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Abstract

Combining pretrained models is a common strategy for building AI systems,
whether by aligning a vision encoder with a language model or merging
fine-tuned checkpoints. However, finding compatible pairs typically requires
costly empirical search, as compatibility is known only after alignment or merging.
We propose COMPASS (COMPatibility ASsessment Score), a theoretically
motivated diagnostic that estimates whether a model pair will be compatible
prior to alignment or merging. Building on the observation that representational
convergence is most robust at the level of local neighborhoods, COMPASS
decomposes model compatibility into two cheap-to-compute axes: a pair-specific
ease, defined as the k-NN overlap between the two encoders, and a paradigm-level
ceiling, capturing the maximum overlap their training paradigms allow. Together,
these two axes provide a ranking of candidate model pairs and prescribe how to
act on each pair: (i) prioritize pairs that already agree and whose paradigms are
compatible, (ii) invest additional compute on pairs with compatible paradigms
but low initial agreement, (iii) switch the pretraining paradigm when it cannot
support sufficient agreement, or (iv) deprioritize pairs that score poorly on both
axes. We apply COMPASS to 72 cross-modal alignment experiments and 392
task-arithmetic model merges and show that compatibility estimates by COMPASS
strongly correlate with downstream success, achieving average Pearson correlation
of 0.91 on cross-modal alignment tasks and 0.70 on model merging.

1 Introduction

Combining two pretrained models, whether by aligning a vision encoder with a language model [1–
6] or by merging two fine-tuned checkpoints into a single model [7–10], is a central operation in
modern transfer pipelines [1–3, 7, 11]. In both cases, the most critical decision is which pair of
models to combine. We treat both operations as instances of model-pair compatibility: the degree of
agreement two pretrained models exhibit when aligned or merged. While prior works have proposed
transferability metrics for selecting a single pretrained model for fine-tuning [12–14], the analogous
question for model pairs (i.e., whether two pretrained models will combine well) is typically answered
only after expensive alignment or merging. A diagnostic that ranks candidate pairs from a small probe
set, scoring each model once and reusing these scores across candidate pairs, could avoid most of
these runs, reducing evaluation cost from scaling with the number of pairs to scaling with the number
of models.

A growing body of empirical work suggests that such a diagnostic could be achievable. The Platonic
Representation Hypothesis [15] suggested that sufficiently expressive models converge toward a
shared global representation, whereas the Aristotelian Representation Hypothesis [16] showed that
the agreement is mainly local: models trained with different objectives and data agree on who is
close to whom, even when their global geometries differ, which makes it a natural candidate for a
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Figure 1: Given a library of candidate encoders, the compatibility of a model pair is typically unknown before
running the downstream transfer. Using COMPASS, we estimate the compatibility based on local neighborhood
agreement: for each probe sample, we compare its local k-NN overlap across the two representation spaces.
Aggregating this local overlap across different axes gives two scores computed before alignment or merging.
Ease is a pair-specific score that measures how close the selected pair is at the start of the relevant dynamics:
before encoder training in cross-modal alignment, and before weight merging in task arithmetic. Ceiling is a
paradigm-level score that estimates how much agreement the corresponding training paradigms can support on
average. Candidate pairs are ranked by combining ease and ceiling. Each axis is thresholded at its median value:
green compatibility scores are above the corresponding median while the red ones are below it. The resulting
high/low pattern assigns each pair to one of four regimes: act now (high ease, high ceiling), budget-limited (low
ease, high ceiling), ceiling-limited (high ease, low ceiling), or incompatible (low ease, low ceiling).

diagnostic. However, there is still a gap between this principle and a working model compatibility
diagnostic.

Here, we close the gap and give a theoretical motivation for why local overlap should predict model-
pair compatibility. Motivated by this, we introduce COMPASS (COMPatibility ASsessment Score),
a diagnostic that combines two cheap-to-compute axes (Figure 1). The first axis, the ease score,
asks: How much agreement does a pair exhibit before any training? Pairs that already agree on local
neighborhoods need only modest training for them to locally agree, whereas pairs with low initial
agreement require substantially more training. The second axis, the ceiling score, asks: How much
agreement can the training paradigms of model pairs support in general before training, averaged
across models drawn from those paradigms? Paradigms with very different training objectives (e.g.,
reconstructive vs. autoregressive) exhibit limited agreement, regardless of how well aligned the pair is.

We combine ease and ceiling multiplicatively to obtain the continuous COMPASS score, which
ranks candidate pairs by favoring those that are strong on both axes. For interpretability, thresholding
each axis at its median gives a phase diagram that groups candidate pairs into four regimes: act
now (high ease, high ceiling), budget-limited (low ease, high ceiling), ceiling-limited (high ease,
low ceiling), and incompatible (low ease, low ceiling). Act-now pairs are the strongest immediate
candidates, and their transfer is expected to be both feasible and efficient. For budget-limited pairs,
the success may require more data, optimization, or a stronger partner. For ceiling-limited pairs, one
should switch to a paradigm whose target is closer to the downstream target. Incompatible pairs are
weak on both axes and should be deprioritized. The regimes summarize the ranking; the continuous
score remains the primary output.

We evaluate COMPASS in two applications: cross-modal alignment and task-arithmetic merging. In
cross-modal alignment, we consider 72 vision-language pairs and show that COMPASS predicts
retrieval R@1 with Pearson correlation of 0.90 on the Flickr30k dataset [17] and 0.91 on the
COCO dataset [18] , compared to the Pearson correlation of 0.63 and 0.68 for global CKA [19]. In
task-arithmetic merging, we consider 392 task pairs from 14 ViT checkpoints fine-tuned on the 8
image-classification tasks from the standard task-arithmetic benchmark [11]. COMPASS predicts
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mean retention across the 8 image-classification tasks with Pearson correlation of 0.70, compared to
0.25 for global CKA [19].

Contributions. (i) We introduce COMPASS, a diagnostic for selecting model pairs before expensive
alignment or merging, combining a pair-specific ease score with a paradigm-level ceiling score. (ii)
We provide a supporting analysis on how quickly the two models will become better aligned, given
how close they start, and on a bound that says how close two models’ local neighborhoods can ever
get, given their training paradigms. (iii) We validate COMPASS across cross-modal alignment and
task-arithmetic merging, demonstrating that it strongly correlates with downstream transfer success
and reliably ranks candidate pairs before transfer.

2 Related work

Representational convergence. Representational convergence studies whether independently trained
models recover similar structure in their learned representations. Early evidence showed that different
networks trained on the same task learn similar features [20] and that representations from different
networks can often be stitched together [21], suggesting shared structure across independently
trained models. At the scale of foundation models, the Platonic Representation Hypothesis [15]
proposed that sufficiently broad and capable models may converge toward a shared representation.
The Aristotelian Representation Hypothesis [16] questioned this global view and showed that only
local neighborhood alignment can be empirically observed. Gupta et al. [22] demonstrated strong
convergence within CLIP-style architectures. Together, these works provide growing empirical
evidence that representational convergence is real but more often local than global. We build on this
view but shift the focus from observation to application by using local agreement of trained models
to select suitable model pairs for alignment and merging.

Structure of training objectives. Training objectives shape the geometry of learned representations
by specifying the conditional relationships that the model is trained to learn. This makes them
central to model compatibility: two models trained with similar objectives may induce similar
neighborhoods, whereas models trained with different objectives may preserve different notions of
similarity. The I-Con framework [23] unified contrastive, non-contrastive, and clustering objectives
by minimizing Kullback–Leibler (KL) divergence over conditional distributions. We use this view
to connect objective-level similarity to local representational agreement. If two training paradigms
induce similar neighborhood structure, their representations can support higher local agreement; if
they induce different neighborhoods, downstream transfer is limited even before optimization begins.
This motivates our paradigm-level ceiling score, which estimates how much local agreement a pair of
training paradigms can support.

