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Abstract

Funds at large portfolio management firms may consist of many
portfolio managers (PMs), each managing a portion of the fund and
optimizing a distinct objective. Although the PMs determine their
trades independently, the trade lists may be netted and executed by
the firm. These net trades may be sufficiently large to impact the
market prices, so the PMs may realize prices on their trades that are
different from the observed midpoint price of the assets before ex-
ecution. These transaction costs generally reduce the returns of a
portfolio over time. We propose a simple protocol, based on methods
from distributed convex optimization, by which a firm can commu-
nicate estimated transaction costs to its PMs, and the PMs can po-
tentially revise their trades to realize reduced transaction costs. This
protocol does not require the PMs to disclose their method of deter-
mining trades to the firm or to each other, nor does it require the
PMs to communicate their trade lists with each other. As the number
of adjustment rounds grows, the trades converge to the ones that are
optimal for the firm. As a practical matter we observe that even just
a few rounds of adjustment lead to substantial savings for the firm
and the PMs.



1 Introduction

The coordination problem. We consider the setting of a systematic firm
with multiple PMs managing independent investment sleeves (sub-portfolios)
of a single fund'] Each PM determines their desired trading actions by solving
a specific optimization problem, but the outcomes of these actions are often
coupled at the firm level. This coupling arises when the cost or utility realized
by the firm depends on the aggregate actions of the PMs.

A primary example of this is netted transaction costs. The firm may
net the trade lists of all the PMs and execute the net trade on the market.
Trading impacts market prices, resulting in transaction costs that depend on
the aggregate trades. Similar coupling can arise from shared borrow costs
or firmwide risk constraints. The challenge is to coordinate the PMs to
optimize a global firm objective while respecting the autonomy and private
information of the individual PMs.

Joint transaction cost optimization. We assume that all PMs deter-
mine their trade lists by solving an optimization problem, typically convex,
that takes into account their views of future risk and returns, the cost of
holding short positions, and the cost of trading, as well as portfolio specific
constraints, such as limits on what assets can be held. To find the optimal
trades taking the netted transaction cost into account, we can collect all
PMs’ optimization problems, sum their objectives, and subtract the transac-
tion cost associated with the net trades. The individual optimization prob-
lems associated with each portfolio are now coupled through the net trade
transaction cost. If the optimization problems used by each PM are convex,
we obtain a large convex optimization problem, which determines all trades
simultaneously, minimizing the total transaction cost to the firm, in addition

'This paper is a purely mathematical contribution to distributed optimization in the
context of portfolio management. It does not describe, reference, or prescribe the practices
of any specific firm. By netting trade lists, we refer to the mathematical aggregation of
individual trade lists into a single net trade vector. In practice, the internal crossing
of trade lists is a regulated activity; we exclusively consider the case in which crossing
is entirely permissible and make no assertions about its applicability in any particular
regulatory or operational context. We assume, as a modeling abstraction, that there
exists a central entity within the firm charged with aggregating the PMs’ trade lists and
executing the resulting net trade on the market. This is a simplifying modeling device.
Finally, we use the term cooperative throughout this paper in its game-theoretic sense,
and not in the colloquial sense of informal coordination or agreement between parties.



to maximizing each PM’s objective. We refer to this as the joint problem,
since all the trades are found by solving a single optimization problem that
takes the net trade transaction cost into account.

Distributed solution of the joint problem. We propose a distributed
method to solve the joint problem. This iterative method proceeds in rounds
in which each PM adjusts their trade lists. In each round each PM com-
municates their proposed trade list to a central entity within the firm. The
central entity nets the trade lists and broadcasts back to the PMs informa-
tion about the net trades. Based on this information each PM modifies their
optimization problem slightly, adding a discount or premium to each asset,
to account for the net trade transaction cost.

The specific methods that the central entity and the PMs use come di-
rectly from well-known methods for distributed optimization. Because of
this, if the adjustment rounds are continued, the PM trade lists converge to
their joint optimal values. But in this distributed method the PMs never
divulge their trade lists, or their strategies, to other PMs or indeed even the
central entity. In each round they simply take in information from the central
entity, modify their problems, and solve them to obtain the modified trade
list.

We observe that in practice, just a few rounds of adjustment are enough
to substantially reduce the transaction cost to the firm.

