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Abstract

Imputing missing values in spatial-temporal traffic data is
essential for intelligent transportation systems. Among ad-
vanced imputation methods, score-based diffusion models
have demonstrated competitive performance. These models
generate data by reversing a noising process, using observed
values as conditional guidance. However, existing diffusion
models typically apply a uniform guidance scale across both
spatial and temporal dimensions, which is inadequate for
nodes with high missing data rates. Sparse observations pro-
vide insufficient conditional guidance, causing the generative
process to drift toward the learned prior distribution rather
than closely following the conditional observations, resulting
in suboptimal imputation performance.

To address this, we propose FENCE, a spatial-temporal feed-
back diffusion guidance method designed to adaptively con-
trol guidance scales during imputation. First, FENCE in-
troduces a dynamic feedback mechanism that adjusts the
guidance scale based on the posterior likelihood approxi-
mations. The guidance scale is increased when generated
values diverge from observations and reduced when align-
ment improves, preventing overcorrection. Second, because
alignment to observations varies across nodes and denois-
ing steps, a global guidance scale for all nodes is subopti-
mal. FENCE computes guidance scales at the cluster level
by grouping nodes based on their attention scores, leveraging
spatial-temporal correlations to provide more accurate guid-
ance. Experimental results on real-world traffic datasets show
that FENCE significantly enhances imputation accuracy.

Code — https://github.com/maoxiaowei97/FENCE

Introduction

Spatial-temporal traffic data are often represented as a graph
of spatial-temporal time series, where each node is a traffic
sensor continuously collecting observations and edges de-
scribe sensor relationships (Guo et al. 2024). Traffic data is
essential for Intelligent Transportation Systems (ITS), sup-
porting key services in ITS, such as real-time traffic display,
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Figure 1: Motivation for FENCE. Unlike CSDI, which uses a
fixed guidance scale, FENCE dynamically adjusts guidance
scale based on consistency with observed data.

traffic prediction, and traffic signal control. However, this
data is frequently incomplete due to equipment malfunc-
tions, and network failures. These missing values degrade
the performance of dependent applications. Consequently,
imputing missing values is essential to ensure data quality
and reliability (Wang et al. 2024; Miao et al. 2022).

Deep learning paradigms for spatial-temporal imputation
can be broadly categorized into two main approaches: dis-
criminative and generative models. Discriminative models
directly learn a mapping function from observed to miss-
ing values using architectures like Recurrent Neural Net-
works (RNNs) (Miao et al. 2021), Graph Neural Networks
(GNNs) (Lao et al. 2022), and Transformers (Nie et al.
2024). While often straightforward to train, their focus on
direct prediction limits their ability to capture data distribu-
tions and the uncertainty associated with missing values.

In contrast, generative models aim to learn the underlying
probability distribution of the data, enabling high-fidelity
imputations (Luo et al. 2019; Yoon, Jordon, and Schaar
2018). Imputation is formulated as a conditional generation
task, where missing values are sampled from this learned
distribution based on the observed data (Zhou et al. 2024).



Among these, score-based diffusion models (Song et al.
2020) have emerged as a competitive method for imputation.
These models learn the score function, defined as the gradi-
ent of the data’s log-likelihood, and utilize the conditional
score to guide the generation process.