Multi-modal alignment. Multi-modal alignment aims to map representations from different modali-
ties into a shared space where semantically corresponding inputs are close [1–3]. A central difficulty is
that different modalities may retain distinct geometry even after alignment. Liang et al. [24] identified
such a persistent “modality gap” in CLIP representations, showing that image and text embeddings
occupy distinct regions of the shared space even after contrastive training. Most work on alignment
focuses on improving the alignment method [4, 5] or reducing the amount of paired data required
for alignment [25, 6]. Our goal is complementary; we provide a pre-alignment diagnostic for model
selection. We show that local k-NN overlap is cheap to compute on a probe set, suggesting which
frozen encoder pairs are worth aligning before expensive training is run.

Weight-space transfer and model merging. Model merging combines multiple trained models
directly in weight space, with the goal of reusing their capabilities without training a new model from
scratch. Examples include model soups [7], which average fine-tuned weights, task arithmetic [11],
which edits behavior via weight-space task vectors, and evolutionary merging [10], which searches
over merging recipes across tasks. These methods are most effective when checkpoints being com-
bined remain compatible; otherwise, averaging can interpolate into a region that preserves neither
model well. Existing merging approaches typically discover this only after performing the merge
and evaluating the result [7, 11, 10]. In contrast, we study whether mergeability can be estimated
beforehand. For two fine-tuned checkpoints, we measure whether they agree on local neighborhoods
and use this agreement to predict merge quality before actual model merging.
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3 Preliminaries

We measure agreement using local k-NN overlap, the fraction of nearest neighbors that two encoders
share for each sample. Gröger et al. [16] showed that representational convergence persists across
architectures and modalities at the level of local neighborhoods, while global agreement is not
observed. Appendix D confirms that, on our model library, local overlap correlates with downstream
transfer more strongly than global agreement (e.g., CKA [19]) does.

Setup. We assume a probe set of N samples indexed by V := {1, . . . , N}. Two encoders X and Y
embed each sample i ∈ V , producing embeddings of possibly different dimensions. The theory is
agnostic to the choice of probe set; the empirical setup is described in Appendix B.

Neighborhood overlap. For each sample i and each encoder, we list the k nearest other samples in
the probe set. The neighborhood overlap at i is the fraction of this set that is shared between the two
encoders, quantifying how strongly they agree on which samples are neighbors of i, irrespective of
their order.

Let kNN
(k)
X (i) ⊆ V \ {i} denote the k nearest neighbors of i in encoder X (ties broken by a fixed

deterministic rule). The per-sample overlap and its dataset-level average are respectively defined as:

oi(k) :=
|kNN

(k)
X (i) ∩ kNN

(k)
Y (i)|

k
, O(k) := 1

N

∑N

i=1
o
(k)
i , (1)

where the per-sample overlap measures agreement around a single sample i, and its dataset-level
average is the standard mutual k-NN overlap [15], which we refer to as the “overlap”. To simplify
notation, we fix k = 10 throughout the paper as in [15, 16] and drop the argument (k). Appendix H.2
verifies that the results are unchanged at k ∈ {20, 50, 100}.

Neighborhood distribution. To apply information-theoretic tools, we encode the k-NN set of each
encoder as a probability distribution that places mass 1/k on each neighbor and zero elsewhere.
We call this the hard neighborhood distribution of encoder X at sample i, a uniform-mass k-NN
distribution of the form used in Alshammari et al. [23]:

pX(j | i) :=
{

1/k, j ∈ kNNX(i),

0, otherwise,
(2)

with pY (j | i) defined analogously.

To ensure that the KL divergences in Theorem 4.2 are well-defined, we consider a smoothed version
of each hard neighborhood distribution with full support over the non-self indices. Let ν(j | i) :=

1
N−1 1{j ̸= i} denote the uniform distribution over the non-self indices V \ {i}. For a fixed small
constant ε ∈ (0, 1), we define

qX(j | i) := (1− ε) pX(j | i) + ε ν(j | i). (3)

4 Theoretical motivation

We motivate COMPASS through sufficient conditions under which local overlap is informative for
compatibility. Theorem 4.1 connects start-condition overlap to finite-budget convergence, motivating
ease; Theorem 4.2 connects target discrepancy to achievable overlap, motivating ceiling. These results
provide supporting motivation rather than universal guarantees; assumptions and failure modes are
discussed in Appendix A and Appendix F.1.

4.1 Pair-specific ease: per-sample start-condition overlap

We first consider per-sample start-condition overlap and ask whether two models that are compatible
in principle can reach high agreement within a finite training budget. Specifically, we consider the
start-condition neighborhood overlap, o(0)i , defined as the per-sample overlap from Equation (1),
measured at t = 0 of the relevant training dynamics, that is before alignment in the cross-modal
setting and before weight merging in the task-arithmetic setting.

For a fixed anchor sample i, let q
(t)
W (· | i) denote the neighborhood distribution induced by

model W ∈ {X,Y } at training step t, and let q⋆W (· | i) denote the target neighborhood distri-
bution that the model is trying to reach. We regard two models as having converged towards each
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Figure 2: Theorem 4.1 across four settings, each showing a start-condition score against the corresponding
endpoint. Top: unimodal validation. Initial random k-NN overlap predicts final pretrained overlap across n = 21
vision family pairs (left; r = 0.69, p < 10−4) and n = 42 text family pairs (right; r = 0.91, p < 10−17).
Bottom left: cross-modal alignment. Pretrained k-NN overlap predicts Flickr30k I2T R@1 after alignment
(r = 0.84, p < 10−20) across n = 72 vision-language pairs. Bottom right: model merging via task arithmetic.
k-NN overlap between fine-tuned checkpoints predicts merge quality (r = 0.67, p < 10−52) across n = 392
model merges. Color encodes the vision/text family throughout. In the top panels (unimodal) and bottom-left
(cross-modal alignment), marker shape encodes the other family of the pair (text family in the cross-modal
case). The bottom-right merging panel uses a single shape, since each point has a single base-model family.
Initialization structure that underlies the unimodal panels is reported in Appendix H.1. The same qualitative
pattern holds at k ∈ {20, 50, 100} (Appendix H.2).

other when the total variation distance (TV) between their induced neighborhood distributions,
δ
(t)
i := TV(q

(t)
X (· | i), q(t)Y (· | i)), falls below the tolerance threshold η. We now impose two dynam-

ical assumptions on the training trajectory. First, we assume that after T training steps, at least one
model lies within total variation distance ξ of its target distribution q⋆W (· | i) with probability at least
pT . Second, we suppose that after t training steps the expected per-sample TV gap between the two
models’ neighborhood distributions, δ(t)i , is at most λ(t) δ(0)i , for a nonincreasing decay function λ
with λ(t) → 0 as t → ∞. Full statements and discussion of failure modes are in Appendix F.1.

Theorem 4.1 (Per-sample start-condition overlap controls finite-time convergence). Under the
assumptions stated above, for every η > 0 and for each sample i, with probability at least[

pT −
λ(T )(1− ε)

(
1− o

(0)
i

)
η

]
+

(4)

after T training steps, at least one of the two models is within distance ξ of its target neighborhood
distribution and the two models remain within gap η of each other. Here ε is the smoothing parameter
in the smoothed k-NN distribution from Equation (3), and [z]+ := max{z, 0}.

