" makes the encoder
capacity allocation consistent with the hierarchical assumption.

3.3 Hybrid inference strategy: variational inference and adaptive switching mechanism of
sequential Monte Carlo

Amortized variational inference is fast, but when the observation has multiple peaks, the mode
average deviation will be generated due to the single Gaussian posterior approximation [17],[18],[19].
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Although sequential Monte Carlo can represent the multi-peak posterior, the increase of particle number
demand with T leads to the cost being out of control. IBGM therefore designs a hybrid inference
strategy: using the variational posterior as the proposed distribution to drive particle sampling, and
adaptively deciding whether to enable particle correction according to the posterior multimodal index
[20],]21]:

N
Quin(z) = (1= @) qu(z) + @ )
L

1Wti 5 (zé - Zé’(i)) (12)

Where qv; is the variational posterior of Section 3.1, N is the number of particles (take N =
32), w} is the normalized weight of the i-th particle, and a, € [0, 1] is the switching coefficient. The
switching coefficient is not set manually, but is adaptively generated by the posterior multimodal index:

R R K
ay =0 (K(Ht - Ho))' He = —Zk=1ﬂk log my, (13)

Where o is the logistic function, k is the steepness parameter, H, is the entropy of the mixing
density component (reflecting the degree of observed multipeaks), and H, is the switching threshold.
The design logic of this mechanism is as follows: when the observed likelihood is approximately
unimodal (H, is low), the variational posterior is sufficient and a, = 0 to save computation [22].
When multimodality is significant, a; = 1 enables particle correction to capture multimodality.
Particle weights are updated recursively according to standard importance:

p (xt' | Zé'(i)x<t) p (Zé'(i)' | Zél—(il)zg)

qvi (Zi'(i), | ZgZé—l)

This formula shows that the variational posterior serves as the denominator of both the proposal
distribution and the weight calculation, so that particle sampling "stands on the shoulders of variational
inference" rather than sampling blindly from the prior. Table 7 compares the differences in the
calculated attributes of the three inference strategies to illustrate the positioning of the hybrid strategy.

Table 7. Comparison of calculated properties of inference strategies

. . . Single step Multi modal .
Strategy of inference Posterior expressive power caleulation adaptability The main drawback
Pure variational inference Single gauss o(d?) Weak Mode means deviation
Empirical distribution of 2 The particle degenerates
Pure sequence Monte Carlo particles 0(Nd?) Strong and the cost grow with T
. Variational + particle 0((1—ap)d®+ . The switching threshold
IBGM mixed strategy correction aN dz) Self-adaptation needs to be calibrated

Table 7 shows that the computation of the hybrid strategy is in between and varies dynamically
with a;: it approaches the cost of pure variational inference at most steps of observing a single peak
and pays the particle cost only at the multi-peak steps, thus obtaining the multi-peak adaptability in a
"pay-as-you-go" manner.

3.4 Variance reduction and convergence guarantee of gradient estimation
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Hybrid inference introduces discrete particle resampling and switching operations, which makes
the variance of gradient estimation of the lower bound of evidence rise significantly, and direct training
will lead to oscillation. IBGM employs three variance reduction measures. One is the combination of
reparameterization and Gumbel relaxation: reparameterization is used for continuous latent variables:

zi=ut+dt0Oe, e ~N(0,I) (15)

So that the gradient can pass through the sampling operation; Gumbel relaxation is used for the
discretized bounds of the switching coefficients, replacing the hard switching with a continuous
relaxation to avoid gradient breaks. The second is the control variable: analytical KL under the
variational posterior is taken as the baseline:

Gev = Vglogp (X111 2) — ¢ - Vg logq (2) (16)

Where ¢ is the optimal control coefficient, given analytically by the covariance between the
variational parameters and the observations, this baseline can significantly reduce the gradient variance
without introducing additional networks. The third is self-normalization and resampling threshold
control of particle weight to suppress the variance explosion caused by weight degradation. The
convergence under the combined action of the three measures can be characterized by the following
conditions: when the variational family contains the true posterior, the switching threshold H, is fixed
and the learning rate satisfies the Robbins-Monro condition, the stochastic gradient iteration of the
lower bound of the evidence converges to the local optimum with probability 1; The introduction of
particle correction does not change the convergence point, only the variance of the convergence path.
Table 8 shows the quantitative effects of the three variance reduction measures (measured by the
variance reduction ratio as the algorithm attribute, non-experimental results).

