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Abstract. Depression severity estimation is formulated as continuous
regression, yet clinical decisions rely on categorical severity grades. This
granularity mismatch leads to boundary-agnostic optimization and or-
dinally unstructured representations. We propose Multi-Granularity Su-
pervision, jointly leveraging continuous scores and ordinal grades as com-
plementary signals. Our key theoretical contribution proves that ordinal
supervision induces boundary-aware gradient amplification, where gradi-
ent magnitude peaks at clinical thresholds. We instantiate this through
Ordinal Consistency Regularization for boundary awareness in predic-
tion space, and Prototype-based Severity Contrastive Learning for ordi-
nal structure in feature space. On AVEC 2013, AVEC 2014, DAIC-WOZ,
and E-DAIC, we achieve MAE of 5.06, 5.15, 4.33, and 5.02 respectively,
establishing new state-of-the-art across all benchmarks. Code is available
at https://github.com/aqlzh/BAMGL_Depression.

Keywords: Depression Severity Estimation - Multi-Granularity Learn-
ing - Ordinal Regularization

1 Introduction

Depression severity estimation from behavioral signals has significant clinical
value [1]. State-of-the-art methods formulate this as continuous regression op-
timizing point-wise losses like MSE [2]. However, this overlooks a fundamental
characteristic of clinical assessment: the dual granularity structure.

1.1 The Granularity Mismatch Problem

Clinical depression assessment operates at dual granularities: fine-grained con-
tinuous scores such as those from the Beck Depression Inventory-II for precise
symptom tracking, and coarse-grained severity grades ranging from minimal to
severe for guiding treatment decisions. Current methods optimize exclusively at
the fine-grained level, receiving no signal about clinical boundaries.

This manifests as two limitations shown in Fig. 1. Limitation 1: Boundary-
Agnostic Optimization. MSE assigns identical gradients to errors of equal
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Fig. 1. Granularity mismatch problem. (a) Boundary-agnostic optimization: MSE as-
signs identical gradients despite different clinical impact. (b) Ordinally unstructured
representations.

magnitude regardless of boundary crossing. For example, predicting 15 as 19
within the mild range receives the same MSE penalty as predicting 15 as 11
across the minimal-mild boundary, although the latter has greater clinical con-
sequence. Limitation 2: Ordinally Unstructured Representations. Point-
wise regression imposes no feature space constraints, allowing samples of similar
severity to scatter arbitrarily without ordinal structure.

1.2 Our Approach: Multi-Granularity Supervision

We propose Multi-Granularity Supervision, bridging the granularity gap by
treating coarse-grained severity structure as auxiliary supervision. Clinical sever-
ity grades encode boundary information invisible to point-wise losses. Injecting
this ordinal knowledge as regularization, rather than task reformulation, yields
representations respecting both granularities.

Our theoretical contribution proves ordinal supervision induces boundary-
aware gradient amplification: gradient contribution from auxiliary loss is max-
imized at clinical thresholds, providing principled behavior where the model
is most careful where clinically most consequential. Unlike CORAL [3] and
SORD [4] that reformulate regression as ordinal classification, our method pre-
serves continuous regression while augmenting with ordinal regularization. We
instantiate this through Ordinal Consistency Regularization (OCR) for boundary-
aware prediction and Prototype-based Severity Contrastive Learning (PSCL) for
ordinal feature structure.

Contributions. (1) We identify the granularity mismatch problem with
two concrete limitations. (2) We propose Multi-Granularity Supervision bridg-
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Fig. 2. Overview of the proposed multi-granularity supervision framework, where vi-
sual and audio features are extracted and integrated into multimodal representations
for depression severity estimation under both fine-grained regression and coarse-grained
ordinal supervision.

ing fine-grained regression and coarse-grained ordinal structure. (3) We analyze
boundary-aware gradient amplification, characterizing how ordinal regulariza-
tion concentrates learning at clinical thresholds. (4) We achieve state-of-the-art
on four benchmarks: AVEC 2013, AVEC 2014, DAIC-WOQOZ, and E-DAIC.

2 Related Work

Depression Detection. Recent baselines, including Point Transform [2], AVA-
DepNet [13], DepMGNN [19], FC-AEN |[21], and SIMMA [23], mainly perform
point-wise regression without explicit ordinal supervision.

Ordinal Regression. CORAL [3], SORD [4], and recent contrastive ordinal
methods [5,7] reformulate severity estimation as discrete ordinal classification,
weakening fine-grained continuous scoring; OCR instead preserves continuous
regression while regularizing clinical-threshold learning.

Prototype Learning. Unlike hard-assignment prototypes [6] for classifi-
cation, PSCL employs learnable severity prototypes with soft ordinal weighting
over continuous scores and explicit geometric ordering constraints for regression.

3 Method

Let X € RT*P denote input with T time steps. We predict continuous sever-
ity y € [0, Yinax] while leveraging clinical thresholds {by,...,bx_1} defining K
severity grades. Fig. 2 and Fig. 3 illustrate our framework.
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Fig. 3. Detailed architecture showing the Mamba encoder, prediction head, learnable
severity prototypes, and ordinal consistency regularization.

