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ABSTRACT

Semi-supervised learning (SSL) has emerged as a practical solution for addressing
data scarcity challenges by leveraging unlabeled data. Recently, vision-language
models (VLMs), pre-trained on massive image-text pairs, have demonstrated re-
markable zero-/few-shot performance that often surpasses SSL approaches due to
their exceptional generalization capabilities. This gap motivates us to question:
how can we effectively harness the powerful generalization capabilities of VLMs
into task-specific models? Knowledge distillation (KD) offers a natural framework
for transferring VLM capabilities, but we identify that it suffers from gradient
conflicts between supervised and distillation losses. To address this challenge, we
propose Dual-Head Optimization (DHO), which introduces dual prediction heads
for each distinct signal. We observe that DHO resolves gradient conflicts, enabling
improved feature learning compared to single-head KD baselines, with practical
benefits of minimal computational overhead and test-time hyperparameter tun-
ing without retraining. Extensive experiments across 15 datasets show that DHO
consistently outperforms KD baselines, often outperforming teacher models with
smaller student models. DHO also achieves new state-of-the-art performance on
both in-distribution ImageNet semi-supervised learning and out-of-distribution
generalization across ImageNet variants. We will publicly release our code and
model checkpoints to facilitate future research.

1 INTRODUCTION

Vision-language models (VLMs), which learn joint vision-language representations through large-
scale pre-training, have shown remarkable zero-shot capabilities across diverse tasks (Radford et al.,
2021; Jia et al., 2021). Building upon these strong foundational capabilities, recent work has explored
various adaptation strategies, including parameter-efficient approaches such as linear probing (Li
et al., 2022; Huang et al., 2024), lightweight adapters (Zhang et al., 2021; Gao et al., 2024), and
prompt-based fine-tuning methods (Zhou et al., 2022b;a; Lafon et al., 2025), demonstrating the
potential of VLMs for data-limited visual recognition tasks.

In parallel, semi-supervised learning (SSL) has emerged as a practical approach to address data
scarcity by leveraging both labeled and unlabeled data (Sohn et al., 2020; Assran et al., 2021; Cai
et al., 2022; Zheng et al., 2023). While these methods have shown success to leverage large amounts
of unlabeled data, they often struggle to match the impressive zero- and few-shot capabilities of
large pre-trained VLMs (Liu et al., 2023b). This discrepancy highlights a fundamental limitation:
traditional semi-supervised methods, despite their theoretical appeal, remain suboptimal compared to
the rich representations learned by foundation models through massive-scale pre-training.

VLMs excel at zero- and few-shot generalization but may lack the fine-grained discriminative
power needed for specific tasks, while models trained on limited labeled data capture task-specific
patterns but generalize poorly. This complementary nature motivates us to integrate generalist
VLM knowledge with task-specific supervision in semi-supervised learning settings. Therefore, the
challenge naturally arises: how can we effectively transfer the powerful capabilities of large VLMs to
task-specific models in semi-supervised settings?
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Figure 1: (Left): DHO consistently outperforms single-head baselines on 11 datasets under 16-shot semi-
supervised setting. The improvements are evaluated in comparison to the second-best one. (Right): DHO
achieves new SoTA on ImageNet in both 1% and 10% labeled data setting, with fewer parameters.

Knowledge distillation (KD; Hinton, 2015) emerges as a natural solution to the challenge, as it
offeres an efficient framework to transfer knowledge from large VLMs to student models while
simultaneously leveraging task-specific patterns from limited labeled data. However, existing VLM
distillation methods primarily focus on general-purpose training (Yang et al., 2024a; Vasu et al.,
2024; Udandarao et al., 2024; Yang et al., 2024c) or employ multi-stage pipelines with unsupervised
pre-distillation (Vemulapalli et al., 2024; Wu et al., 2024), which require additional task-specific
fine-tuning. Conventional single-stage KD methods, such as logit distillation (Hinton, 2015; Chen
et al., 2020), offer a more direct approach, but we find them suboptimal in semi-supervised settings.

Through analysis, we identify that this stems from a fundamental problem: gradient conflicts between
the supervised loss (from limited labeled data) and the distillation loss (from teacher predictions).
This misalignment is particularly severe in semi-supervised settings, where the strong and consistent
distillation signal from the teacher can overwhelm the weak and potentially noisy signal from scarce
labeled data. Such gradient conflicts ( and in Fig. 3) are well-documented to impair effective
feature learning (Yu et al., 2020a; Liu et al., 2021; Chen & Er, 2025), preventing the model from
finding an optimal balance between task-specific adaptation and general knowledge transfer.

To address the above issue, we propose a simple yet effective distillation framework, DHO (Dual-Head
Optimization), which jointly leverages labeled samples and the probabilistic outputs of the teacher
model. Specifically, it learns two distinct heads, each optimized with a separate loss: the supervised
and the KD loss, respectively. Our analysis reveals that DHO mitigates gradient conflicts both
in the classification head and the shared feature extractor ( in Fig. 3), arising from the two
different training signals and improves feature representations compared to baselines (Tab. 5
and Fig. 8). Our framework also enables controlling the relative influence of supervised and teacher
predictions through linear combination of both head outputs, whose effectiveness is demonstrated in
Fig. 6. Additionally, DHO enables post-training hyperparameter adjustment by tuning the linear
combination weights at inference (Fig. 9), eliminating costly training-time hyperparameter search.

We conduct extensive experiments across 15 different datasets including ImageNet (Russakovsky et al.,
2015). The experimental results demonstrate the consistent improvement of DHO over conventional
KD methods across all evaluated datasets (Fig. 1-Left). DHO sometimes even outperforms the
zero/few-shot teacher models with smaller student models with the same labeled data, demonstrating
effective task-specific enhancement beyond teacher capabilities (Figs. 4 and 5). Furthermore, DHO
achieves new state-of-the-art (SoTA) performance on ImageNet semi-supervised setting, improving
accuracy by 3% and 0.1% with 1% and 10% labeled data, respectively, while using fewer parameters
(Fig. 1-Right). Notably, DHO can be seamlessly integrated with existing adaptation techniques
with minimal computational overhead, achieving new SoTA on Out-of-Distribution (OOD) tasks
across ImageNet distribution-shifted variants (Tab. 2 and §E.11).

Our contributions and findings are summarized as follows:

• We firstly identify gradient conflict when integrating VLMs’ general knowledge with task-specific
supervision from limited data. To address this, we propose Dual-Head Optimization (DHO), which
optimizes the supervised and distillation objectives in separate heads.

• DHO effectively resolves gradient conflicts both in the classification head and the shared feature
extractor, leading to improved feature representations. Our framework enables flexible post-
training adjustment of dual head output weights with minimal computational overhead.

• In extensive experiments on 15 datasets, DHO consistently outperforms baselines and sometimes
surpasses teacher model performance. It establishes new SoTA for in-distribution ImageNet
(e.g., +3%/+0.1% at 1%/10% labels) with fewer parameters (76M/767M), and also achieves SoTA
OOD generalization across ImageNet variants when integrated with adaptation methods.
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Figure 2: Conceptual illustration on KD frameworks, Single-Head Optimization (SHO) and Dual-Head
Optimization (DHO), for semi-supervised settings. As demonstrated in Fig. 3, we observe gradient conflict of
SHO. In contrast, DHO mitigates such conflicts by leveraging dual-head architectures in Fig. 3.

2 METHOD

2.1 PRELIMINARIES

We begin with preliminaries: a brief background on VLMs, the problem formulation for few-/low-shot
learning, and single-head KD baselines. We defer related work—vision–language pretraining,
data-limited adaptation of VLMs, knowledge distillation, and dual-head methods—to §A.

Background on VLMs. Our work is based on VLMs such as CLIP (Radford et al., 2021) and
ALIGN (Jia et al., 2021). These models consist of multimodal encoders: an image encoder fX :
X → Rd and a text encoder fT : T → Rd where X and T denote the domains of images and
texts, respectively. For zero-shot classification of VLMs across C classes, we use predefined prompt
templates, e.g., “a photo of a [CLASS]”, where [CLASS] is the name of class. Given a set of C
target classes, i.e., y ∈ {1, . . . , C}, we generate prompted text descriptions {t1, t2, . . . , tC}. We
obtain the categorical probability vector p using the cosine similarity CosSim(x, y) = x⊤y

||x||2·||y||2 over
{t1, t2, . . . , tC}, i.e., p := σ([CosSim(fT (x), fT (t1))/ζ, . . . , CosSim(fT (x), fT (tC))/ζ]), where
σ is the softmax function, ζ ∈ R>0 is the temperature scaling (Hinton, 2015), and final classification
is determined by argmaxc∈{1,...,C} pc.
Problem Formulation. We focus on transferring knowledge from VLMs to task-specific models
under few-shot or low-shot semi-supervised learning scenarios, where both labeled and unlabeled data
are utilized. Specifically, given a K-shot and C-class classification problem, we are provided with a
labeled dataset D(l) = {(x(l)

n , yn)}Nn=1, where N = K × C is the total number of labeled examples,
and yn ∈ {1, . . . , C} denotes the class labels. Additionally, we have access to an unlabeled dataset
D(u) = {x(u)

m }Mm=1 consisting of M unlabeled images. Low-shot learning represents a more realistic
setting than traditional few-shot learning where only a small fraction, e.g., 1% ( N

N+M ≈ 0.01) or
10% ( N

N+M ≈ 0.1) of the total dataset is labeled. Our goal is then to develop a student model by
leveraging D(l) and D(u), guided by the knowledge of the VLM encoders fX and fT . The student
model consists of a feature extractor g(x) parameterzied by θ and a linear prediction head
h(z) = Wz + b ∈ Rc, where W ∈ RC×d, b ∈ RC , followed by the softmax function σ.
Single-head optimization (SHO) of KD. Our method builds on logit distillation in semi-supervised
settings (Hinton, 2015; Chen et al., 2020) that combines supervised loss LCE on the labeled dataset
D(l) with KD loss LKD on both labeled and unlabeled datasets D(l) ∪D(u), i.e., λLCE + (1− λ)LKD.
Specifically, the supervised loss LCE and the KD loss LKD are defined as follows:

LCE =
1

N

∑
n

ℓ
(
σ(h(z(l)n )), yn

)
, (1)

LKD =
1

N

∑
n

DKL

[
p(l)n ∥σ(h(z(l)n ))

]
+

1

M

∑
m

DKL

[
p(u)m ∥σ(h(z(u)m ))

]
. (2)

where ℓ denotes DKL represent the cross-entropy and Kullback-Leibler divergence, respectively.
z
(l)
n = g(x

(l)
n ) and z

(u)
m = g(x

(u)
m ) ∈ Rd are feature representations obtained by the feature extractor

g. p
(l)
n and p

(u)
m are the categorical probability vectors of labeled x

(l)
n and unlabeled data x

(u)
m ,

respectively, obtained by teacher VLM encoders fX and fT . Another well-studied single-head KD
baseline is feature distillation, which leverages mean squared error (MSE) loss to directly align
feature representations extracted by the student encoder g and the teacher image encoder fX . We
defer the details of feature distillation for VLMs to CLIP-KD (Yang et al., 2024a).
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2.2 DUAL-HEAD OPTIMIZATION (DHO)
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Figure 3: The average cosine similarity and
inner product over 10 datasets.

Gradient conflicts in SHO. Logit distillation in SHO,
as described in §2.1, provides a simple approach for trans-
ferring knowledge from VLMs to task-specific models.
However, we find that its performance gain is suboptimal,
which we attribute to gradient conflicts between the super-
vised and KD loss signals which hinder effective feature
learning (Yu et al., 2020a; Liu et al., 2021; Chen & Er,
2025). As illustrated in and of Fig. 3, both the
classifier weight W of classifier h and the parameter
vector θ of feature extractor g suffer from gradient con-
flicts: the cosine similarity between their respective gradi-
ents turns negative, i.e., CosSim(∇θLCE,∇θLKD) < 0
and CosSim(∇WLCE,∇WLKD) < 0, indicating mis-
aligned optimization directions.