Table 8. Measurement of algorithmic attributes of variance reduction measures

Additional Variance reduction Deviation of

Measures taken Object of action . . .
" J calculation amount ratio (theory) gradient

Reparameterization +Gumbel 1.0 (eliminating

. Continuous/discrete sampling Be neglected . . None/bounded
relaxation sampling variance)
Analytic control variable The proof is lower bound gradient ~ 0(d?) About 3-5 times No
. ization + . . i
Self-normalization + threshold Weight of particles 0O(N) About 2-4 times Bounded

resampling

Table 8 shows that the three measures act on different sources of variance and the nature of bias is
different: reparameterization eliminates sampling variance and is unbiased, control variables are
unbiased and have the highest reduction ratio, and particle weights deal with bounded bias. The
combination of the three reduces the gradient variance of hybrid inference to a level comparable to that
of pure variational inference, thus ensuring the stability of encoder training.

3.5 Algorithm complexity analysis and scalability design

The total computational cost of IBGM consists of encoder forward, variational inference and
particle correction, and its single sequence complexity is as follows:

Coow = 0 (T(dgd; + d? + (1 - @)d} + aNd?)) (17)

121



Where dg,d; are global and local intention dimensions respectively, and a is the average
switching coefficient. This equation reveals two scalability bottlenecks: one is the d; term, which
comes from inverting the variational posterior covariance and grows with the local dimension cube.
The second is the T linear term, with significant cumulative costs under long creation sequences. For
the former, IBGM uses diagonal plus low-rank decomposition for the local variational posterior:

=D, + UV (18)

Where D, is the diagonal matrix, and U,V," is the low-rank correction of rank 7, (taking 7, =
4), so that the inverse covariance is reduced from O(d?) to 0(d;r?), which echoes the low-rank
structural constraints in Section 2.4 at the algorithm level. For the latter, block parallel inference is
adopted: the sequence of length T is divided into blocks of length B (B = 16), and the global
intention posterior is used as message transmission for intra-block parallelism and inter-block
parallelism, so that the time complexity is reduced from O(T) to O(T/B) parallel depth. Table 9
shows the complexity measures for different scalability configurations.

Table 9. Complexity measurement of scalability configurations

Configuration The covariance is parameterized sf(?;esréicrfg ii?f;;i?;ence E;I; ﬁle?it;m
Baseline Full covariance Serial o(Td}) T

Low rank covariance Diagonal plus rank 4 Serial o(Td;r?) T

Low rank + Block Parallel IBGM) Diagonal plus rank 4 Block parallel  0((T/B)d,r?) T/B

Table 9 shows that the contribution dimensions of the two acceleration measures are different:
low-rank covariance reduces the single-step calculation amount (from cubic to linear multiplication of
low-rank), and block parallel reduces the parallel depth (from T to T/B), which are orthogonal and
can be superimposed.

4. EXPERIMENTAL VERIFICATION AND MODEL TESTING

4.1 Experimental setup: data set construction, baseline model and evaluation index

The validity of the test depends first and foremost on whether the data can provide intention-
referential truth. The IBGM experiment adopts the paired dataset of "Al art work, creative process
trajectory "to construct a conditional control vector that follows the traceability principle: each sample
contains the complete generation trajectory (potential canvas state and operational parameters at each
step), the final work and the explicit record at the time of generation. The key design of intention truth
value construction is as follows: the global condition vector used in generation is projected into 16-
dimensional global intention truth value through fixed mapping, and the operation condition of each
step is projected into 64-dimensional local intention truth value, so as to obtain layer by-layer intention
reference without relying on manual annotation. According to the author and style, the data set is divided
into three parts: training, verification and set-aside, and the set-aside set is only used for generalization
tests. The baseline selection follows the principle of "each baseline corresponds to an alternative design
choice”: the flat Bayesian inference model corresponds to "no hierarchy", the fixed hierarchy generation
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model corresponds to "no evolution of intention", the pure variational IBGM corresponds to "no particle
correction", and the mean-field variational IBGM corresponds to "no structural variational family". The
evaluation indicators are grouped according to the test dimension: the posterior mean error and
correlation of intention are used for accuracy, the left log-likelihood and prediction error are used for
generalization, the lower bound gap of evidence is used for ablation, and the delay and the number of
convergence steps are used for efficiency. Table 10 summarizes the overall configuration of the
experiment.