However, these models often yield suboptimal perfor-
mance, particularly for nodes with high missing data rates.
As illustrated in Fig. 1, a node with no observations dur-
ing a time period is imputed inaccurately by CSDI (Tashiro
et al. 2021), where even the estimated lower and upper
bounds may fail to encompass the ground truth. This is-
sue can be quantitatively assessed by examining the gen-
erative process. The degree to which the generated data
x; satisfies condition c is measured by the posterior like-
lihood, pg i (c|xy). To improve this likelihood, the diffusion
model is guided by the gradient of the log-posterior likeli-
hood. This guidance term is approximated by the difference
between the conditional and unconditional score functions:
V. logpe i (xk|c) — Vg, logpg 1 (x). The L2-norm of this
gradient vector quantifies the guidance strength. As shown
in Fig. 1, during the generation process of CSDI, the node
without observations exhibits a consistently low gradient
norm. This indicates that the learned conditional distribu-
tion has collapsed to the unconditional prior. Consequently,
the generative process is biased towards sampling from the
marginal distribution pg () instead of the conditional dis-
tribution pg 1 (zr|c). Existing diffusion models for imputa-
tion lack mechanisms to control the guidance strength, lead-
ing to insufficient adherence to specific conditional observa-
tions and suboptimal performance.

To address this issue, we propose FENCE (Spatial-
Temporal FEedback Diffusion GuidaNCE), a novel method
for controlled traffic imputation that dynamically adjusts the
guidance scales throughout the generative process. FENCE
introduces a feedback mechanism that adjusts the guidance
scale based on an approximation of the posterior likelihood.
Specifically, when the posterior likelihood decreases, indi-
cating that the generated values do not sufficiently adhere to
the conditional observations, the guidance scale is increased
to enhance alignment with the observations. In contrast,
when the posterior likelihood is high, indicating good align-
ment between the generated values and the observations, the
guidance scale is reduced to avoid overcorrection. Further-
more, to account for varying degrees of alignment with con-
ditional observations across different nodes, FENCE com-
putes the guidance scale at the cluster level. By leveraging
spatial-temporal correlations, FENCE ensures more accu-
rate guidance scale adjustments for nodes with limited data
availability, thereby improving the imputation quality.

Our contributions are summarized as follows:

* We propose FENCE, a spatial-temporal feedback dif-
fusion guidance method that dynamically controls the
guidance scales during the generative process, ensuring
high-fidelity imputation of missing traffic data.

* We propose a cluster-aware guidance mechanism that
leverages spatial-temporal correlations to compute ac-
curate guidance scales tailored to each node.
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» Extensive experiments show that FENCE significantly
enhances the imputation accuracy in real-world spatial-
temporal traffic datasets.

Related Work

Spatial-Temporal Imputation. Spatial-temporal imputa-
tion methods can be broadly classified into discrimina-
tive and generative paradigms. Discriminative models (Cao
et al. 2018; Che et al. 2018; Weng et al. 2025), such as
SAITS (Du, C6té, and Liu 2023) and ImputeFormer (Nie
et al. 2024), learn deterministic mappings from observed
data but fail to explicitly model data distributions.

In contrast, generative models aim to learn the underlying
data distribution and treat imputation as conditional sam-
pling, generating plausible values for the missing entries
given the observed data (Yoon, Jordon, and Schaar 2018;
Fortuin et al. 2020; Ipsen, Mattei, and Frellsen 2022).

Score-based diffusion models are powerful generative
models for imputation. These models learn the score func-
tion, which is the gradient of the log-likelihood of the data
distribution. During imputation, they leverage the score of
the conditional distribution to estimate missing values. Mod-
els such as CSDI (Tashiro et al. 2021) and MIDM (Wang
et al. 2023) condition the diffusion process on available ob-
servations. Several extensions further enhance conditioning:
LSCD (Fons et al. 2025) incorporates spectral information;
and PriSTT (Liu et al. 2023) integrates geographic context.
To improve imputation consistency and inference speed,
CSBI (Chen et al. 2023) leverages a Schrodinger bridge
formulation; MTSCI (Zhou et al. 2024) generates multiple
masks and auxiliary conditions during training; DSDI (Xiao
et al. 2025) incorporates the predicted values into the denois-
ing process, and CoSTI (Solis-Garcfia et al. 2025) employs
consistency training to reduce inference times.