To understand this, we first analyze the gradient with respect to (w.r.t) the weight W of a linear head
h. The gradients w.r.t the classifier weight W are ∇WLCE = (p̂− y)z⊤ and ∇WLKD = (p̂− p)z⊤,
respectively. Their cosine similarity is proportional to (p̂− y)⊤(p̂− p) · ∥z∥2:

CosSim(∇WLCE,∇WLKD) ∝ (p̂− y)⊤(p̂− p) · ∥z∥2, (3)

which misaligns when (p̂− y)⊤(p̂− p) < 0 due to prediction mismatch, falling below zero during
training ( × in Fig. 3), leading to gradient conflicts ( in Fig. 3).

We observe that similar gradient conflicts happen on the parameters θ in the feature extractor
g. Let the gradients w.r.t to the feature representation z be ∇zLCE = W⊤(p̂ − y) and ∇zLKD =
W⊤(p̂ − p), Then, applying the chain rule, the gradients with respect to the feature extractor
parameters θ become ∇θLCE = ∇zLCE · ∂z∂θ and ∇θLKD = ∇zLKD · ∂z∂θ . Similarly, the cosine
similarity for the feature extractor parameters becomes:

CosSim(∇θLCE,∇θLKD) ∝ (p̂− y)⊤W

(
∂z

∂θ

)⊤
∂z

∂θ
W⊤(p̂− p) (4)

While the complexity of the Jacobian ∂z
∂θ makes it difficult to theoretically guarantee gradient conflicts,

we empirically observe that gradient conflicts occur in the parameters θ of the feature extractor g
( in Fig. 3), with CosSim(∇θLCE,∇θLKD) < 0 . Thus, we hypothesize that the gradient conflicts
in the feature extractor g are propagated from the classification head h.
Dual-head architecture. To mitigate this issue, we propose Dual Head Optimization (DHO) to
decouple LCE and LKD via two independent prediction heads: hCE(z) = WCEz + bCE and hKD(z) =
WKDz + bKD, with WCE,WKD ∈ RC×d and bCE, bKD ∈ RC . The corresponding losses are:

LCE =
1

N

∑
n

ℓ
(
σ(hCE(z

(l)
n )), yn

)
, (5)

LKD =
1

N

∑
n

DKL

[
p(l)n ∥σ(hKD(z

(l)
n ))

]
+

1

M

∑
m

DKL

[
p(u)m ∥σ(hKD(z

(u)
m ))

]
, (6)

where the final loss combines both objectives as λLCE + (1− λ)LKD.
Mitigation of gradient conflict in DHO. In DHO, gradient conflicts in the classification head
naturally disappear by decoupling the optimization of WCE and WKD. This separation enables
each head to learn distinct signals without interference, reducing prediction mismatch ( × of Fig. 3).
Let p̂CE=σ(hCE(z)) and p̂KD=σ(hKD(z)), then∇zLCE=W⊤

CE(p̂CE−y) and∇zLKD=W⊤
KD(p̂KD−p).

The cosine similarity between gradients w.r.t θ in DHO is defined as:

CosSim(∇θLCE,∇θLKD) ∝ (p̂CE − y)⊤WCE

(
∂z

∂θ

)⊤
∂z

∂θ
W⊤

KD(p̂KD − p), (7)

where we empirically find that gradient conflicts in θ of the feature extractor g for DHO are
also resolved, i.e., maintaining positive gradient alignment throughout training (i.e., Eq. 7 > 0; as
shown in of Fig. 3). It enables conflict-free representation learning, and leads to better feature
representation compared to SHO, which empirically validated by linear evaluation in Tab. 5. We
defer an algorithm that describes the full training procedure of DHO to Alg. 1.
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2.3 DUAL-HEAD INTERPOLATION

After training, we find that using only one of the two heads at inference is suboptimal (see Fig. 6).
Motivated by the mixture-of-experts paradigm (Jacobs et al., 1991), we adopt a simple yet effective
inference rule for DHO that linearly interpolates the output probability vectors of two heads:

p̂DHO = ασ
(
hCE(z)

)
+ (1− α)σ

(
hKD(z)/β

)
, (8)

where α ∈ [0, 1] balances the supervised and KD heads, β > 0 is a temperature that softens the KD
logits, and the final prediction is argmaxc∈[C] p̂DHO. In practice, we tune α and β on a validation set
to reflect dataset-specific supervision quality and teacher accuracy, allowing the model to weight the
more reliable source. See Alg. 2 for the full inference procedure.

Effect of α and β. We now demonstrate the effect of tuning α and β using a validation set. Under
mild assumptions, DHO ε-approximates SHO in ℓ1 by setting α = λ and β = 1:

Assumption 1 (ε-convergence). Assume that, after sufficient training, both heads converge to their
respective target distributions with ℓ1-bounded error:

sup
x
∥σ(hCE(z))− y∥1 ≤ ε, sup

x
∥σ(hKD(z))− p∥1 ≤ ε, where ε ∈ R>0. (9)

Theorem 1 (Inference equivalence). Under Assumption 1, by setting α = λ and β = 1, then
∥p̂DHO − p̂SHO∥1 ≤ ε, where p̂SHO is the output of SHO optimally trained with λ.

Details and proofs are deferred to §B. Theorem 1 implies that p̂SHO trained with any λ can be
approximated by the dual-head interpolation in Eq. 8, by setting α = λ and β = 1. Here, λ is a
training hyperparameter of SHO, while α and β are inference hyperparameters of DHO, allowing it
to emulate SHO hyperparameter tuning without retraining.

Language-aware initialization for VLM students In the case of VLM-to-VLM distillation, we
leverage the text encoder fT of teachers when initializing the dual heads hCE and hKD. Following prior
work (Li et al., 2022), we initialize the weights as WCE,WKD ← [fT (t1), . . . , fT (tC)]

⊤ ∈ RC×d.
We further align the prediction logic of KD head hKD, with the cosine similarity-based approach of
the teacher VLMs as follows:

hKD =
1

ζ
[CosSim(g(x), w1), . . . , CosSim(g(x), wC)]

⊤ ∈ RC , (10)

where wc ∈ Rd denotes the c-th row of WKD.

3 EXPERIMENTS

3.1 EXPERIMENTAL SETUPS

Datasets. For in-distribution evaluation, we use ImageNet (Russakovsky et al., 2015) and 10 fine-
grained datasets (Fei-Fei et al., 2004; Parkhi et al., 2012; Krause et al., 2013; Nilsback & Zisserman,
2008; Bossard et al., 2014; Maji et al., 2013; Xiao et al., 2010; Cimpoi et al., 2014; Helber et al.,
2019; Soomro, 2012). To assess out-of-distribution (OOD) generalization, we use four ImageNet
variants (Recht et al., 2019; Wang et al., 2019; Hendrycks et al., 2021a;b). See §D for details.

Baselines. We compare DHO with conventional single-head KD baselines; CE: training only on
labeled dataset D(l) with cross entropy loss (Eq. 1), KD (logit): on unlabeled dataset D(u) with logit
distillation (Eq. 2), and KD (feature): on D(u) with feature distillation (Yang et al., 2024a). We
train on both D(l) and D(u) with CE+KD (logit) or CE+KD (feature): combining CE with each KD
variant using balancing hyperparameter λ. We also consider dual-head KD approaches SSKD (He
et al., 2021) and DHKD (Yang et al., 2024d), though for different purposes as detailed in §A.

For in-distribution evaluation on ImageNet with low-shot settings, we compare against self and
semi-supervised learning (Chen et al., 2020; Assran et al., 2021; 2022; Cai et al., 2022; Zheng
et al., 2023), CLIP-based-training (Li et al., 2022; Liu et al., 2023b), co-training (Rothenberger &
Diochnos, 2023), KD (Chen et al., 2020), and zero-shot VLMs (Zhai et al., 2023; Fang et al., 2023).

For OOD evaluation, we compare against VLM adaptation methods, including VPT (Jia et al., 2022),
CoOp (Zhou et al., 2022b), PromptSRC (Khattak et al., 2023b), and CasPL (Wu et al., 2024).
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Table 1: Results on ImageNet under few-shot semi-supervision using ResNet-18 and ResNet-50. DHO
consistently outperforms all baselines and even the teacher with ResNet-50 (e.g., +0.7/1.9/2.2/3.4/4.4% with
a zero-shot teacher; +1.3/1.5/1.4/1.7/1.4% with a few-shot teacher).

ResNet-18 trained from scratch Self-supervised ResNet-50
Method 0-shot 1-shot 2-shot 4-shot 8-shot 16-shot 0-shot 1-shot 2-shot 4-shot 8-shot 16-shot

Single-head KD methods
KD 51.0 - - - - - 61.0 - - - - -
CE - 0.7 1.1 1.8 3.4 8.2 - 11.4 17.3 26.4 36.7 47.0
CE+KD (feature) - 17.1 23.5 28.0 32.2 33.8 - 23.0 32.3 41.3 48.2 54.3
CE+KD (logit) - 50.5 50.6 50.6 51.0 51.2 - 60.4 60.8 61.2 61.6 62.3

Dual-head KD methods
SSKD (He et al., 2021) - 42.5 46.2 48.0 50.6 52.0 - 55.2 58.1 60.0 62.3 64.0
DHKD (Yang et al., 2024d) - 19.7 23.5 23.4 23.7 26.8 - 25.6 34.8 42.7 49.2 55.2
DHO (Ours) - 51.8 52.4 52.6 53.3 54.5 - 61.0 62.1 62.5 63.7 64.7
DHO-F (Ours) - 53.7 54.2 54.8 56.2 57.7 - 62.3 63.1 63.9 65.5 66.8
Teacher Models (Resnet-50)
CLIP 60.3 - - - - - 60.3 - - - - -
Tip-Adapter-F - 61.0 61.6 62.5 63.8 65.4 - 61.0 61.6 62.5 63.8 65.4
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Figure 4: Results on 10 datasets under few-shot semi-supervision using ResNet-18 with zero-shot teacher.
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Figure 5: Results on 10 datasets using ResNet-18 with either zero- or few-shot teacher.

Implementation details. We evaluate across few-shot (1/2/4/8/16-shot) and low-shot (1%/10%)
settings, treating remaining data as unlabeled. We adopt Tip-Adapter-F (Zhang et al., 2021) for few-
shot teachers, denoting this variant as DHO-F. For a fair comparison, we use the same hyperparameters
for DHO and SHO baselines (except α, β); for other methods, we report the published results. When
validation data is unavailable (e.g., ImageNet), we fix β = 0.5 across all settings. We heuristically
set α = 0.4 for zero-shot teachers and α = 0.2 for few-shot teachers, reflecting the latter’s higher
reliability. In low-shot settings, we use α = 0.5 due to increased label availability. See §C for details.

3.2 MAIN RESULTS

Effectiveness of DHO compared to conventional KD baselines. Tab. 1 presents results on Ima-
geNet under few-shot semi-supervision using ResNet-18/ResNet-50 student models and ResNet-50
VLM teachers. DHO consistently outperforms all baselines across all settings. Other dual-head meth-
ods (i.e., SSKD/DHKD), not designed for few-shot semi-supervision, even underperform CE+KD
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Table 2: Results on ImageNet and its distribution-shifted variants. †: backbone frozen during training. DHO
consistently improves VLM adaptation methods and achieves SoTA results on OOD benchmarks.