Table 10. Overall configuration of the experiment

The Project Configuration Description

Total number of paired samples 24,000 tracks Layer by creative subject

The average trajectory length T 64 steps It is consistent with the model variable setting
Train/validate/set aside 16000/4000/4000 Set aside for generalization tests only
Global/local intention truth dimension 16/ 64 Fixed mapping by the condition vector
Number of baselines 4 Categories Each corresponds to an alternative design

Table 10 shows that the data scale and variable dimension are strictly aligned with the model
configuration, so that the true dimension corresponds to the potential dimension of the model one by
one, avoiding dimension mismatch being misinterpreted as model defect. The four baselines are set up
so that each subsequent test has a clear control object.

4.2 Test 1: Accuracy of posterior inference of intentions

This test answers the question "Can the model restore the true intention from the works and
trajectories?" and evaluates the posterior central tendency and uncertainty calibration. Accuracy is
measured by the posterior mean error and correlation coefficient of the two layers of intentions:

1 N ¥
MsE, == 128~ 2212, py = corr (28,59) 19
n=1

Where 27 is the global intention posterior mean of the n-th sample, and z;  is the true value.
The posterior rank statistic is used for uncertainty calibration: if the calibration is good, the rank of the
true value in the approximate posterior sample should follow a uniform distribution:

1o .
w, = EZ I (z;‘{ < 23’(5)) ~U(0,1) (20)
s=1

Where S is the number of posterior samples, 1 is the indicator function, and the KS distance
between the rank statistic and the uniform distribution is used as the calibration error. Figure 1 presents
the point estimate accuracy and uncertainty calibration combined in the same panel.
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Figure 1. Depicts the accuracy and uncertainty calibration of the posterior

The left panel of Figure 1 shows that IBGM achieves the lowest mean squared error and the highest
correlation coefficient in both global and local intentions, and the performance gap between the two
layers is smaller than the three baseline models, indicating that hierarchical coupling improves the point
estimation accuracy while reducing the imbalance of inference quality between layers. The reliability
curve in the right panel shows that the empirical coverage of IBGM is closest to the diagonal, and its
KS distance is the smallest among the four classes of models, indicating that the posterior uncertainty
has a credible calibration. The mean squared error of the mean-field variational IBGM is lower than
that of the fixed hierarchy model, but the reliability curve is significantly off the diagonal, showing
posterior overconfidence, which indicates that evaluating the inference quality only by the point
estimation accuracy will miss the defect of the uncertainty calibration dimension. The joint results of
the two panels show that the accuracy advantage of IBGM is reflected in both the central tendency and
the shape of the distribution.

4.3 Test 2: Model goodness of fitness and forecast generalization

This test answers the question "can the intention structure be extrapolated to unseen works?" and
evaluates the marginal likelihood and intention conditional prediction on the set aside. The goodness of
fit is measured by leaving out the log marginal likelihood, and the generalization is measured by the
prediction error given the true global intention:

Nheld 1 2
Z logp (xfnT)) MSE eq = mznt |2 - xt(n)"2 (21)

n=1

1
NLLpeg = — N
(&)

p (xinT)) by the lower bound estimate of evidence, J?t(n) for the prediction of intention to

inference for the condition. In order to distinguish "intention information" from "trajectory memory",
intention displacement control is introduced:

Apeml = MSEpred (ZA;g) - MSEpred (ZAg) (22)

Where m is random permutation between samples. Figure 2 presents the generalization test with
the triple criterion, and at the same time shows the variation of the generalization error with the length
of the trajectory.
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Figure 2. Set-aside set generalization performance and its variation with trace length

The left panel of Figure 2 shows that IBGM is optimal in both log-likelihood and prediction error,
and the displacement increment is the largest, indicating that its predictive ability does depend on the
information content of intention variables rather than the surface memory of trajectories. The
displacement increment of the pure variational IBGM is smaller than that of the full IBGM, indicating
that the particle correction makes a substantial contribution to the retention of intention information.
The right panel shows that the four curves are all at a low level in the main training interval, beyond
which the degree of separation increases with the length of the trajectory, and the rising slope of IBGM
is the gentlest, indicating that the extrapolation stability of the hierarchical structure on long sequences
is better than that of the baseline, but the margin of advantage is narrowed with the increase of the
length.

