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Introduction Approach
• Image Retrieval

• Distance-based metric learning
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Problem: The distribution of distances varies from batch to  
batch, making it hard to pre-select optimal hyper-parameters.

• Ranking-based metric learning
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• Soft Ranking

• Ranking Threshold Loss • Hard Thresholds

• Ranking Margins

(1) no margin

(2) hard margin

(3) soft margin

Problem: Since only a few samples contribute to the SRT  
loss, once these samples are corrected, the training stop.

Problem: The approximation errors from soft ranking will 
accumulate and thus not always neglectable.

Problem: Ranking function is not differentiable.

Experiments

• Person ReID

• Fashion Retrieval

Conclusion
• We propose a novel loss function using the ranking as  

input, with both a positive and a negative term, to assert  
the ranking values to satisfy certain adaptive thresholds. 

• We introduce the hard thresholds and ranking margin as  
extensions for further improving its performance. 

• Experiments on person reID and fashion retrieval  
benchmarks demonstrate that our loss outperforms other  
distance-based losses

• Performance Study

(1) positive term
Pi = #{j |yi = yj}

T+
i = Pi

Pi = #{j |yi = yj}
T−

i = Pi + 1

(3) combined

LSRT = αLpos + (1 − α)Lneg

R(x) = 3
= #{i | i < x} = #{i |x − i > 0}
= ∑

i
step(x − i)

≈ ∑
i

sigmoid(x − i) = R̃(x)

Lpos = [Rij − T+
i ]+

Lneg = [T−
i − Rij]+

Lpos = [Rij − (T+
i − m)]+

Lneg = [(T−
i + m) − Rij]+

Lpos = σsp(Rij − T+
i )

Lneg = σsp(T−
i − Rij)

Ranking 
(1) The distribution is more uniform.  
(2) The rank values have a fixed 

lower bound and upper bound. 
(3) A single rank value contains more 

information than a single distance 
value.

Ltri = [Dap − Dan− m]+

if

if

(1) when errors are small

(2) when errors are large

(2) negative term


