SkyDistill : Navigating Fuzzy Flight
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1. Background 3. Methodology (MCKD) 4, Offline Evaluation
: 3.1 Framework Overview . . : .
' Table 1: Performance comparison on production datasets (Best values are in bold; next-best values are underlined).
] ® : @ P P
Fiiry Sesrch Pace FLiery FllahE OSHE Pags : FllGhE LioRnG Pade The framework bridges the domain gap between precise and fuzzy search. It comprises two
: stages: Categories Methods HR@1 HR@5 HR@10 HR@15 MRR@1 MRR@5 MRR@10 MRR@15 AUC GAUC
Froni: Beijing ’)- Tokyo, Nogaya, Ostu : Beijing ))- Tokyo
o Beijin o e . . . . .
— The next month  This . [ 09.1700.12 09.13 05.14 05.15 Teacher Pre-training: A high-capacity teacher 7 encodes complex user-item interactions Cheapest.  dBMi6% U2  SE064 92087 ARG AAMA . GUIRE  GLOLZ 36027 SLARG
Ol oo, Nogaya, Dsii ; - ) . . Rule Shortest ~ 48.23% 72.78% 83.89%  92.99%  48.23%  59.12%  60.25%  61.88%  76.01% 81.54%
Date: . : within the feature-rich precise search domain D;. Policies  47.77% 72.86% 84.67% 93.67% 47.77%  59.36%  60.62%  62.06%  77.09% 82.01%
| Tl : : : : : : WDL 48.98% 73.19% 84.84% 93.01% 48.98%  59.01%  60.10%  61.91%  76.37% 81.63%
@ ' Distillation-guided Learning: The student § is trained on restricted-feature fuzzy queries .
. : T 5 5 Y9 Single-Task DIN 49.99% 73.18%  85.02%  93.88%  49.99%  58.99%  60.11%  61.78%  76.15% 81.82%
Travel Time L B ot i 8 D,, regularized by multi-level latent knowledge extracted from the teacher to resolve signal DIEN 50.16% 73.22% 85.11%  92.87%  50.16%  58.91%  60.01%  61.89%  76.73% 81.26%
The next menth_ 1"® 1O (e | sparsity MMoE 50.82% 73.87% 85.97% 93.38%  50.82%  59.77%  61.03%  62.05%  76.59% 81.28%
Thenexthalf oo o : 11:00 05,11 Multi-Task ESMM 51.36% 73.99% 85.91% 94.21%  51.36%  59.72%  61.16%  62.51%  76.83% 81.24%
year |
N e 3.2 Dual-Objective Logit Distillation PLE 51.22% 74.03% 85.89% 94.13%  51.22%  59.89%  61.24%  62.55%  76.66% 81.12%
DOW  Mon. Tues. Wed. Thu. : PFRN 50.16% 74.48% 86.36%  94.26%  50.16%  60.66%  63.84%  64.87%  77.15% 81.41%
T TN M O : We employ temperature scaling to amplity "dark knowledge" in the probability DCM 50.11% 74.01% 86.17%  94.06%  50.11%  60.06%  63.31% 64.77%  76.89%  81.59%
: . L : .. [tinerary PlanRanker  50.18% 74.12% 86.32%  94.56%  50.18% 60.04% 64.01% 65.03% 77.08% 81.77%
N T distribution. The student learns from both soft teacher predictions and hard ground-truth P—— swoes  EUEE  SE{TE GATTR MR AR el RRiem  TiEE. BT
B China Eastem Aine labels, ensuring a balance between teacher-mimicry and task-specific accuracy. DCRNet  51.73% 74.26% 86.78% 94.18% 51.73%  60.19%  64.16%  65.13%  77.13% 82.01%
: 1 MCKD(ours) 53.24% 75.18% 87.97% 95.62% 53.24% 61.33%  64.62%  65.76% 78.86% 83.42%
T
Pi =
1+ exp(—z]/T)
Figure 1: Comparison of Fuzzy vs. Precise Flight Search. (Left _ TS s . iri '
gu p y g ( ) Lpgse = A+ Lyppe (Pi g ) +(1=21) Ly, d()’i» z; ) Table 2: Ablation Study of MCKD. Empirical results demonstrate that MCKD achieves

Fuzzy input allows multi-destination and flexible tempo-

LﬁO’/ﬁ"f — Li’og(pl;r' q{g) + ’/*:/&{’(piT’ ng), Lpora = Lce(yi’zlfg)

consistent state-of-the-art performance across all ranking

ral queries. (Middle) Fuzzy results present heterogeneous . . Methods HR@5 MRR@5 GAUC AUC and recommendation metrics, delivering significant and
s . . . ' . 3.3 Feature-Level Hint Learning : : : :
itineraries across varied dates and airports. (Right) Tradi- w/oSec. 22 7426% 60.16% 06210 77.11% comprehensive gains over both conventional multi-task and
tional precise search follows a rigid one-to-one mapping Logit distillation alone is insufficient for capturing hierarchical representations. We align w/oSec.2.3 74.88%  61.02% 0.6214 78.23% advanced itinerary-based frameworks, thereby confirming its
' 'S i - ' 'S Vi - acti Sec.2.4 74.72%  60.26%  0.6228  78.66% . . . . .
the teacher’s intermediate latent space with the student’s via a learnable linear projection z; Z Szz e iesn  c0son  0coys 7acas TODUSt ability to resolve intent ambiguity and signal sparsity

Proj(-): : :
a. Strategic Importance: Fuzzy Flight Search has become a critical gateway for roj() in real-world large-scale flight search.

