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Abstract—Deploying Human Pose Estimation (HPE) on mi-
crocontroller units (MCUs) often relies on hardware-aware
architecture selection (e.g., XiNet-Pose) to meet strict resource
constraints, which inevitably sacrifices performance by excluding
heavy components like Spatial Pyramid Pooling (SPP) and
multi-scale heads. While knowledge distillation (KD) offers a
remedy, it falters in such highly heterogeneous scenarios due to
Optimization Misalignment from conflicting gradient directions
and Structural Misalignment between multi-head teachers and
single-head students. To bridge these gaps, we propose DualAlign,
a unified framework for extremely lightweight pose estimation.
DualAlign incorporates two complementary alignment mecha-
nisms: Gradient-Projected Alignment (GPA) dynamically gates
distillation weights based on gradient directional consistency
to automatically shield the student from optimization conflicts,
while Transient Structural Alignment (TSA) employs auxiliary
heads governed by a “Lead Head Principle” to seamlessly inject
multi-scale knowledge into the shared backbone during training.
Extensive experiments on MS COCO Keypoints demonstrate that
DualAlign significantly recovers accuracy without incurring any
inference overhead, consistently outperforming other representa-
tive distillation paradigms adapted for this constrained setting.

Index Terms—TinyML, Knowledge Distillation, Human Pose
Estimation

I. INTRODUCTION

Real-time Human Pose Estimation (HPE) on edge de-
vices, particularly microcontroller units (MCUs), is pivotal
for ubiquitous applications ranging from health monitoring
to human-machine interaction [1]. However, deploying deep
learning models on such strictly constrained hardware (e.g.,
typically < 1MB RAM) necessitates hardware-aware archi-
tecture design [2]. To meet these stringent resource budgets,
recent lightweight models often undergo aggressive structural
exclusion, where computationally heavy but semantic-rich
components—such as Spatial Pyramid Pooling (SPP) and
multi-scale detection heads—are removed during the archi-
tecture selection phase [2]. While this simplification ensures
inference efficiency, it inevitably compromises the model’s
representational capacity, leading to a significant degradation
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Fig. 1. Illustration of the challenges and our proposed solutions in hetero-
geneous distillation.(Top) Optimization Misalignment occurs when regression
gradient directions conflict, causing destructive interference; Structural Mis-
alignment arises from the topology gap, where the single-head student lacks
interfaces to receive multi-scale knowledge. (Bottom) Our DualAlign frame-
work resolves these via GPA (dynamic gating based on gradient consistency)
and TSA (transient auxiliary heads), respectively.

in pose estimation accuracy, especially under occlusion or
scale variation.

Knowledge Distillation (KD) [3] serves as a promising
avenue to recover this lost accuracy by transferring knowledge
from a high-capacity teacher to the compact student. In this
context, employing the full-architecture supernet as the teacher
is the most natural choice, as it maximizes the alignment
of inductive biases (e.g., convolutional operators) with the
student [4]. However, even within this same-lineage pair, the
structural exclusion creates a scenario of highly heterogeneous
distillation. We observe that conventional KD methods [5],
[6], which typically rely on static weights or heuristic loss-
based gating, falter in this extreme regime. They fail to address
two fundamental misalignments arising from the structural
gap between the full-capacity teacher and the structurally
simplified student.

The first obstacle is Optimization Misalignment, inherent
in distilling regression-based tasks with unbounded outputs.
As illustrated in Fig. 1 (Top-Left), lacking global context com-
ponents (e.g., SPP), the student’s optimization direction often



contradicts the teacher’s. When the teacher’s gradient (gKD)
diverges significantly from the ground truth gradient (gGT )
(i.e., exhibiting negative cosine similarity), blindly mimicking
such conflicting signals destabilizes training. This creates
a critical need to dynamically identify when the teacher’s
guidance constructively aligns with the ground truth versus
when it constitutes harmful noise.