Method Labeled Data Teacher Model Unlabeled Data Val V2 Sketch R A Avg
CLIP Zero-shot
CLIP - - - 66.7 60.8 46.2 74.0 47.8 59.1

Linear Evaluation
Linear Evaluation 1% - - 72.8 64.2 47.0 74.6 48.6 61.4
DHO† 1% ✓ - 73.4 65.3 48.3 75.8 49.4 62.4
DHO† 1% ✓ ✓ 74.6 66.4 49.2 76.1 49.8 63.2
Visual Prompt Tuning
VPT 1.25% - - 73.6 64.6 47.7 75.2 48.7 62.0
VPT+DHO 1.25% ✓ - 73.6 65.3 48.7 75.9 49.1 62.5
VPT+DHO 1.25% ✓ ✓ 75.1 66.8 50.0 76.9 50.5 63.9
VLM Text-encoder Prompt Tuning
CoOp 1.25% - - 71.5 64.2 48.0 75.2 49.7 61.7
CoOp+CasPL 1.25% ✓ ✓ 71.9 64.3 48.3 76.0 - -
CoOp+DHO 1.25% ✓ - 72.8 65.5 49.3 76.4 49.5 62.7
CoOp+DHO 1.25% ✓ ✓ 73.4 66.2 49.5 77.0 50.5 63.3
VLM Multimodal Prompt Tuning
PromptSRC 1.25% - - 71.3 64.4 49.6 77.8 50.9 62.8
PromptSRC+CasPL 1.25% ✓ ✓ 72.8 65.7 49.7 77.9 - -
PromptSRC+DHO 1.25% ✓ - 73.0 65.3 49.5 77.8 51.3 63.4
PromptSRC+DHO 1.25% ✓ ✓ 73.6 66.1 49.8 78.1 51.0 63.7

on logits. Notably, with ResNet-50, DHO outperforms the teacher in every few-shot setting (e.g.,
+0.7/1.8/2.2/3.4/4.4% or +1.3/1.5/1.4/1.7/1.4% with zero-shot or few-shot teachers).

Next, we evaluate DHO on 10 additional datasets using the ResNet-18 student and ResNet-50 VLM
teachers. In Fig. 4, we observe that DHO also consistently outperforms all baseline methods
across 10 datasets, while relative rankings between baselines vary across datasets. Fig. 5 further
demonstrates that the few-shot teacher is more effective than using a zero-shot teacher for DHO.
Remarkably, the ResNet-18 student model trained with DHO achieves better performance than
the ResNet-50 teacher model in most cases, demonstrating knowledge transfer capability of DHO.

Table 3: Results on ImageNet under low-shot settings.
For CT and MCT methods, numbers in parentheses indi-
cate the number of different architectures for co-training.
Method Architecture Params 1% 10%

(M) (%) (%)

Self and Semi-supervised Learning
MSN ViT-B/4 86 75.7 80.2
Semi-ViT ViT-L/14 307 77.3 83.3
Semi-ViT ViT-H/14 632 80.0 84.3

CLIP-based Training
CLIP ViT-B/16 86 74.3 80.4
REACT ViT-B/16 86 76.1 80.8
REACT (Gated-Image) ViT-B/16 129 77.4 81.8
CLIP ViT-L/14 304 80.5 84.7
REACT ViT-L/14 304 81.6 85.1
REACT (Gated-Image) ViT-L/14 380 81.6 85.0

Co-training based Methods
CT Multi-arch (2) 608 80.1 85.1
MCT Multi-arch (2) 608 80.7 85.2
CT Multi-arch (4) 1071 80.0 84.8
MCT Multi-arch (4) 1071 80.5 85.8

Knowledge Distillation
SimCLR v2 distill ResNet-50 (2×+SK) 140 75.9 80.2
SimCLR v2 self-distill ResNet-154 (3×+SK) 795 76.6 80.9
CE + KD (logit) ViT-B/16 86 79.8 80.4
CE + KD (logit) ViT-L/14 304 83.1 83.6
DHO ViT-B/16 86 81.6 82.8
DHO ViT-L/14 304 84.6 85.9

Zero-shot VLMs
SigLIP ViT-SO400M/14 400 83.1 -
DFN ViT-H/14 632 84.4 -

DHO achieves SoTA performance on Ima-
geNet under low-shot settings. We com-
pare DHO to previous state-of-the-art (SoTA)
methods on ImageNet under 1% and 10% la-
beled data. All results are taken from pub-
lished papers, except for DHO and CE+KD
(logit). As shown in Tab. 3, DHO with
ViT-L/14 surpasses the previous SoTA (e.g.,
+3.0%/+0.1%), while using fewer parame-
ters (e.g., 76M/767M), on both 1%/10% la-
beled data. Notably, CE + KD (logit) outper-
forms semi-supervised methods with the same
parameters, demonstrating that they are subop-
timal compared to methods leveraging the
rich representations of VLMs.

DHO achieves SoTA performance on Ima-
geNet OOD benchmarks. We evaluate DHO
across various VLM adaptation approaches.
As shown in Tab. 2, DHO consistently im-
proves different adaptation methods. Com-
pared to CasPL, DHO exhibits superior per-
formance across both in-distribution (Val)
and out-of-distribution (V2/Sketch/R/A) bench-
marks, establishing new SoTA OOD results
in semi-supervised setting. This suggests that
joint training with labeled supervision and
teacher distillation provides a more effec-
tive strategy than the sequential approach of
CasPL, aligning with our hypothesis on DHO
for resolving gradient conflicts. See §E.11 for results with fully trained models.

Addtional results. See §E for additional results of MobileNetV2, or comparison to PCGrad (Yu
et al., 2020b) and category-aware KD methods (Zhao et al., 2022; Lv et al., 2024).
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Figure 6: Results of ablation studies on dual-heads interpolation strategy in Eq. 8 of DHO.

3.3 ANALYSIS

Table 4: Inference overhead using RTX 4090.

Model Params FLOPs Throughput
(M) (G) (im/s)

ResNet-18 11.69 1.83 3525.7
+ DHO 12.20 (+4.4%) 1.83 (+0.0%) 3518.6 (-0.20%)

ResNet-50 25.56 4.14 1018.4
+ DHO 27.61 (+8.0%) 4.15 (+0.2%) 1016.4 (-0.20%)

Minimal computational overhead of DHO.
As shown in Tab. 4, DHO introduces negligi-
ble computational overhead with minimal pa-
rameter increase on the ImageNet with 1000
classes, which can be further reduced down for
datasets with fewer classes (C < 1000). We fur-
ther provide inference computational overhead
for other models in Tab. 9.
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Figure 7: Qualitative results on challenging cases.

Effectiveness of dual-head interpolation.
We evaluate the effectiveness of dual-head
interpolation (Eq. 8) by comparing DHO with
CE+KD (logit), CE+KD (feature), and abla-
tions DHO (hCE) and DHO (hKD), which pre-
dict using only one head (i.e., α = 1 or 0). As
shown in Fig. 6, DHO outperforms DHO (hCE)
by an average of 1.6% across 11 datasets,
with a maximum gain of +3.4% on ImageNet
and no degradation on any dataset. Since α
and β are inference-time hyperparameters,
dual-head interpolation introduces minimal
overhead while consistently improving or
maintaining performance. We also investi-
gate the effectiveness of our adaptive weight-
ing strategy in §E.6. Fig. 7 illustrates three
challenging examples: CE head (hCE) is cor-
rect in the first, KD head (hKD) in the second,
and both fail in the third case, yet the pro-
posed combined prediction is correct—demonstrating the ability of DHO to resolve individual head
failures. See §F.2 for additional analysis on theses challenging examples.

Table 5: Linear evaluation results.

Method Top-1 (%) Top-5 (%)

CE+KD (feature) (Yang et al., 2024a) 62.3 85.0
CE+KD (logit) (Chen et al., 2020) 66.2 88.8
DHO 67.1 89.3

CE+KD (logit) DHO

0 200 400 600 800
Class ID

Figure 8: t-SNE visualization.

Enhanced feature representation of DHO. To
validate our claim that mitigating gradient con-
flicts improves feature representations, we evalu-
ate features using the standard linear evaluation
protocol (Chen et al., 2020). We train CE+KD
(feature), CE+KD (logit), and DHO under the 16-
shot semi-supervised setting on ImageNet, freeze
the feature extractor g, and train a new prediction
linear head hLE on the top of g using fully labeled
data. As shown in Tab. 5, DHO achieves higher
Top-1 and Top-5 accuracy than other methods
(e.g., +0.9% and 0.5%, respectively). To further
assess feature quality, we visualize embeddings z
using t-SNE (Van der Maaten & Hinton, 2008) in
Fig. 8. Compared to the CE+KD (logit) baseline,
DHO produces more compact and class-separated
feature clusters. These results support our claim that DHO enhances feature representations by
mitigating gradient conflicts; this improvement leads to better performance of DHO compared to SHO,
as discussed through Tab. 1, Figs. 4, 5, 10 and 11.
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Table 6: Results on language-aware initial-
ization and KD-head alignment for VLM
students on ImageNet with 1% labeled data.

Init (hCE/hKD). Align. Accuracy (%)

✗ / ✗ ✗ 78.3
✓ / ✗ ✗ 78.5 (+0.2)
✓ / ✓ ✗ 78.6 (+0.3)
✓ / ✓ ✓ 78.7 (+0.4)

Effectiveness of Init. and Align in §2.3. To assess the
effect of the proposed language-aware initialization and
KD-head alignment in §2.3, we run ablations that apply
language-aware initialization (Init.) to either hCE or hKD,
and optionally enable KD-head alignment (Align.). We
evaluate on ImageNet with 1% labels using a ViT-B/16
student and ViT-L/14 teacher for computational efficiency.
As shown in Tab. 6, applying Init. to either head indepen-
dently improves accuracy (e.g., +0.2/+0.3%), and adding
Align. yields additional gains (e.g., +0.4%).
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Figure 9: Grid search results for α and β.

Effect of α and β. In Theorem 1, we show that under
mild assumptions (Assumption 1), DHO ϵ-approximates
the SHO baseline, namely CE+KD (logit), in the ℓ1
norm by setting α=λ and β=1. This enables DHO to
emulate SHO hyperparameter tuning at inference time
without retraining. To study how α and β affect perfor-
mance, we visualize a grid search on ImageNet with
ResNet-50 under the 16-shot setting. We use ImageNet
because it lacks a validation set; thus α and β are heuris-
tically set to 0.4 and 0.5 in §3.1. As shown in Fig. 9,
with balanced heads (α ≈ 0.5), performance remains
stable for β ∈ [0.1, 1], and it degrades at extreme α
values (α ≈ 0 or 1) regardless of β. The accuracy
peaks at 65.5% with balanced heads (α ≈ 0.5) and a
modest temperature (β ≈ 0.3), close to the performance of our heuristic setting (64.7%). Impor-
tantly, these gains require no additional training, demonstrating the efficiency of post-training
hyperparameter search for the proposed dual-head interpolation in §2.3.

4 CONCLUSION, LIMITATION, AND FUTURE WORK

We identify the fundamental challenge of transferring the zero-/few-shot capabilities of large vision-
language models (VLMs) to task-specific models using limited labeled data in semi-supervised
settings. Conventional knowledge distillation (KD) methods suffer from gradient conflicts where
teacher signals and labeled data signals interfere with each other. We propose DHO (Dual-Head
Optimization), a plug-and-play framework using two classification heads with separate objectives. It
mitigates gradient conflicts in both heads and feature extractor, improving feature representations,
while enabling flexible post-training hyperparameter adjustment via linear combination of
outputs. Experiments across 15 datasets show DHO outperforms conventional KD methods,
achieving state-of-the-art results on both ImageNet semi-supervised learning with fewer parameters
and on out-of-distribution tasks when combined with existing adaptation techniques.

Limitations and future work. While our main focus is to address the core problem of gradient
conflicts arising from general knowledge of VLMs and task-specific patterns from labeled data,
we acknowledge several limitations that present opportunities for future research.

