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Supplementary Material

A. Notations
To improve the readability for the general audience, Table 5
lists all the notation used in this paper.

B. Additional Details for Methodology
B.1. Proof for Proposition 1
The following provides a proof for proposition 1.

Proof. Let the global multi-task objective function be the
weighted sum of the individual task losses, given by

J (θ) =
T∑

t=1

λtEx∼Dt
[Lt(x,θ)] . (17)

Our objective is to find the optimal parameter θm that
minimizes the objective above. To achieve this, we first
consider the Taylor expansion of the expected loss for a
specific task t around its fine-tuned optimum θt. Denote
Lt(θ) = Ex∼Dt [Lt(x,θ)] for simplicity, the second-order
Taylor expansion at θt gives

Lt(θ) ≈

Lt(θt) + (θ − θt)
⊤∇θLt(θt) +

1

2
(θ − θt)

⊤Ht(θ − θt),

(18)
Based on our assumption 2 in the main paper, each fine-
tuned model resides at a local minimum, which implies the
first-order derivative vanishes, i.e., ∇θLt(θt) ≈ 0. There-
fore, the expansion reduces to

Lt(θ) ≈ Lt(θt) +
1

2
(θ − θt)

⊤Ht(θ − θt). (19)

Substituting the above approximation back into the global
objective function, we have

J (θ) ≈
T∑

t=1

λt

(
Lt(θt) +

1

2
(θ − θt)

⊤Ht(θ − θt)

)

=
1

2

T∑
t=1

λt(θ − θt)
⊤Ht(θ − θt) + const.

(20)
Herein, since the constant term does not affect the optimiza-
tion, minimizing the global objective J (θ) is equivalent to
minimizing the quadratic form.

Recall that the Fréchet Mean objective defined in equa-
tion 6 is essentially finding a point θm that minimizes the
weighted sum of squared geodesic distances to all fine-
tuned models. In a small neighborhood around each θt, the

squared geodesic distance d2Gt
(θ, θt) on a Riemannian man-

ifold with metric tensor Gt = Ht can be approximated by
the quadratic form

d2Gt
(θ,θt) ≈ (θ − θt)

⊤Ht(θ − θt) (21)

Substituting this approximation into the Fréchet Mean ob-
jective yields

θm ≈ argmin
θ∈Θ

T∑
t=1

λt(θ − θt)
⊤Ht(θ − θt). (22)

Comparing the two approximations, it is obvious that the
objective functions are identical (up to a constant scaling
factor of 1/2). Thus, minimizing the multi-task loss is lo-
cally equivalent to finding the Fréchet Mean on the manifold
endowed with the Hessian metric.

B.2. Closed-Form Fréchet Mean in equation 8
Denote the objective in equation 7 by J (δm). To minimize
the objective, we take the first- and second-order derivatives
with respect to δm,

∂

∂δm
J (δm) = 2

T∑
t=1

λtHt

(
δm − δt

)
, (23)

∂2

∂δ2m
J (δm) = 2

T∑
t=1

λtHt. (24)

Based on Assumption 2, the Hessian evaluated at each local
minimum is positive-definite, Ht ≻ 0. With non-negative
scalar factors λt ≥ 0, the Hessian of J is positive-definite,
making it strictly convex. Therefore, we can set equation 23
to zero and solve for the optimal δ∗m via

T∑
t=1

λtHtδ
∗
m =

T∑
t=1

λtHtδt, (25)

which yields the closed-form solution in equation 8.

B.3. Empirical Fisher Diagonal in equation 9
Our goal is to approximate the expected Hessian Ht at the
converged parameters θt. For models trained with a super-
vised log-likelihood objective, the expected Hessian coin-
cides with the Fisher information matrix to second order,
which equals the expected outer product of the per-sample
gradient that writes

Ht ≈ Ex∼Dt

[
∇θLt(x,θt)∇θLt(x,θt)

⊤] . (26)



Table 5. Table of notation.

Notation Explanation Notation Explanation

n Dimension of the input data space. T Number of fine-tuning tasks.
m Dimension of the parameter space. L Number of matrix-shaped layers in the backbone.
dℓ Dimension of layer ℓ (square layers). k Per-task SVD truncation rank (also denoted r).
p Subspace dimension, p = LkT . Θ Parameter space, with Θ ⊆ Rm.