4.4 Test 3: Ablation experiments, quantitative separation of component contributions

This test answers the question "Is each structural component of the IBGM necessary?" and
evaluates the performance gap after component removal, focusing on marginal contributions rather than
absolute levels. Ablation is performed item by item by structural component and algorithmic component:
removal of hierarchical decomposition, removal of global backtracking correction, removal of mixture
density likelihood, removal of structured variational family, removal of particle correction. Component
contribution is measured by evidence lower bound gap:

Ac = Ly — Ly¢ (23)

Where Ly is the evidence lower bound of the full model, and £\, is the evidence lower bound
after removing component c. In order to eliminate the confusion of the difference in the number of
parameters, the unit parameter contribution ratio is calculated:

Ac

R. = 24
TN (24)

Where |®.| is the number of parameters introduced by component c. Figure 3 presents the
difference and contribution ratio simultaneously as two-dimensional scatter points.
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Figure 3. Contribution separation for component ablation

Figure 3 shows that hierarchical decomposition and structured variation families are located in the
region of high gaps and high contribution ratio, which correspond to the key designs of generation
structure and inference structure respectively. The decrease of the lower bound of evidence caused by
their removal cannot be compensated for by the increase of the number of parameters, which confirms
their non-substitutability (or irreplaceability). The difference of the mixture-density likelihood is
moderate, and the contribution ratio is high, which indicates that it obtains significant fitting benefits at
a small parameter cost. Particle correction has the smallest difference but the highest contribution ratio,
which indicates that it has high marginal efficiency as an on-demand correction mechanism. The gap
and contribution ratio of the global backtracking correction are at a moderate level, and its effect is
mainly reflected in the long sequence scenario, which is diluted in the average index.

4.5 Test 4: Comparison of algorithm efficiency

This test answers "whether the inference algorithm has practical efficiency"”, evaluates the time and
computing resource consumption, and is orthogonal to the accuracy test. Indicators include single
sequence inference delay, number of steps required to reach convergence and peak GPU memory, and
the relative acceleration ratio is reported:

fbase

Speedup = (25)

TIBGM

Where Tis the average single-sequence inference delay. Figure 4 shows the multi-index
comparison of efficiency tests.
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Figure 4. Efficiency comparison of inference algorithms

The left panel of Figure 4 shows that the delay of IBGM is significantly lower than that of pure
sequential Monte Carlo but only slightly higher than that of pure variational inference, which is
consistent with the pay-as-demand design of adaptive switching: most unimodal steps are borne by
variational inference, and particle correction is only enabled for multimodal steps. The proportion of
switching trigger steps marked by filling in the right panel further indicates that particle overhead is
concentrated in a few steps. The middle panel shows that the number of convergence steps for IBGM
is higher than for pure variation but much lower than for pure particles, indicating that the hybrid
strategy trades off a moderately increased number of iterations for multimodal adaptability. The peak
GPU memory in the right panel shows that the video memory occupancy of IBGM is close to pure
variational inference. The low-rank covariance and block parallel designs effectively inhibit the space
overhead caused by particle correction, and the actual benefits are consistent with the expected direction
of complexity analysis.

4.6 Test 5: Behavioral rationality test

This test answers the question "whether the intention pattern inferred by the model is consistent
with the computational characteristics of human intention judgment", evaluates the statistical structure
of the inference pattern rather than the inference accuracy, and forms the complementation of "right"
and "likeness" with the accuracy test. This test does not collect questionnaires, takes the public statistics
of human intention judgment as reference, and the degree of alignment is measured by the difference
of statistics vector:

Dalign = "Smodel - Shuman"g (26)

Among them, s contains three components: global intention correlation, local intention
correlation, attenuation slope of intention judgment variance with T, and skewness of intention
consistency distribution, corresponding to intention consistency, cumulatively and individual difference
respectively. Figure 5 shows the alignment of the three components with a radar chart.
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Figure 5. Alignment of intention inference patterns with human judgment statistics

Figure 5 shows that IBGM is highly consistent with human reference in the two components of
coherence and individual difference, indicating that the global-local intention correlation structure
inferred by the model and the distribution of intention difference among works replicate the
corresponding characteristics of human judgment. The difference of cumulative component is relatively
prominent, and the model value is lower than that of human reference, which indicates that the variance
of intention judgment of the model decays faster with the number of creative steps than that of human
judgment, that is, the model tends to be determined with intention at the early stage of creation, while
the certainty of human judgment is established more gradually. This deviation points to the setting of
the recursive update rate, indicating that the drift intensity of the transfer kernel is too large at the early
steps, and this diagnosis provides direction for the subsequent calibration of the rate parameters. The
overall alignment distance Dy, is of a small magnitude, which supports the behavioral rationality of

the model intention concept at the level of statistical structure.