Despite their effectiveness in modeling complex distribu-
tions, diffusion models face challenges in spatial-temporal
imputation, especially for nodes with high missing rates. In
such cases, the limited observed data may be insufficient to
effectively guide the model from its learned prior to con-
verge to the true conditional distribution. Consequently, the
imputed values often reflect general data patterns rather than
adhering to the available observations. A key limitation is
that current models lack mechanisms to dynamically adjust
the scales of guidance strength based on the observed data.

Preliminaries

Definition 1. Traffic Network. We define the traffic network
as a graph, i.e., G = (V, E, A), where V represents the set
of |V| = N nodes (e.g., traffic sensors). E represents the set
of edges. A € RV*¥ s the adjacency matrix.

Definition 2. Traffic Data. Let x,,, € R denote the traffic
data observed at node v € V at time slice t. The traffic data
at time ¢ across all nodes is ; (1,4, ®24, .-, TNL) €
RY, and the traffic data over T time slices is x
(x1,xa,...,x7p) € RVXT,

Definition 3. Mask Matrix. To indicate the missing posi-
tion in the observed traffic data, we introduce an observation
masking matrix M € RY*T | where my,; = 0 when x, ; is



missing, and m,, ; = 1 when z,, ; is observed. The observed
values in x are denoted as £° = x © M, and the missing
values in @ are denoted as ™ = x © (1 — M).
Spatial-Temporal Traffic Imputation. Given the incom-
plete traffic observations a, the mask matrix M € RN*T
over T time slices, and a network graph G, the objective is
to estimate the missing values in & such that the estimation
error at the missing positions is minimized.

Methods

This section presents our controlled traffic imputation
method, beginning with guidance in diffusion models for
imputation. We then propose spatial-temporal feedback dif-
fusion guidance, followed by the theoretical foundations,
key mechanisms, and procedures for training and inference.

Guidance in Diffusion Models for Traffic
Imputation

In spatial-temporal diffusion models for traffic imputation,
guidance is achieved by conditioning the reverse process on
observed data and structural priors. This conditional infor-
mation ¢, is produced by a conditioning network F.opnq,
which captures temporal and spatial dependencies. Given
the observed data x°, the network first employs temporal
attention to capture dependencies across time for each node,
followed by spatial attention to aggregate information across
nodes for each time slice. The conditioning also incorporates
structural priors, such as node embeddings E,oq. € RV ¥4
and learnable time slice embeddings Egjne € R7*?. The
resulting vector, ¢ = Feond(°, Enode; Egime ), then guides
the reverse process. Starting from Gaussian noise Tx ~
N(0,1), the model iteratively denoises the sample, with
each step of the reverse process conditioned on c:

po(Tr_1|Tr, €) = N(xp_1; po(xr, k, €),021), (1)

where the mean py is parameterized using a denoising net-
work €y that predicts the added noise at step k:

1 1—ag
Var (- =
The denoising network ey is trained to learn the conditional
score function, where the score is proportional to the pre-
dicted noise: Vg, logpg x(xx|c) = fﬁ@(mk, k,c).
This score function provides the gradient direction to itera-
tively guide the sample x;, to maximize its likelihood under
the learned conditional distribution.

While the objective of a diffusion model is to maximize
the data likelihood, this does not ensure the maximization of
the posterior likelihood, py (c|e)), which quantifies how
well a sample satisfies the observations. To better align the
generated data with the observations, the reverse process can
be guided by the gradient of the log-posterior likelihood,
Vo, log pe.i(clxy), which can be formulated in terms of
learnable components using Bayes’ theorem:

po(xy, k,c) =

(xk, k70)> (2)