λt Merging weight of task t, with
∑

t λt = 1. α Global Frobenius rescaling of the merged delta.
η Curvature heterogeneity diagnostic c⊤H̄−1c. τ Geodesic parameter in [0, 1].

0 All-zero vector or matrix. Ip Identity matrix of size p (likewise Im).

x Input data sample in Rn. θ0 Pre-trained parameters.
θt Fine-tuned parameters for task 1 ≤ t ≤ T . θm Merged parameters.

δt Task vector θt − θ0 for task t. δm Merged displacement θm − θ0.
δ⊥t Residual of δt orthogonal to the subspace, (Im − SS⊤)δt. δ̃t Projected task vector S⊤δt in the subspace.
δ̃m Merged displacement in the subspace, S⊤δm. δ̄ Weighted average

∑
t λtδ̃t.

δ̃I Flat-geometry (identity-metric) subspace solution, δ̃I = δ̄. δ̃H Curvature-aware subspace Fréchet mean, H̄−1
∑

t λtH̃tδ̃t.

S Subspace matrix S ∈ Rm×p with S⊤S = Ip. S(ℓ) Layer-ℓ block of S in Rd2
ℓ×kT .

U
(ℓ)
⊥ Procrustes-whitened left factors in Rdℓ×kT . V

(ℓ)
⊥ Procrustes-whitened right factors in Rdℓ×kT .

U
(ℓ)
⊥,i i-th column of U (ℓ)

⊥ (an atom of the tagged basis). V
(ℓ)
⊥,i i-th column of V (ℓ)

⊥ (an atom of the tagged basis).

Ft Fisher information matrix of task t. Ht Expected Hessian of task t evaluated at θt.
H̃t Projected per-task Hessian S⊤HtS ∈ Rp×p. H̃

(ℓ)
t Per-layer projected Hessian S(ℓ)⊤H

(ℓ)
t S(ℓ) ∈ RkT×kT .

H̄ Weighted average of projected Hessians
∑T

t=1 λtH̃t. c Curvature-task correlation
∑

t λt(H̃t − H̄)(δ̃t − δ̄).

u First-moment vector in the optimizer state. v Second-moment vector in the optimizer state.
vt Empirical Fisher diagonal of task t, E[(∇Lt)

2].

M Differentiable manifold representing the parameter space. G(·) Riemannian metric tensor field onM.
γ(·) Geodesic path γ : [0, 1]→M.

Lt(x,θ) Loss of task t at input x with parameter θ. J (θ) Multi-task objective
∑

t λtE[Lt].
F(δ̃) Subspace Fréchet objective, a quadratic in δ̃.

D Collection of all task-specific datasets {D1, . . . ,DT }. Dt Task-t training distribution.

B(ℓ) Per-task tagged basis of rank-1 atoms at layer ℓ. VS Subspace Fréchet variance (irreducible task conflict).
RS Residual energy

∑
t λt(δ

⊥
t )⊤Htδ

⊥
t lost by projection.

C2 Class of twice continuously differentiable functions. R Real numbers.

The off-diagonal entries of this m×m matrix are intractable
to store at modern model scales. Hence, we propose to ap-
proximate it by its diagonal,

Ht ≈ diag(vt), vt = Ex∼Dt

[
(∇θLt(x,θt))

2
]
,
(27)

which is exactly the empirical Fisher diagonal. The fol-
lowing Appendix D.4 verifies that vt is robust to estima-
tion from a tiny (≤ 0.5%) subsample of the training set, so
this proxy is essentially data-free in practice. The diago-
nal proxy, by itself, is degenerate in the full m-dimensional
space due to overparameterization in large neural networks,
and each per-task curvature shares the same coordinate
eigenbasis. Nevertheless, equation 12 shows that projecting
it onto the per-task tagged basis S produces a dense p × p
matrix that recovers the off-diagonal curvature signal that
the ambient diagonal discards.