The second obstacle is Structural Misalignment, stemming
from the topological discrepancy between the models. As
depicted in Fig. 1 (Top-Right), while the teacher utilizes a
multi-level feature pyramid (P3-P5) to handle scale variations,
the hardware-constrained student is typically restricted to
a Single-Head architecture (e.g., P4 only). This creates an
architectural bottleneck: the student lacks the corresponding
physical interfaces to receive the teacher’s distributed scale-
specific knowledge (e.g., P3 for small objects), leaving these
knowledge channels disconnected (marked as “No Interface”).
This necessitates a strategy to determine how to effectively
inject multi-scale knowledge into a simplified single-scale
structure despite the architectural gap.

To bridge these gaps, we propose DualAlign, a unified dis-
tillation framework tailored for extremely lightweight pose es-
timation models (e.g., XiNet-pose [2]). DualAlign incorporates
two complementary mechanisms to resolve the aforementioned
misalignments without introducing any inference overhead
(Fig. 1, Bottom). First, to ensure optimization consistency,
we introduce Gradient-Projected Alignment (GPA). Instead
of relying on scalar loss values, GPA monitors the gradient
directional consistency between the teacher and the student. It
dynamically gates the distillation signal, acting as an automatic
“safe valve” that allows knowledge transfer only when the
teacher’s guidance constructively aligns with the ground-truth
optimization direction. Second, to ensure structural consis-
tency, we propose Transient Structural Alignment (TSA).
During training, we construct auxiliary heads for the student,
governed by a “Lead Head Principle”, to establish a temporary
isomorphic structure with the teacher. This allows the seamless
injection of multi-scale knowledge into the shared backbone,
which is then retained by the single lead head during inference.

Our main contributions are summarized as follows:

• We systematically identify Optimization Misalignment
and Structural Misalignment as the primary causes
of failure for heterogeneous distillation in extremely
lightweight regression tasks.

• We propose Gradient-Projected Alignment (GPA), a
hyperparameter-free gating mechanism that resolves gra-
dient conflicts with automatic curriculum learning.

• We design Transient Structural Alignment (TSA) to
bridge the topological gap between multi-head teachers
and single-head students, enabling effective feature injec-
tion without inference costs.

• Extensive experiments on MS COCO Keypoints show
that DualAlign significantly recovers the performance of
structurally simplified models, outperforming representa-
tive distillation methods in heterogeneous scenarios.

II. RELATED WORK

A. Efficient HPE and Knowledge Distillation

To enable real-time HPE on edge devices, recent works have
shifted from computation-heavy heatmap-based paradigms [7],
[8] to regression-based architectures [9]–[11]. While removing
heatmaps and post-processing significantly reduces latency,
deploying on MCUs requires further hardware-aware archi-
tectural selection (e.g., XiNet-Pose [12]), often resulting in
the exclusion of critical components like SPP and multi-
scale heads. KD [3], [13], [14] is a standard approach to
recover such capacity loss. However, conventional feature-
based methods [15]–[17] typically require computationally
expensive alignment layers (e.g., 1 × 1 convs) to bridge the
dimension gap. Moreover, directly applying response-based
KD to regression tasks often yields sub-optimal results due
to the unbounded nature of coordinate prediction and the lack
of spatial regularization inherent in heatmaps [18]–[20], neces-
sitating a more robust distillation strategy for heterogeneous
regression pairs.