1.1 Prior work

Transaction costs. Transaction costs have been extensively studied in
the context of portfolio optimization. Many works have examined modeling
transaction costs, and some common models include a linear transaction cost
model [LCPGI9, Lel00], a quadratic transaction cost model [CLRX19|, and
a 3/2-power transaction cost model [BBD™17, [BJK™24]. Other works have
considered piecewise-affine transaction cost models [BVFT19] and a model
where the transaction cost is a fixed fraction of the portfolio value [MP95,
MOGST5]. These works largely build on Markowitz’s mean-variance opti-
mization framework [Mar52] and integrate transaction costs into a Markowitz
portfolio optimization problem. All of these papers, however, only consider
the problem of optimizing the portfolio of a single PM.



Distributed optimization. In the context of jointly optimizing the objec-
tives of multiple agents in a distributed setting, operator splitting methods
such as the alternating direction method of multipliers (ADMM) are well
studied [BPC™10, RY22, [CHWTI5, SYPT16l, [YGJIT22]. We refer to a survey
of methods in distributed optimization for a thorough discussion of other
methods used to solve multi-agent sharing problems [YYW™19|. In portfo-
lio optimization, distributed methods have been studied to allow multiple
agents to collaboratively optimize a single portfolio based on observations
each agent has made of asset returns and covariances [CS13].

2 Mathematical formulation

2.1 Preliminaries

There are M PMs at the same firm, each of whom manages a portfolio of N
assets, but with different goals and mandates. Each portfolio manager 7 has
a net asset value (NAV) V¥ > 0, and the firm’s total NAV is V = 37 V7,
We define the relative NAV weight of each PM as X' = V' /V.

Each PM determines their trades in terms of portfolio weights. We denote
the trade weight vector of PM i as 2’ € R", where 2? is the change in
weight allocated to asset j, with xé < 0 meaning a reduction in weight. The
corresponding trade list in shares is z'V*/p, where p € Rf + is the vector of
asset prices and the division is elementwise.

The firm collects the trades and executes the net trade in the market.
Since portfolios have different sizes, the firm’s net trade weight is the NAV-
weighted sum of individual trade weights:

M

z = Z Azt

i=1

If z; = 0, it means that shares of asset j are exchanged between the M funds
in proportion to their NAVs, and none are transacted in the market. The
net trade in shares is 2V/p.

When the trade lists are produced, the asset prices are given by p.s €
RY ., so the reference cost of the net trade is (prer)” (2V/pret) = V172, The
trades are executed at the realized prices prea € Rf +, and the realized cost
differs due to market impact. The difference is interpreted as a transaction



cost, which is typically nonnegative, although it can be negative if the trades
of portfolio 7 tend to go against the net trades, i.e., a:; and z; have different
signs.

Transaction cost models. There are many models of transaction cost.
Since transaction costs depend on the actual shares traded, we express them
in terms of the net trade weight 2 and the firm’s total NAV. The simplest
model includes only the bid-ask price spread of each asset. Here, the reference
price is the midpoint of the bid and ask prices when the trade lists are
produced, but we execute purchases at the ask price and sales at the bid
price. The resulting transaction cost is (1/2)k”|z|, where r; is the bid-ask
spread of asset j expressed as a fraction of price (unitless), and the absolute
value is taken elementwise. More complex models also take into account the
effect of large orders eating through the order book. One common form,
expressed in terms of trade weights, is

6'°(2) = (1/2)Kpreaal?] + Fimpacr |22, (1)

with
-
(Kimpact )j = \/ﬁ

where (Kspread); 15 the bid-ask spread of asset j expressed as a fraction of
price (unitless); b; is the market impact coefficient for asset j (unitless); v;
is the returns volatility of asset j (unitless) over the period considered for
optimization; and w; is the dollar volume of asset j over the period considered
for optimization. The ratio w;/V can be interpreted as the market volume
expressed in units of portfolio weight. The 3/2 power is taken elementwise.
This models the (predicted) transaction cost to execute the net trade z,
expressed as a fraction of NAV.