B.4. Proofs for the EpiMer Theory
This subsection proves Theorem 1, Theorems 2 and 3,
and Proposition 2 stated in Sec. 3.3. Throughout, we work

in the p-dimensional subspace defined by the orthonormal
basis S ∈ Rm×p (S⊤S = Ip) and write δ̃t = S⊤δt, δ⊥t =

(Im − SS⊤)δt, and H̄ =
∑T

t=1 λtH̃t. We assume the
merging coefficients are normalized so that

∑T
t=1 λt = 1,

matching the convention used by every method we com-
pare against (including our own experiments, which use
λt = 1/T ).

B.4.1. Proof of Theorem 1 (Existence and Uniqueness)
Proof. Expanding the merging objective gives a quadratic
form in δ̃:

F(δ̃) = δ̃⊤H̄ δ̃ − 2 δ̃⊤
T∑

t=1

λtH̃tδ̃t +

T∑
t=1

λtδ̃
⊤
t H̃tδ̃t︸ ︷︷ ︸

constant in δ̃

.

(28)
Differentiating twice yields ∇2F(δ̃) = 2H̄ . By assump-
tion H̄ ≻ 0, so the Hessian is symmetric positive-definite
and F is strictly convex on Rp. Consequently, F admits a
unique global minimizer, and that minimizer is the unique



stationary point. Setting the gradient to zero,

∇F(δ̃∗m) = 2H̄ δ̃∗m − 2

T∑
t=1

λtH̃tδ̃t = 0, (29)

and using invertibility of H̄ ,

δ̃∗m = H̄−1
T∑

t=1

λtH̃tδ̃t =

(
T∑

t=1

λtH̃t

)−1[ T∑
t=1

λtH̃tδ̃t

]
,

(30)
which is exactly equation 13.

Remark. In our empirical-Fisher implementation we re-
place Ht by diag(vt) + ϵIm with a small jitter ϵ > 0 be-
fore projecting (see ensure psd in hessian.py). This
guarantees H̃t ≻ 0 for every task and hence H̄ ≻ 0, so
the existence/uniqueness hypothesis holds unconditionally
in practice.

B.4.2. Proof of Theorem 2 (Merging Error Bound)
Proof. By Assumption 1 the loss Lt is C2, so a second-
order Taylor expansion of Lt around θt gives

Lt(θm)− Lt(θt) =

∇Lt(θt)
⊤(θm − θt) +

1
2 (θm − θt)

⊤Ht(θm − θt) +R
(t)
3 ,

(31)
with cubic remainder R

(t)
3 = O(∥θm − θt∥3). Assump-

tion 2 kills the linear term, leaving

Lt(θm)−Lt(θt) =
1
2 (θm−θt)

⊤Ht(θm−θt)+R
(t)
3 . (32)

Then, we can decompose θm − θt along the subspace S
and its orthogonal complement. Since θm = θ0+Sδ̃∗m and
θt = θ0 + δt = θ0 + Sδ̃t + δ⊥t , we have

θm − θt = S
(
δ̃∗m − δ̃t

)
− δ⊥t . (33)

Let ∆t ≜ δ̃∗m − δ̃t. Substituting equation 33 into the
quadratic form and using S⊤HtS = H̃t,

(θm − θt)
⊤Ht(θm − θt)

= ∆⊤
t H̃t∆t − 2∆⊤

t S
⊤Htδ

⊥
t + (δ⊥t )⊤Htδ

⊥
t .

(34)

The first and third terms are exactly the per-task contribu-
tions to VS and RS . The cross term we bound via two
applications of Cauchy–Schwarz. First, the Ht-Cauchy–
Schwarz inequality (valid because Ht ⪰ 0),∣∣∆⊤

t S
⊤Htδ

⊥
t

∣∣ =∣∣(S∆t)
⊤Htδ

⊥
t

∣∣ ≤√∆⊤
t H̃t∆t

√
(δ⊥t )⊤Htδ⊥t .

(35)

Multiplying by λt, summing over t, and applying the stan-
dard Cauchy–Schwarz inequality on the resulting sum,

T∑
t=1

λt

∣∣∆⊤
t S

⊤Htδ
⊥
t

∣∣ ≤ T∑
t=1

√
λt ∆⊤

t H̃t∆t

√
λt (δ⊥t )⊤Htδ⊥t

≤

√√√√ T∑
t=1

λt ∆⊤
t H̃t∆t

√√√√ T∑
t=1

λt (δ⊥t )⊤Htδ⊥t

=
√
VS
√
RS .

