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Knowledge Distillation — Background

• A model compression paradigm: transfer knowledge 

from a large teacher to a compact student

• Why it matters: Enables deployment on resource-

constrained devices (mobile, edge, embedded)

• Standard approach: Student is trained with a weighted 

combination of two losses:

• Task loss: fit ground-truth lables

• Distillation loss: mimic teacher’s soft predictions

• Key tension: These two objectives can conflict.



Motivation: Why Current KD Fails

Gradient conflict

∇Ldistill and ∇Ltask often point in opposing directions

• Task loss pulls student toward ground truth

• Distillation loss pulls student toward the teacher

Gradient dominance

One gradient's magnitude overwhelms the other

• The weaker objective gets suppressed during training

Dynamic training landscape

Gradient magnitudes shift across epochs

• A fixed α₁, α₂ cannot adapt to these evolving dynamics

Bottom line: Manual loss weighting is fundamentally brittle

Gradient conflict illustration

𝛁𝑳𝒅𝒊𝒔𝒕𝒊𝒍 𝛁𝑳𝒕𝒂𝒔𝒌

g_tot = ?

conflict angle > 90°

Which direction should the student update?
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Limitations of Existing KD Approaches

Logit-level (predictive distributions)

• Transfers only final predictions

• Cannot encode teacher's inductive biases or 
intermediate reasoning

Feature-level (intermediate repr.)

• Requires heuristic layer matching and 
normalization

• Does not resolve gradient conflict — two 
losses still compete

Token-based (transformer semantics)

• Naïve token matching ignores contextual and 
relational structure

• Misses higher-order dependencies between 
tokens

Multi-objective optimization

• Previously not applied to knowledge 
distillation

This is the gap we fill → DTO-KD

★

Common thread: None of these approaches address the fundamental gradient conflict between competing KD objectives

4



Our Contributions

Key idea: Formulate KD as a dynamic multi-objective optimization (MOO) problem and 
solve it analytically at each iteration

1

KD as dynamic
MOO problem

Jointly optimize task loss and 

distillation loss as competing 

objectives with per-iteration 

trade-off

2

Closed-form
optimal trade-off

Analytically compute π₁, π₂ at 

each step — no grid search, no 

extra hyperparameters

3

Gradient conflict
& dominance resolved

Update direction always aligned 

with both objectives; equal 

contribution ensures neither is 

suppressed

Result: New state-of-the-art on ImageNet-1K, CIFAR-100, and COCO across homogeneous & heterogeneous teacher-student pairs
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Problem Formulation

Goal of knowledge distillation

Train student to approximate teacher on all samples:

Conventional KD: weighted sum of two losses

α₁, α₂ are fixed scalar weights — manually tuned, cannot adapt during training

Distillation loss

Ldistill(θ)  ≜  ᵓC  ℓdistill( fs(x;θ), ft(x;ϕ) )

Task loss
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Gradient Conflict and Dominance

Gradient of total loss:

gtot  =  ∇Ltot(θ)  =  α1 gdist  +  α2 gtask

Gradient Conflict (GrC)

Occurs when the gradients of the two losses point 
in opposing directions:

⟨ gdist , gtask ⟩  <  0

→ Negative inner product means the losses pull the 

student in opposing directions

Gradient Dominance (GrD)

Arises when one gradient's magnitude 
overwhelms the other:

‖ gdist ‖  ≫  ‖ gtask ‖

→ The stronger gradient dominates the update, 

suppressing the weaker objective entirely

DTO-KD resolves both: dynamically compute π = (π₁, π₂) so the update is aligned with both objectives
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DTO-KD Framework



KD as Dynamic Trade-off Optimization

• Formulate KD as multi-objective optimization: 𝐋tot 𝜽 = Ldistill 𝜽 , Ltask 𝜽
⊤

Stage 1: Update student parameters

𝜽t+1 = 𝜽t − η 𝒈t
Rate of improvement:

𝑟dist 𝒈t =
Ldistill 𝜽t − Ldistill 𝜽t+1

Ldistill 𝜽t
𝑟task 𝒈t =

Ltask 𝜽t − Ltask 𝜽t+1
Ltask 𝜽t

Stage 2: Optimize trade-off weights

Define: 𝐽t = ∇log Ldistill 𝜽t | ∇log Ltask 𝜽t
Solve:

Update: 𝒈∗ = 𝜋1 ∇log Ldistill 𝜽t + 𝜋2 ∇log Ltask 𝜽t

Theorem 3.1 — Closed-form solution:

𝜋1
∗ =

𝑔22 − 𝑔12
𝑔11 + 𝑔22 − 2𝑔12

𝜋2
∗ =

𝑔11 − 𝑔12
𝑔11 + 𝑔22 − 2𝑔12

Practical: Amortized training — single backprop per iteration via gradient-based π update (Eq. 18)

𝝅 t + 1 = 𝝅 t − 𝜂π𝛻𝛑
1

2
𝜋dist t ∇log Ldistill + 𝜋task t ∇log Ltask

2
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ImageNet-1K (Classification)

DeiT-Tiny: 
• +1.4% over SOTA

• +5.2% over baseline

DeiT-Small: 
• +0.8% over SOTA

Quantitative Results



• New SOTA across homogeneous & heterogeneous CNNs (CIFAR100)

Quantitative Results



• COCO (Object Detection)

Quantitative Results



Effectiveness of Dynamic Balancing



• DTO-KD brings a principled, gradient-aware, multi-objective 
optimization framework into KD

• It resolves fundamental issues that have limited KD for years
• no fixed weights

• no gradient conflict
• no gradient dominance

• stable, fast convergence

• State-of-the-art across multiple vision benchmarks

Summary
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