Portfolio manager objectives. We suppose that PM ¢ has a closed, con-
vex, proper objective function f*: RY — R U {400} such that fi(x) repre-
sents the negative of the PM’s expected return net of fees and costs (possibly
risk adjusted), expressed as a fraction of NAV, for trade weights z € RY,
for ¢ = 1,..., M. This formulation ensures that all portfolio manager ob-
jectives are of similar scale and directly comparable. Additionally, we as-
sume that portfolio manager ¢ determines their trade weights 2 such that



2" = argmin, f*(z). Note that f* can incorporate constraints. For example,
if PM i solves the problem

minimize  fi(z) (2)
subject to z¢ € X*,

with variable z¢, where X is the set of feasible trade weights for PM 4, then
filz) = fi(z") + Lyi(z'), where Iy: is the indicator function of the feasible
set X', This construction is used in §4 Common constraints that may be
included in X’ include risk limits (bounding portfolio volatility), turnover
limits (restricting the magnitude of trades), leverage constraints (bounding
the sum of absolute weights), and active risk constraints (requiring that
the optimized portfolio has limited deviation from a target or benchmark
portfolio).

Firm objective. The firm’s goal is to enable the portfolio managers to
achieve their objectives, while simultaneously minimizing the transaction
costs incurred by the firm as a whole. The firm’s total ex ante penalty
is therefore the NAV-weighted sum of the PMs’ objective functions plus the
modeled transaction cost of the net trade. The problem of minimizing this
total penalty can be formulated as

minimize S0 N F(ah) + pedt(2) (3)
subject to 2z = Y. N

where . > 0 is a scaling parameter for the transaction cost term. The NAV
weights A\’ ensure that the contribution of each PM to the firm objective is
proportional to their portfolio size. The inclusion of . is a practical matter:
scaling the transaction cost term often improves firm performance.

Note. The formulation describes the problem of minimizing the penalty
to the firm as a whole (or equivalently, maximizing the firm’s reward). Since
the trade weights of the PMs are coupled through the transaction cost term
in the objective, the trades of each PM will be influenced by the trades
of the other PMs. It is indeterminate how this will affect the performance
of every PM. We will show in appendix [B] that it is demonstrably not the
case that every PM will realize greater performance by cooperating in this
manner as opposed to acting independently. As such, solving is primarily



of interest to firms that view each PM as an investible asset. Such firms are
only concerned with the performance of the whole portfolio (the firm) and
not the individual assets (the PMs).

In principle, PMs could game the system by artificially scaling up their
objective functions (say, by a factor of 1000) to receive priority in the firm op-
timization. However, we assume such gaming does not occur, as we consider
the cooperative case where PMs act in good faith toward the firm objective.

2.2 Alternating direction method of multipliers

The alternating direction method of multipliers (ADMM) is a well-known
iterative method [BPCT10] that can be used to solve problems of the form

minimize  f(z) + g(2) (4)
subject to Ax + Bz =c¢

with variables z € R"™ and z € R, where A € R?*", B € R?*™, and c € R?
are constants. The ADMM algorithm is given by

1 = argmin <f(5”) + (W) (Az + B2 — ) + g”Ax + B2t — cH%)

T

21 = argmin <g(z) + (uF)" (A" + Bz — ) + gHAIkH + Bz — CH%)
WL =k 4 op(AE 4 BRYL )

1+v5
2

where p > 0 is a penalty parameter and ¢ € (0,
[RY22].

) is a step-size parameter

Reformulating the firm problem. To apply ADMM, we first introduce
the NAV-scaled trade weights 2' = Aa?, which represent the contribution of
PM i to the firm’s net trade. The firm problem can then be written as

minimize Zf\il N fUEIN) 4 g(2)
subject to M i — 2 =0

where ¢g(z) = ¢'(z) +Iz(z) is the sum of the transaction cost and the indica-
tor function of the feasible set Z. Following the dummy variables technique



described in [RY22, Chapter 8], we introduce new variables z!,..., 2" ¢ RY
and eliminate z to obtain the equivalent problem

minimize sz\il A FHEN) + g(Zi]‘il 2')
subject to ¥ —2'=0, i=1,...,M.

To improve practical convergence, we introduce a diagonal scaling matrix
D e RffN and scale the constraints by D to obtain the equivalent problem

minimize 31, N f(F/N) + g(3o1, 2 5)
subject to D' — Dz'=0, 1=1,..., M.