(36)
Combining all three terms above, we have

T∑
t=1

λt(θm − θt)
⊤Ht(θm − θt) ≤ VS + 2

√
VS
√
RS +RS

=
(√
VS +

√
RS

)2
.
(37)

Plugging this into the weighted sum of equation 32 and ab-
sorbing the per-task remainders into R3 =

∑
t λtR

(t)
3 =

O(maxt ∥θm − θt∥3) yields

T∑
t=1

λt

[
Lt(θm)−Lt(θt)

]
≤ 1

2

(√
VS+

√
RS

)2
+R3, (38)

which is equation 15.

Remark. Equality in the bound is attained when, for ev-
ery t with λt > 0, the parallel error S∆t and the residual
δ⊥t are co-linear under the metric Ht and the per-task ra-

tios
√
∆⊤

t H̃t∆t/
√
(δ⊥t )⊤Htδ⊥t are constant. The bound

is therefore tight rather than merely an order-of-magnitude
estimate.

B.4.3. Proof of Theorem 3 (Curvature Advantage)
Proof. Let b ≜

∑T
t=1 λtH̃tδ̃t, so the curvature-aware

Fréchet mean of Theorem 1 is δ̃H = H̄−1b. From the
quadratic expansion in equation 28,

F(δ̃H) = b⊤H̄−1H̄ H̄−1b−2b⊤H̄−1b+C = −b⊤H̄−1b+C,
(39)

where C ≜
∑

t λtδ̃
⊤
t H̃tδ̃t is independent of δ̃. Substitut-

ing the flat-geometry choice δ̃I = δ̄ =
∑

t λtδ̃t,

F(δ̃I) = δ̄⊤H̄ δ̄ − 2δ̄⊤b+ C. (40)

Subtracting equation 39 from equation 40,

F(δ̃I)−F(δ̃H) = δ̄⊤H̄ δ̄ − 2δ̄⊤b+ b⊤H̄−1b

=
(
H̄ δ̄ − b

)⊤
H̄−1

(
H̄ δ̄ − b

)
,

(41)

where the second equality is the identity x⊤Ax− 2x⊤y+
y⊤A−1y = (Ax−y)⊤A−1(Ax−y) valid for any A ≻ 0.



It remains to show that H̄ δ̄ − b = −c where c =∑
t λt(H̃t− H̄)(δ̃t− δ̄). Expanding c and using

∑
t λt =

1,

c =

T∑
t=1

λtH̃tδ̃t −
( T∑
t=1

λtH̃t

)
δ̄ − H̄

T∑
t=1

λtδ̃t + H̄ δ̄

T∑
t=1

λt

= b− H̄ δ̄ − H̄ δ̄ + H̄ δ̄ = b− H̄ δ̄.
(42)

Hence H̄ δ̄ − b = −c, and the quadratic form is invariant
under sign,

F(δ̃I)−F(δ̃H) = c⊤H̄−1c ≥ 0, (43)

where non-negativity follows from H̄−1 ≻ 0. Equality
holds if and only if c = 0, i.e. iff the curvature devia-
tions and task-vector deviations are uncorrelated under the
weighting {λt | t = 1, . . . , T}.

Remark. Three sufficient conditions for c = 0 are imme-
diate: (a) all H̃t are equal (so H̃t − H̄ = 0); (b) all δ̃t are
equal (so δ̃t − δ̄ = 0); (c) the first moment of the devia-
tions (H̃t − H̄)(δ̃t − δ̄) vanishes by symmetry. Cases (a)
and (b) are degenerate (homogeneous curvature, identical
task vectors); case (c) is the empirically interesting one and
is precisely what the diagnostic η = c⊤H̄−1c measures,
evaluated in the projected p× p space at O(p3) cost.

B.4.4. Proof of Proposition 2 (Subsumptions)
Proof. We verify each of the five cases by direct substitu-
tion into the closed-form Fréchet mean

δ̃∗m =
( T∑
t=1

λtH̃t

)−1[ T∑
t=1

λtH̃tδ̃t

]
, θm = θ0 + S δ̃∗m,

(44)
under the convention

∑T
t=1 λt = 1.

