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TRAIN-INFERENCE MISMATCH
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e Distribution Mismatch (Exposure Bias)
e Error Accumulation
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THE UTILIZATION OF SGO
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THE UTILIZATION OF SGO
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THE UTILIZATION OF SGO

4.5 301 P
45 %
4.0 |
15| f% Prob. 1 | Prob.

. 354 | increase
increase {

3.07 —o— None 3.0 : —o— None
Adaptive Off-policy Adaptive Off-policy

T T T T 2.5+ T T T
0 5 10 15 20 0 5 10 15 20

(a) SKL (b) SRKL
Figure 10. Plot of validation loss values (y-axis) across each vali-
dation iteration (x-axis). Although validation loss tends to increase
as training progresses, employing SGO effectively prevents this
increase. This is the core philosophy of our adaptive SGO sched-
uler ( ).
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"Our observations indicate that training on a diverse range of SGOs,
rather than solely on a fixed dataset, mitigates training-inference
mismatch and consequently lowers validation loss"
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INTRODUCE SAMPLE-WISE WEIGHT
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INTRODUCE SAMPLE-WISE WEIGHT
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o Financial Tweet Irony MRPC
Dataset Method Acc FI Acc  Fl_ Acc FI
GPT-3.5 few-shot 79.46 81.6 63.39 6939 69.28 71.75
CE-Loss (quality checker)  78.05 7526 62.5 6238 73.16 68.69
Small real world Focal-Loss 78.47 762 67.73 6232 73.10 66.64
DIMP-Loss (Ours) 79.87 7705 69.01 67.05 74.84 66.80
CE-Loss 7739 7401 7691 76.8 72 65.47
Focal-Loss 79.29 7532 7487 7482 7217 62.77
GPT-3.5 generated Huetal.’s 1.7 6193 7142 70.18 67.13 50.08
SunGen 80.45 7687 78.96 7506 71.65 66.08
IMP-Loss (Ours) 82.09 7940 81.89 8171 75.83 70.52
DIMP-Loss (Ours) 82.67 79.53 78.44 78.14 75.83 70.04
- w/o diversity checker 8135 7794 77.68 77.62 7472 69.34
CE-Loss 84.74 8269 68.75 6841 8092 77.73
Focal-Loss 84.98 8198 67.6 67.19 80.35 76.28
Large real world Huetal.’s 80.19 76.58 60.33 37.63 71.36 67.78
SunGen 84.65 8251 639 62.66 80.81 78.78
IMP-Loss (Ours) 85.3 83.27 70.15 70.08 81.33 783

DIMP-Loss (Ours) 85.4 82.79 69 68.78 82.84 80.49




THINKINGS

= Add weight to SGO ?
T
Lwsco(asio) =3 B At =10 ) Dy (o[w'™)llgo(-[w'™))

=) When using SGO, add adaptive weight for L ggse W.rt Lgp ?
L = LKD + ¢epochLBase
= Deeper research in teacher's response to SGO ?

%) How to solve error accumulation?
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LLM KD WITH DIFFERENT VOCABULARIES
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LLM KD WITH DIFFERENT VOCABULARIES
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THANKS!
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