3.1 Ordinal Consistency Regularization (OCR)

For clinical threshold by, we define differentiable soft assignment si(v) = o (£=2),
where 7 > 0 controls transition sharpness. The vector s(v) = [s1(v), ..., sx—1(v)] "
encodes cumulative ordinal membership. OCR penalizes squared discrepancies
in ordinal assignments:

K-1

Locr = Y (sk(y) — sk (i) (1)

k=1
Theoretical Analysis. We characterize OCR’s gradient behavior.

Proposition 1 (Gradient Form). The gradient of Locr with respect to § is:

K-1
358% = % > (sk(y) = s(9)) - sk(9)(1 = 51(3)) @
k=1

Theorem 1 (Boundary-Aware Gradient Amplification). For each thresh-
old by, the gradient magnitude |si(§)(1 — si(9))| achieves its unique mazimum
at ]} = bk N
. . 1 .
max [sk(§)(1 —se(@)| =7 at §=b (3)

with exponential decay as |§ — by| increases.

Proof. Let g(y) = si(9)(1—sk(y)). By the chain rule, ¢'(9) = s.(9)(1—2sx(y)) =
0 & § = by since s, > 0. As s(1 — s) is strictly concave in s € (0,1) with
d*/ds? = —2 < 0, g attains unique global maximum 1/4 at § = by. As |§ — by
increases, sx(9) — 0 or 1, hence ¢g(§) decays exponentially.
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Theorem 1 proves ordinal supervision concentrates learning signal at clinical
boundaries. Near thresholds, maximum gradient ensures strongest correction;
far from boundaries, diminished gradient allows MSE to dominate.

3.2 Prototype-based Severity Contrastive Learning (PSCL)

PSCL enforces ordinal geometry in feature space. We introduce K learnable
prototypes P = {py,...,px} C R? representing canonical severity embeddings.
Given target y, soft assignment weights based on proximity to severity centers
Cr = (bk—l + bk)/Q are:

exp(—|y _Ck|/Tp) (4)
K
Zj:l exp(—|y — ¢;|/7p)
PSCL employs three losses for attraction, repulsion, and ordering:
Lair = 1= Y4y wi(y) - cos(£, pr),
K
Erepul = Ek:l wk(y) : Z];&k 1+|]:£;7j‘ . max((), COS(f, p]))a (5)

Eorder = Ei(:_ll max(O, m — ||pk - pk-‘rl”?)'

wi(y) =

where 1‘H+*j decays with ordinal distance, emphasizing adjacent grades.
The total PSCL loss is Lpscr, = Lattr + ArLrepul + AoLorder-

3.3 Multi-Granularity Training Objective

The complete objective integrates both granularities:

Liotal = LmsE  + AocrLoCR + ApsalLpPscL (6)
~—~— —— N———
fine-grained  coarse-grained  coarse-grained
(prediction) (feature)
OCR and PSCL serve as regularizers. The primary task remains continuous
regression; ordinal knowledge shapes optimization dynamics via Theorem 1 and
feature geometry without altering output formulation.

4 Experiments

Datasets and Implementation. Using official splits, we evaluate visual /audio/audio-
visual inputs on AVEC 2013/2014 [8,9] (BDI-II, 0-63) and DAIC-WOZ/E-
DAIC [10] (PHQ-8, 0—-24). Inputs use HOG+SVM faces and STFT-based log-Mel

audio features. We use Mamba with AdamW (Ir=1075, 100 epochs), Aocr=Apsc1=0.1.

4.1 Main Results and Ablation Study

Tables 1 and 2 demonstrate state-of-the-art performance across all four bench-
marks.

With the backbone fixed, Table 3 shows that PSCL, OCR, and the full ob-
jective consistently improve over MSE-only training, confirming loss-level gains
without changing the architecture.
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Table 1. Comparison on AVEC2013 and AVEC2014 test sets. “V” = visual unimodal;
“Multimodal” = audio-visual. Bold = best; underlined = second-best.

AVEC2013 AVEC2014

Modal Method Year MAE] RMSE] | MAE] RMSE]
MTDAN [11] 2023 | 6.14 8.08 6.35 7.93
STA-DRN [12] 2023 | 6.15 7.98 6.00 7.75
AVA-DepNet [13] 2023 5.97 7.26 5.99 6.83
DepressionMLP [14] 2024 5.43 7.49 5.63 7.27
PointTransform [2] 2024 | 5.62 7.36 5.41 7.12
\% SETD-Net [15] 2025 6.06 7.60 6.03 7.59
MLGI [16] 2025 6.82 8.25 6.12 8.07
MemRank [17] 2025 | 5.82 7.78 5.77 7.69
LMTformer [18] 2025 6.12 7.75 6.05 7.97
DepMGNN [19] 2025 5.41 7.08 5.45 6.62
Ours - 5.34 6.69 5.37 6.48
AVA-DepNet [13] 2023 | 6.23 7.99 5.32 6.83
Self-attn+GFN [1] 2024 | 752 1015 | 7.86  10.36
Multi. CNN+BIiLSTM+ADF [20] 2024 6.48 8.91 7.01 9.38
FC-AEN [21] 2025 | 511 641 | 532 7.00
Ours - 5.06 6.34 5.15 6.39