As shown in appendix , applying ADMM to problem with initial dual
variables satisfying u'? = ... = «™? allows us to derive the update rules.
Writing the updates in terms of the original PM trade weights z' = 7%/\
and defining the sharing update signal

M
F =k + ﬁ (—szum + D Z )\j:vj’k) ,

j=1
we obtain:
"1 = argmin (/\Zfz(zr) + X (M Dz + gH)\ZD(x - ka)Hg>

21— argmin (g(z) — ("' Dz + ﬁ“Dz -y )\iD:Ui’k+1|\%>

sum
z

sum

W = Uk‘i‘%(—DzkH‘f‘Z?; X Dgik+1)

2.3 Protocol

The ADMM updates for solving (5 can be computed in a distributed manner,
such that the PMs do not need to share their objectives with each other or
with the firm. Our distributed protocol works by performing a fixed number
of iterations of ADMM. While this does not produce an exact solution to ({5)),
we show empirically in §4] that even a few ADMM iterations is sufficient to
substantially refine the trade lists proposed by the PMs.



Algorithm 1 Transaction cost mitigation protocol

1: Initialization:
2:  Fix iteration count K, step-size ¢, penalty parameter p, and diagonal

scaling matrix D € RYY

3. Portfolio managers initialize: z*° <— argmin, f*(z) fori=1,..., M

4: Central planner receives NAV-weighted net trade Y, Xz and ini-
tializes 22 u® « Oy

o:

6: for k=0,1,..., K —1do

7: Step 1: Distributed update

8: Central planner broadcasts signal:

9: 05— ub + £ (—szum +DY M >\Zl’lk>

10: Each PM i updates:

11: o« argming, (A f(z) + A(¢F)T Da + || XN D(z — z*F)||3)

12:

13: Step 2: Gathered update

14: Central planner receives NAV-weighted net trade Y"1, Xia##+1 and
updates:

15: 2P« argmin, (g(z) — ()" Dz + #; ‘Dz — DM Mgt z)

16: UMt Uk 22 (D SOM Nighhtl szjn})

Comments. The PM update in Step 1 can be interpreted as re-solving
the PM’s original optimization problem with two modifications: a linear
price adjustment term (¢%)T Dz that encodes discounts or premiums based
on the net trade, and a quadratic stability penalty ||\’ D(z — 2"*)||3 that
discourages large deviations from the previous trade list.

Notice that in the proposed algorithm, none of the PMs share their trade
lists with other PMs, and the PMs do not share their objectives with the
central planner. This structure preserves privacy and prevents undesirable
competition between PMs while also minimizing costs for the entire firm.

2.4 Hyperparameters and tuning

Choice of scaling matrix. The diagonal scaling matrix D is used to
improve practical convergence of the algorithm. The choice of D can be



motivated by approximating the transaction cost function. We can approx-
imate the 3/2-power model with a simpler one that is quadratic in trades,
P (z) = Faoread| 2| + 27 diag(Kimpact) 2. The Hessian of the quadratic part of
this approximation is 2 diag(Kimpact). In ADMM, the quadratic penalty on
the consensus variable is weighted by D?. A common heuristic is to align
this penalty with the curvature of the objective by setting D? to be propor-

tional to the Hessian of the centralized cost function’s quadratic part. This
suggests the practical choice D;; = \/2(Kimpact);-

Choice of penalty and dual extrapolation parameters. From [RY22],
the objective value will converge to the global optimum if p > 0 and ¢ €
(0, %5) The penalty parameter p controls the strength of the consensus
constraint, where smaller values of p result in larger changes in each iteration.
While larger steps may seem desirable, excessively large steps may lead to
overcorrection. The dual extrapolation parameter ¢ controls the dual vari-
able update; a common choice is ¢ = 1, though values up to %g ~ 1.618
can accelerate convergence. Empirically, we find the choices p = 10.0 and
¢ =1 to work well in the backtest in §4]

Choice of iteration count. As the iteration count K is increased, the
resulting trade lists will more closely approximate the solution to . As
such, for firms that prioritize the firm’s returns and desire to solve (|3)) exactly,
a larger K is preferred. For firms that prioritize the independence of the PMs
and wish only to provide a mechanism for the PMs to account for transaction
costs, a smaller value of K (such as K = 1) will minimally alter the initial
trade lists of the portfolio managers while potentially providing a substantial
benefit in terms of transaction cost mitigation.