Va, logpo k(cler) = Va, logpg k(xk|c)— Vg, logpe r (xk)
3)
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This equation reveals that the guidance can be achieved by
subtracting the unconditional score, V, logpg (), from
the conditional score. Classifier Free Guidance (CFG) (Ho
and Salimans 2022) provides an efficient implementation
by training a single denoising network to learn both scores.
This is achieved by randomly providing the network dur-
ing training with either the conditioning vector or an uncon-
ditional vector. The latter is constructed to model the prior
distribution by feeding the conditioning network empty ob-
servations while retaining the structural priors. Using these
scores, CFG constructs a guidance score by leveraging the
gradient of the log-posterior likelihood. Specifically, the
guidance score, V log pg 1 (1 |c), is constructed by scaling
this gradient (as derived in Eq. 3) by a guidance scale A\ and
adding it to the unconditional score:

Va, log po.k(xk|c) = Va, log po,k(zk)
+ )\(vmk 10gp6,k(“’k|c)
- vwk 10gp9,k(mk))

The guidance scale A is a hyperparameter that adjusts the
strength of the conditioning signal.

“4)

Spatial-Temporal Feedback Diffusion Guidance

CFG applies a uniform guidance scale A to all nodes across
all denoising steps. This approach has two limitations for
traffic imputation. First, A is a fixed hyperparameter that is
difficult to optimize. Second, it fails to account for the vary-
ing degrees to which imputed values for different nodes sat-
isfy the conditional observations at different times.

To address this, we introduce a feedback guidance mecha-
nism that adaptively adjusts the guidance scales based on the
posterior likelihood at each denoising step k. The posterior
likelihood quantifies the alignment between the generated
sample x;, and the condition c¢. When the posterior likeli-
hood is high, indicating good alignment with the observed
data, then the guidance scale remains low to avoid overcor-
rection. In contrast, when the posterior likelihood decreases,
the guidance scale is increased to ensure adherence to the
conditional information.

Posterior-Driven Dynamic Guidance Scaling To enable
controlled imputation, we begin by introducing a global
guidance mechanism. This approach treats the traffic data
matrix comprising all nodes over T' time slices as a sam-
ple. At each denoising step k, a unified guidance scale, de-
noted as A(xy, k), is dynamically adjusted for the corre-
sponding noised sample x; based on the posterior likeli-
hood. This scale controls the guidance vector, which is the
difference between the conditional and unconditional score
estimates. We define the unconditional score as sg(xy) =
Ve, log pp 1. (x1) and the conditional score as sg(xy, c) =
Vz, 10g po 1. (zr|c). The resulting guidance score is:

Va, log po,i(xx|c) = so(x)
+ Nak, k) (so(zr, €) — so(zr))
(&)
To compute the guidance scale, we adopt the additive error

formulation (Koulischer et al. 2025). This formulation as-
sumes that the learned conditional distribution pg i (zx|c)
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Figure 2: FENCE performs imputation by estimating both conditional and unconditional scores. It dynamically adjusts the
guidance scale at each step by evaluating the posterior likelihood, controlling the scales of the conditional guidance strength to

ensure consistency with observed data.

is a linear combination of the true conditional distribution
pr(xk|c) and the unconditional distribution py (@ ):

po.x(xr|c) = (1 — m)pr(xr) + mpr(xk|C), (6)

where 7 € [0, 1] is a hyperparameter that indicates the prior
confidence in how well the conditional generative model has
learned to adhere to the condition c. Next, we compute the
score function of this target distribution. Applying the chain
rule for logarithmic derivatives yields (see Appendix for the
full derivation):

Va, (po.r(xkle) — (1 — 7)poi(xk))

Ve log poi(@ile) poe(wrlc) — (1 - W)pe,k(mk)a)
By formulating the probability densities in the numerator
and denominator using Bayes’ theorem and applying the
score identity (Vg p(xk) = p(xk)Va, log p(xk)), this ex-
pression can be arranged into the guidance score formulation
of Eq. 5 (see Appendix). This process yields the formulation
for the guidance scale:

po.x(clzr)/po.x(c)
po.k(clzk)/po.k(c) — (1 — )

In practice, assuming the prior pg j(c) is constant yields:

)\(CBk, k‘) =

®)

po.k(clzr)
pok(cleyr) — (1 —m)
This formulation indicates that the guidance scale is a func-
tion of the posterior likelihood pg i (c|x} ), and achieves our
objective: when the posterior is high, indicating high con-
sistency with the condition ¢, the guidance scale approaches
1. As the posterior likelihood decreases toward the thresh-
old (1 — ), the guidance scale increases, applying stronger
guidance to ensure adherence to the conditional distribution.