Proof. See Appendix F.3. Extension. Under an additional basin condition (Appendix F.1), this extends
to asymptotic convergence (Appendix F.4). □

The bound motivates using per-sample start-condition overlap as the pair-specific ease score: it
is measurable before any joint optimization, and higher values reduce the initial inter-model gap
δ
(0)
i = (1− ε)(1− o

(0)
i ), thereby tightening the finite-time guarantee. Pairs with higher per-sample

start-condition overlap are therefore easier to make compatible within a fixed training budget.
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In practice, the start-condition overlap is the per-sample overlap measured at the start of the relevant
training dynamics, o(0)i , which differs by setting. In unimodal convergence, the dynamics goes
from a random initialization to the pretrained model, so the per-sample start-condition overlap
is the per-sample overlap between two random initializations of the architecture. In cross-modal
alignment, the dynamics goes from the two frozen pretrained models to the trained adapter, so
the per-sample start-condition overlap is the pretrained per-sample overlap between those models.
In task-arithmetic merging, the dynamics start from the two fine-tuned checkpoints to their
weight-averaged combination, so the per-sample start-condition overlap is the per-sample overlap
between the two checkpoints. Figure 2 shows the per-sample start-condition overlap against the
corresponding endpoint across different settings.

4.2 Paradigm-level ceiling: target discrepancy

We now look into the paradigm-level component of compatibility. Even if two models start from
a favorable pair-specific per-sample start-condition overlap, their training objectives [23] (e.g.,
contrastive, reconstructive, self-distillation) may result in different neighborhoods. Such disagreement
limits the per-sample overlap that the two representations can support, independently of the finite
training budget. We formalize this obstruction through a target-discrepancy term and show that it
determines the paradigm-level ceiling used in COMPASS.

For each model W ∈ {X,Y }, we define q⋆W (· | i) to be the target conditional distribution over
candidate neighbors of anchor sample i, supported on all samples except i itself. The learned smoothed
neighborhood distribution is q(t)W (· | i), and the training objective is represented as minimizing the
KL divergence DKL

(
q⋆W (· | i) ∥ q(t)W (· | i)

)
. Define the target discrepancy as:

γi := TV
(
q⋆X(· | i), q⋆Y (· | i)

)
, (5)

where γi measures how differently the two paradigms define neighbors of sample i. Small γi means
that the two objectives induce similar local topology, whereas large γi means that the objectives favor
incompatible neighborhood structures.

In practice, the targets q⋆W are not directly observable; we only need to estimate γ̄ := Ei[γi], the
mean target discrepancy across the probe set. This quantity summarizes how strongly the two training
paradigms disagree in the local neighborhoods they induce.
Theorem 4.2 (Target discrepancy caps per-sample overlap). For each sample i at time step t,

o
(t)
i ≤ 1− 1

1− ε

[
γi −

√
1
2DKL

(
q⋆X(· | i) ∥ q(t)X (· | i)

)
−

√
1
2DKL

(
q⋆Y (· | i) ∥ q

(t)
Y (· | i)

)]
. (6)

Proof. See Appendix G.1. □

Continued optimization drives the two KL terms to zero but cannot reduce γi, so achievable per-
sample overlap is bounded by 1− γi/(1− ε) even under perfect optimization. Averaging the bound
over samples yields a paradigm-level statement: the mean overlap is bounded above by 1−γ̄/(1−ε) in
the limit of perfect optimization. This motivates an empirical paradigm-level proxy for the achievable
overlap, which we call the ceiling score.

4.3 Implications from combining ease and ceiling

Together, Theorem 4.1 and Theorem 4.2 motivate complementary finite-budget and achievable
agreement components of compatibility.

The event in Theorem 4.1 has two parts: at least one model reaches its target within tolerance ξ, and
the two models remain within gap η of each other. If the two models X and Y share the same target
q⋆(· | i), then the triangle inequality implies that both models are within ξ + η of this shared target.
More generally, when the targets differ, if model X , for example, is within ξ of its target, then model
Y is within ξ + η of model X’s target and within ξ + η + γi of its own target, where γi is the target
discrepancy defined in Equation (5). Thus, start-condition overlap controls the finite-time probability
of reaching a common neighborhood structure, while any mismatch between the targets appears as an
additional obstruction. The bound increases strictly in the per-sample start-condition overlap o

(0)
i , so

pairs that start with more shared neighbors have a tighter finite-time guarantee.
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5 Cheap-to-compute scores for downstream problems

The pair-specific ease and paradigm-level ceiling scores together provide a measure of model
compatibility for the two applications we consider: (i) cross-modal alignment, and (ii) model merging.
We combine them into a simple diagnostic recipe, COMPASS (COMPatibility ASsessment Score),
which ranks candidate model pairs before any transfer is performed. Both quantities are inexpensive
to compute, requiring only forward passes over a small probe set.

The probe set should be drawn from the relevant data distribution, i.e., image-text pairs for cross-
modal alignment (where the diagnostic measures vision-text agreement) and task-relevant images for
merging fine-tuned checkpoints (where it measures agreement between models specialized to those
tasks). In practice, we use 1024 image-text pairs from WIT [26] for alignment, and a 2048-sample
probe pooled from one of the eight fine-tuning tasks for merging, here MNIST [27] (Appendix H.3
ablates the choice).

Candidate pairs are ranked by the product of ease and ceiling scores. Importantly, feature extraction
scales with the number of models rather than candidate pairs. For the 19 × 10 alignment grid,
COMPASS requires only 29 probe passes instead of 190 downstream alignment runs. In our setup,
this translates to more than two orders of magnitude lower wall-clock cost, with full timing details
reported in Appendix H.10.

☼ COMPASS: Model compatibility diagnostic. Given a library of candidate models and a
way to combine them (e.g., cross-modal alignment or task-arithmetic model merging):
1. Compute ease and ceiling on the probe set. Ease is the pair-specific k-NN overlap
measured at the start of the relevant training dynamics. Ceiling is a paradigm-level mean
k-NN overlap that estimates the upper bound on agreement the two paradigms can support.
Both scores lie in [0, 1]; higher score is better.
2. Rank pairs by the product of ease and ceiling. Produce ranking of pairs by combining
ease and ceiling scores. Pairs with higher scores should be prioritized.
3. Read the quadrant as a fallback diagnostic. Splitting each axis at its median yields four
regimes: (i) act now (high ease, high ceiling), (ii) budget-limited (low ease, high ceiling),
(iii) ceiling-limited (high ease, low ceiling), and (iv) incompatible (low ease, low ceiling).
For budget-limited, invest in more data, optimization, or a stronger partner. For ceiling-
limited, switch to a paradigm whose target is closer to the downstream target. Deprioritize
incompatible pairs.