Case 1 (Task Arithmetic). Set S = Im and H̃t = Im.
Then δ̃t = δt and equation 44 reduces to

δ̃∗m =
(∑

t

λt

)−1∑
t

λtδt =
∑
t

λtδt, (45)

so θm = θ0+
∑

t λtδt, which is exactly the Task Arithmetic
update [7].

Case 2 (Fisher Averaging). Set S = Im and H̃t =
diag(Ft). Both

∑
t λtdiag(Ft) and

∑
t λtdiag(Ft)δt are

coordinate-wise diagonal, so equation 44 gives

(δ̃∗m)i =

∑T
t=1 λtFt,i δt,i∑T

t=1 λtFt,i

, i = 1, . . . ,m, (46)

which is the per-coordinate Fisher-weighted average of the
task vectors [11].

Case 3 (Daheim et al.). Set S = Im and H̃t = Ht (full
Hessian, possibly approximated). Then

δ̃∗m =
(∑

t

λtHt

)−1∑
t

λtHtδt, (47)

which yields the full-space curvature-aware merge of [3].

Case 4 (TSV-M, projection scaffold). Let S be the or-
thonormal basis for the top-k left singular subspace of the
stacked task vectors [δ1, . . . , δT ] (the joint-SVD construc-
tion of [5]), and set H̃t = Ip. Then equation 44 simplifies
to δ̃∗m =

∑
t λtδ̃t =

∑
t λtS

⊤δt, and lifting back to ambi-
ent space yields

θm = θ0 + SS⊤
(∑

t

λtδt

)
, (48)

that is, Task Arithmetic projected onto the rank-k task-
singular subspace. This captures the subspace-projection
scaffold underlying TSV-M. Algorithm 1 of [5] additionally
performs a per-layer orthogonal Procrustes whitening of the
stacked per-task singular vectors. This decorrelation is non-
linear in {δt | t = 1, . . . , T} and therefore lies outside the
quadratic Fréchet template of equation 44. Accordingly, our
hierarchy subsumes TSV-M’s curvature-agnostic subspace-
projection choice but leaves the Procrustes decorrelation as
an orthogonal enhancement. Empirically, we still compare
against Gargiulo’s complete algorithm in Sec. 4.

Case 5 (EpiMer). EpiMer adopts the same per-task fac-
tored basis as TSV-M (equation 10), but replaces the iden-
tity metric H̃t = Ip of Case 4 with the projected curva-
ture H̃t = S⊤HtS, where S collects the vec’d rank-1
atoms {U⊥,iV

⊤
⊥,i} as columns. Substituting this curvature-

aware metric into the quadratic Fréchet template equa-
tion 44 recovers equation 13 verbatim. On the per-task
tagged basis, however, the Fréchet mean can suffer from
a magnitude collapse pathology because each rank-1 atom
is owned by exactly one task. In practice, our proposed
EpiMer in Sec. 3.2.3 uses the matrix-weighted sum aggre-
gator of equation 14, which is exactly αT times the Fréchet
mean and reshapes the per-task contributions through the
same curvature solve. In the homogeneous-curvature limit
H̃t ≡ H̃ , equation 14 collapses to α

∑
t δ̃t, recovering

TSV-M aggregation. Nevertheless, whenever the per-task
curvatures differ, our matrix solve can yield a strictly differ-
ent and empirically better merge. See Appendix D.2 for a
more detailed comparison.

The above shows that in each case, the existing method is
recovered by an appropriate (S, H̃t). Proof completes.



Table 6. Per-task top-1 accuracy on the eight image classification tasks, expanded from Tab. 2. Best among merging methods is bold,
second best is underlined. All baselines use λt = 1/T , so AM and TA collapse to the same merged delta and are listed jointly. TSV-M
and EpiMer are reported at k = 32 and the per-method optimal global rescaling α from Sec. 4.3: TSV-M uses α = 0.70 on ViT-B/32
and α = 1.0 on ViT-B/16 and ViT-L/14; EpiMer uses α = 1.0 on all three backbones. On ViT-L/14, the average accuracy of TSV-M and
EpiMer differ by 0.06 percentage points (EpiMer 0.9065 vs TSV-M 0.9059); both display as .906 at the table’s three-decimal precision.

Backbone Methods Cars DTD EuroSAT GTSRB MNIST RESISC45 SUN397 SVHN Avg.