4.7 Results discussion and model boundary analysis

The five types of tests together constitute a chain of evidence for the validity of IBGM, but the
conclusions must be established within clear boundaries. From the perspective of division of labor, the
accuracy test establishes that the intention can be restored, the generalization test establishes that the
intention can be extrapolated, the ablation test establishes that the components are necessary, the
efficiency test establishes that the algorithm is available, and the behavior alignment test establishes
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that the mode is reasonable. High accuracy cannot replace generalization (overfitting can be accurate),
high generalization cannot replace component necessity (redundant components can be generalized),
and high efficiency cannot replace behavioral rationality (fast and wrong inference is meaningless).
Therefore, the conclusion should be subject to the joint satisfaction of the five-dimensional evidence.

The model boundary is mainly reflected in three aspects. The first is the construction boundary of
intention truth value: although the construction of truth value by conditional vector projection avoids
labeling subjectivity, the semantic thickness of truth value is limited by the expression ability of
conditional vector. The second is the trajectory length boundary: all tests are completed under T=64.
Although the extrapolation of long sequences as shown in the right panel of Figure 3 has been

preliminarily presented, the error accumulation of inter-block message passing on very long sequences
is not fully covered. The third is the behavioral reference boundary: the behavioral alignment test takes
the public statistics as the reference, and the granularity is limited to the statistical structure level, so it
cannot test the consistency from sample to sample. The three-aspect boundary defines the application
domain of the conclusion: the validity of IBGM has been supported by five-dimensional evidence
within the range of "expressibility of conditional vector, medium trajectory length and statistical
structure alignment", and the extrapolation beyond this range needs to be supplemented with
corresponding tests in subsequent work.

5. CONCLUSIONS

Focusing on the core question of "whether intentionality in Al art creation can be rigorously
modeled as computable objects", this paper proposes the Intentionality-aware Bayesian generative
model (IBGM) and completes the systematic demonstration at three levels of architecture, algorithm
and empirical analysis. The main findings can be summarized in four points. First, intentionality can be
effectively represented as a three-layer potential structure with semantic division of labor: global
creative intention, local decision-making intention and execution noise each play their own roles in
dimension, time and prior constraints, so that intention not only maintains cross-step consistency, but
also allows evolution with the progress of creation, which is fundamentally different from the existing
practice of reducing intention to a single hidden variable or discrete label. Secondly, the coherence of
intentions can be generated endogenously by the probability graph structure rather than relying on
external regularities: through the three channels of conditional prior, modulation transfer and
backtracking correction, global intentions not only constrain the initial distribution of local intentions,
but also modulate their evolution rate and obtain backtracking calibration on cumulative observations,
making "intentions modified with creation" an intrinsic property of the model structure. Third, the
identifiability and complexity of the hierarchical intention model can be controlled by explicit
constraints: The sparse prior compresses the equivalent solution set, the low-rank constraint inhibits the
expansion of local evolution degrees of freedom, and the noise upper bound separates the variance
belonging. Together, the three factors reduce the effective degrees of freedom from the magnitude
pressure that linearly increases with the trajectory length to the acceptable range, which provides a
structural guarantee for the engineering feasibility of the hierarchical coupling architecture. Fourth, the
inference of intention posterior can be calculated and feasible on the premise of maintaining structural
fidelity: The structured variational family isomorphic to the generation topology retains the inter-layer
and timing dependence, the dual-stream amortized encoder amortizes the sample-by-sample
optimization into a training, and the hybrid inference strategy adaptively enables particle correction
according to the observed multimodal property, with variance reduction and low-rank block design, so
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that the inference accuracy, multimodal adaptability and computational efficiency can be taken into
account. At the empirical level, the five types of non-substitutable tests provide joint evidence from the
five dimensions of intention restorability, extrapolation, component necessity, algorithm availability
and reasonable pattern, supporting the validity of IBGM as an intentional computing model.