B. Addressing Heterogeneity and Conflicts

The distillation process between a full-capacity teacher
and a structurally simplified student inherently constitutes a
severely heterogeneous scenario. Such architectural divergence
fundamentally creates two primary obstacles: optimization
conflicts and structural misalignment. To mitigate these issues,
prior works typically resort to adaptive reweighting strategies
[5], [6], [21]–[23] to balance conflicting supervision signals,
or introduce architectural adaptation modules [15], [16], [24]–
[26] to bridge the feature dimension gap.
Optimization Conflict Resolution. Existing methods often
employ heuristic gating to mitigate optimization conflicts. GID
[5] and FGD [6] select distillation samples based on scalar loss
discrepancies (e.g., distilling only when teacher loss is lower).
We argue that scalar loss is a lossy proxy for optimization
dynamics, as it ignores the direction of parameter updates.
While gradient-guided methods like MoKD [23] attempt to
project conflicting gradients, they often overlook the gradient
magnitude explosion [20] inherent in regression tasks, which
can destabilize training. In contrast, our Gradient-Projected
Alignment (GPA) utilizes normalized cosine similarity to mon-
itor gradient directional consistency, acting as a robust gate
that filters out conflicts regardless of magnitude fluctuations.
Structural Alignment. To bridge the topological gap, methods
like HEAD [25] introduce assistant heads to align backbone
features. However, HEAD targets general object detection and
does not address the specific Task Assignment Conflict in
TinyML, where a multi-head teacher distributes objects across
scales while a single-head student must handle all scales. Our
Transient Structural Alignment (TSA) extends this concept by
enforcing a “Lead Head Principle”, which creates a temporary
isomorphic structure to inject multi-scale knowledge into the
shared backbone without affecting the inference-time single-
head topology.
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Fig. 2. Motivation and Overview of DualAlign. (a) Optimization Misalignment: Regression gradients (orange) exhibit extreme magnitude variance (log-scale)
compared to stable classification gradients (blue), risking training collapse. (b) Structural Misalignment: In heterogeneous settings (e.g., Multi-Head → Single-
Head), the fraction of constructive gradients (cos > 0) remains persistently low (Blue line), indicating a closed learning gate. Structural alignment significantly
improves gradient consistency (Orange line). (c) Methodology: To resolve these, GPA dynamically gates gradients based on directional consistency ρ, while
TSA introduces transient auxiliary heads to bridge the topological gap. The auxiliary heads are discarded during inference.

III. METHODOLOGY

In this section, we formulate the distillation problem specif-
ically for heterogeneous HPE. We first present our empir-
ical analysis (Fig. 2a and Fig. 2b), which reveals the dual
challenges of optimization conflict and structural bottlenecks.
Based on these insights, we introduce DualAlign, a unified
framework comprising GPA and TSA. The overall framework
is illustrated in Fig. 2c.

A. Preliminaries
Let T and S denote the teacher and student networks,

parameterized by θT and θS , respectively. We adopt the XiNet-
pose family [2], where T is the full-capacity supernet equipped
with multi-scale heads (P3, P4, P5), and S is a structurally
simplified subnet constrained to a single head (Lead P4) to
minimize peak memory on MCUs.

Given an input image X and its corresponding ground
truth labels Y (containing bounding boxes B and keypoints
K), the student is trained using a task loss LGT comprising
classification (BCE), bounding box regression (IoU/DFL), and
keypoint regression (OKS/MSE). KD introduces an additional
loss LKD to enforce consistency between the predictions of
S(X) and T (X). The generic optimization objective to find
the optimal student parameters θ∗S is formulated as:

θ∗S = argmin
θS

(LGT (S(X; θS), Y ) + λLKD(S, T )) , (1)

where λ is typically a static balancing weight.

B. Motivation and Empirical Analysis
Standard KD fails in highly heterogeneous regression tasks.

We investigate the underlying causes through gradient analy-
sis, identifying two critical misalignments.

a) Optimization Misalignment: The Gradient Conflict.:
Regression tasks inherently suffer from high variance in gradi-
ent magnitudes. As visualized in Fig. 2a, regression gradients
(orange curve) exhibit extreme magnitude explosions, often
spanning orders of magnitude higher than stable classification
gradients (blue curve). When the teacher’s prediction contains
bias, this high-variance regression gradient gKD often contra-
dicts the ground-truth gradient gGT . Blindly aggregating these
conflicting signals with a static weight leads to destructive
interference. This necessitates a gating mechanism (GPA) to
filter out harmful gradients based on directional consistency
rather than unstable magnitudes.

b) Structural Misalignment: The Topological Bottleneck.:
While gating prevents collapse, it exposes a deeper structural
issue. We monitor the fraction of “constructive gradients”
(where cosine similarity ρ > 0) during training. As shown in
Fig. 2b, in the heterogeneous setting (Blue line), the positive
fraction remains low (≈ 0.4), implying that the single-head
student fundamentally struggles to assimilate the multi-head
teacher’s knowledge, causing the gate to remain “closed” most
of the time. In contrast, structurally aligned settings (Orange
line) achieve high consistency. This motivates us to construct
a structural bridge (TSA) that re-aligns the feature topology
to unlock valid knowledge transfer.