3 Extensions and variations

Firmwide constraints. The firm might have constraints on the aggregate
trades and portfolio weights. For example, market availability imposes box
constraints on the net trade weights z. The firm might also have constraints
that limit the net exposure to any one asset class, limit the leverage, or limit
the turnover. We denote the set of feasible aggregate trade weights as Z. In
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this case, the firm’s problem becomes

minimize YN, )\Zf’(xl) + ¢*(z)

subject to 2z = 3.0 N
z€Z.

This problem can be written in the form (3)) by taking

5<(z2) = {¢tc(z), ifzeZ

—+00, otherwise.

This is a convex function when Z is convex. Algorithm [1| then applies.

Shorting costs. When the firm nets positions across portfolio managers,
it only pays borrowing costs on the net short position rather than the gross
short positions of individual portfolios. This coupling can be incorporated
into the framework by adding a shorting cost term ¢"°"*(z) to the firm ob-
jective in (3]}, and the ADMM updates extend naturally. Other coupling
terms arising from shared resources or firmwide constraints can be handled
similarly.

4 Backtest

We present a backtest of our protocol over historical data to illustrate the
potential returns that can be achieved by mitigating transaction costs in a
firm-wide manner. The code to reproduce our experiment can be found at

https://github.com/cvxgrp/coop_t_code.

4.1 Backtest setup

Data. We use historical market data for U.S. equities obtained from the
LSEG (Refinitiv) database. Our universe consists of N = 434 assets drawn
from historical S&P 500 constituents, filtered to those with sufficient data
history and sorted by market capitalization at the end of the sample period.
For each asset, we obtain adjusted daily trade prices, bid and ask prices,
and trading volumes, where the adjustments account for stock splits and
dividends. The bid-ask spread, used in the transaction cost model , is
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computed as the absolute difference between ask and bid prices. Missing
values are forward-filled. We also obtain the 3-month U.S. Treasury Bill rate
from the Federal Reserve Economic Data (FRED) database, which serves as
the risk-free rate r,¢ in the PM objectives. The data spans July 2000 to April
2025.

This asset selection procedure introduces survivorship and lookahead bias,
as we select assets based on their market capitalization at the end of the
sample period rather than at each point in time. This is acceptable for
our purposes: the goal is to evaluate the relative benefit of the cooperative
protocol compared to independent optimization, not to demonstrate an in-
vestable strategy. Since both protocols operate on the same asset universe,
the comparison remains valid.

Transaction cost model. The transaction cost model requires the
spread parameter Kgpead, the market impact coefficient b, the volatility v,
and the dollar volume w for each asset. The spread parameter is obtained
directly from the bid-ask spread data. We set the market impact coefficient
b; = 1 for all assets. The volatility v; is taken from the diagonal of the
factor model covariance estimate described below. The dollar volume wj is
computed as the product of the trading volume in shares and the asset price.
For shorting costs, we use the risk-free rate as a proxy for the borrow cost,
applied uniformly across all assets.

Policies. We simulate a firm with M = 4 PMs. In each period of the
backtest, each PM determines their desired trades by solving the optimization
problem

COSRCIN T t hort
minimize  —a' W — 7€ + VoiskSrisk + VeurnSturn + Ve ®(2) + Yshort @ (2)

subject to W — Wepr = 2
1-1Tw=c
Jwlh <L
jw| < C
1" max(0, —w) < S
[w — Wewr|l2 + |e = ceurr| < 2T + Sturm
||21/27~U||2 < Otarget T Srisk

with N tradable assets and:

e Variables:

12



— w € RY, portfolio weights

— ¢ € R, cash position

— 2z € RY, trade weights

— spsk € Ry, risk slack variable

— Sturm € R4, turnover slack variable
e Data:

— Weur € RY , current portfolio weights
— Ceurr € R, current cash position

— rt € R, risk-free rate
e Models:

—acRY , expected asset returns
— ¥ € RN asset covariance matrix
— ¢ : RY — R,, transaction cost function

— ¢t . RN — R, shorting cost function, ¢*"™(w) = ry Zjvzl max (0, —w;)
e Parameters:

— L € Ry, leverage limit
— C € R, concentration limit
— S € R,, shorting limit
— T € Ry, turnover limit
— Otarget € R4, target risk
— Yisk € Ry, risk penalty weight
— Yurn € R4, turnover penalty weight
— %e € Ry, transaction cost penalty weight
— Yshort € Ry, shorting cost penalty weight
Each PM solves an optimization problem of the form above, with identical

constraint parameters but differing in their alpha estimates «, risk targets
Otarget, tradable asset universes, and initial net asset values (NAVs). The
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common parameters used across all PMs are listed in Table [T} These values
represent typical institutional constraints and are consistent with parameters
used in prior work on systematic portfolio optimization [BJK™24]. The risk
targets Oiarget are drawn uniformly at random from [6%, 15%] annualized, and
the initial NAVs are drawn log-uniformly from 105 to 10" dollars. Each
PM is assigned a random subset of 75% of the assets in the universe that
they can trade and hold.