Lpint = |h% — Proj(hﬁ)@

large-scale platforms like Fliggy, processing high-frequency requests from over
This provides a robust inductive bias, forcing the student to inherit the teacher’s high-order

200,000 daily active users (DAUSs). It serves as a primary hub for users seeking
feature abstraction capabilities.

5. System Deployment Design & Online A/B Test

discovery rather than specific bookings.

b. Shift in Paradigm: The search interaction logic has fundamentally evolved 3.4 Uncertainly-Aware Adaptive Distillation A/B Test Performance Comparison

Online Serving: Inference Latency Performance
from Constraint-based Retrieval to Exploratory Discovery. Users now

Bl Baseline
s MCKD (Ours)

+2.14%

To prevent "noise propagation’ from out-of-distribution queries, we modulate the

—e— Actual Latency
- = Latency Target: < 30.0ms

frequently employ broad, flexible queries, such as "any Thursday next month" distillation weight @; based on the teacher's predictive entropy. 35 - ;|

n . . . . 13 . o o o . . . .
or "multi-destination options’, prioritizing travel inspiration over scheduling. Confidence Reinforcement: If the teacher is certain H — o, a; is maximized to I i

c. Decision-Making Manifold: This environment requires the system to act as a facilitate knowledge transfer.

sophisticated recommendation engine that navigates high-dimensional

Percentage (%)
w

£
Uncertainty Suppression: If the teacher is ambiguous H — peak, a; decays 2 20-

decision spaces. exponentially to prevent the student from inheriting unreliable signals.

H(p] ))

Hmax

+1.56%

2. Challenge

1.60% 1.62%

di = Apgse " €EXP (—)/

a. Sparse Signals & Low Conversion: Unlike precise search, where intent is

3.5 Pairwise Ranking Distillation 0 10 20 30 40 50 CTR CVR

Real-time Requests

explicit, fuzzy queries lack clear signals. The inherent ambiguity in user . . . .. .
P ¥ 9 5 SUILY Flight search is a comparative decision process. We force the student to replicate the

Deployment & Efficiency

requirements complicates the ranking process, manifesting in low conversion \ . . . . . ..
d P 5P 5 teacher's preference manifold by matching the relative rankings of candidates(i, j):

rates (1.6% UV-CVR) and significant difficulty in satisfying stochastic user .
L;%Wv = 2 BCE (a(zf — Z]-S), G(Zl-T — Z]-T))
(i,j)eP .
This ensures that the relative preference orders, crucial for user utility, are preserved even

High Efficiency: Online inference latency is consistently maintained below 30 ms, meeting

intentions. stringent real-time responsiveness requirements.

b. Domain Discrepancy & Misalignment: Standard ranking models trained on Scalable Architecture: Deployed on a distributed TensorFlow framework, ensuring efficient

deterministic, precise-search data struggle with "distributional shift" when scalability for large-scale industrial use without sacrificing training efficiency.

applied to fuzzy scenarios. This leads to a persistent performance gap, where when absolute probability signals are sparse.

Online A/B Test

3.6 Total Training Objective . . S . , .
* +1.56% CVR Lift : Achieved a significant +1.56% increase in Conversion Rate (CVR) compared

superior offline metrics (e.g., NDCG, AUC) fail to translate into meaningful

online conversion improvements.. The final optimization objective is a multi-task formulation that integrates point-wise

to the production baseline in a two-week live A/B test.

c. Noise Propagation in Knowledge Transfer: Simply applying knowledge accuracy, structural representation, and pair-wise ranking consistency:

*  +2.14% CTR Lift : Achieved a significant +2.14% increase in Click Rate (CVR) compared to the
distillation is insufficient due to the inherent noise in fuzzy search data. The Livtar = Loase + MLiint + 22L pair 470 5 470 ( ) P

Post-training, all teacher components and projection layers are discarded, ensuring a .

production baseline in a two-week live A/B test.

tem f. the critical chall f ting "dark | ledge” f
SYSIEI 4TES HhE CHHAD CHATENEE O PrevEntng  dart knowiedge Hom Proven Robustness: Demonstrated superior performance in handling rapid data shifts and

contaminating the student model, requiring a nuanced, uncertainty-aware lightweight, high-speed inference pipeline for online production.

sparsity, especially during high-traffic holiday periods.

approach to effectively align feature spaces between heterogeneous domains.
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