My, k) ~ C))

Posterior Likelihood Estimation The formulation for
Az, k) in Eq. 9 depends on the posterior likelihood, which
is not directly accessible. Inspired by (Koulischer et al.
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2025), we can estimate this value by tracking the diffusion’s
reverse Markov chain. The derivation begins with the def-
inition of the posterior, pg ,—1(c|xr—1.x). By applying the
chain rule of probability and leveraging the Markov property
of the reverse diffusion process (i.e., pg(Tp—_1|Tr.k,C) =
po(xr—1]T, €)), the posterior at step k — 1 is:

po(Tr—1|xK,€)

10
po(Tp—1|TK) (19

po,k—1(cl@r—1) = po r(clzk) -
Taking the logarithm of Eq. 10, we can obtain the update
function of the posterior likelihood from step &k to k — 1:

log pg k—1(clxr—1) = logpe(c|xr) + log pg(xi—1|Tk, C)
—log po(xr_1|TH)

Y

As the reverse transition distributions are Gaussian, the log-
likelihood difference becomes:

log po(Tr—1|Tk, c) — log pg(xk—1|xK)
1

=552 (lzs-1 = po(@p)[|” = lzk—1 — po(zxlc)|?)
Ok

(12)

This formulation enables updating the posterior likelihood
by comparing the outputs of the conditional and uncon-
ditional models at each step. Additionally, we introduce
two hyperparameters: a temperature 7 to scale the update
strength and an offset § to ensure guidance activates prop-
erly in early diffusion stages. This leads to the parameterized
update equation for posterior:

log pg k—1(clxk—1) = log py x(c|zk)
!
— 505 (Il = o (@elO)|1* = @1 — o)) = 8
Ok

13)



By initializing log pg x (c|xr) (e.g., to 0, assuming a uni-
form prior distribution) and applying this update rule itera-
tively from k£ = K to 1, we can estimate the log-posterior
at each denoising step. The feedback guidance loop is thus
complete: at each step k, we use the current guidance scale
Ak, k) to sample 1. We then use this new sample x_;
in Eq. 13 to update the posterior pg _1(c|zr—1). Finally,
this new posterior is fed into Eq. 9 to determine the guid-
ance scale A(xy_1,k — 1) for the next step.

Cluster-Aware Feedback Guidance While the global
guidance mechanism adapts the scale across denoising steps,
it applies this scale uniformly to all nodes, which is subopti-
mal because nodes differ in their alignment to observations.
Fully per-node scaling, however, can be statistically unstable
under sparse observations. To address this, we introduce a
cluster-aware feedback guidance strategy, which aggregates
information from a group of correlated nodes to compute
the guidance scale for each node. To group the nodes, we
leverage the spatial attention scores, A ¢, € RN*N from
the conditional denoising network. Since the attention scores
quantify dynamic correlations that evolve during the reverse
process, we employ k-means clustering at each denoising
step to partition the set of nodes V' into K disjoint clusters,
{C1,Cqy...,Ck }.