We primarily focus on VLMs as general knowledge source, as they provide strong zero-shot and
few-shot capabilities in visual recognition tasks. However, we believe the fundamental problem
of gradient conflicts between general foundational knowledge and task-specific objectives extends
beyond VLMs. This conflict likely emerges in various scenarios where large pre-trained foundation
models (such as instruction-tuned language models (Wei et al., 2021; Liu et al., 2023a; Bai et al.,
2023; Achiam et al., 2023; Team et al., 2023)) are adapted to specialized downstream tasks. Exploring
how DHO performs across diverse foundation models and modalities remains an important direction
for future work.

Our implementation is limited to visual recognition tasks, as they represent the most fundamental
domain in computer vision and provide an ideal testbed for analyzing gradient conflicts in knowledge
transfer. Also, VLMs’ strong zero-shot and few-shot capabilities in visual recognition tasks make
them natural candidates for knowledge distillation. However, extending our approach to more
complex visual understanding tasks such as object detection and segmentation would be a promising
direction with dedicated architectural adaptations.

9



486
487
488
489
490
491
492
493
494
495
496
497
498
499
500
501
502
503
504
505
506
507
508
509
510
511
512
513
514
515
516
517
518
519
520
521
522
523
524
525
526
527
528
529
530
531
532
533
534
535
536
537
538
539

REPRODUCIBILITY STATEMENT

We ensure reproducibility by conducting all experiments on publicly available datasets including
ImageNet (Russakovsky et al., 2015), Caltech101 (Fei-Fei et al., 2004), and nine other standard
benchmarks detailed in §D. All experimental configurations are fully specified in §3.1, including exact
hyperparameters, learning rate and optimizer settings, model architectures (ResNet-18, ResNet-50,
MobileNetV2, ViT-B/16, ViT-L/14), and training procedures with dual-head optimization detailed in
Algorithm 1. We use publicly available pre-trained models (CLIP ResNet-50, CLIP ViT variants from
OpenAI, DINO ResNet-50) with exact checkpoint specifications provided in Tab. 7. The inference
procedure with hyperparameters α and β is fully documented in Algorithm 2, with specific values
for each setting (α = 0.4 for zero-shot, α = 0.2 for few-shot teachers, β = 0.5 when validation
unavailable). We commit to releasing our complete codebase, training scripts, pretrained checkpoints
for ImageNet, and evaluation protocols upon acceptance. All experiments are conducted using
PyTorch with fixed random seeds on NVIDIA RTX 4090 GPUs (4× for ImageNet, 8× for VLM
distillation, single GPU for other benchmarks).

ETHICS STATEMENT

Our work presents no new ethical concerns as DHO is a purely technical contribution for knowledge
distillation using existing publicly available datasets (ImageNet, Caltech101, and standard computer
vision benchmarks) that contain no personally identifiable information. No additional data collec-
tion, human subjects research, or sensitive information processing is involved in this work. We
acknowledge that vision-language models may contain biases from their pre-training data, which
our distillation framework preserves without amplification. The computational requirements vary
by dataset scale (single GPU for most benchmarks, 4× GPUs for ImageNet, 8× GPUs for VLM
distillation), which remains modest compared to training large vision-language models from scratch,
promoting research accessibility while minimizing environmental impact.
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APPENDIX OVERVIEW

This appendix provides supplementary material to support the main paper and is organized as follows:

• Related Work (§A) discusses previous work relevant to ours, such as vision-language pre-training,
data-limited adaptation of VLMs, knowledge Distillation (KD), and dual head approaches.

• Theoretical Analysis (§B): provides mathematical foundations and theoretical guarantees for our
approach.

• Algorithms and Implementation (§C): presents detailed pseudocode (§C.1), implementation
specifics (§C.2), and computational overhead analysis (§C.3).

• Datasets (§D): describes the datasets used in our experiments, including statistics and preprocessing
details.

• Additional Experiments (§E): presents MobileNet experiments (§E.3), additional results with
KD methods (§E.5), additional results with gradient surgery methods (§E.4), additional results
with adaptive weighting (§E.6), and results of out-of-distribution generalization with fully-trained
models (§E.11).

• Additional Analyses (§F): contains non-linear head design studies (§F.1), and further dual-head
investigations (§F.2).

A RELATED WORK

Vision-language pre-training. The emergence of vision-language pre-training has marked a
significant breakthrough, enabling the use of extensive image-text pairs collected from the web (Wang
et al., 2023; Chen et al., 2023) to train powerful vision encoders transferable to various vision
tasks (Gan et al., 2022; Zhang et al., 2024b). Early works such as CLIP (Radford et al., 2021)
and ALIGN (Jia et al., 2021) leveraged contrastive learning techniques to align images and text
into a joint representation space, facilitating zero-shot transfer via language prompts. Building on
these foundations, subsequent research has focused on improving vision-language models through
enhanced training methodologies (Dong et al., 2023; Gao et al., 2022; Yu et al., 2022; Zhai et al.,
2023), as well as scaling models and datasets (Yu et al., 2022; Li et al., 2023; Dehghani et al., 2023;
Sun et al., 2023a; Cherti et al., 2023; Fang et al., 2023; Sun et al., 2024; Guo et al., 2024) with their
zero-shot transfer capabilities (Jia et al., 2021; Zhai et al., 2022; Pham et al., 2023; Liu et al., 2023b).
In contrast, our work focuses specifically on target tasks with compact models, aiming to distill
knowledge from these large VLMs effectively.

Data-limited adaptation of VLMs. To preserve pretrained semantic features of VLMs during
adaptation with limited data, several approaches have been proposed. Prompt tuning (Lester et al.,
2021), initially designed for language models, has been successfully extended to vision tasks. Various
methods (Jia et al., 2022; Zhou et al., 2022b;a; Khattak et al., 2023a; Zhu et al., 2023; Khattak et al.,
2023b; Menghini et al., 2023; Zhao et al., 2024; Roy & Etemad, 2023; Zhang et al., 2024a; Lafon
et al., 2025) have demonstrated the effectiveness of training learnable prompts while keeping the
base model frozen. Adapters (Gao et al., 2024; Zhang et al., 2021; Yu et al., 2023b; Silva-Rodriguez
et al., 2024) provide an alternative approach by introducing lightweight, trainable modules while
maintaining the pre-trained backbone intact. LP++ (Huang et al., 2024) has shown that simple linear
layers can effectively adapt CLIP representations in data-limited settings. Note that our work is
orthogonal to these approaches: we aim to distill the knowledge of pretrained VLMs into compact
models under data-scarce scenarios, making these adaptation methods complementary and applicable
to both teacher VLMs in our framework and student models when they are also VLMs.

Knowledge Distillation (KD; Hinton, 2015) enables transferring knowledge from large teacher
models to compact student architectures, particularly in data-constrained settings. Researchers
have explored synthetic data generation (Lopes et al., 2017; Kimura et al., 2018; Nayak et al.,
2019; Yoo et al., 2019; Chen et al., 2019; Yin et al., 2020; Fang et al., 2021a; Nguyen et al., 2022;
Patel et al., 2023; Yu et al., 2023a; Liu et al., 2024; Tran et al., 2024; Wang et al., 2024), semi-
supervised (Chen et al., 2020; He et al., 2021; Du et al., 2023; Yang et al., 2024b), and unsupervised
KD using self-supervised teachers (Fang et al., 2021c; Abbasi Koohpayegani et al., 2020; Navaneet
et al., 2021; Wang et al., 2022a; Xu et al., 2021; Singh & Wang, 2025). In the VLM domain,
recent works (Fang et al., 2021b; Wu et al., 2023; Sun et al., 2023b; Yang et al., 2024a; Vasu
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et al., 2024; Udandarao et al., 2024; Yang et al., 2024c) distill from large-scale vision-language
models into smaller architectures, often using transductive (Kim et al., 2024; Chen et al., 2024)
or multi-stage unsupervised strategies (Vemulapalli et al., 2024; Wu et al., 2024; Mistretta et al.,
2025). Meanwhile, KD remains challenging due to numerous issues, including model capacity
gaps (Cho & Hariharan, 2019; Mirzadeh et al., 2020; Zhu & Wang, 2021; Huang et al., 2022; Li et al.,
2024) and inconsistencies between soft and hard targets (Zhang et al., 2023). These challenges are
further complicated by misalignment between labeled data and foundational knowledge, especially in
few-shot learning scenarios where limited labeled examples may not fully capture the rich semantic
understanding of foundation models.
Dual-head approaches. We also consider existing dual-head KD approaches. SSKD (He et al.,
2021) trains separate heads for labeled and unlabeled data, assuming different data distributions, while
DHKD (Yang et al., 2024d) introduces a binary KD loss to alleviate neural collapse (Papyan et al.,
2020). While these previous KD methods adopt dual-head architectures, they do not target distillation
from foundation models or combine predictions at inference. Furthermore, both methods infer using
only the single supervised head hCE and do not address gradient conflicts arising from zero-/few-shot
VLM teachers, whose prediction distributions can significantly differ from the limited labeled data.
In contrast, DHO explicitly mitigates such gradient conflicts (Fig. 3) by training hKD on both labeled
and unlabeled data, and further provides dual-head interpolation at inference time, enabling flexible
aggregation of supervised and teacher signals. As shown in Theorem 3 and Fig. 9, this interpolation
can emulate tuning KD hyperparameters without retraining, giving DHO both improved performance
and minimal hyperparameter tuning cost.

B THEORETICAL ANALYSIS

In this section, we provide a theoretical analysis of our Dual-Head Optimization (DHO) framework. We
establish that DHO effectively addresses single-head logit distillation Hinton (2015); Chen et al. (2020)
by decoupling conflicting gradients through specialized heads during training. We prove that post-
training, the optimal prediction from our dual-head model—formulated as a weighted combination of
the heads’ outputs—is mathematically equivalent to the optimal solution of conventional single-head
distillation. This equivalence provides theoretical justification for our approach while eliminating
gradient conflicts. Furthermore, DHO enables efficient adaptation to various datasets through tunable
hyperparameters (α and β) without requiring model retraining. Note that in this section we slightly
abuse the notation of the main paper for clarity, e.g., we denote pτ as teacher predictions with
temperature scaling τ .

B.1 SINGLE-HEAD OPTIMIZATION

We begin by considering two target probability distributions: the ground truth label distribution y and
the teacher’s softened distribution pτ for input x ∈ X , where:

• y represents the ground truth label distribution, typically one-hot encoded vectors where yc = 1 for
the true class c and 0 elsewhere

• pτ denotes the teacher’s softened distribution with temperature scaling: pτ = σ(zt/τ), where zt
represents the teacher’s logits and σ is the softmax function

Theorem 2 (Optimal Distribution for Single-Head Optimization). The distribution p̂∗ that minimizes
the weighted combination of cross-entropy loss with respect to y and Kullback-Leibler divergence
with respect to pτ :

L(p̂) = λℓ(p̂, y) + (1− λ)DKL(pτ∥p̂) (11)

is given by the weighted arithmetic mean:

p̂∗ = λy + (1− λ)pτ (12)
where λ ∈ [0, 1] is the weighting hyperparameter.