The methodological contribution of the above findings is to rearrange the topological position and
temporal role of intention variables in probabilistic generative models. In the existing generative models,
latent variables serve expressive power, and their semantics cannot be attributed. In the recognition of
existing intention, intention is the post-event attribute of the work, which has no structural relationship
with the creative process. In the classical Bayesian cognitive model, intention is either an explanatory
quantity of static judgment or a fixed parameter that does not change throughout the process. IBGM
puts intention in the dual position of "source of generation" and "target of inference” and endows it with
the dynamic nature of double time scale, so as to obtain the process of generative model while
maintaining the interpretability of Bayesian model. The theoretical significance of this arrangement is
reflected in three levels. At the representation level, it shows that intentionality does not exist only in
the form of behavioral labels or natural language descriptions but can be decomposed into a system of
latent variables with explicit conditional dependencies, which transforms "intention" from a
philosophical concept into a recognizable and testable computational construct. At the inference level,
it shows that structural fidelity and computational feasibility are not incompatible: by making the
variational family isomorphic to the generation topology, making the encoder reproduce inter-layer
modulation, and enabling particle correction on demand, the inference cost can be controlled within the
practical range without sacrificing hierarchical coupling, which provides a transferable algorithm
paradigm for other latent variable models with strong hierarchical dependence. At the evaluation level,
it shows that the validity of the intention model cannot be adjudicated by a single indicator: Accuracy
and calibration, fitting and generalization, component necessity and algorithm efficiency, and statistical
structure alignment each reveal different aspects of validity and cannot be replaced with each other.
Only the joint satisfaction of five-dimensional evidence constitutes a complete demonstration. This
evaluation framework has universal reference value for the generation model of similar cognitive
elicitation.

The research limitations of this paper are mainly reflected in three aspects, which correspondingly
point to future directions. The first is the construction boundary of intention truth value: although the
construction of truth value by conditional vector projection avoids the subjectivity of manual annotation,
the semantic thickness of truth value is limited by the expression ability of conditional vector, and the
performance of the model in the intention dimension beyond the expression range cannot be inferred
by existing experiments. In the future, the truth construction can be extended to the joint projection of
multiple source conditions, or the intermediate state of the creative process can be introduced as
auxiliary supervision, so as to broaden the semantic coverage of intention representation. The second is
the boundary of trajectory length: all tests are completed under medium trajectory length. Although
long sequence extrapolation has been preliminarily presented, the error accumulation of message
passing between blocks in block parallel inference has not been fully covered. In the future, the adaptive
recalibration mechanism of inter-block messages can be studied, and the hierarchical structure can be
combined with temporal segmentation modeling to support intention inference of ultra-long creation
sequences. The third is the boundary of behavioral reference: the test of behavioral rationality takes
public statistics as reference, and the granularity is limited to the level of statistical structure, so it cannot
test the consistency of intention judgment from sample to sample. In the future, a more fine-grained
computational reference system can be constructed without relying on subjective collection, so that the
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alignment evaluation between model inference and human judgment can be promoted from the
distribution level to the case level.

In terms of model extension, the hierarchical intention representation in this paper provides an
extensible skeleton for richer authoring semantics. The current global intention is a low-dimensional
continuous vector, which can be expanded into a structured representation in the future, so that the
intention can carry the interrelated and distinct sub-dimensions such as composition intention, style
intention and narrative intention, and establish conditional dependence among sub-dimensions, so as to
describe the intention coordination and conflict resolution under the goal of composite creation. The
transfer kernel of local intention currently adopts linear Gaussian drift, and nonlinear drift and switching
mechanism can be introduced in the future to model intention turning and style mutation in the process
of creation, so that the model can explain rather than just smooth discontinuous decisions in the process
of creation. At present, noise is set as semantically independent disturbance. In the future, the correlation
modeling between noise and technical level can be studied, so that the model can distinguish between
two different types of creative uncertainty of "clear intention but limited execution" and "vague
intention".

In terms of cross-modal intention modeling, the methodological framework of this paper has a
natural interface to extend to multi-modal authoring. Artistic creation is rarely limited to a single mode,
and images, texts, sounds and movements often constrain each other and jointly carry intentions in the
same creative process. The hierarchical structure of IBGM can set the global intention as the semantic
hub shared across modes, the local intention as the mode-specific decision variable, and the execution
noise as the technical fluctuation within the mode, so as to realize the unified representation and joint
inference of cross-modal intention without changing the core architecture. The new problem faced by
this extension is the intention alignment and information asymmetry between modes: different modes
have different expression strength of the same intention, and some modes may provide stronger
evidence of intention. How to adaptively allocate the weight of modes in inference and how to identify
the creative conflict reflected by the inconsistency of intentions between modes are all worthy of in-
depth research. In addition, the extension of intention inference from static works to interactive creation
scenes enables the model to modify the posterior of intention online according to the real-time feedback
of creators, which is also an important direction for the framework of this paper to move closer to real
creation practice. In general, this paper establishes intentionality as the basic paradigm of Bayesian
computing objects, and its architecture principles, algorithm strategies and evaluation framework
provide an extensible starting point for subsequent research, and the computational modeling of
intentionality thus changes from a descriptive problem to a testable and improved scientific problem.
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