Parameter Symbol Value
Leverage limit L 1.5
Concentration limit C 0.2
Shorting limit S 0.5
Turnover limit T 0.2
Risk penalty weight Yrisk 20
Turnover penalty weight Vturn 1
Transaction cost coefficient Yte 0.15
Shorting cost coefficient Yshort 1

Table 1: Common constraint and penalty parameters used across all PMs.

All PMs use a common risk model. The details of the PM alphas, asset
universes, and common risk model are described in the following paragraphs.

This formulation is inspired by the paper [BJK™24], and is intended to
represent a reasonable method for systematic portfolio optimization. This
problem is an instance of problem (2)).

Cooperative protocols. We implement and compare four models (proto-
cols) of PM cooperation:

e independent: The baseline protocol where each portfolio manager
solves their optimization problem independently, accounting for their
own estimated transaction costs without coordination.

e full cooperative: An idealized protocol that solves problem di-
rectly, combining all PMs’ objectives into a single optimization problem
with a joint transaction cost term applied to the net firm trade and a
firm-wide shorting cost term as described in The transaction and
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shorting cost terms are scaled by i and ~gnort, respectively, match-
ing the parameters used in the individual PM policies. This requires
gathering all the problem data from the PMs to solve as implemented.

e admm_2_iter: The distributed ADMM protocol described in with
K = 2 iterations, which approximately solves the same problem as
full_cooperative without requiring PMs to share their complete ob-

jectives with the firm or each other. The ADMM hyperparameters are
set as described in §2.4]

e admm 5 iter: The ADMM protocol with K = 5 iterations, providing a
closer approximation to the full_cooperative solution.

Synthetic alpha generation. To evaluate our protocol under controlled
conditions, we generate synthetic alpha estimates with known statistical
properties rather than using proprietary trading signals. Fach PM receives a
noised estimate of future returns, calibrated to achieve a target Information
Coefficient (IC)—the cross-sectional correlation between the alpha estimate
and realized returns.

For PM ¢, the synthetic alpha estimate at time ¢ is

/Y = (R, + B,

where R; € .RN is the vector of realized returns over a 42-day forward-looking
window, E’t(l) e RY is a noise vector, and ¢ > 0 is a scaling factor. The noise
variance is calibrated such that the correlation between }?El) and R, equals the
target IC for strategy i. Specifically, if the target IC is p(?, then the scaling
factor is ¢ = (p(?)? and the noise scaling factor is v = /1/(p®)2 — 1.

The noise process E; (stacked across all strategies) follows a vector au-
toregressive process of order 1 (VAR(1)):

E,=®F,_; + U,

where ® is a block-diagonal matrix with strategy-specific temporal auto-
correlation coefficients ¢ on the diagonal blocks, and U, is an innova-
tion vector. The stationary covariance of E; has the Kronecker structure
Y = SE ® Yagset, Where Yager 1S the empirical asset return covariance and
Sp encodes cross-strategy correlations scaled by the noise factors v?. The
innovation covariance Yy is determined from the discrete-time Lyapunov

15



equation Y = ®X5®T 4 X, The synthetic alpha parameters are summa-
rized in Table 2l

Parameter Value
Target IC (per PM) U[0.06,0.10]
Temporal autocorrelation ) 2/[0.75,0.85]
Cross-strategy noise correlation 0.3
Forward return horizon 42 days

Table 2: Synthetic alpha generation parameters. Ula,b] denotes a uniform
distribution over [a, b].

Note that these alpha estimates are not investable in practice, as they
rely on noised versions of true future returns, which are unknowable. The
PMs and their alpha models should be treated as proxies for realistic system-
atic portfolio optimization strategies rather than as implementable trading
strategies.