Baselines

ViT-B/32 Linear-Probing .597 .436 .451 .326 .482 .602 .631 .316 .480
Fine-tuning .806 .791 .999 .990 .997 .961 .755 .975 .909

ViT-B/16 Linear-Probing .647 .441 .544 .434 .517 .663 .655 .520 .553
Fine-tuning .891 .822 .999 .992 .998 .968 .785 .978 .929

ViT-L/14 Linear-Probing .779 .549 .613 .507 .763 .713 .682 .584 .649
Fine-tuning .934 .839 .999 .993 .997 .973 .824 .981 .943

Flat-geometry methods

ViT-B/32
AM [15] / TA [7] .575 .506 .729 .529 .871 .715 .650 .647 .653
TIES [17] .572 .532 .871 .741 .983 .696 .569 .835 .725
TSV-M [5] .675 .657 .959 .881 .990 .835 .674 .903 .822

ViT-B/16
AM [15] / TA [7] .672 .504 .760 .599 .941 .759 .677 .765 .710
TIES [17] .693 .559 .838 .804 .989 .778 .637 .896 .774
TSV-M [5] .802 .711 .977 .937 .994 .860 .686 .955 .865

ViT-L/14
AM [15] / TA [7] .797 .619 .901 .713 .967 .826 .715 .786 .791
TIES [17] .845 .675 .950 .907 .991 .873 .737 .890 .859
TSV-M [5] .899 .773 .985 .965 .995 .909 .762 .960 .906

Curvature-aware methods

ViT-B/32 Fisher [11] .751 .598 .409 .338 .542 .620 .707 .351 .539
EpiMer .672 .694 .965 .914 .993 .834 .665 .926 .833

ViT-B/16 Fisher [11] .824 .610 .503 .408 .678 .688 .740 .547 .625
EpiMer .804 .722 .977 .944 .993 .869 .710 .941 .870

ViT-L/14 Fisher [11] .874 .760 .646 .507 .755 .760 .788 .671 .720
EpiMer .901 .771 .984 .973 .995 .914 .763 .949 .906

C. Implementation Details for Experiments

C.1. Datasets

This section provides further details on the datasets used in
our comparative experiments. Following prior works [7, 14,
15], we evaluated model merging on eight image classifica-
tion tasks:
• Stanford Cars (Cars) [8] is an image classification

dataset with 16, 185 images of 196 classes of cars. The
dataset is split into 8, 144 training images and 8, 041 test-
ing images. Each class appears with the exact frequency
in the training and testing sets.

• Describable Texture Dataset (DTD) [2] comprises of
3, 760 training images and 1, 880 testing image. Each im-
age is labeled with one of 47 describable textures.

• EuroSAT [6] is a dataset for land use classification with
27, 000 labeled Sentinel-2 satellite images. The dataset is
split into 21, 000 training and 6, 000 testing images.

• German Traffic Sign Recognition Benchmark Dataset
(GTSRB) [13] contains 39, 270 images with 43 classes
of traffic signs. The dataset is split into 26, 640 training
images and 12, 630 testing images.

• MNIST [9] is a dataset of 10 handwritten digits, contain-
ing 60, 000 training images and 10, 000 testing images,
with balanced presence of each digit in both splits.

• Remote Sensing Image Scene Classification Dataset
(RESISC45) [1] is a remote sensing image classification
dataset with 25, 200 images of 45 classes of scenarios.
The dataset is split into 18, 900 training images and 6, 300
testing images, with around 700 images per class.

• Scene Understanding Benchmark (SUN397) [16] con-
tains 397 categories of scenes with 108, 754 images in
total. The number of images varies across categories, but
each category contains at least 100 images.

• Street View House Numbers (SVHN) [12] is a dataset
of 10 classes of housing number digits extracted from the



Google Street View images. The dataset contains 73, 257
training images and 26, 032 testing images.

C.2. Model Checkpoints
We use the publicly released, per-task fine-tuned CLIP-
ViT-B/16, CLIP-ViT-B/32, and CLIP-ViT-L/14 checkpoints
from [7], which were obtained by linear probing followed
by full fine-tuning on each of the eight datasets in Ap-
pendix C.1. The checkpoints ship only the converged pa-
rameters θt, not the optimizer states; we therefore recon-
struct the empirical Fisher diagonal vt used by equation 9
via a single forward+backward pass over each task’s train-
ing set at θt. Refer to Appendix D.4 for more details.