C. Gradient-Projected Alignment (GPA)

To address Optimization Misalignment, we propose GPA,
a dynamic weighting strategy that governs when to learn.
Instead of relying on scalar loss discrepancies, GPA monitors
the geometric alignment of optimization directions. Let gGT

and gKD denote the gradients of the task loss and distillation



loss w.r.t. the student’s head parameters. We compute the
normalized cosine similarity ρ:

ρ =
gGT · gKD

∥gGT ∥∥gKD∥+ ϵ
. (2)

Normalization is crucial here to decouple the update direction
from the magnitude explosions identified in Sec. III-B. The
dynamic distillation weight ωGPA is then formulated as:

ωGPA = α · ReLU(ρ), (3)

where α is a base scaling factor. The ReLU operation acts as
a hard filter: it zeroes out the distillation weight when ρ < 0
(conflict), preventing negative transfer. Conversely, when ρ >
0 (alignment), the weight scales with consistency. This mech-
anism naturally achieves automatic curriculum learning: early
random gradients are suppressed, while converged gradients
are amplified.
D. Transient Structural Alignment (TSA)

To address Structural Misalignment and “open the gate” for
GPA, we propose TSA, answering how to learn. The core
intuition is to construct a temporary isomorphic architecture
that aligns the student’s topology with the multi-head teacher
during training. Given a teacher with heads {HP3

T , HP4
T , HP5

T }
and a student restricted to a single head HP4

S , we augment
the student with Transient Auxiliary Heads {HP3

aux, H
P5
aux}

attached to the shared backbone. To prevent the auxiliary
heads from diluting the main task capability of the student,
we enforce the Lead Head Principle, which decouples task
execution from knowledge injection:

1) Lead-Exclusive Supervision (Task Execution): The
ground-truth loss LGT is applied exclusively to the
student’s Lead Head (HP4

S ). Unlike conventional multi-
head training where objects are assigned to specific
levels based on scale, here the single Lead Head is
forced to handle objects of all scales. This ensures that
HP4

S develops the standalone capability required for
inference.

2) Auxiliary-Only Distillation (Knowledge Injection): The
Auxiliary Heads {HP3

aux, H
P5
aux} are supervised solely by

the teacher via distillation loss LKD, without seeing any
ground truth. They force the shared backbone to encode
multi-scale semantics (e.g., small object details from P3)
that match the teacher’s representation.

Through this mechanism, the Lead Head “harvests” the
enriched multi-scale features injected by the Auxiliary Heads,
achieving performance gains without structural changes at
inference time.

E. Unified Training Objective

Combining GPA and TSA, the final objective function is:

Ltotal = LGT (H
lead
S , Y )+

∑
k∈{3,4,5}

ω
(k)
GPA·LKD(H

(k)
S , H

(k)
T ),

(4)
where ω

(k)
GPA indicates that gradient gating is computed in-

dependently for each head pair. Upon training completion,
auxiliary heads are discarded.

IV. EXPERIMENTS

A. Experimental Setup

Datasets and Metrics. We evaluate our method on the MS
COCO Keypoints dataset, using the standard train2017 split
for training and val2017 for evaluation. We report Average
Precision (AP), AP50, AP75, and Average Recall (AR) based
on Object Keypoint Similarity (OKS). All AP/AR metrics are
reported in percentage (%).
Model Configurations. We target the heterogeneity challenges
in compressing YOLO-like anchor-free pose estimators.

• Student (S): We adopt a hardware-constrained version of
XiNet-Pose [12], a YOLO-based architecture optimized
for extreme edge devices. To minimize peak memory
usage and latency, the student is structurally simplified to
a single-head (P4) configuration with the Spatial Pyramid
Pooling (SPP) neck module removed.