Covariance matrix estimation. All PMs share a common risk model
based on a low-rank factor structure. For each time ¢, we estimate the co-
variance matrix >, = FtFtT + Dy, where F; € RY*/ is the factor loading
matrix with J = 15 factors, and D, € RV is a diagonal matrix of idiosyn-
cratic variances.

The estimation procedure uses a 42-day forward-looking window. At each
time ¢, we compute the realized returns over the subsequent 42 trading days
and estimate per-asset volatilities as the standard deviation over this win-
dow. Returns are standardized by these volatilities and winsorized at 4.2
standard deviations to reduce the influence of outliers. We then compute the
sample correlation matrix of the winsorized standardized returns and extract
the top J eigenvectors and eigenvalues. The factor loadings are constructed
as F, = diag(at)QtAi/ 2, where o, is the vector of asset volatilities, (); con-
tains the top J eigenvectors, and A; is the diagonal matrix of corresponding
eigenvalues. The idiosyncratic variances are set to the residual variance not
explained by the factors.

This forward-looking estimation is not implementable in practice, as it
uses future information. However, for the purpose of evaluating the coop-
erative trading protocol under controlled conditions, this approach ensures

16



that the risk model accurately reflects the true covariance structure during
the backtest period.

4.2 Results

In Table[3]| we present the top-level performance statistics for the firm in each
of the backtest scenarios. Since the underlying strategies are synthetic, the
absolute performance figures are not meaningful in themselves; what mat-
ters is the relative improvement achieved through cooperation. We observe
that the cooperative protocols all significantly outperform the independent
protocol in terms of return, volatility, and Sharpe ratio. In comparison, the
difference between the ADMM protocols and the full joint protocol is not as
pronounced, and all three attain nearly identical Sharpe ratios. We break
down the performance by PM in appendix [B]

Return Volatility Sharpe

independent 15.63% 9.77% 1.60
full cooperative 17.59% 8.58% 2.05
admm 2_iter 18.70% 9.16% 2.04
admm_5_iter 18.63% 8.96% 2.08

Table 3: Performance statistics by backtest scenario.
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Figure 1: Firm’s cumulative returns by backtest scenario.
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Figure 2: Firm’s cumulative transaction costs by backtest scenario.

We show the firm’s cumulative returns and cumulative transaction costs
in each backtest scenario in Figures [1| and [2| respectively. As should be ex-
pected, the full joint protocol achieves the lowest transaction costs, and more
iterations of the ADMM protocol seem to result in lower transaction costs.
Performing 2 iterations of ADMM already achieves a substantial reduction
in transaction costs, and performing 5 iterations yields approximately 75%
of the savings of the full joint protocol, and there is very little difference
between the cumulative returns of the ADMM protocols and the full joint
protocol.

5 Conclusion

We have presented a distributed protocol, based on ADMM, that enables
portfolio managers within a firm to coordinate their trades and reduce trans-
action costs without revealing their objectives to each other or to the firm.
Our backtest demonstrates that even a small number of coordination rounds
can substantially reduce the transaction costs incurred by the firm on its net
trades.

It is important to note the limitations of this approach. The protocol
does not guarantee improved returns or Sharpe ratios for the firm or for in-
dividual PMs. The effect on PM-level performance is indeterminate: while
we expect every PM to experience reduced transaction costs through cooper-
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ation, this does not necessarily translate to improved returns, as the coordi-
nation may alter the composition of trades in ways that affect other aspects
of performance. What this method does provide is a principled mechanism
for reducing frictional costs that would otherwise erode returns.

For firms structured as collections of independent sleeves or subsidiary
funds, where net trades are executed centrally, this protocol offers a practical
path to capturing the benefits of trade netting while preserving the autonomy
and privacy of individual PMs.
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A ADMM for the firm problem

Recall that we define the NAV-scaled trade weights #* = Maz'. Applying
ADMM to (f)) yields the iterates (written in terms of z%):

FH — argmin (X‘ F1@/N) + (@)(DT — D2"*) + gHDﬂ? - Dzi”“\l%)