C.3. Baselines Implementation
For the baseline methods, we implement Arithmetic Mean
(AM) [15], Task Arithmetic [7], Fisher-weighted Averag-
ing [11], and TIES-Merging [17]. We follow the original
papers for the implementation details of these methods. In
particular, we use the same merging coefficient λt = 0.125
across all tasks for Task Arithmetic and TIES-Merging. We
retain the top-20% of parameters and select signs by fre-
quency in TIES-Merging. To facilitate a fair comparison,
we leverage the square of the first momentum to construct
a diagonal Fisher Information Matrix Ft ← diag(u2) in
Fisher-weighted Averaging, following the definitions in the
original paper.

D. Additional Results
D.1. Per-Task Accuracy Breakdown
Table 6 expands Tab. 2 from the main text with the per-
task top-1 accuracy on every dataset, for all baselines and
EpiMer, across the three CLIP-ViT backbones. Averages in
the last column match the main-text table exactly.

D.2. Global Rescaling α Sensitivity
This section reports the full α sweep at k ∈ {4, 16, 32}
on each backbone and supplements the k = 32
slice that appears in Sec. 4.3. We sweep α ∈
{0.20, 0.30, 0.40, 0.50, 0.70, 1.00} on TSV-M [5] and the
matrix-weighted aggregator of equation 14; Tabs. 7 to 9 re-
port average accuracy across the eight tasks.

Beyond the k = 32 findings reported in Sec. 4.3, the
lower-rank slices in Tabs. 7 to 9 establish that EpiMer
dominates TSV-M at every rank tested at the per-method
optimum: by +0.79, +0.20, +1.10 percentage points at
k = 4, 16, 32 on ViT-B/32; by +0.52, +0.66, +0.48 per-
centage points on ViT-B/16; and by +0.49, +0.25, +0.06
percentage points on ViT-L/14. The L/14 margin shrinks at
high rank because the per-task curvatures become more uni-
form on the larger backbone, pushing equation 14 toward its
homogeneous-curvature limit (TSV-M); even there, EpiMer
remains strictly ahead.

Table 7. ViT-B/32 α-sensitivity sweep. Best per column is bold.

TSV-M EpiMer

α k = 4 k = 16 k = 32 k = 4 k = 16 k = 32

0.20 .573 .624 .630 .573 .609 .601
0.30 .627 .689 .699 .633 .677 .670
0.40 .667 .737 .750 .674 .727 .724
0.50 .693 .770 .787 .703 .763 .764
0.70 .720 .800 .822 .728 .800 .812
1.00 .706 .788 .820 .709 .802 .833

Table 8. ViT-B/16 α-sensitivity sweep. Best per column is bold.

TSV-M EpiMer

α k = 4 k = 16 k = 32 k = 4 k = 16 k = 32

0.20 .636 .681 .688 .638 .672 .666
0.30 .676 .733 .747 .680 .725 .724
0.40 .703 .774 .792 .709 .766 .771
0.50 .725 .803 .822 .730 .796 .804
0.70 .755 .834 .857 .760 .832 .846
1.00 .754 .836 .865 .751 .843 .870

Table 9. ViT-L/14 α-sensitivity sweep. Best per column is bold.

TSV-M EpiMer

α k = 4 k = 16 k = 32 k = 4 k = 16 k = 32

0.20 .730 .763 .772 .733 .761 .766
0.30 .759 .801 .816 .764 .801 .808
0.40 .783 .830 .849 .789 .830 .841
0.50 .801 .850 .870 .809 .849 .863
0.70 .826 .875 .895 .832 .875 .890
1.00 .837 .887 .906 .842 .890 .906