During each step of the reverse diffusion process, for
any node ¢ belonging to the current cluster C;, we com-
pute a cluster-level log-posterior. The aggregation rule for
the cluster-level log-posterior is defined as:

> " logpor—r.iclio1),

leC;

log po.i—1.c; (cli1) = 1o
;]
(14)
where log pg ,—1(clxr—1) is the individually updated log-
posterior for node ! using Eq. 13. By averaging over all
nodes in the cluster, we obtain a more stable estimate that
is less susceptible to the high variance from any single node.
The cluster-level posterior, pg x ¢, (c|x), is then used to
compute a shared guidance scale for all nodes within that
cluster, using the formulation from Eq. 9:

Po.k.c; (clTr)
Po.k.c; (clzy) — (1 —m)

A, (@r, k) = (15)

Training and Inference

Training. FENCE requires both unconditional and condi-
tional predictions to compute the guidance scales. To prevent
the learning of the unconditional prior from interfering with
the conditional imputation, we adopt a two-stage training
procedure. First, we train an unconditional generative model
to learn the prior distribution py (). In this stage, the denois-
ing network €y is trained using only the unconditional vector
which is generated from structural priors without any obser-
vations. After convergence, the weights of this unconditional
model are saved. Next, we fine-tune this pre-trained model
for the conditional imputation. The network weights are ini-
tialized from the saved unconditional model. The model is
then trained using the conditional observations.

Algorithm 1: Inference of FENCE

1: Input: Conditional network €y, unconditional network
e‘é““’“d, observed data ° and mask M, total denoising
steps K, hyperparameters 7, 7, §, K.
Initialize:
Sample zx ~ N (0,1).
Initialize log pe, ki (c|z ) < O for all nodes.
fork=K,...,1do

€cond < €0 (iL'k, k, C)

€uncond € ez)ncond(mkv k, cuncond)
Extract A 4, and update clusters {C; }fzfl
9: Compute cluster-level scales Ac, by Eq. 14, Eq. 15.
10: Update \; < A¢, for each node.
11: Ak — (A1, -, AN)
12: ge Y 6gncond + )\k ® (Egond _ 6;ncond)
13: Compute fig by &y and sample 1 ~ N (fig, o71)
14: /I Update posteriors for the next step
15: Update log pg x—1,;(c|xr—1) using Eq. 13, Eq. 14.
16: end for
17: return x

Inference. During inference, the denoising network uti-
lizes a conditional context ¢ and an unconditional context
Cuncond as inputs. Instead of applying a fixed guidance scale,
FENCE dynamically adjusts the guidance scale at each step
of the denoising process. This adjustment is driven by a
feedback loop that continuously estimates the posterior like-
lihood to assess the alignment between the current sample
and the conditional observations. Furthermore, to account
for the varying degrees of alignment with conditional obser-
vations across different nodes, the feedback is computed at
a cluster level, leveraging spatial-temporal correlations. The
inference procedure is presented in Algorithm 1.

Experiments
Experimental Settings

Dateset. We conduct experiments on the PEMSO04,
PEMSO07, and PEMSO08 datasets (Chen et al. 2001). The
datasets are split chronologically into training, validation,
and test sets (60%/20%/20%), and input samples are gen-
erated by segmenting these sets into overlapping sequences
using a sliding window.

Baselines. We evaluate the performance of FENCE
against eight methods, covering machine learning baselines,
discriminative models, and generative models. The discrim-
inative models include: 1) ASTGNN (Guo et al. 2021), an
attention-based graph neural network adapted for imputation
via a reconstruction-based self-supervised learning objec-
tive (Cao et al. 2018); 2) IGNNK (Wu et al. 2021), an induc-
tive GNN for kriging; 3) GCASTN (Peng et al. 2023), a con-
trastive self-supervised learning framework for imputation;
and 4) ImputeFormer (Nie et al. 2024), which combines the
Transformer with low-rank induction. The machine learn-
ing method is: 5) LCR (Chen et al. 2024), which leverages
laplacian convolutional representations for time series im-
putation. The generative models include: 6) mTAN (Shukla



and Marlin 2021), employing a VAE for irregularly sam-
pled time series; 7) CSDI (Tashiro et al. 2021), a condi-
tional score-based diffusion model for imputation; and 8)
PriSTI (Liu et al. 2023), a conditional diffusion framework
that integrates geographic context.