Figure 3 compares the correlation between candidate predictors and the downstream outcome in
cross-modal alignment and model merging via task arithmetic. In cross-modal alignment, we measure
the downstream outcome as image-to-text Recall@1 (R@1) after training a CSA adapter, evaluated on
Flickr30k and COCO datasets. The product ease × ceiling reaches Pearson correlation of |r| = 0.90
with R@1 on the Flickr30k I2T dataset and |r| = 0.91 with R@1 on the COCO I2T dataset, compared
to 0.84/0.83 for ease alone and 0.85/0.83 for ceiling alone, respectively. In task-arithmetic model
merging, we measure the downstream outcome as the mean of per-task accuracy retained relative to

0.0 0.2 0.4 0.6 0.8 1.0
|r| with Flickr30k I2T R@1

Ease x Ceiling

Ceiling
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Global CKA

***

***

***
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0.0 0.2 0.4 0.6 0.8 1.0
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Ease x Ceiling
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***
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Figure 3: Absolute Pearson correlations between each candidate predictor and the downstream outcome;
significance against zero is indicated by ∗p < 0.05, ∗∗p < 0.01, ∗∗∗p < 0.001. Left/Center: cross-modal
alignment evaluated on Flickr30k and COCO I2T R@1 (n = 72 pairs). Ease (pretrained k-NN overlap) and
ceiling (paradigm-level cross-modal overlap) dominate, with their product (Ease × Ceiling) reaching |r| = 0.90
(Flickr30k) and |r| = 0.91 (COCO). Right: task-arithmetic merging against mean retention (n = 392). The
product predictor (Ease × Ceiling) reaches |r| = 0.70, with ease at |r| = 0.67 and ceiling at |r| = 0.64 alone.
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the unmerged checkpoints after weight averaging, evaluated across 392 task-pair merges from 14
pretrained ViT backbones spanning five pretraining paradigms. The product ease × ceiling reaches
|r| = 0.70 with merge quality, compared to 0.67 for ease alone and 0.64 for ceiling alone. Global
CKA, in contrast, correlates only weakly with downstream outcomes in both applications (0.63/0.68
for alignment, 0.25 for merging).

Because the practical goal is model selection, we next ask whether this advantage is preserved at the
level of pair rankings. We compare COMPASS with the alternative predictors using Spearman ρ
and Kendall τ . COMPASS remains the strongest predictor, reaching Spearman ρ = 0.91/0.93 on
Flickr30k/COCO and 0.70 for merging; full results are reported in Appendix H.6. Under budgeted
evaluation, COMPASS finds the optimal alignment pair immediately and the optimal merge within
the first 5 of 392 candidates (Appendix H.6).

We further test whether this advantage depends on the particular set of predictors considered in
Figure 3. Comparisons with metadata predictors, alternative representational similarities, and learned
metadata regressors are reported in Appendix H.7. COMPASS outperforms the baselines computed
before alignment or merging; learned regressors can perform strongly when trained on completed
alignment or merging outcomes, but degrade under held-out families or paradigms.

5.1 COMPASS for cross-modal alignment

Cross-modal alignment trains a learned adapter on paired image-text data so that a frozen vision
encoder and a frozen language model produce compatible representations [1–6]. Following the setup
of Gröger et al. [6], we connect the two encoders with a small learned adapter (CSA [25]) trained
on MS-COCO [18] dataset. Downstream performance is measured on two retrieval benchmarks
Flickr30k [17] and COCO [18] datasets using image-to-text R@1 after alignment. We evaluate 72
vision-language pairs spanning 19 vision models (6 paradigm families) and 10 text encoders (7
families); see Appendix B.1 for the full library.

For alignment, ease is the pretrained cross-modal k-NN overlap of the vision-text pair, while ceiling
averages the vision encoder’s overlap across the reference language-model library; both are measured
on the 1024-sized subset from WIT as in [15] before any alignment training (Appendix B.1.4).
Intuitively, a vision paradigm whose pretraining target is already linked to language (contrastive
vision-language) has a high ceiling, whereas one whose target is pixel reconstruction (masked
autoencoding) has a low ceiling.

The ease axis separates pairs whose frozen encoders already agree on neighborhoods from those that
do not. The ceiling axis separates contrastive vision-language paradigms (CLIP 0.140, SigLIP 0.134)
from CLIP fine-tuned (0.112), self-distillation (0.109), discriminative (0.100), and reconstructive
(0.058). Figure 4 shows the resulting phase diagram for both retrieval benchmarks; the quadrant
structure is consistent across both. Mean Flickr30k I2T R@1 separates the regimes cleanly: act
now (n = 28) reaches 0.46 ± 0.09, ceiling-limited (n = 8) 0.34 ± 0.05, budget-limited (n =
10) 0.30 ± 0.06, and incompatible (n = 26) 0.21 ± 0.11, with the same ordering on COCO. A
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Figure 4: Alignability phase diagram (n = 72 pairs). x-axis: paradigm-level mean cross-modal k-NN overlap
(ceiling). y-axis: pretrained k-NN overlap (ease). Color and size encode retrieval I2T R@1 after alignment. Left:
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Kruskal–Wallis test [28] rejects the null that the four regimes share the same R@1 distribution
(Flickr30k: H = 45.3, p < 10−9; COCO: H = 51.5, p < 10−10). Appendix H.5 reports the
full per-regime distribution. Contrastive vision-language paradigms (CLIP, SigLIP, CLIP-FT) and
the largest DINOv2 variants populate act now, reaching up to 63% Flickr R@1; smaller DINOv2
and ImageNet-21K models fall into ceiling-limited; MAE (mean Flickr R@1 0.11, range 5-24%)
along with the smallest ImageNet-21K and DINOv2 models occupy incompatible. The unusually
low-overlap cases associated with the SigLIP text tower are analyzed in Appendix H.13.

We next test whether this relationship is driven by coarse differences between model families or
by details of the alignment setup. First, ease remains predictive when the vision-model family is
held fixed: within each of the six vision families, ease correlates positively with R@1 across the
text partners, with a median Spearman ρ = 0.80 (Appendix H.11), showing that its signal is not
explained only by broad differences between pretraining paradigms. Second, the diagnostic tracks
changes even within a fixed architecture: classification fine-tuning lowers the cross-modal ceiling at
all three tested CLIP scales, with retrieval changing in the same direction (Appendix H.12). Finally,
the resulting pair ranking is not specific to CSA: on 24 representative pairs, COMPASS remains
predictive under trained Linear, MLP, and LoRA-style adapters, and outperforms global CKA in each
case (Appendix H.9).

The training-budget experiments further clarify the meaning of ceiling. Across 18 alignment pairs, its
correlation with downstream performance increases from ρ = 0.79 after 10 epochs to 0.92 after 300
epochs, as low-ceiling pairs saturate while higher-ceiling pairs continue toward stronger outcomes
(Appendix H.14). Ceiling therefore captures the level of performance that a transfer setting can
ultimately support, rather than the marginal improvement obtained from increasing the training
budget over an arbitrary interval.

5.2 COMPASS for task-arithmetic model merging

Combining the weights of multiple fine-tuned models is a common alternative to joint multi-task
training [7–10]. We focus on the task arithmetic [11]: two checkpoints of the same base model, each
fine-tuned on a different downstream task, are combined into a single model whose weights are the
average of the two, with the goal of inheriting the capabilities of both. The downstream metric is
mean retention across the two original tasks after merging. We fine-tune 14 models (9 ViT-B/16, 4
ViT-L/14-16, 1 ViT-T/16) from 5 pretraining paradigms on 8 tasks from the standard benchmark [11]
and merge all within-paradigm pairs (392 model merges in total). Details and the full task-arithmetic
multi-task extension are in Appendix H.4.

For task-arithmetic merging, ease is the pre-merge k-NN overlap between the two fine-tuned check-
points, while ceiling measures specialization of their pretrained base model relative to the reference
vision-model library (Appendix B.1.4).
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Figure 5: Mergeability phase diagram (n = 392 pairs).
x-axis: paradigm specialization, defined as 1− mean
across-paradigm k-NN overlap from the convergence
experiments (ceiling). y-axis: pair-specific pre-merge k-
NN overlap (ease). Color and size encode merge quality.