• Teacher (T ): We select the full-capacity version of
XiNet-Pose as the teacher, equipped with SPP and multi-
scale heads (P3, P4, P5). While other SOTA models
(e.g., HRNet [7], ViTPose [27]) exist, we deliberately
choose this homologous teacher to ensure the alignment
of inductive biases (e.g., convolutional operators and
regression logic). This minimizes the feature domain
gap, ensuring that optimization conflicts arise solely from
structural capacity constraints rather than fundamental
representation mismatches [4].

Implementation Details. Following the standard protocol of
YOLO-Pose [9], all models are trained for 300 epochs with a
cosine learning rate schedule. We use the SGD optimizer and
standard data augmentation strategies (e.g., Mosaic). For our
proposed DualAlign, the base distillation weight α is set to
5.0. The Transient Auxiliary Heads are instantiated to mirror
the teacher’s corresponding heads (P3/P5) structurally but are
strictly discarded during inference.

TABLE I
MAIN RESULTS ON COCO VAL. COMPARISON WITH REPRESENTATIVE

DISTILLATION PARADIGMS ADAPTED TO THE TINYML SETTING.

Method Mechanism AP (%) AP50 (%) AP75 (%) AR (%)

Teacher (Full Arch) - 48.3 77.4 51.2 72.2
Student (Baseline) - 27.7 61.6 20.7 59.9

Static KD Fixed Weight 26.1 60.3 18.4 60.0
GID [5] Loss Gating 27.6 61.3 20.3 59.9
MoKD [23] Gradient Proj. 25.5 59.4 19.4 58.2
HEAD [25] Structural Aux 17.6 36.5 8.7 48.4

DualAlign (Ours) GPA + TSA 28.9 63.3 22.6 60.1

B. Main Results

We evaluate DualAlign against representative distillation
baselines adapted to the TinyML setting: Static KD (fixed
weights), GID [5] (loss-based gating), MoKD [23] (gradient
projection), and HEAD [25] (structural assistants).

As shown in Tab. I, directly applying static regression
distillation causes negative transfer (-1.6 AP), suggesting that
unfiltered teacher signals can conflict with task optimization in
this heterogeneous regime. GID yields only marginal change
(-0.1 AP), indicating that scalar-loss gating is insufficient



to reliably detect harmful updates. MoKD further degrades
performance (-2.2 AP), consistent with instability under large-
magnitude regression gradients. HEAD collapses severely
(-10.1 AP), highlighting that structural adaptation without
conflict-aware optimization can distort the student’s feature
learning.

In contrast, DualAlign is the only method with consistent
positive gain (+1.2 AP over the baseline), and it also improves
AP50 and AP75 simultaneously. This result supports our core
claim: in extremely lightweight heterogeneous distillation, op-
timization conflict and structural mismatch must be addressed
jointly rather than independently. Notably, DualAlign narrows
the gap to the full-architecture teacher from 20.6 AP (Teacher–
Student baseline) to 19.4 AP, showing that meaningful recov-
ery is achievable even under strict TinyML constraints and
without any extra inference-time components.

TABLE II
ABLATION STUDY ON COCO VAL. WE ANALYZE THE IMPACT OF

CHANGING THE STUDENT STRUCTURE AND THE GATING STRATEGY.

Exp Structure Gating Strategy AP (%) AP50 (%) AP75 (%)