M
1 = argmin (g(zi]\ilzi)—l—z[(ui’k)T(D:T:i’kH—DZ) LlIDa+ - DziH%])
i=1

(‘zla"'zzM) 7
ui,k-‘rl — ui,k + QOp(Dji’]H_l . DZi’k—i_l).
If ADMM is initialized with v'® = .- = «™? then u'* = ... = «™* and
Dibk — DUk = ... = DMk _ DMk gt each iteration k. We can show

this inductively. Suppose u'* = ... = «™* and rewrite the z-update by

introducing auxiliary variable zgu,, solving the problem

minimize  ¢(Zsum) — (©¥)T(D2gum) + Zl | 8Dz kL D22
subject to SN 2% = zium

with variables 2!, ..., zM and zsum Solving ﬁrst for z',..., 2™ and then for
: ikl ikl ~j k41 S+ k1 i o
Zsum gives z =" i LM i1 T + LzkrL where zE is given by

ZEHl — argmin (g(z) (u")'Dz + —HDz M Di:i’k“H%) :

sum
z

In particular, Dz** — DzWA 1 = — LDz 4 L Zj\il Dz3 L for | =
1,..., M, which is constant across 7. Consequently, from the u-update

W = ok 4 op(DFHRHL - DY = of SJO\;( D2k "‘Z M Dk,
we also have ubF ! = ... = MA+L

We can also rewrite the Z-update in terms of zg,. Substituting z%F =

A % M _L a0 k4 szum into the z-update, expanding the quadratic term,

and ehmlnatmg terms constant with respect to Z, and defining the sharing

update signal y
5 =k + % (—szum +D Zij’k> :

J=1
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we get
ikt ::argpnn_<Aifici/Ai)%_(gk)T[)j~+»§”l)f —-l)jak”§>.

Substituting & = Az and 2% = Ma/* and simplifying, we obtain the update
in terms of the original PM trade weights x*:

2"F 1 = argmin ()\Zfl(x) + N (M D + gHXD(:c — x”“)H%) :

xT

Combining these new iterates gives the update rules described in §2.2]

B Portfolio manager results

Figures [3| and 4] show the PM’s cumulative returns and cumulative trans-
action costs by backtest scenario, respectively. Backtest statistics for each
PM are presented in Table [l We do expect that every PM experiences
lower transaction costs, which we see in Figure [ but this method offers no
guarantee that every PM realizes greater returns or Sharpe ratio through
cooperation. In particular, we observe that PM 2 experiences worse per-
formance through cooperation compared to optimizing independently post
2010.

— independent

—-— full_cooperative
admm_2_iter

= — admm_5_iter

PM1 NAV ($)

2010 2015 2020
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Figure 3: Portfolio managers’ cumulative returns by backtest scenario.
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60M —— independent
—-— full_cooperative
SOM| - |---.- admm_2_iter
= — admm_5_iter
40M
30M
20M
10M
0
2010 2015 2020
Date
(b) PM 2
70M — independent
eom| |7~ full_coope'rauve
----- admm_2_iter
soM| |~ — admm_S5_iter
40M
30M
20M
10M
0
2010 2015 2020
Date
(c) PM 3

26



35M

—— independent

30M| |—--— full_cooperative
----- admm_2_iter
25M| |- - admm_5_iter

20M

15M

10M

5M

Cumulative Transaction Costs ($)

2010 2015
Date

(d) PM 4

Figure 4: Portfolio managers’ cumulative transaction costs by backtest sce-

nario.

Return Volatility Sharpe

independent 15.45% 12.57% 1.23

full cooperative 18.23% 11.14% 1.64

admm 2_iter 19.15% 11.85% 1.62

admm 5_iter 19.42% 11.65% 1.67
(a) PM 1

Return Volatility Sharpe

independent 14.79% 13.38% 1.10

full_cooperative 14.39% 12.39% 1.16

admm_2_iter 15.70% 12.95% 1.21

admm 5_iter 15.49%  12.67% 1.22
(b) PM 2
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Return Volatility Sharpe

independent 19.02% 12.34% 1.54

full_cooperative 20.54% 11.34% 1.81

admm 2_iter 21.87% 11.69% 1.87

admm_5_iter 21.65% 11.42% 1.90
(c) PM 3

Return Volatility Sharpe

independent 15.42% 13.09% 1.18

full cooperative 17.10% 12.28% 1.39

admm_2_iter 18.60% 12.28% 1.51

admm 5_iter 17.06% 12.31% 1.39
(d) PM 4

Table 4: Performance statistics by backtest scenario for each PM.
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