Missing Patterns. We introduce two challenging miss-
ingness patterns: Spatially Random, Temporally Contigu-
ous (SR-TC) and Spatially Clustered, Temporally Contigu-
ous (SC-TC). 1) SR-TC: The total length of the series at
each node is L, and the time series is divided into % non-
overlapping temporal patches of length 7. For each of the N
nodes, each temporal patch is independently masked with a
probability of «, resulting in missing blocks that are contigu-
ous in time but randomly distributed across nodes. 2) SC-
TC: The N nodes are first partitioned into N, distinct com-
munities. A missing block is defined by a temporal patch
of length 7" and a node community. Each of these % X N,
blocks is independently masked with a probability of «,
causing entire communities of sensors to drop out simulta-
neously for continuous time periods. For our experiments,
we set the missing rate o« = 80% and T = 12.

Performance Comparison

The overall performance is presented in Tab. 1. The key
observations are as follows: (1) FENCE achieves state-of-
the-art performance across all three datasets, both for the
SR-TC and SC-TC missing patterns. Notably, FENCE out-
performs the second-best method by an average of 6.26%
in MAPE across all the datasets and missing patterns. (2)
Among discriminative models, ImputeFormer demonstrates
superior performance, benefiting from its integration of low-
rank inductive bias combined with Transformers. (3) Score-
based diffusion models, such as CSDI and PriSTI, perform
competitively compared to machine learning and discrimi-
native models. (4) FENCE significantly outperforms exist-
ing diffusion models, including CSDI and PriSTI, demon-
strating the effectiveness of the dynamic feedback mecha-
nism that adjusts the guidance scale during imputation. (5)
Under the challenging SC-TC scenario, FENCE consistently
outperforms all baselines across all metrics, demonstrating
its effectiveness in handling highly sparse missing patterns.

Ablation Study

We conduct an ablation study to evaluate the effectiveness
of the spatial-temporal feedback guidance mechanism and
the cluster-aware guidance strategy. Specifically, we com-
pare FENCE with three variants: (1) wo-U, which removes
the modeling of unconditional scores and only models the
conditional scores. (2) wo-F, which removes the spatial-
temporal feedback guidance from the denoising process; (3)
wo-C, which removes the cluster-aware guidance strategy
and instead applies a uniform global guidance scale to all
nodes at each denoising step.

The results are shown in Fig. 3. First, the wo-U vari-
ant, which does not model the unconditional prior distri-
bution, results in suboptimal performance. This indicates
that the two-stage training procedure, which first models the
prior distribution, facilitates a more accurate modeling of
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the conditional distribution. Second, we compare FENCE
with the wo-F variant. The results show that incorporat-
ing spatial-temporal feedback guidance yields substantial
performance gains across all metrics and missing patterns,
showing the importance of dynamically adjusting the guid-
ance scale based on the alignment between generated values
and conditional observations. Finally, FENCE outperforms
the wo-C variant, showing the effectiveness of the cluster-
aware guidance strategy. This result demonstrates that com-
puting guidance scales based on clustered information leads
to more accurate imputations, compared to applying a uni-
form global scale to all nodes at each denoising step.
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Figure 3: Ablation study.

Hyperparameter Analysis

We evaluate the key hyperparameters of FENCE on the
PEMSO04 dataset, as shown in Fig. 4. These include the prior
confidence 7, the guidance timing parameters (g, ¢1), and
the number of clusters. The parameters (to,¢1) control the
guidance offset  and temperature 7, with their relationships
illustrated in the appendix. As shown in Fig. 4, FENCE’s
performance is relatively stable across different settings of
(to,t1). Regarding the prior confidence in the conditional
model, the best results are obtained when @ = 0.5. A
higher value of 7 indicates high confidence in the condi-
tional model, which necessitates a very low posterior like-
lihood for applying guidance. In contrast, a lower value,
such as m = 0.5, provides a broader operational range
for FENCE, lowering the threshold for guidance activation.
Next, we evaluate different settings of the ratio of node num-
ber to cluster number: 1, N/20, N/10, N/8 N. The best
performance is achieved at N/20, while setting the ratio
to 1 or N results in degraded performance. This indicates
that using either a global uniform guidance scale or a node-
specific guidance scale is suboptimal compared to employ-
ing a cluster-level guidance scale.