Proof. We begin by expanding the objective function:
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L(p̂) = λℓ(p̂, y) + (1− λ)DKL(pτ∥p̂) (13)

= −λ
C∑

c=1

yc log p̂c + (1− λ)

C∑
c=1

pτ,c log
pτ,c
p̂c

(14)

= −λ
C∑

c=1

yc log p̂c + (1− λ)

C∑
c=1

pτ,c log pτ,c − (1− λ)

C∑
c=1

pτ,c log p̂c (15)

= −
C∑

c=1

[λyc + (1− λ)pτ,c] log p̂c + (1− λ)

C∑
c=1

pτ,c log pτ,c (16)

Since the last term is constant with respect to p̂, the optimization problem reduces to minimizing:

L′(p̂) = −
C∑

c=1

[λyc + (1− λ)pτ,c] log p̂c (17)

Subject to the probability constraints:
C∑

c=1

p̂c = 1, p̂c ≥ 0 ∀c ∈ {1, 2, . . . , C} (18)

Applying the method of Lagrange multipliers with multiplier µ:

L(p̂, µ) = −
C∑

c=1

[λyc + (1− λ)pτ,c] log p̂c + µ

(
C∑

c=1

p̂c − 1

)
(19)

Taking the partial derivative with respect to p̂c and setting it to zero:

−λyc + (1− λ)pτ,c
p̂c

+ µ = 0 (20)

Solving for p̂c:

p̂c =
λyc + (1− λ)pτ,c

µ
(21)

Using the constraint
∑C

c=1 p̂c = 1, and observing that
∑C

c=1 yc = 1 and
∑C

c=1 pτ,c = 1 (both being
probability distributions):

C∑
c=1

p̂c =

C∑
c=1

λyc + (1− λ)pτ,c
µ

= 1 (22)

1

µ

C∑
c=1

[λyc + (1− λ)pτ,c] = 1 (23)

1

µ
[λ

C∑
c=1

yc + (1− λ)

C∑
c=1

pτ,c] = 1 (24)

1

µ
[λ+ (1− λ)] = 1 (25)

µ = 1 (26)

Therefore, the optimal solution is:

p̂∗c = λyc + (1− λ)pτ,c (27)

This weighted arithmetic mean of the two target distributions is the optimal solution that minimizes
our objective function.
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B.2 DUAL-HEAD OPTIMIZATION

In our proposed Dual-Head Optimization (DHO) framework, we extract shared features g(x) from
input x and apply two specialized classification heads:

• hCE(z) = WCEz + bCE: optimized exclusively to match ground truth labels using cross-entropy
loss ℓ(σ(hCE(z)), y)

• hKD(z) = WKDz + bKD: optimized exclusively to match teacher predictions using KL divergence
DKL(pτ∥σ(hKD(z)/β))

where z = g(x) is the feature representation, and the parameter β controls the temperature during
inference, while a fixed temperature of 1 is used during training of the knowledge distillation head.
Assumption 2 (ε-Convergence). We assume that after sufficient training, both heads have converged
to their respective target distributions with bounded error:

sup
x
∥σ(hCE(z))− y∥1 ≤ ε, sup

x
∥σ(hKD(z)/β)− pτ∥1 ≤ ε (28)

where ∥ · ∥1 denotes the ℓ1 norm and ε > 0 is a small constant.
Theorem 3 (Inference Equivalence Under ε-Convergence). Under Assumption 2, by combining the
outputs of both heads as:

p̂DHO = α · σ(hCE(z)) + (1− α) · σ(hKD(z)/β), where α = λ (29)

we obtain a prediction that approximates the optimal single-head solution with bounded error:

∥p̂DHO − p̂∗∥1 ≤ ε (30)

Proof. We analyze the ℓ1 distance between the DHO prediction and the optimal solution:

∥p̂DHO − p̂∗∥1 = ∥α · σ(hCE(z)) + (1− α) · σ(hKD(z)/β)− λy − (1− λ)pτ∥1 (31)
= ∥λ(σ(hCE(z))− y) + (1− λ)(σ(hKD(z)/β)− pτ )∥1 (32)
≤ λ∥σ(hCE(z))− y∥1 + (1− λ)∥σ(hKD(z)/β)− pτ∥1 (33)
≤ λε+ (1− λ)ε = ε (34)

where we applied the triangle inequality for the ℓ1 norm and used Assumption 2.

Therefore, we have established that:
p̂DHO ≈ε p̂

∗ (35)
where ≈ε denotes approximation with ℓ1 error bound ε.

Lemma 1 (Temperature Matching via KL Divergence). Assume the knowledge distillation head is
trained to minimize KL divergence with respect to the teacher’s predictions at temperature 1, such
that:

DKL(p1∥σ(hKD(z))) ≤ δ (36)

Then, setting the temperature parameter β = τ at inference time allows the KD head to approximate
the teacher’s prediction at temperature τ with error bound:

∥σ(hKD(z)/β)− pτ∥1 ≤
√
2δ (37)

Proof. When logits are properly scaled and under appropriate conditions of the softmax function, we
can reasonably approximate:

DKL(pτ∥σ(hKD(z)/τ)) ≈ DKL(p1∥σ(hKD(z))) ≤ δ (38)

Applying Pinsker’s inequality, which establishes a relationship between KL divergence and the L1
norm difference between probability distributions:

∥pτ − σ(hKD(z)/τ)∥1 ≤
√

2DKL(pτ∥σ(hKD(z)/τ)) ≤
√
2δ (39)
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To ensure ε-convergence between the KD head at temperature τ and the teacher’s prediction at
temperature τ , it is sufficient to guarantee:

√
2δ ≤ ε⇒ δ ≤ ε2

2
(40)

Corollary 1 (Optimal DHO Configuration). With proper training ensuring ε-convergence of both
heads, dual-head optimization with temperature parameter β = τ and mixing parameter α = λ
approximates the optimal single-head objective with error bounded by ε:

p̂DHO ≈ε p̂
∗ = λy + (1− λ)pτ (41)

This demonstrates that our DHO approach achieves the same theoretical optimality as SHO.

C ALGORITHMS AND IMPLEMENTATION

C.1 PSEUDOCODE

We present the pseudocode for DHO in Algs. 1 and 2 for training and inference, respectively.

Algorithm 1 DHO Training with zero-shot CLIP (Radford et al., 2021) teacher

1: Input: labeled set D(l) = {(x(l)
i , yi)}Ni=1, unlabeled set D(u) = {x(u)

j }Mj=1,
2: student feature extractor g, prediction heads hCE, hKD, teacher encoders fX , fT ,
3: prompt template “A photo of [CLASS]”, temperature scaling factors ζ, η,
4: balancing hyperparameter λ,
5: supervised mini-batch size B, and unsupervised mini-batch size B′.
6: while not converged do
7: Sample mini-batch B(l) = {(x(l)

b , yb)}Bb=1 from D(l), B(u) = {x(u)
b′ }B

′

b′=1 from D(l) ∪ D(u).
8: // Process labeled data
9: for each (x

(l)
b , yb) ∈ B(l) do

10: z
(l)
b ← g(x

(l)
b )

11: p̂
(l)
CE,b ← σ(hCE(z

(l)
b ))

12: p̂
(l)
KD,b ← σ( 1ηhKD(z

(l)
b ))

13: p
(l)
b ← σ

(
1
ζ·η [CosSim(fX (x

(l)
b ), fT (t1)), . . . , CosSim(fX (x

(l)
b ), fT (tC))]

⊤
)

14: end for
15: // Process unlabeled data
16: for each x

(u)
b′ ∈ B(u) do

17: z
(u)
b′ ← g(x

(u)
b′ )

18: p̂
(u)
KD,b′ ← σ( 1ηhKD(z

(u)
b′ ))

19: p
(u)
b′ ← σ

(
1
ζ·η [CosSim(fX (x

(u)
b′ ), fT (t1)), . . . , CosSim(fX (x

(u)
b′ ), fT (tC))]

⊤
)

20: end for
21: // Compute losses and update
22: LCE ← 1

B

∑B
b=1 ℓ(p̂

(l)
CE,b, yb)

23: LKD ← 1
B

∑B
b=1 DKL(p̂

(l)
KD,b||p

(l)
b ) + 1

B′

∑B′

b′=1 DKL(p̂
(u)
KD,b′ ||p

(u)
b′ )

24: L ← λLCE + (1− λ)LKD
25: Update parameters of g, hCE, hKD using ∇L
26: end while
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Algorithm 2 Dual-Head Optimization Inference

1: Input: an image x, feature extractor g, prediction heads hCE, hKD, linear coefficient α, tempera-
ture scaling β

2: z ← g(x)
3: p̂CE ← σ(hCE(z))
4: p̂KD ← σ(hKD(z)/β)
5: p̂← α · p̂CE + (1− α) · p̂KD
6: ŷ ← argmaxc(p̂c)
7: Return: ŷ

C.2 IMPLEMENTATION DETAILS

Architecture choices for teacher and student models. For zero-shot teachers, we use CLIP
ResNet-50 (Radford et al., 2021) in few-shot settings and VIT-H/14 from DFN (Fang et al., 2023) in
low-shot settings. For few-shot teachers, we adopt Tip-Adapter-F (Zhang et al., 2021), a learnable
adapter model, and denote the corresponding variant as DHO-F. On ImageNet, to avoid label leakage,
we either train ResNet-18 from scratch or use a self-supervised ResNet-50 from DINO (Caron et al.,
2021). For other datasets, we use ResNet-18 and MobileNetV2 (Sandler et al., 2018) without such
concerns. In low-shot settings, we use CLIP ViT-B/16 and ViT-L/14 (Radford et al., 2021).

Few-/low-shot settings. Tab. 7 provides a comprehensive overview of the implementation details
for our experiments on 1) few-shot semi-supervised settings on ImageNet and 10 datasets, 2) low-shot
semi-supervised settings on ImageNet, and 3) VLM-based adaptation methods.

OOD settings. Tab. 8 provides the implementation details for our out-of-distribution (OOD)
generalization experiments on 1) full training model evaluation and 2) adaptation methods including
linear evaluation, visual prompt tuning, and VLM-based methods.
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Table 7: Implementation details for our experiments across different settings.

Few-shot Semi-supervised Settings on ImageNet

Model Configuration Student Training Details

• Student: ResNet18 (He et al., 2016) from scratch
or ResNet50 from DINO (Caron et al., 2021)

• Input size: 224×224
• Zero-shot Teacher: ResNet50 from CLIP (Radford

et al., 2021)
• Few-shot Teacher: ResNet50 from Tip-Adapter-

F (Zhang et al., 2021)
• Teacher input size: 224×224
• labeled data: K ∈ {1, 2, 4, 8, 16} shots
• ζ, η, and λ: 0.01, 2, 0.5
• α and β: α = 0.4, β = 0.5 (zero-shot); α = 0.2,
β = 0.5 (few-shot)

• Epochs: 20
• Optimizer: AdamW (β1=0.9, β2=0.999)
• Learning rate: 1× 10−3, weight decay: 1× 10−2

• Batch size: 512 (labeled: 256, unlabeled: 256)
• Scheduler: Cosine decay without warmup
• Augmentation: Random crops (x0.5-1.0), horizon-

tal flips

Few-shot Semi-supervised Settings on 10 Fine-Grained Datasets

Model Configuration Student Training Details

• Student: ResNet18 (He et al., 2016) or Mo-
bileNet (Sandler et al., 2018) pre-trained on Im-
ageNet under supervision

• Input size: 224×224
• Zero-shot Teacher: ResNet50 from CLIP (Radford

et al., 2021)
• Few-shot Teacher: ResNet50 from Tip-Adapter-

F (Zhang et al., 2021)
• Teacher input size: 224×224
• labeled data: K ∈ {1, 2, 4, 8, 16} shots
• ζ, η, and λ: 0.01, 2, 0.5
• α and β: determined by validation

• Epochs: 200
• Optimizer: AdamW (β1=0.9, β2=0.999)
• Learning rate: 1× 10−3, weight decay: 1× 10−2

• Batch size: 128 (labeled: 64, unlabeled: 64)
• Scheduler: Cosine decay without warmup
• Augmentation: Random crops (x0.5-1.0), horizon-

tal flips

Low-shot Semi-supervised Settings on ImageNet

Model Configuration Student Training Details

• Student: CLIP ViT-B/16 or ViT-L/14 (Radford
et al., 2021)

• Input size: 224×224 (ViT-B/16) or 336×336 (ViT-
L/14)

• Zero-shot Teacher: CLIP ViT-L/14 or ViT-
H/14 (Fang et al., 2023)

• Teacher input size: 336×336 (ViT-L/14) or
378×378 (ViT-H/14)

• Few-shot Teacher: N/A
• labeled data: 1% ( N

N+M
≈ 0.01) or 10%

( N
N+M

≈ 0.1) of training data
• ζ, η, and λ: 0.01, 2, 0.5
• α and β: α = 0.5, β = 0.5

• Epochs: 32
• Optimizer: AdamW (β1=0.9, β2=0.999)
• Learning rate: 5× 10−5, weight decay: 5× 10−2

• Batch size: 512 (labeled: 256, unlabeled: 256)
• Scheduler: Cosine warmup decay (5000 steps)
• Augmentation: Random crops (x0.5-1.0), horizon-

tal flips
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Table 8: Implementation details for our out-of-distribution generalization experiments.

