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! The Problem: A Fragile Two-Stage Pipeline ! The SIT Architecture ! Main Results — S&P 100

The dominant deep-learning recipe for portfolio construction is decoupled: a general- Red =best, blue =2nd within each panel.

[Pairwise Cross-Signatures]

purpose model first forecasts returns, and an optimizer then allocates. This pipeline Extraction ( SITBlock ) R w— . Sortino? Wealtht
breaks down in three compounding ways: T  Temporal Attn | | | - ;’ B \; Panel A — Asset-40 Universe (S&P 100)
No financial inductive bias — generic forecasters cannot model market A Sigh (s ) oY | | el A T ASSElEY JIrerse
structure such as lead—lag relatigns between assets [ o H Sigitirz J e E‘ e i CVaR 0.1531 0.2001 0.3516 1.0569
o . . N . Price Data pxtrction ) | | ———— [\ | ozl EW 0.5759 0.7153 0.3688 1.6439
Objective mismatch — minimizing MSE is agnostic to the downstream decision; 1 L Neworke | | N ere—— GMV 0.4148 0.5337 0.2743 1.3258
It also over-rewards easy-to-predict assets and distorts the allocation. [ - ] [ - ] [ — ] S 1 S T - HRPf 0.4958 . 0.6171 0.3185 1.4561
e e . o - - - Signature | | Time | | Aset S — T Autoformer  0.2499 4 0.1405 0.3423 4 0.1980 0.3812 =+ 0.0480 1.1809 = 0.2403
= :)‘:;;:25'g(';?fgﬁgwei;hhet;pt'm'zer magnifies finy ranking errors into volatile, Y v oo |50 ! optmmer ot DLinear 03167 4 0.1326 0.4513 + 02005 0.3621 + 0.0407 1.2915 + 0.2133
' Unified embeddings. At each decision time, every token fuses three sources — the FEDformer 0.4006 4= 0.2317 0.5540 4= 0.3192 0.3647 4= 0.0167 1.5198 4 0.5703
/b Lacks Fimaneia p— ™~ o learmable acser iTransformer 0.3157 & 0.0749 0.4233 4 0.0943 0.4136 + 0.0326 1.2860 = 0.0147
[ InductveBias Mismateh ———] ap 9 Sigs _ date, AN _ NSformer  0.4074 + 0.1151 0.5820 & 0.1655 0.4475 4+ 0.0672 1.5129 + 0.3010
TSLA A embedding €asset — concatenated and projected to R¥mesl. A factorised Transformer PatchTST ~ 0.3286 & 0.2021 0.4540 == 0.2818 0.4523 4 0.0838 1.3409 - 0.3886
NVDA :: > +n% Em> Q{O then runs causal temporal attention followed by cross-asset attention within each TimesNet  0.3568 4 0.0782 0.4959 & 0.1019 0.4704 £ 0.0701 1.3765 £ 0.1729
AAPL Forecasting MSE layer. RFormer 0.4901 £+ 0.1437 0.6308 + 0.1828 0.3415 4 0.0482 1.5387 + 0.2353
Vodels (g )i r SIT (Ours)  0.6717 + 0.0628 0.8232 - 0.0792 0.3611 =+ 0.0037 1.7903 + 0.1023
_________________________ ﬁ{l}gliﬁcaﬁon Opt(i)ll:i;alt(i)on I Slgnature-lnformed Self-Attention Panel B — Asset-50 Universe (S&P 100)
|

\_ | Asset Allocation | < Y Cross-asset queries/keys/values Q, K,V are augmented with an additive, data- CVaR 0.2165 0.2858 0.3036 1.1170

dependent bias. The pairwise cross-signature ¢; j  is embedded by MLPﬁ into B ; lé\liv/w ggggg gzggg 8;2% }ggig

: d . .
I Our Approach: SIT a dynamic query qk”’j” = MLPq(xj(, j) encodes the query asset’s informational need. HRP 0.4637 0.5620 0.3258 14021
Their inner product forms the bias bk ) = <q?(?/jn, ,Bi,j,/>= scaled by a learnable gate Autoformer 0.3899 = 0.1985 0.5321 == 0.2870 0.4356 == 0.1256 1.4697 = 0.4573
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pairwise cross-signafures injects geometric lead-iag structure. I Decision-Focused CVaR Obijective SIT (Ours) 07715 + 0.0627 0.9743 + 0.0998 0.3271 + 0.0094 1.9215 - 0.1792

3. Decision alignment. Training directly minimizes portfolio CVaR — the objective

SIT consistently delivers the strongest risk-adjusted return and final wealth across

's the financial goal, closing the predict-then-optimize gap. Weights are a tempered softmax of predicted returns, Wz(‘,-k) = SOftmaX(ﬁg,-k)/ T), with both S&P 100 universes, while GMV remains the most conservative on maximum
A long-only, fully-invested allocation learned solely from a tail-risk objective per-step loss LK) = —(wgk>)Trti .« The sole training signal is the expected CVaR of drawdown.
— no auxiliary prediction loss. the K-step loss, optimised via its dual and empirical form: —- :
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Aligning the training objective with the financial objective is necessary to

turn predictive signals into reliable portfolios. Across both S&P 100 universes, decision-focused learning (DFL) raises Sharpe for
most forecasting backbones relative to MSE training, showing that objective alignment
matters even with a fixed architecture.
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