If the two checkpoints already agree on neigh-
borhood structure, weight averaging is unlikely
to interpolate destructively, consistent with the
linear mode connectivity literature [29, 30];
whereas if they disagree, averaging interpolates
into a region that neither checkpoint occupied.
Specialized paradigms, such as those whose fea-
tures differ most from other paradigms, produce
smaller, more consistent task vectors under fine-
tuning, so weight averaging drifts less.

The four regimes mirror those in Sec-
tion 5.1, applied to fine-tuned checkpoints rather
than pretrained encoders. Discriminative, self-
distillation, and reconstructive paradigms pop-
ulate the act now regime; the ceiling-limited
and incompatible regimes concentrate on con-
trastive vision-language paradigms, whose fea-
tures change substantially under classification
fine-tuning. Mean retention again separates the
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regimes cleanly (Kruskal–Wallis H = 198.2, p < 10−42): act now (n = 129) at 0.84 ± 0.16,
budget-limited (n = 67) at 0.57± 0.26, ceiling-limited (n = 67) at 0.56± 0.23, and incompatible
(n = 129) at 0.35 ± 0.17 (Appendix H.5). Budget-limited and ceiling-limited pairs reach almost
the same mean retention (0.57 vs. 0.56), yet they call for different actions: more optimization or
a stronger partner for the first, a different paradigm for the second. The regime label carries this
distinction, the score alone does not.

6 Discussion

In this work, we show that model-pair compatibility can be estimated before running an expensive
transfer procedure. A small probe set is enough to measure whether two models agree on local
neighborhoods, and this local agreement provides a strong signal of downstream transfer success.

The key idea is to separate compatibility into two parts. Ease measures whether a specific pair already
starts close: it is high when the two encoders assign similar neighbors to the same examples before
alignment or merging. Ceiling measures whether the corresponding training paradigms are compatible
with the application: it is high when the paradigms leave enough room for strong agreement to
emerge. The combination of scores yields a simple phase diagram that distinguishes pairs worth using
immediately from pairs that are budget-limited, ceiling-limited, or unlikely to succeed.

This two-axis view explains why the same model family can behave differently across applications.
Contrastive vision-language models are favorable for cross-modal alignment, where their pretraining
objective is close to the downstream target, but unfavorable for task-arithmetic merging across
classification tasks. Discriminative and self-distillation models show the reverse pattern. Thus,
the relevant question is not whether a paradigm is universally good, but whether its objective is
compatible with the transfer operation at hand.

These conclusions are robust to both the composition of the model library and the precise estimation
of the ceiling. Recomputing COMPASS while leaving out individual families or paradigms preserves
correlations of 0.85–0.93 for alignment and 0.60-0.72 for merging on the remaining candidate pools
(Appendix H.8). Likewise, replacing pair-specific ceiling estimates with a single shared value per
paradigm, or perturbing them with moderate noise, leaves the ranking largely unchanged, whereas
shuffling the paradigm ordering removes this benefit (Appendix H.10). The four regimes in our phase
diagram should therefore be viewed as an interpretable summary rather than strict categories; for
finer-grained comparisons, the continuous ease × ceiling score is more informative. We discuss
further limitations of COMPASS in Appendix A.

COMPASS can help practitioners spend their compute budget where it is most likely to pay off. By
ranking candidate pairs using only forward passes on a small probe set, it reduces the need to align or
merge every possible combination. Its two-axis diagnostic also indicates whether to invest further in
a pair or reconsider the pretraining paradigm. As pretrained model libraries grow, such inexpensive
compatibility checks can make model selection more systematic and guide costly experiments toward
the most promising combinations.
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A Limitations

COMPASS might generalize to other domains involving interactions between two learned representations or
models, but we leave such extensions to future work.

A second limitation concerns the definition of the ceiling proxy. In our experiments, we instantiate this score
separately for the cross-modal alignment and for the task-arithmetic merging. More generally, the ceiling proxy
depends on the application and requires domain-specific knowledge; it cannot be expressed as a single universal
formula.

Our complete 72-pair cross-modal sweep uses CSA. To test whether the observed compatibility ranking is
specific to this alignment procedure, we additionally evaluate trained Linear, MLP, and LoRA-style adapters on
24 representative pairs spanning all vision paradigms and find consistent pair rankings across alignment methods
(Appendix H.9).

Our dynamical assumptions from Section 4.1 are sufficient conditions, not necessary ones, and may not hold for
all training regimes. A2 is strongest when the training dynamics preserve the initial ordering of inter-encoder
gaps and drive them down through a finite-time decay function λ(t). For models with very different optimizers,
data distributions, or objectives, this decay may be slow, yielding a loose bound. Appendix F.5 relaxes A2 to
allow an additive noise floor that captures realistic SGD noise.

Finally, our phase diagram should be interpreted as a finite-budget diagnostic rather than an impossibility result.
Pairs with low ease and low ceiling are predicted to be poor candidates under a fixed alignment or merging
recipe and realistic compute and data budgets. However, with substantially more alignment data, larger adapters,
longer training, or a different optimization objective, even pairs that are initially classified as incompatible may
eventually achieve strong downstream performance. Thus, the proposed regimes describe the expected efficiency
and practicality of transfer, not a fundamental impossibility claim.

B Experimental setup

B.1 Model libraries and measurement protocol

We use three model libraries across the experiments. The convergence library (Appendix B.1.1) supports
the unimodal init-to-final panels of Figure 2. The alignment library (Appendix B.1.2) supports the cross-
modal experiments of Section 5.1. The merging library (Appendix B.1.3) supports the merging experiments of
Section 5.2.

Model features are computed on a 1,024-pair probe from WIT [26], following Huh et al. [15], for both the
convergence and alignment experiment. For the merge experiment, we extract features from a 2048-sample
probe pooled from one of the eight fine-tuning tasks for merging, here MNIST [27] (Appendix H.3 ablates the
choice). We extract CLS-token activations on the vision side and mean-pooled hidden states on the language
side from all layers, apply outlier-robust preprocessing (quantile clipping at q = 0.95), and select the layer
combination that maximizes the calibrated overlap per model pair, following the layer-selection protocol of Huh
et al. [15]. SigLIP variants in timm are trained without a class token and use an attention-pool head, so for these
we substitute mean pooling over patch tokens, which produces alignment scores consistent with CLIP across
all comparisons. We evaluate mutual k-NN overlap as a local metric and linear CKA as a global metric, both
calibrated with the permutation procedure of Gröger et al. [16], which controls for chance overlap by comparing
the measured similarity against a null distribution from K = 200 random permutations of the embedding rows
at significance level α = 0.05.

B.1.1 Convergence library

The convergence library contains 20 vision models and 17 language models. The 20 vision models [31]
span six paradigms: ImageNet-21K classification [32] with ViT-T/S/B/L [33], masked autoencoders MAE-
B/L/H [34], DINOv2 self-distillation models at four scales (S/B/L/G, 35), CLIP-B/L/H [36], CLIP-B/L/H
fine-tuned on ImageNet-12K, and SigLIP-B/L/SO400M [37]. The 17 language models span seven families:
BLOOM at 560M to 7.1B parameters [38], OpenLLaMA at 3B to 13B parameters [39], the LLaMA family at
7B and 13B [40] together with Llama-3-8B [41], OLMo at 1B and 7B parameters [42], Gemma at 2B and 7B
parameters [43], Mistral at 7B parameters [44], and the encoder model RoBERTa-large [45]. The language panel
spans heterogeneous architectural choices (ALiBi vs. RoPE positional encoding, multi-query vs. grouped-query
vs. multi-head attention, sliding-window attention, RMSNorm vs. LayerNorm, GeGLU vs. SwiGLU activations),
so the within- and across-family comparisons are not driven by a single dominant design. For the initialization
experiments we create three random variants per model with different seeds.
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B.1.2 Alignment library

The cross-modal alignment experiments use 19 vision models and 10 text encoders, evaluated on 72 vision-
language pairs. The vision side reuses the convergence library minus DINOv2-Giant, which is excluded because
aligning a 1.1B-parameter encoder is too expensive for the per-pair adapter sweep. The 10 text encoders span
seven families: OLMo-1B/7B [42], BLOOMz-560M/3B [38], LLaMA-7B [40], Mistral-7B [44], RoBERTa-
large [45], and the text towers of CLIP-B/L [36] and SigLIP-B [37].