Full Training

Model Configuration Training Details

• Student: CLIP ViT-B/16 (Radford et al., 2021)
• Student input size: 224×224
• Zero-shot Teacher: CLIP ViT-L/14 (Radford et al.,

2021)
• Teacher input size: 336×336
• Labeled data: 1% and 10% ImageNet
• ζ, η, and λ: 0.01, 2, 0.5
• α and β: 0.5 and 1

• Epochs: 32
• Optimizer: AdamW (β1=0.9, β2=0.999)
• Learning rate: 5× 10−5, weight decay: 5× 10−2

• Batch size: 512 (labeled: 256, unlabeled: 256)
• Scheduler: Cosine warmup decay (5000 steps)
• Augmentation: Random crops (x0.5-1.0), horizon-

tal flips

Adaptation Methods (Linear Evaluation & Visual Prompt Tuning)

Method Configuration Training Details

• Linear evaluation (Caron et al., 2021)
• Visual prompt tuning (Jia et al., 2022)
• Frozen backbone: CLIP ViT-B/16 (Radford et al.,

2021)
• Input size: 224×224
• Zero-shot Teacher: CLIP ViT-L/14 (Radford et al.,

2021)
• Teacher input size: 336×336
• Labeled data: 1% and 10% ImageNet
• ζ, η, and λ: 0.01, 2, 0.5
• α and β: 0.5 and 1

• Epochs: 20
• Optimizer: AdamW (β1=0.9, β2=0.999)
• Learning rate: 5× 10−5, weight decay: 5× 10−2

• Batch size: 512 (labeled: 256, unlabeled: 256)
• Scheduler: Cosine warmup decay (5000 steps)
• Augmentation: Random crops (x0.5-1.0), horizon-

tal flips

Adaptation Methods (Prompt Tuning)

Method Configuration Training Details

• Prompt tuning: CoOp (Zhou et al., 2022b),
PromptSRC (Khattak et al., 2023b)

• Frozen backbone: CLIP ViT-B/16 (Radford et al.,
2021)

• Input size: 224×224
• Zero-shot Teacher: CLIP ViT-L/14 (Radford et al.,

2021)
• Teacher input size: 336×336
• Labeled data: 1% and 10% ImageNet
• ζ, η, and λ: 0.01, 2, 0.5
• α and β: 0.5 and 1

• Prompt tuning: Following PromptSRC (Khattak
et al., 2023b) configurations

• Comparison: CasPL (Wu et al., 2024) with domain-
specific unlabeled data
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C.3 COMPUTATIONAL COSTS

Inference overhead of DHO over SHO. Tab. 9 presents computational overheads at inference time
introduced by DHO over SHO for all the architectures in this paper, such as MobileNetV2 (Sandler
et al., 2018), ResNet-18 (He et al., 2016), ResNet-50 (He et al., 2016), ViT-B/16 (Dosovitskiy, 2020),
and ViT-L/16 (Dosovitskiy, 2020).

Table 9: Inference overhead using RTX 4090 across different architecture.

Model Params (M) FLOPs (G) Throughput (im/s)

MobileNetV2 3.50 0.33 2978.4
+ DHO 4.79 (+36.5%) 0.34 (+3.0%) 2971.2 (-0.24%)

ResNet-18 11.69 1.83 3525.7
+ DHO 12.20 (+4.4%) 1.83 (+0.0%) 3518.6 (-0.20%)

ResNet-50 25.56 4.14 1018.4
+ DHO 27.61 (+8.0%) 4.15 (+0.2%) 1016.4 (-0.19%)

ViT-B/16 86.57 16.87 290.2
+ DHO 87.34 (+0.9%) 16.87 (+0.0%) 290.1 (-0.02%)

ViT-L/16 304.33 59.70 255.1
+ DHO 305.35 (+0.3%) 59.70 (+0.0%) 255.6 (+0.18%)

Table 10: Training time and hardware.

Student Teacher Training Time Hardware
ResNet-18 ResNet-50 ≈ 6 hours 4× RTX 4090
ResNet-50 ResNet-50 ≈ 8 hours 4× RTX 4090
ViT-B/16 ViT-L/14 ≈ 28 hours 8× RTX 4090
ViT-B/16 ViT-H/14 ≈ 40 hours 8× RTX 4090
ViT-L/14 ViT-H/14 ≈ 80 hours 8× RTX 4090

Training time and hardware requirements.
Tab. 10 presents the training time required for
our experiments. For VLM distillation ex-
periments, which represent the most resource-
intensive component of our work, we used 8×
NVIDIA RTX 4090 GPUs. The ViT-H/14 to
ViT-L/14 distillation required approximately 80
hours, while the ViT-H/14 to ViT-B/16 and ViT-L/14 to ViT-B/16 distillations required approximately
40 and 28 hours, respectively. For the ViT-H/14 to ViT-L/14 distillation, we implemented gradient
accumulation with 4 steps and mixed precision training (Micikevicius et al., 2017) to optimize
computational efficiency. For ImageNet experiments, we used 4× NVIDIA RTX 4090 GPUs, with
ResNet-18 and ResNet-50 models requiring approximately 6 and 8 hours of training time, respec-
tively. We provide these details to facilitate reproduction of our results and to give researchers a clear
understanding of the computational resources needed to implement our approach at scale.

Inference overhead improvements with ToMe. To further improve the computational efficiency
of our approach, we explored integrating Token Merging (ToMe) (Bolya et al., 2022) with DHO. ToMe
is a technique that reduces the number of tokens in ViTs by merging similar tokens to improve the
efficiency of ViTs. Tab. 11 shows that combining DHO with ToMe significantly reduces computational
costs with minimal impact on performance.

Table 11: Performance and inference overhead of DHO with Token Merging (ToMe) on ImageNet under low-shot
semi-supervised settings using RTX 4090.

Method Labeled Accuracy (%) Params (M) FLOPs (G) Throughput (im/s)

DHO 1% 81.6 87.22 17.58 243.35
DHO + ToMe 1% 81.4 (–0.2) 87.22 13.12 (–25.4%) 323.39 (+32.9%)

DHO 10% 82.8 87.22 17.58 238.11
DHO + ToMe 10% 82.5 (–0.3) 87.22 13.12 (–25.4%) 308.49 (+29.6%)
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D DATASETS

Table 12: Overview of datasets used in our experiments, organized into three categories: (top) standard
classification datasets, (middle) ImageNet, and (bottom) ImageNet variants for out-of-distribution (OOD)
evaluation. For few-shot semi-supervised learning experiments, we report both the absolute number of labeled
samples and their percentage relative to the full training set.

Dataset # Classes # Train # Val # Test # Labeled (1-shot) # Labeled (16-shot)

Fine-grained 10 Datasets
Caltech101 (Fei-Fei et al., 2004) 100 4,128 1,649 2,465 100 (2.42%) 1,600 (38.76%)
OxfordPets (Parkhi et al., 2012) 37 2,944 736 3,669 37 (1.26%) 592 (20.11%)
StanfordCars (Krause et al., 2013) 196 6,509 1,635 8,041 196 (3.01%) 3,136 (48.18%)
Flowers102 (Nilsback & Zisserman, 2008) 102 4,093 1,633 2,463 102 (2.49%) 1,632 (39.87%)
Food101 (Bossard et al., 2014) 101 50,500 20,200 30,300 101 (0.20%) 1,616 (3.20%)
FGVCAircraft (Maji et al., 2013) 100 3,334 3,333 3,333 100 (3.00%) 1,600 (48.00%)
SUN397 (Xiao et al., 2010) 397 15,880 3,970 19,850 397 (2.50%) 6,352 (40.00%)
DTD (Cimpoi et al., 2014) 47 2,820 1,128 1,692 47 (1.67%) 752 (26.67%)
EuroSAT (Helber et al., 2019) 10 13,500 5,400 8,100 10 (0.07%) 160 (1.19%)
UCF101 (Soomro, 2012) 101 7,639 1,898 3,783 101 (1.32%) 1,616 (21.15%)

Coarse-grained Dataset
ImageNet (Russakovsky et al., 2015) 1,000 1.28M - 50,000 1,000 (0.08%) 16,000 (1.25%)

ImageNet OOD Variants
ImageNet-V2 (Recht et al., 2019) 1,000 - - 10,000 - -
ImageNet-Sketch (Wang et al., 2019) 1,000 - - 50,889 - -
ImageNet-A (Hendrycks et al., 2021b) 200 - - 7,500 - -
ImageNet-R (Hendrycks et al., 2021a) 200 - - 30,000 - -

We evaluated our approach on 11 diverse datasets, with ImageNet (Russakovsky et al., 2015) serving
as our primary benchmark. The datasets span general object recognition (Russakovsky et al., 2015;
Fei-Fei et al., 2004), fine-grained classification tasks (vehicles (Krause et al., 2013; Maji et al.,
2013), natural entities (Nilsback & Zisserman, 2008; Parkhi et al., 2012; Bossard et al., 2014)), and
specialized domains (scenes (Xiao et al., 2010), textures (Cimpoi et al., 2014), remote sensing (Helber
et al., 2019), and human actions (Soomro, 2012)). Additionally, we conduct experiments on four
out-of-distribution test sets to further validate the model’s generalization capabilities. To assess our
model’s robustness to distribution shifts, we evaluate it on several challenging variants of ImageNet:
ImageNet-v2 (Recht et al., 2019), ImageNet-Sketch (Wang et al., 2019), ImageNet-A (Hendrycks
et al., 2021b), and ImageNet-R (Hendrycks et al., 2021a).

We summarize the overview of datasets used in Tab. 12, these datasets exhibit diversity in their
characteristics, with varying numbers of classes and samples per dataset. This diversity enabled us
to thoroughly validate our method across different few-shot semi-supervised learning scenarios by
systematically varying the ratios between labeled and unlabeled samples.

E ADDITIONAL EXPERIMENTS

E.1 EXPERIMENTS ON MOTIVATION

Table 13: Results on ImageNet using a ResNet-18 stu-
dent and a ResNet-50 teacher. 100% denotes using the
fully labeled dataset with a fully supervised teacher.

Method 1-shot 2-shot 4-shot 8-shot 16-shot 100%

CE+KD (logit) 50.5 50.6 50.6 51.0 51.2 66.3
DHO 51.8 52.4 52.6 53.3 54.5 66.7

We observe that existing KD methods, such as
logit distillation (Hinton, 2015), face gradient con-
flict in few-/low-shot semi-supervised settings.
To investigate whether gradient conflicts are severe
or only present in few-/low-shot semi-supervised
settings, we conduct additional experiments by us-
ing full labels on ImageNet and 8 datasets using
ResNet-18/ResNet-50 as student/teacher. First of all, we observe no gradient conflicts at all in any
fully supervised settings, i.e., CosSim(∇θLCE,∇θLKD) > 0 throughout training. This is because
the distillation signal from a fully supervised teacher aligns well with the labeled data when the
teacher is trained on the same dataset as the student. However, in few-/low-shot semi-supervised
settings, this alignment often breaks down, as shown in Fig. 3. Tab. 13 also reports results on
ImageNet using a ResNet-18 student and a ResNet-50 teacher. With fully labeled data, the gap is
significantly reduced (0.4), while DHO outperforms CE+KD (logit) in few-shot settings, validating
that DHO is specifically tailored to few-/low-shot semi-supervised settings.
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E.2 EXPERIMENTS ON FEATURE QUALITY

In this section, we provide more insights into the impact of gradient conflict on feature learning. To
measure feature quality, we introduce the following definition:
Definition 1 (Feature quality). Let Z ∈ RN×d be the feature matrix of X (i.e., Z =
[g(x1), . . . , g(xN )]⊤) and Y ∈ RN×C the one-hot encoded target matrix. For λ ≥ 0, we define the
feature quality of Z as the expected risk (↓) of ridge regression:

L = Ez,y

[
∥y − z⊤Ŵλ∥22

]
, where Ŵλ = (Z⊤Z + λNId)

−1Z⊤Y.