Table 2. Performance on DAIC-WOZ and E-DAIC test sets. “V”’ = visual; “A” =

audio; “Multi.” = multimodal; “—” = not reported. Bold = best; underlined = second-
best.
Modal DAIC-WOZ E-DAIC
Method Year MAE| RMSE | Method Year MAE| RMSE|
Rand. Forest [22] 2023 5.30 6.26 |DPD Net [26] 2024 - 6.19
v AVA-DepNet [13] 2023 4.78 5.96 |SIMMA [23] 2025 5.36 6.41
SIMMA [23] 2025 4.98 6.04 |FC-AEN [21] 2025 5.35 6.39
Ours - 4.41 5.13 |Ours - 5.20 6.39
Rand. Forest [22] 2023 5.49 6.64 |VQWTNet [24] 2024 5.38 6.29
A VQWTNet [24] 2024 5.38 6.36 |[SIMMA [23] 2025 5.33 6.47
SIMMA [23] 2025 4.88 5.81 |FC-AEN [21] 2025 5.19 6.21
Ours - 4.37 5.52 |Ours -  4.87 5.98
SAGAN-M [25] 2022 5.13 5.78 MM [27] 2024 5.21 —
Multi. Rand. Forest [22] 2023  5.38 6.35 [SIMMA [23] 2025 5.31  6.37
Ours - 4.33 5.33 |Ours - 5.02 6.05

4.2 Analysis and Validation

Fig. 4 provides empirical validation of our theoretical findings. The OCR loss
distribution shows elevated values around several severity transition regions,
broadly consistent with the clinical thresholds at 14, 20, and 29, and sup-
ports the boundary-aware behavior analyzed in Theorem 1. PCA visualization
demonstrates ordinal clustering in feature space with smooth severity transi-
tions. Fig. 5 validates PSCL’s effectiveness through uniform prototype attrac-
tion, strong inter-class separation, and satisfied ordinal constraints.
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Table 3. Ablation study on AVEC2013 and AVEC2014 datasets.

AVEC2013 AVEC2014

Baseline OCR PSCL [MAE| RMSE] MAE]| RMSE|

v X X 5.80 6.89 5.94 7.37

v X v 5.52 6.78 5.59 7.30

v v X 5.22 6.65 5.30 6.83

v v v 5.06 6.34 5.15 6.39
Wilcoxon signed-rank| W = 945, p = 0.001 W =976, p < 0.001
Paired t-test t(49) = 2.87, p = 0.006|t(49) = 3.59, p < 0.001
Bootstrap 95% CI [0.36, 1.98] [0.59, 2.02]"

Note: TCI excludes zero, indicating significant improvement.
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Fig. 4. Empirical analysis on AVEC 2014 validating Theorem 1. (a) Prediction errors
are concentrated near zero. (b) OCR loss shows elevated values around several severity
transition regions, broadly consistent with the clinical thresholds at 14, 20, and 29. (c)
PCA visualization shows ordinal clustering with learned prototypes.
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Fig.5. PSCL component analysis on AVEC 2014. (a) Attraction loss. (b) Repulsion
loss. (c) Ordinal constraint satisfaction with margin m=1.0.

Table 4 demonstrates that moderate regularization weights (Ager=Apsc1=0.1)
achieve optimal performance. Excessive regularization (A=0.5) compromises re-
sults, confirming that OCR and PSCL serve as auxiliary signals complementing
rather than dominating the primary regression objective.
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Table 4. Parameter sensitivity analysis on AVEC2013 and AVEC2014. Moderate regu-
larization (A=0.1) achieves optimal balance; over-regularization (A=0.5) degrades per-
formance.

AVEC2013 AVEC2014

Aocr ApscL | MAE| RMSE| CCCt PCCt|MAE] RMSE| CCCt PCCt
0.05  0.05 5.40 6.55 0.80  0.85 5.62 7.02 0.78  0.80
0.05 0.1 5.53 6.75 0.78  0.85 5.69 7.19 0.78  0.79
0.5 0.5 5.70 7.03 0.75  0.83 5.51 6.73 0.79 0.85
0.1 0.1 5.06 6.34 0.81 0.86 | 5.15 6.39 0.82 0.85
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Fig. 6. Qualitative analysis across severity levels. Grad-CAM attention and temporal
activations exhibit ordinal progression correlating with clinical severity.

4.3 Qualitative Results

Fig. 6 visualizes model interpretability across severity levels. Grad-CAM high-
lights clinically-relevant facial regions (eyes, mouth) with attention intensity
increasing by severity. Temporal activations exhibit clear ordinal structure, em-
pirically confirming boundary-aware learning.

5 Conclusion

We identified the granularity mismatch problem and proposed Multi-Granularity
Supervision to bridge fine-grained regression with coarse-grained clinical struc-
ture. Our theoretical analysis shows that ordinal regularization concentrates
learning at clinical thresholds, and results on four benchmarks validate the
boundary-aware design. Broader validation across larger and more diverse co-
horts remains future work.
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