The 72 pairs sample the 19 × 10 = 190 grid in a matchmaking design. RoBERTa-large is paired with all 19
vision models, anchoring every vision scale and paradigm at one common text encoder. The four base-size
representatives of the four widest vision paradigms (ViT-21K-B, MAE-B, CLIP-B, SigLIP-B) are paired with
all 10 text encoders, fully resolving the cross-paradigm overlap matrix at base scale. Two further base-size
representatives (DINOv2-B and CLIP-FT-B) are paired with 8 text encoders, omitting the LLaMA-7B and
Mistral-7B columns. DINOv2-L is paired with the four short-context text encoders only (RoBERTa-large and
the three vision-language text towers). Pairs in the intersection are counted once, summing to 72.

B.1.3 Merging library

The task-arithmetic merging experiments use a separate library of 14 ViT backbones loaded from public
timm checkpoints [31], chosen to match the standard task-arithmetic benchmark of Ilharco et al. [11]. The 14
backbones span five paradigms: contrastive vision-language (CLIP-B-LAION, CLIP-B-OpenAI, SigLIP-B, CLIP-
L-LAION), contrastive vision-language fine-tuned on classification (CLIP-FT-B, CLIP-FT-L), self-distillation
(DINO-B [46] and DINOv3-B [47]), reconstructive (MAE-B, MAE-L), and discriminative (ViT-T, two ViT-B
variants from the augreg and orig recipes, and ViT-L, all on ImageNet-21K [32]). The self-distillation paradigm
is represented by DINO and DINOv3 instead of DINOv2; the substitution is operational, since publicly available
DINOv2 timm base checkpoints use patch14 while the rest of the merging base library is patch16.

B.1.4 Operational computation of ease and ceiling

Cross-modal alignment. Let O(a, b) denote the mutual k-NN overlap between encoders a and b on the
shared probe set. For a vision encoder b and text encoder v,

Ealign(b, v) = O(b, v).

Let Ltext be the reference library of text encoders. We define

Calign(b) =
1

|Ltext|
∑

v′∈Ltext

O(b, v′).

Thus, all candidate pairs containing the same vision encoder receive the same ceiling, while ease remains
pair-specific.

Task-arithmetic merging. For two task-specific checkpoints bt1 and bt2 derived from the same pretrained
base model b,

Emerge(bt1 , bt2) = O(bt1 , bt2).

Let Lvision be the reference library of pretrained vision models. We define

Cmerge(b) = 1− 1

|Lvision| − 1

∑
v∈Lvision

v ̸=b

O(b, v).

Thus, all merges derived from the same pretrained base model receive the same ceiling, while ease depends on
the two fine-tuned checkpoints.

B.2 Cross-modal alignment protocol

We align each vision-language pair with CSA [25], a closed-form adapter based on normalized canonical
correlation analysis. Both encoders are kept frozen. The adapter consists of two linear projections that map the
vision and language features into a shared 512-dimensional canonical subspace, and is fitted in closed form by
canonical correlation on paired image-caption embeddings. Since the solution is closed form, there is no iterative
optimization and no learning rate, batch size, or epoch budget to set. We use a canonical dimension of 512, no
equal-weight constraint between the two projections, and no regularization on the canonical solution.

For each pair, we select a single combination of one vision layer and one language layer. Following the layer-
selection protocol of Gröger et al. [6], we sample a probe of 5,000 paired image-caption embeddings from the
MS-COCO 2014 training split [18] and choose the layer combination with the highest mutual k-NN overlap at
k = 10. The canonical correlation is then fitted on paired image-caption embeddings from the MS-COCO 2014
training split at the selected layer combination. No augmentation is applied to the embeddings.
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We report image-to-text retrieval Recall@1 on the MS-COCO 2014 validation split and on the Flickr30k test
split [17]. Recall@5, Recall@10, and the text-to-image direction are also computed but are not reported in the
main paper. Retrieval uses cosine similarity between ℓ2-normalized aligned features with an evaluation batch
size of 256. Each pair is run once with a random seed of 42. The closed-form solution is deterministic given its
input features, so no additional seeds are required.

B.3 Task-arithmetic merging protocol

Following the standard task-arithmetic benchmark of Ilharco et al. [11], we use the eight image-classification
tasks: MNIST, SVHN, GTSRB, DTD, EuroSAT, RESISC45, Stanford Cars, and SUN397. The 14 pretrained
backbones are the merging library of Appendix B.1.3. For every base model and every task we fine-tune one
checkpoint, producing 14× 8 = 112 task-specialized models in total.

Fine-tuning follows the standard end-to-end recipe in which all backbone parameters are updated together with
the classifier head, with no frozen layers. We use AdamW [48] with weight decay 0.01, the cross-entropy loss,
and a cosine annealing schedule across the full training run [49]. The backbone learning rate is 10−4. The
classifier head is initialized at random, trained jointly with the backbone, and uses a learning rate of 10−3 (ten
times the backbone rate). Each model is trained for 20 epochs with batch size 32, and the final-epoch checkpoint
is used for all subsequent merging and evaluation. Training images are augmented with a random resized crop
of size 224 at scale 0.6 to 1.0, followed by a random horizontal flip and ImageNet normalization. Evaluation
images are resized to 256 pixels on the short side, center-cropped to 224, and ImageNet-normalized. The random
seed is fixed at 42 across all fine-tuning runs.

Merging follows the standard task-arithmetic recipe of Ilharco et al. [11], which averages fine-tuned weights
in the spirit of model soups [7]. For pairwise merging, two fine-tuned checkpoints of the same backbone are
combined by averaging their backbone weights, θmerged = 0.5 θa + 0.5 θb. The classifier head from each task
is restored at evaluation time, so that the merged backbone is paired with the original task-specific head when
scoring that task. For the multi-task task-arithmetic extension reported in Appendix H.4, the merged backbone is
θbase + α

∑
i(θi − θbase) across all eight tasks, with α ∈ {0.3, 0.5}, also following Ilharco et al. [11].

For each task we report top-1 accuracy on the standard test split. The merge quality of a task pair is the mean
retention 1

2
(acca/accsolo

a + accb/accsolo
b ), where accsolo is the accuracy of the corresponding fine-tuned baseline

before merging. We evaluate every within-model task pair across all 14 backbones, giving 14 ×
(
8
2

)
= 392

pairwise merges.

B.4 Hyperparameters

Table 1 summarizes the hyperparameters of the cross-modal alignment pipeline and Table 2 summarizes those of
the task-arithmetic fine-tuning and merging pipeline. Together they are sufficient to reproduce both pipelines
without reading the source code.

Table 1: Cross-modal alignment hyperparameters.