1 Single-Head (Base) None 27.7 61.6 20.7

2 Single-Head Static 26.1 60.3 18.4
3 Single-Head GPA (Ours) 28.0 62.1 21.0

4 TSA (Aux Heads) Static 28.1 62.1 20.8
5 TSA (Aux Heads) GPA (Ours) 28.9 63.3 22.6

C. Ablation Study

To validate each component, we vary Structure (Single-
Head vs. TSA) and Gating Strategy (Static vs. GPA), as
summarized in Tab. II.
Impact of GPA. Within the Single-Head setting, static re-
gression KD degrades performance (Row 2 vs. Row 1),
whereas replacing static weighting with GPA restores and
slightly improves AP (Row 3). This confirms that directional-
consistency gating effectively filters conflicting gradients and
prevents destructive transfer.
Impact of TSA and Synergy. Adding TSA with static
weighting (Row 4) provides only limited improvement, in-
dicating that structural interfaces alone do not fully solve
optimization conflict. When TSA is combined with GPA
(Row 5), performance increases to the best overall result
(+1.2 AP vs. baseline), demonstrating that TSA and GPA
are complementary: TSA opens knowledge pathways, while
GPA stabilizes their optimization dynamics. This pattern also
suggests a practical training recipe: first ensure optimization
safety through conflict-aware gating, then leverage structural
augmentation to maximize transferable multi-scale knowledge.

D. In-Depth Analysis

To move beyond performance metrics and understand the
internal working mechanism of DualAlign, we analyze the
training dynamics from optimization and structural perspec-
tives. While the gains in Sec. I and Tab. II verify effectiveness,
they do not directly reveal why DualAlign remains stable
under severe heterogeneity. We therefore examine internal
optimization signals and structural consistency statistics to
provide mechanistic evidence for the two alignment modules.

Dynamics of Gradient-Projected Alignment. One might
question whether the benefit of GPA comes solely from im-
plicitly finding an optimal static scalar. In Fig. 3, we visualize
the evolution of the raw distillation weight ωraw (averaged per
epoch). We observe two critical behaviors that static methods
cannot replicate:

• Micro-level Filtering: Although the average weight ap-
pears low (≈ 0.3), this is a result of selective gat-
ing. As analyzed in Sec. III-B, regression gradients are
highly unstable. GPA assigns high weights to constructive
batches while strictly zeroing out conflicting ones. A
static weight of 0.3 would enforce distillation on all
batches, accumulating noise, whereas GPA acts as a noise
filter.

• Macro-level Auto-Annealing: The weight curve exhibits
a distinct decay trend in the late training phase (200+
epochs). As the student converges, GPA automatically
reduces the supervision intensity, preventing the frozen
teacher from over-regularizing the student’s fine-grained
optimization.
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Fig. 3. Evolution of GPA Weight. The dynamic weight exhibits an “auto-
annealing” trajectory, naturally decaying as the student converges, reducing
conflict without manual scheduling.

Verification of Structural Conflict. The necessity of our
gating mechanism is further supported by the gradient consis-
tency statistics. As illustrated in the Motivation (Fig. 2b), in
highly heterogeneous pairs (e.g., Multi-Head → Single-Head),
the Cosine Positive Fraction—the ratio of batches where
teacher and student gradients align—remains persistently low
(≈ 40%). This indicates that due to the topological gap,
the teacher’s guidance contradicts the student’s ground-truth
optimization direction in the majority of cases. By detecting
this low positive fraction, GPA effectively shuts the gate for
the conflicting 60% of iterations, protecting the student from
destructive interference that causes the collapse observed in
the Static KD baseline (Tab. II).

V. CONCLUSION

In this paper, we addressed the challenge of knowledge
distillation for extremely lightweight pose estimation, where
hardware-aware architecture selection creates a severe het-
erogeneity gap between full-capacity teachers and struc-
turally simplified students. We systematically identified two



fundamental barriers: Optimization Misalignment caused by
conflicting regression gradients, and Structural Misalignment
caused by topological mismatches. To bridge these gaps,
we proposed DualAlign, a unified framework that synergizes
Gradient-Projected Alignment (GPA) for dynamic conflict
suppression and Transient Structural Alignment (TSA) for ef-
fective feature injection. Extensive experiments on MS COCO
Keypoints demonstrate that DualAlign significantly recovers
the performance lost to architectural exclusion, surpassing ex-
isting paradigms for heterogeneous distillation in constrained
scenarios. Crucially, our method achieves these gains with zero
inference overhead, making it an ideal solution for deployment
on microcontrollers.
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