We adopt the expected risk of ridge regression (↓) as the measure of feature quality for simplicity
(while linear probing is widely used and we also use it in Tab. 5).

Let g1 := ∇θLCE(θ), g2 := ∇θLKD(θ), g := ∇θL(θ), and G = 1
2g1 +

1
2g2. We assume:

Assumption 3 (Gradient cone).

g = β1g1 + β2g2 + r⊥, β1, β2 ≥ 0, r⊤⊥g1 = r⊤⊥g2 = 0.

This means that the probe gradient lies within the non-negative cone spanned by g1 and g2, up to an
orthogonal residual r⊥—that is, both g1 and g2 contribute positively to improving feature quality.

Taking a vanilla SGD step (θ − ηG, η > 0), with first-order Taylor expansion:

L(θ − ηG) = L(θ)− η g⊤G+O(η2) ≈ L(θ)− ηg⊤G. (42)

We neglect the O(η2) term (e.g., η < 10−3 makes it negligible). Under the Assumption 3:

g⊤G = 1
2 g

⊤(g1 + g2)

= 1
2 (β1g1 + β2g2 + r⊥)

⊤(g1 + g2)

= 1
2

(
β1∥g1∥22 + β2∥g2∥22

)
+ 1

2 (β1 + β2) g
⊤
1 g2.

(43)

If gradients are aligned (g⊤1 g2 > 0), then Eq. 43 is positive, accelerating the decrease in Eq. 42, and
thus the expected probe risk decreases more.

To empirically validate this, we report L̂ := 1
M

∑M
i=1 ∥yi − z⊤i Ŵλ∥22 on the test set over 200 epochs

with the same setup as Fig. 4:
Table 14: Feature quality throughout training, computed using Definition 1.

10 Datasets (Average) 1 11 21 31 41 51 61 71 81 91 101

CE+KD (logit) 4.974 4.664 4.638 4.608 4.601 4.598 4.595 4.595 4.594 4.595 4.595
DHO 4.672 4.435 4.413 4.391 4.390 4.390 4.390 4.393 4.393 4.394 4.395

10 Datasets (Average) 111 121 131 141 151 161 171 181 191

CE+KD (logit) 4.595 4.596 4.596 4.596 4.597 4.598 4.598 4.599 4.599
DHO 4.396 4.396 4.398 4.399 4.400 4.400 4.400 4.401 4.401

Tab. 14 shows that across all epochs, L̂ in Definition 1 of DHO is lower than that of CE+KD (logit),
confirming our analysis on feature quality.

E.3 EXPERIMENTS ON MOBILENET

To demonstrate the versatility of our DHO approach beyond ResNet (He et al., 2016) and ViT (Doso-
vitskiy, 2020) architectures, we extended our experiments to the MobileNetV2 (Sandler et al., 2018),
which is specifically designed for real-world applications with compact models. We maintained
identical experimental settings as described in §C.2, using MobileNetV2 as the student model while
distilling from CLIP ResNet50.

As illustrated in Fig. 10, our DHO consistently outperforms all single-head baseline methods, demon-
strating its effectiveness on lightweight model architectures along with ResNet18. Furthermore,
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Figure 10: Results on 10 datasets under few-shot semi-supervision using MobileNetV2 with zero-shot
teacher (Radford et al., 2021).
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Figure 11: Results on 10 datasets using MobileNetV2 with either zero- or few-shot teacher (Zhang et al.,
2021).

Fig. 11 reveals patterns similar to our ResNet18 experiments regarding few-shot integration. Our
method successfully incorporates few-shot teacher knowledge, although we observe that the few-shot
teacher does not consistently yield improvements over the zero-shot teacher. Notably, our distilled
MobileNetV2 model sometimes achieves superior performance to the zero- and few-shot teachers
(ResNet-50) despite having significantly fewer parameters. This pattern of outperforming both zero-
shot and few-shot teachers mirrors the observations from our main experiments, further validating the
effectiveness of our approach across different architectural families.

E.4 ADDITIONAL RESULTS WITH GRADIENT SURGERY METHODS

In this section, we present experimental results comparing DHO with PCGrad (Yu et al., 2020b),
a well-known gradient surgery method from the multi-task learning literature. PCGrad addresses
gradient conflicts by projecting conflicting gradients to resolve conflicts post hoc.

We compare DHO with PCGrad using 8 of the 10 datasets (without Food101, Sun397) with ResNet-18
as the student model. The results are shown in Tab. 15.

We observe that PCGrad improves over CE+KD (logit), but still underperforms compared to DHO.
Moreover, PCGrad incurs additional memory and computational costs (O(|θ|)) due to gradient
projection and storage, whereas DHO remains lightweight (O(d× C)) and simple to implement.
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Table 15: Performance comparison of PCGrad with DHO on 8 datasets (average) using ResNet-18.

Method 1-shot 2-shot 4-shot 8-shot 16-shot

CE+KD (logit) 56.2 58.9 61.7 65.8 69.8
PCGrad 56.8 60.3 62.1 67.5 71.6
DHO 60.1 63.7 70.2 75.4 79.1

The superior performance of DHO can be attributed to its approach of avoiding gradient conflicts at
the source by isolating the learning dynamics of each objective via dual heads, rather than resolving
conflicts after they arise. Additionally, DHO provides dynamic interpolation capability at inference
time between supervised and distillation signals, which standard gradient-based methods do not offer.

E.5 ADDITIONAL RESULTS WITH KD METHODS

In this section, we present experimental results combining our DHO method with additional distil-
lation approaches: Decoupled Knowledge Distillation (DKD) (Zhao et al., 2022) and Wasserstein
Knowledge Distillation (WKD) (Lv et al., 2024). Both DKD and WKD are orthogonal to DHO since
their losses can be applied directly to the outputs of hCE. DKD decouples the target class from
non-target classes, and WKD computes a kernel matrix within each class. Both approaches require
ground-truth labels, restricting their use to the small labeled dataset D(l).

Despite these limitations, we conducted experiments on ImageNet (Tab. 16) and on 8 of the 10 datasets
(without Food101, Sun397) as shown in Tab. 17. The results demonstrate that DHO substantially
improves the performance of these state-of-the-art KD methods. Notably, WKD+DHO consistently
outperforms DHO alone in most settings, demonstrating the extensibility of DHO due to its simplicity.

Table 16: Performance comparison of DKD and WKD with and without DHO on ImageNet. Numbers in
parentheses show improvement over the base method.

Method 1-shot 2-shot 4-shot 8-shot 16-shot

DHO 51.8 52.4 52.6 53.3 54.5
DKD 8.9 15.0 20.6 28.2 34.9
DKD+DHO 47.1 (+38.2) 44.3 (+29.3) 40.9 (+20.3) 40.2 (+12.0) 42.4 (+7.5)
WKD 11.0 17.0 17.0 27.7 34.6
WKD+DHO 53.2 (+42.2) 53.3 (+36.3) 53.3 (+36.3) 54.0 (+26.3) 54.8 (+20.2)

Table 17: Performance comparison of DKD and WKD with and without DHO on 8 datasets (average). Numbers
in parentheses show improvement over the base method.

Method 1-shot 2-shot 4-shot 8-shot 16-shot

DHO 60.1 63.7 70.2 75.4 79.1
DKD 28.7 41.3 55.4 66.3 73.1
DKD+DHO 46.2 (+17.5) 51.2 (+9.9) 61.8 (+6.4) 69.8 (+3.5) 74.9 (+1.8)
WKD 30.0 38.2 53.3 66.1 73.6
WKD+DHO 59.6 (+29.6) 64.5 (+26.3) 71.2 (+17.9) 75.7 (+9.6) 79.6 (+6.0)

E.6 ADDITIONAL RESULTS WITH ADAPTIVE WEIGHTING

To further explore the potential of DHO, we implement an entropy-based adaptive weighting mecha-
nism. Let the entropy of a probability vector p ∈ ∆C−1 be H(p) = −

∑C
c=1 pc log pc. We compute

the adaptive weight α as:

α =
exp(−H(p̂CE))

exp(−H(p̂CE)) + exp(−H(p̂KD))
(44)

where p̂CE and p̂KD are the output probability vectors from hCE and hKD, respectively. The final
prediction is then computed as p̂ = α · p̂CE + (1− α) · p̂KD.
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The intuition behind this approach is that lower entropy (higher confidence) predictions should receive
higher weights in the final ensemble. When one head produces more confident predictions than the
other, the adaptive weighting mechanism automatically emphasizes the more certain prediction. The
results show that the entropy-based adaptive weighting method is not proved to be effective in these
experiments. While the adaptive weighting does not consistently outperform the fixed interpolation
approach, this is likely due to modern neural networks producing overconfident predictions, making
entropy an unreliable proxy for uncertainty without proper calibration. However, we believe adaptive
weighting could be beneficial with well-calibrated models or alternative uncertainty measures.

E.7 SENSITIVITY OF SINGLE-HEAD KD TO HYPERPARAMETERS
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Figure 12: Grid search results for λ and τ for
CE + KD (logit).

To investigate the sensitivity of single-head KD base-
line, i.e., CE + KD (logit), we conduct additional ex-
periments by varying the loss balancing hyperparameter
λ ∈ {0.0, 0.1, . . . , 0.9, 1.0} and the temperature hyperpa-
rameter τ ∈ {0.1, 0.3, 0.5, 1, 2, 4}, resulting in total 55
training runs. Fig. 12 shows the interpolated results from
these 55 experiments on ImageNet using a ResNet-50 stu-
dent and a CLIP ResNet-50 teacher, following the same
experimental setup in Fig. 9. We observe that the single-
head KD baseline is also sensitive to the hyperparameters
(λ, τ), requiring intensive training to obtain the best com-
bination. Crucially, the best performance of CE + KD
(logit) is 63.0%, which is less than the performance of
DHO (64.7%) with heuristically selected (α, β).

E.8 COMPARISON UNDER FEW-SHOT TEACHER

Table 18: Results on 10 datasets (average) using ResNet-18 with
either zero- or few-shot teachers.

Method 0-shot 1-shot 2-shot 4-shot 8-shot 16-shot

CE + KD (logit) – 55.6 58.2 61.1 64.8 68.4
CE + KD (logit)-F – 59.8 63.9 68.9 72.6 76.2
DHO – 58.9 62.2 68.4 73.1 76.5
DHO-F – 61.1 64.7 69.5 73.6 76.9

Zero-shot teacher 58.8 – – – – –
Few-shot teacher – 65.0 67.2 70.4 73.3 76.9

In Tab. 1 and Fig. 5, we observe the
improvement of DHO under few-shot
teachers, i.e., DHO-F. In this section,
we also compare DHO-F against single-
head KD baselines under few-shot teach-
ers, i.e., CE + KD (logit)-F. Specifically,
we train and evaluate CE+KD (logit)-
F under the same experimental setup
as Fig. 5, and summarize the results in
Tab. 18. We observe that the baseline improves with the few-shot teacher; however, DHO-F still
outperforms the baseline even under the same few-shot teacher setting.

E.9 COMPARISON TO SIMPLE 2-STAGE BASELINE

Table 19: Comparison with simple two-stage baselines
with/without FixMatch (Sohn et al., 2020) on 10 datasets (aver-
age) using ResNet-18 with a zero-shot teacher.