Component Value

Adapter Normalized canonical correlation analysis (CSA, 25)
Encoders Frozen
Canonical dimension 512
Equal-weight constraint No
Regularization None
Layer-selection probe size 5,000 paired image-caption embeddings
Layer-selection metric Mutual k-NN overlap, k = 10
Training data MS-COCO 2014 captions (training split)
Embedding augmentation None
Evaluation batch size 256
Random seed 42
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Table 2: Task-arithmetic fine-tuning and merging hyperparameters.

Component Value

Pretrained source Public timm checkpoints [31]
Fine-tuning method Full fine-tuning
Optimizer AdamW [48]
Weight decay 0.01
Backbone learning rate 10−4

Classifier-head learning rate 10−3

Scheduler Cosine annealing
Loss Cross-entropy
Epochs 20
Batch size 32
Train augmentation Random resized crop, random horizontal flip
Eval augmentation Resize to 256 on the short side, center crop to 224
Checkpoint selection Final epoch
Pairwise merge coefficient α = 0.5
Multi-task merge coefficients α ∈ {0.3, 0.5}
Random seed 42

B.5 Compute resources

All experiments run on a cluster of 8 NVIDIA GeForce RTX 3090 GPUs (24 GB each), with each individual
training run scheduled to a single GPU. Per-run memory is below 4 GB, and per-run wall time is at most 30
minutes. The total compute budget across all reported experiments is approximately 100 GPU-hours, including
the 72 cross-modal alignment runs, the 112 fine-tuning runs that produce the merging checkpoints, and the
forward passes used to compute k-NN overlap and CKA across the model library.

B.6 Datasets and licenses

Table 3 lists the datasets used in the paper together with their licenses. All datasets are publicly available and
used in accordance with their respective terms.

Table 3: Datasets used in this paper with their licenses.

Dataset Used for License

WIT-1024 [26] probe set, k-NN overlap CC BY-SA 3.0
MS-COCO [18] alignment training, retrieval CC BY 4.0
Flickr30k [17] retrieval evaluation Flickr terms of use

Task-arithmetic merging benchmark [11]
MNIST merging fine-tuning CC BY-SA 3.0
SVHN merging fine-tuning non-commercial research use
GTSRB merging fine-tuning CC0 1.0
DTD merging fine-tuning research use
EuroSAT merging fine-tuning MIT
RESISC45 merging fine-tuning non-commercial research use
Stanford Cars merging fine-tuning research use
SUN397 merging fine-tuning research use

B.7 Code availability

The full code base for the convergence, alignment, and merging experiments, together with the configuration
files and scripts used to produce every figure in the paper, will be released upon acceptance.

C Broader impact

COMPASS is a measurement framework for selecting model pairs before alignment or merging. It introduces
no new pretrained models, releases no scraped data, and does not change the capabilities of any existing system.
Its intended use is to reduce the wasted compute spent on transferring incompatible model pairs, which we view
as a net positive for accessibility and energy use. We do not foresee direct negative societal impacts beyond
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those already associated with the underlying pretrained models, which are released by their original authors
under their stated licenses.

D Why local: empirical evidence

This experiment motivates the choice of local k-NN overlap rather than global CKA as the cheap-to-compute
proxy used in Section 5. Local neighborhood recovery is a strictly weaker requirement than global distance
recovery, so local metrics can track alignment trends in regimes where global metrics flatten or diverge. For each
fixed reference model, we correlate calibrated alignment with the partner model’s scale (parameter count).
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Figure 6: Pearson r between calibrated alignment and model scale (k = 10), for each fixed reference model.
Left: for cross-modal, local k-NN (green) shows positive scaling (mean r ≈ 0.64), while global CKA (blue)
is weaker after calibration (mean r ≈ 0.37). Center: within-vision. Right: within-text. The local-global gap
motivates measuring local k-NN overlap rather than global CKA.

Figure 6 shows the local-global gap. Cross-modal local k-NN correlations concentrate near r ≈ 0.64, while
global CKA correlations are weaker and more dispersed (mean r ≈ 0.37), so local alignment captures a stronger
scaling trend than global alignment.

E Distribution identities for local overlap

To simplify notation, throughout this section we suppress the time index t and write all neighborhood distributions,
overlaps, and k-NN sets without an explicit time dependence.

E.1 Overlap-TV identities

The bound in Theorem 4.2 relies on two exact identities between k-NN overlap and the total variation distance
of the corresponding neighborhood distributions.

Proposition E.1 (Overlap-TV equivalence). For the hard k-NN distributions defined in Equation (2),

TV
(
pX(· | i), pY (· | i)

)
= 1− oi. (7)

Proposition E.2 (Smoothed hard-distribution identity). For each sample i and every ε ∈ (0, 1),

TV
(
qX(· | i), qY (· | i)

)
= (1− ε) (1− oi). (8)

E.2 Proof of Proposition E.1

Fix a sample i. By definition, the hard k-NN distribution pX(· | i) assigns mass 1/k to each element of kNNX(i)
and mass 0 to every other index. The same is true for pY (· | i) with kNNY (i) in place of kNNX(i). We use the
identity

TV(p, q) = 1−
∑
j

min{p(j), q(j)} (9)

for probability measures on a finite space. Therefore

TV
(
pX(· | i), pY (· | i)

)
= 1−

∑
j

min
{
pX(j | i), pY (j | i)

}
. (10)
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If j ∈ kNNX(i) ∩ kNNY (i), both distributions assign mass 1/k to j, so the minimum is 1/k. Otherwise at
least one of the two distributions assigns mass 0 to j, so the minimum is 0. The sum therefore contains exactly
|kNNX(i) ∩ kNNY (i)| nonzero terms, each equal to 1/k, giving∑

j

min
{
pX(j | i), pY (j | i)

}
=

|kNNX(i) ∩ kNNY (i)|
k

= oi, (11)

and hence TV(pX , pY ) = 1− oi.

E.3 Proof of Proposition E.2

Fix a sample i, and let ν(j | i) := 1
N−1

1{j ̸= i} denote the uniform distribution over V \ {i}. By definition,

qX(· | i) = (1− ε)pX(· | i) + ε ν(· | i), qY (· | i) = (1− ε)pY (· | i) + ε ν(· | i). (12)

Subtracting,
qX(· | i)− qY (· | i) = (1− ε)

(
pX(· | i)− pY (· | i)

)
. (13)

Using TV(p, q) = 1
2

∑
j |p(j)− q(j)|,

TV
(
qX(· | i), qY (· | i)

)
= 1

2

∑
j

(1− ε)
∣∣pX(j | i)− pY (j | i)

∣∣ (14)

= (1− ε)TV
(
pX(· | i), pY (· | i)

)
. (15)

Proposition E.1 identifies the last total variation as 1− oi, so TV(qX , qY ) = (1− ε)(1− oi).

E.4 Why we ε-smooth hard distributions

Theorem 4.2 uses KL divergences, which require full-support distributions. The ε-smoothing in Equation (3)
mixes the hard distribution with the uniform background and yields a full-support conditional, while Propo-
sition E.2 preserves the hard-overlap semantics exactly up to the factor (1 − ε). The smoothing parameter ε
is a fixed analytical regularizer required only to make KL divergences finite. In practice we take ε small (e.g.,
ε = 1/N ), which keeps the prefactor 1/(1− ε) in Theorem 4.2 close to 1 at the cost of larger KL terms when
supports of the learned and target distributions disagree. A natural alternative is to replace the hard distribution
with a distance-based soft distribution (e.g., a Gaussian over embedding distances). We avoid this choice because
such distributions implicitly assume that local metric distances are meaningful objects of comparison across
views. The empirical object of interest, hard k-NN overlap, depends only on neighbor identity and not on the
distances to those neighbors. The ε-smoothing preserves this property by adding uniform background mass to all
non-self indices regardless of their distances, while providing the full support required for KL divergences to be
finite.

