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Multi-task Human Image Analysis Gradient Split Four-Task Analysis

* Multi-task network provides a rich explanation of * |Inter-task relation definition
person-body images, including attributes, pose, part

masks, and identity
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Single-task Networks ResNet-50-GN  81.1 78.0 88.2 45.6 +0.0 123 41

Methods Backbone

When training along with another task B, if relative accuracy change of task A is
smaller than a threshold (e.g., -0.01), then task B has a negative impact on task A

: : (Upperbound) ResNet-50-BN  83.0 78.3 88.4 45.4 — 123 41
dataset 1 : single-task network | relation B —=> A : Single-task Networks ResNet-18-GN 749 76.9 87.0 42.4 — 63 24
” i ) | ! (Baseline) ResNet-18-BN 742 742 874 419 - 63 24
= ; ’ task A 5
= dataset t Network . — > | : RCM [15] 54.9 68.1 69.0 36.1 -219 141 80
T 5 ’ laccaltAl) accy {4, B} — accy {4} . SFG [2] 644 739 718 348 -170 52 20
= . | < threshold . ResNet-50-GN ' ’ ' ‘ ‘
: l acc, |{A) : GradNorm [4] 56.1 77.7 68.4 28.5 -23.1 52 18
dataset T ; | . MTAN [21] 427 774 860 419 -147 175 40
g A7 (acc,|[{A,B}) . ASTMT [26] ResNet-50-TBN* 506 789 870 436 -106 82 42
| | yes |
young man i ~ I_, task B | | ResNet-50-BN 632 763  78.9 39.8 -119 52 18
o Whlte shirk.and pants E | Negati . Multi-head Baseline ResNet-50-TBN* 78.1 772 868 418 -37 52 41
2 i multi-task network . egative i ResNet-50-GN 793 764 861 427 33 52 18
v i |
E) — |Network| — | _ ] _ ' GradSplit (Ours) ResNet-50-GN  80.1 77.8 86.4 439 -1.8 52 18
= ; * Inter-task Relationship based Gradient Update !
forward pass Gradient propagation GradSplit achieves a better accuracy-efficiency trade-off: It minimizes
4 N e or ) 4 ) task 1) accuracy drop caused by task conflicts while significantly saving
Practical setting: the multi-task networks are trained ; - , fk 1 ; compute resources in terms of both FLOPs and memory at inference
: - il task t :
across datasets and each dataset does not necessarily | Conv Ci .t Conv — ! _
have exhaustive annotations for all tasks i e ‘ ; [ _— - . Cross-Dataset Analysis
: — A G | —
- : - / R Lo (2310 2 . Methods Backbone Attribute (MA) _
Task Conflict | task tinput shared backbone head networks | RexNet.S0.BN 15 « Evaluate Attribute accuracy on
5 | , o o3 omptwknework  pooge50.GN 73.0 another dataset where models
Multi-task learning can encounter task conflicts, e.g., : 6, et_avg}ts L, where vgff L = Z my' Vo, Ly  m,, — {0 if ¢ # t. and relation ¢" — ¢ 18 negative " MTAN 21) e s s are not trained for Attribute task
when jointly training identity-variant (body attributes) | % 1 otherwise. . GradNorm [4] ResNet-50-GN 75.5
and identity-invariant (body pose) tasks E . _ASTMT [26] RESNeRU-EDN 63 GradSplit achieves higher
We divide parameters of shared backbone into T groups for T tasks. GradSplit updates Multi-head baseline I?eil\]et-SSOO’-T(;T\I Zgg cross-dataset accuracy
* Our goal is to train a unified model that solves multiple parameter 6, using the gradients from only a subset of tasks {t'}, where the relationship| . Rt ' compared to single-task and
human-related tasks while avoiding the task conflict ' |task t' = t is not negative, while discarding gradients from the other tasks. s ResNetrad-tN S other multi-task networks