Method FixMatch 0-shot 1-shot 2-shot 4-shot 8-shot 16-shot

KD - 53.9 - - - - -
CE + KD (logit) - - 55.6 58.2 61.1 64.8 68.4

2-stage - - 53.0 53.6 58.5 63.7 68.6
2-stage ✓ - 53.5 54.6 59.8 66.7 70.5

DHO - - 58.9 62.2 68.4 73.1 76.5

Zero-shot teacher - 58.8 - - - - -

One possible way to mitigate gradient
conflict in few-/low-shot settings with
VLM teachers is to train a single-head
classifier in two distinct stages. Specif-
ically, we can (1) train a single-head
classifier using only the KD loss LKD

in Eq. 2 on both the labeled dataset D(l)

and the unlabeled datasetD(u), and then
(2) fine-tune the classifier using only the
CE loss LCE in Eq. 1 on the labeled
dataset D(l). To investigate the effectiveness of DHO over this simple 2-stage baseline, we con-
duct additional experiments using the exact setup employed in Fig. 4 and Tab. 7 on the same 10
datasets, with the only exception that we train each stage with 100 epochs to make up a total 200
epochs for fair comparison. We also consider using a representative semi-supervised learning method,
i.e., FixMatch (Sohn et al., 2020), in the second stage to prevent overfitting. For FixMatch, we
follow the original hyperparameters τ = 0.95 and λu = 1, using RandAugment and Cutout as strong
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augmentations. The only exception is µ = 7, which we set to 1 (i.e., a 1:1 ratio of labeled to unlabeled
samples per mini-batch), matching the setup of DHO.

As shown in Tab. 19, the two-stage baseline performs similarly to CE + KD (logit) when a compara-
tively larger number of labeled samples is available (e.g., 8-/16-shot), but it significantly degrades
when labeled data is scarce (e.g., 1-/2-/4-shot). This result is intuitive: during the second stage of
fine-tuning on the labeled data only, as the amount of labeled data decreases, the classifier becomes
more prone to overfitting. As expected, applying FixMatch in the second stage improves performance
by preventing overfitting. However, DHO consistently achieves the best performance, even compared
to this two-stage baseline. This indicates that DHO is more efficient in practice, since it avoids splitting
training into multiple stages and does not require additional fine-tuning cycles, thereby reducing
engineering complexity (e.g., tuning τ , λu, µ, and strong augmentations of FixMatch).

E.10 DHO IS ORTHOGORNAL TO SSL METHODS

Due to the simplicity of DHO, we observe that it can be seamlessly integrated with, and improves
upon, recent category-aware KD methods (Zhao et al., 2022; Lv et al., 2024), as shown in §E.5. In
this section, we further demonstrate that DHO is also orthogonal to semi-supervised learning (SSL)
methods such as DebiasedPL (Wang et al., 2022b), which leverages debiased pseudo labels to train
a classifier. Specifically, we train hCE using DebiasedPL, while hKD is trained with the KD loss of
DHO, i.e., LKD in Eq. 6.

Table 20: Comparison with Debi-
asedPL (Wang et al., 2022b).

Method ImageNet 1%

DebiasedPL 63.9
DebiasedPL + DHO 65.3 (+1.4)
Zero-shot VLM teacher 60.3

We conduct experiments on ImageNet with 1% labels on Ima-
geNet using ResNet-50 with a zero-shot VLM teacher. We use a
batch size of 384, an EMA teacher model, multi-view augmen-
tation, and 50 training epochs. Because the Google Drive link
in the official codebase for the 1% ImageNet split has expired,
we randomly sample a new 1% split, which may introduce mi-
nor discrepancies relative to the numbers reported in the original paper. As shown in Tab. 20, DHO
improves DebiasedPL by +1.4, demonstrating that DHO is both simple and complementary to strong
SSL approaches.

Table 21: Performance of ViT-B/16 and ViT-L/14 distilled from ViT-H/14 with entropy adaptive weighting under
different percentages of labeled data.

Method ViT-B/16 ViT-L/14
1% 10% 1% 10%

DHO 81.66 82.78 84.59 85.94
DHO+Ent 81.66 82.65 84.60 85.92

E.11 OUT-OF-DISTRIBUTION EVALUATION UPON FULLY TRAINED MODEL

We provide the evaluation on out-of-distribution datasets with fully trained model in Tab. 22. DHO sig-
nificantly outperformed zero-shot baselines on similar-distribution variants (ImageNet-V2, ImageNet-
Sketch) across both ViT-B/16 and ViT-L/14 architectures, but showed performance degradation on
out-of-distribution datasets (ImageNet-R, ImageNet-A), suggesting increased distribution overfitting
from full model training. Interestingly, ViT-B/16 models distilled from ViT-L/14 handled shifted dis-
tributions better than those taught by the larger ViT-H/14 DFN (Fang et al., 2023), despite the latter’s
superior performance on shifted distributions such as ImageNet-R and ImageNet-A. We attribute this
to the shared training background between ViT-B/16 and ViT-L/14 in the CLIP framework (Radford
et al., 2021), which appears to better preserve generalization capabilities during the adaptation. This
points to an important insight: our method works best on out-of-distributions when the teacher
and student models share similar training distributions, suggesting that successful knowledge
distillation also depends on the alignment between teacher and student than just the teacher’s raw
capabilities.
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Table 22: Accuracy(%) of DHO with full training model on the ImageNet distribution-shifted variants.

Student Model Params (M) Labeled Data Teacher Model Val V2 Sketch R A
ViT-B/16 Student
ViT-B/16 (Radford et al., 2021) 86M zero-shot - 66.7 60.8 46.2 74.0 47.0
ViT-B/16 86M 1% ViT-L/14 78.7 70.1 48.0 70.9 41.1
ViT-B/16 86M 10% ViT-L/14 80.8 71.3 47.4 71.7 41.4
ViT-B/16 86M 1% ViT-H/14 81.6 72.6 50.6 65.5 35.6
ViT-B/16 86M 10% ViT-H/14 82.8 73.6 50.7 67.7 37.8

ViT-L/14 Student
ViT-L/14 (Radford et al., 2021) 304M zero-shot - 75.3 68.3 59.2 86.5 74.6
ViT-L/14 304M 1% ViT-H/14 84.6 77.0 61.5 79.9 60.8
ViT-L/14 304M 10% ViT-H/14 85.9 77.8 61.7 82.8 64.4

Zero-shot VLM
ViT-H (Fang et al., 2023) 632M zero-shot - 83.6 77.2 71.7 92.3 77.4

F ADDITIONAL ANALYSIS

F.1 ADDITIONAL ANALYSIS ON NON-LINEAR HEAD DESIGN

To further investigate the architectural advantages of dual head optimization, we conducted experi-
ments with non-linear head designs, replacing the linear heads used in our main experiments. We
design a non-linear classifier with a sequence of layers: an initial linear projection layer, followed by
layer normalization (Ba, 2016), GELU activation (Hendrycks & Gimpel, 2016), dropout (Srivastava
et al., 2014), and a final linear classification layer. We compared DHO with three non-linear config-
urations; DHO+NL-Head-CE: non-linear CE head, DHO+NL-Head-KD: non-linear KD head, and
DHO+NL-Head-CE+KD: non-linear both CE and KD heads. All experiments followed the few-shot
semi-supervised setting detailed in §C.2.

Table 23: Results of different non-linear head configurations on 11 datasets including ImageNet under
few-shot semi-supervision using ResNet-18 with zero-shot teacher (Radford et al., 2021). We report averaged
accuracy for 10 visual recognition datasets except the ImageNet.

ImageNet Average of 10 tasks
Configuration 1-shot 2-shot 4-shot 8-shot 16-shot 1-shot 2-shot 4-shot 8-shot 16-shot

DHO (base) 61.7 62.2 62.6 63.8 65.1 58.9 62.2 68.4 73.1 76.5
DHO+NL-Head-CE 61.7 61.9 62.2 63.1 64.8 59.3 62.1 68.0 72.7 76.2
DHO+NL-Head-KD 62.1 62.6 62.9 64.0 65.9 58.3 62.1 67.8 72.4 76.5
DHO+NL-Head-CE+KD 62.0 62.3 62.6 63.8 65.4 59.1 62.2 68.6 72.4 76.5

Performance Analysis. Our experiments revealed key findings regarding head architecture (Tab. 23,
Fig. 13). On ImageNet, non-linear KD heads consistently outperformed linear ones, suggesting
complex architectures better capture teacher predictions. Conversely, non-linear CE heads degraded
performance, likely due to overfitting on limited labeled data. While dual non-linear heads out-
performed fully linear configurations, they were less effective than non-linearity in the KD head
alone.

Table 24: Results on dual-heads interpola-
tion strategy of different non-linear head con-
figurations on ImageNet under 16-shots semi-
supervised setting.

Configuration CE Head KD Head Combined

DHO (base) 60.64 61.55 65.37
DHO+NL-Head-CE 60.18 61.39 64.91
DHO+NL-Head-KD 60.95 61.76 65.97
DHO+NL-Head-CE+KD 61.66 61.81 65.59

On the other 10 datasets, optimal configurations var-
ied considerably with no consistently superior ap-
proach. This highlights that non-linear transformation
effectiveness depends strongly on dataset character-
istics and head functionality. Given comparable per-
formance but superior computational efficiency, we
adopted linear head architectures for all subsequent
experiments.

Head Decomposition Analysis. Analysis under the 16-shot semi-supervised setting revealed
complex relationships between architectural choices and head-wise performance as shown in Tab. 24.
Non-linear CE branches decreased CE head performance from 60.64% to 60.18% despite increased
parameters. Conversely, non-linear KD heads improved both heads: CE accuracy increased to 60.95%
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Figure 13: Results of different non-linear head configurations on 11 datasets including ImageNet under
few-shot semi-supervision using ResNet-18 with zero-shot teacher (Radford et al., 2021).

and KD prediction to 61.76%. However, dual non-linear heads reduced combined performance from
65.97% to 65.59%, suggesting head specialization may compromise joint feature representation.
These findings highlight the complex interplay between architectural decisions and multi-head
learning dynamics.

F.2 ADDITIONAL DUAL-HEAD ANALYSIS
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Figure 14: Analysis of DHO on the ImageNet under 16-shot semi-supervised setting. (Left) Maximum probability
distributions for predictions from CE head, KD head, and their combined output. (Middle) Prediction agreement
diagram analysis, categorizing cases where both heads are correct, only one head is correct, and both heads are
incorrect. (Right) Error reduction analysis comparing single-head failure cases against improvements achieved
through combined predictions.

In this section, we further analyze the prediction behavior of DHO. As shown in Fig. 14 (left), despite
sharing feature representations, the CE head (hCE), trained on labeled data, produces sharper predic-
tions, whereas the KD head (hKD), guided by teacher distillation, generates smoother distributions.
Prediction agreement analysis (Fig. 14, middle) shows that the two heads agree in 76.2% of cases
while complementing each other: the CE head correctly classifies 11.5% of cases where the KD head
fails, and vice versa for 12.4%. Error reduction analysis (Fig. 14, right) further demonstrates that our
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combined approach reduces failure rates from 11.5% to 2.5% for the KD head and from 12.4% to
5.2% for the CE head, confirming the effectiveness of DHO.

We also present additional qualitative results of DHO, both on ImageNet (see Figs. 15 and 16) and on
other 10 datasets (see Figs. 17 and 18).
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Figure 15: Additional qualitative results on ImageNet under 16-shot semi-supervised setting.
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Figure 16: Additional qualitative results on ImageNet under 16-shot semi-supervised setting.
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Figure 17: Additional qualitative results on other 10 datasets for models trained under 16-shot semi-supervised
setting.
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Figure 18: Additional qualitative results on other 10 datasets for models trained under 16-shot semi-supervised
setting.
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G THE USE OF LLMS

We used LLMs solely for light editing such as correcting grammatical errors and polishing some
words. They did not contribute to research ideation, experiments, analysis, or substantive writing.
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