D.3. Loss Landscape Visualizations

To support the connected-basin assumption (Assumption 3)
used by EpiMer, we visualize the loss landscape of fine-
tuned CLIP-ViT models around their fine-tuned positions.
Following prior works [4, 10], we apply PCA on the ma-
trix Θ that stacks the parameter vectors of all fine-tuned
models for a given backbone, take the top two principal
directions δ, η, and evaluate the per-task loss on the grid
θ = θ̄ + αδ + βη, where θ̄ is the mean of all fine-
tuned models. Figure 4 reports this visualization for CLIP-
ViT-B/16 on DTD, EuroSAT, GTSRB, and SUN397, all of
which exhibit a low-change-of-loss basin around the fine-
tuned model with high-loss barriers between the per-task
minima—qualitatively consistent with Assumption 3.
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(a) CLIP-ViT-B/16 on DTD.
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(b) CLIP-ViT-B/16 on EuroSAT.
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(c) CLIP-ViT-B/16 on GTSRB.
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(d) CLIP-ViT-B/16 on SUN397.

Figure 4. Loss landscape visualization for CLIP-ViT-B/16 fine-tuned on (a) DTD, (b) EuroSAT, (c) GTSRB, and (d) SUN397 datasets.

D.4. Data-Efficiency for Empirical Fisher Diagonal

This section reports the full setup used by the empirical
Fisher robustness study summarized in Sec. 4.5; the head-
line figure is Fig. 3 in the main paper.

Setup. For each backbone and each subsample fraction
f ∈ {0.5%, 1%, 5%, 10%, 25%, 50%, 100%} we shuffle
the training set with a fixed seed, take the prefix of ⌊f ·
Nt/B⌋ batches with batch size B = 64, and accumu-
late the per-sample squared gradients on that prefix to ob-
tain v

(f)
t . The per-sample gradients are materialized in

chunks of 8 samples via jax.vmap so that peak memory
remainsO(chunk · |θ|) rather thanO(B · |θ|). We then plug
{v(f)

t }8t=1 into EpiMer at the optimum with k = 32, α =
1.0, and frechet sum aggregator from Appendix D.2 to
evaluate the merged backbone on all eight tasks. The same

per-task classifier heads are used as in Tab. 2.

D.5. Computational Cost

Table 10 reports the end-to-end merge wall-clock time at
the headline setting k = 32. The non-spectral baselines
(AM/TA, TIES, Fisher Averaging) complete in under seven
seconds on every backbone because they operate in the full
parameter space with simple per-coordinate aggregation.
TSV-M and EpiMer instead pay a fixed per-backbone JIT-
compilation cost for the per-leaf SVD kernel that builds the
per-task tagged basis B(ℓ) from equation 10—∼34 seconds
on ViT-B/32 and ViT-B/16, and∼109 seconds on ViT-L/14,
consistent with L/14’s ∼3× larger parameter count. On top
of that shared floor, EpiMer’s per-leaf p × p matrix solve
in equation 14 with p = kT = 256 at k = 32, T = 8
adds only 3.7, 4.8, and 11.1 seconds over TSV-M on ViT-
B/32, ViT-B/16, and ViT-L/14, respectively—at most 14%



Table 10. End-to-end merge wall-clock time at the headline set-
ting k = 32 on a single RTX 3090 Ti, reported as the median of
at least four repeat runs on the eight-task CLIP-ViT benchmark.
AM/TA, TIES, and Fisher-weighted Averaging operate in the full
parameter space and do not trigger the spectral JIT path. TSV-M
and EpiMer both construct the per-task tagged basis of Eq. (10)
and therefore share the JIT-compilation cost of the per-leaf SVD
kernel; EpiMer’s per-leaf p× p matrix solve with p = kT = 256
adds only 3.7–11.1 seconds on top of that shared baseline. The
per-task empirical Fisher diagonal used by Fisher Averaging and
EpiMer is accumulated once per backbone and amortized across
every subsequent merge attempt.

Method ViT-B/32 ViT-B/16 ViT-L/14

AM / Task Arithmetic 0.9 s 0.9 s 1.3 s
TIES-Merging 3.3 s 3.4 s 6.1 s
Fisher-weighted Averaging 1.7 s 1.8 s 3.8 s
TSV-M 34.2 s 34.2 s 108.7 s
EpiMer 37.9 s 39.0 s 119.8 s

of the corresponding TSV-M baseline. The per-task empir-
ical Fisher diagonal vt needs one forward+backward pass
per batch, is robust to a tiny data fraction (Sec. 4.5), and is
shared with Fisher-weighted Averaging, so it is amortized
once per backbone across all downstream merge attempts.
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