Case Study

We compare FENCE with CFG, where the guidance scale
is fixed at 1. In Fig. 5, for a node with no observations



Datasets | Miss Type ‘ Metrics ‘ ASTGNN IGNNK GCASTN LCR ImputeFormer | mMTAN CSDI PriSTI | FENCE
MAE 31.47 32.69 30.54 28.75 27.30 31.20 27.63 27.51 26.57
SR-TC RMSE 45.94 47.27 44.93 44.10 43.81 4536 4337 4346 | 4245
PEMSO04 MAPE 0.192 0.201 0.191 0.189 0.178 0.209 0.187 0.184 | 0.172
MAE 31.70 33.32 30.07 28.98 29.35 30.59 28.26 28.47 27.31
SC-TC RMSE 47.76 49.12 47.97 46.96 46.71 48.19 4539 4531 44.28
MAPE 0.212 0.214 0.205 0.197 0.206 0.217 0.189 0.190 | 0.180
MAE 46.16 52.64 50.02 47.24 45.07 45.60 4436 46.84 | 42.51
SR-TC RMSE 65.60 71.16 66.31 65.88 65.86 67.07 6437 6523 63.48
PEMS07 MAPE 0.206 0.234 0.310 0.207 0.195 0.225 0.208 0.213 0.178
MAE 47.63 55.12 45.95 44.97 44.59 4531 4478 45.18 | 43.12
SC-TC RMSE 73.85 79.54 74.29 74.11 73.75 75.06 7433 73.54 | 73.06
MAPE 0.265 0.332 0.260 0.248 0.232 0.247 0.228 0.224 | 0.215
MAE 26.72 27.17 26.82 25.52 25.27 27.09 2432 24.06 | 22.77
SR-TC RMSE 41.22 42.76 41.87 40.90 40.64 4492 41.09 42.01 40.26
PEMS08 MAPE 0.180 0.194 0.186 0.166 0.160 0.187 0.167 0.164 | 0.147
MAE 31.82 32.25 30.78 30.51 29.64 30.29 2823 3590 | 27.29
SC-TC RMSE 50.76 51.35 49.39 50.03 48.37 51.82 4854 48.80 | 47.78
MAPE 0.220 0.231 0.213 0.218 0.216 0.229 0.190 0.193 0.175

Table 1: Overall Imputation performance comparison. Bold and underlined fonts indicate the best and second-best results.
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Figure 4: Effect of hyperparameters.

across 12 time slices, CFG’s fixed scale provides insufficient
correction strength, causing the imputation to revert to the
learned average and deviate from the ground truth. In con-
trast, FENCE’s dynamic guidance mechanism actively ad-
justs the guidance scale based on the posterior likelihood.
When the imputation diverges from the observations, the
guidance scale increases to strengthen the correction. This
adaptive process results in an imputation that more accu-
rately reflects the true conditional data distribution.
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Figure 5: Case Study

Conclusion

This paper proposes FENCE, a spatial-temporal feedback
diffusion guidance method that tackles the limitations of ex-
isting imputation methods based on diffusion models, which
rely on a fixed guidance scale. FENCE dynamically adjusts
the guidance scale based on posterior likelihood approx-
imations, ensuring the generated values consistently align
with observed data throughout the denoising process. Fur-
thermore, the cluster-aware guidance mechanism leverages
spatial-temporal correlations to tailor the guidance for dif-
ferent nodes, improving imputation accuracy.
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