F Pair-specific ease: per-sample start-condition overlap

F.1 Dynamical assumptions and proof variables

The finite-time convergence results in Section 4.1 rest on three explicit assumptions. Let (Ft)t≥0 be the
filtration generated by the training randomness, and let q(t)W (· | i) denote the smoothed distribution of encoder
W ∈ {X,Y } after t training steps. We define two per-step total variation quantities:

m
(t)
i := min

W∈{X,Y }
TV

(
q
(t)
W (· | i), q⋆W (· | i)

)
, δ

(t)
i := TV

(
q
(t)
X (· | i), q(t)Y (· | i)

)
, (16)

where m(t)
i is the smaller of the two encoder-to-target distances and δ

(t)
i is the inter-encoder gap. Proposition E.2

gives the identity
δ
(0)
i = (1− ε)

(
1− o

(0)
i

)
at t = 0, (17)

so the start-condition overlap and the initial inter-encoder gap describe the same starting point.

(A1) Conditional reachability. There exist T > 0, ξ > 0, and pT > 0 such that for every δ
(0)
i in the

support of the start condition, P
(
m

(T )
i ≤ ξ | δ(0)i

)
≥ pT . This is a finite-time reachability condition: it does

not require that both encoders reach the target, only that one does. The assumption is satisfied whenever the
training procedure has a nonzero probability of making sufficient progress within T steps, a condition that holds
for stochastic gradient methods on objectives with bounded noise, provided the target is reachable from the
initialization.
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(A2) Finite-time decay. There exists a nonincreasing function λ : N0 → [0,∞) with λ(t) → 0 as t → ∞
such that, for every t ≥ 0,

E
[
δ
(t)
i | δ(0)i

]
≤ λ(t) δ

(0)
i . (18)

This is a stability condition on the training dynamics: the expected inter-encoder gap after t steps is controlled by
its initial value. The assumption is problem-dependent and strongest when both encoders share training dynamics
(e.g., the same objective, same data, similar architectures). A2 controls discrepancy, not convergence: it bounds
how far apart the two encoders can be at time t, not whether either has reached the target. A relaxation allowing
an additive noise floor is developed in Appendix F.5.

(A3) Basin condition. There exists η > 0 such that
{
m

(T )
i ≤ ξ, δ

(T )
i ≤ η

}
⊆ Ci, where Ci :=

{limt→∞ maxW TV(q
(t)
W , q⋆W ) = 0} is the eventual-convergence event. This is a deterministic inclusion: if

at time T at least one encoder is near the target and the two encoders are mutually close, then both eventually
converge. A3 is the only assumption used to transfer the finite-time bound (Theorem 4.1) to eventual convergence
(Corollary F.2), and is not used in the finite-time theorem itself. The assumption is natural when the shared target
is a stable fixed point of the training dynamics.

Separation of concerns. The two-step structure (first Theorem 4.1 under A1–A2, then Corollary F.2 under
A1–A3) is intentional. The finite-time theorem is the primary result and gives a concrete bound that depends on
the start-condition overlap. The corollary adds A3 to convert this into an asymptotic statement, ensuring that the
finite-time bound stands on its own when the basin condition is difficult to verify.

Adapter dynamics in cross-modal alignment. In applications where the encoders are frozen and only
an adapter is trained (e.g., cross-modal alignment), A1 and A2 apply to the adapter-induced dynamics on q

(t)
W :

the distributions evolve through the adapter while the underlying encoders remain fixed. The same theorem then
bounds the probability that the adapter brings the two distributions close to each other and to their respective
targets within T adapter-training steps.

F.2 Finite-time control of the inter-encoder gap

Lemma F.1 (Finite-time control). Under A2, E
[
δ
(T )
i | δ(0)i

]
≤ λ(T ) δ

(0)
i .

Proof. This is exactly Assumption A2.

F.3 Two-form statement and proof of Theorem 4.1

Under A1–A2, for every η > 0, the finite-time bound takes two equivalent forms:

P
(
m

(T )
i ≤ ξ, δ

(T )
i ≤ η | δ(0)i

)
≥

[
pT − λ(T ) δ

(0)
i

η

]
+

(discrepancy form) (19)

and equivalently, by the affine bijection Equation (17) between δ
(0)
i and o

(0)
i ,

P
(
m

(T )
i ≤ ξ, δ

(T )
i ≤ η | o(0)i

)
≥

[
pT −

λ(T )(1− ε)
(
1− o

(0)
i

)
η

]
+

(overlap form). (20)

The discrepancy form is the natural output of the proof, and the overlap form is the version most directly
connected to the empirical quantity oi.

Proof. Fix a sample i and define A := {m(T )
i ≤ ξ} and B := {δ(T )

i ≤ η}.

Step 1: separate the two requirements. Since A = (A ∩B) ∪ (A ∩Bc) with the two parts disjoint, conditional
additivity gives P(A | δ(0)i ) = P(A ∩B | δ(0)i ) + P(A ∩Bc | δ(0)i ). Rearranging and using A ∩Bc ⊆ Bc,

P(A ∩B | δ(0)i ) ≥ P(A | δ(0)i )− P(Bc | δ(0)i ). (21)

Step 2: lower-bound the reachability term. Assumption A1 gives P(A | δ(0)i ) ≥ pT .

Step 3: upper-bound the discrepancy-failure term. Markov’s inequality applied conditionally on δ
(0)
i gives

P(δ(T )
i > η | δ(0)i ) ≤ E[δ(T )

i | δ(0)i ]/η. Lemma F.1 bounds the numerator by λ(T ) δ
(0)
i , so P(Bc | δ(0)i ) ≤

λ(T ) δ
(0)
i /η.

Step 4: combine. Inserting the two bounds into Equation (21) and taking the positive part (since the left-hand
side is a probability) gives the discrepancy form. Substituting Equation (17) gives the overlap form.
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Informativeness regime. The bound is informative when λ(T )(1− ε)
(
1− o

(0)
i

)
< pT η. Outside this regime

the right-hand side is zero and the theorem yields no nontrivial guarantee. In particular, for fixed η > 0 the
bound becomes informative for sufficiently large T whenever λ(T ) → 0, and the threshold on T shrinks with
the start-condition overlap o

(0)
i .

F.4 Convergence under basin condition

Corollary F.2 (Convergence under basin condition). Under A1–A3,

P
(
Ci | δ(0)i

)
≥

[
pT − λ(T ) δ

(0)
i

η

]
+

and equivalently

P
(
Ci | o(0)i

)
≥

[
pT −

λ(T )(1− ε)
(
1− o

(0)
i

)
η

]
+

.

(22)

Proof. Assumption A3 gives {m(T )
i ≤ ξ, δ

(T )
i ≤ η} ⊆ Ci, so monotonicity of probability gives P(Ci | δ(0)i ) ≥

P(m(T )
i ≤ ξ, δ

(T )
i ≤ η | δ(0)i ). Substituting the bound from Theorem 4.1 (discrepancy form) yields the first

inequality, and Equation (17) converts it into the overlap form.

F.5 Extension to noisy finite-time decay

A2 requires exact finite-time decay: E[δ(t)i | δ(0)i ] ≤ λ(t) δ
(0)
i , where λ(t) is nonincreasing and tends to zero. A

more realistic model of SGD allows an additive noise floor.

(A2′) Noisy finite-time decay. There exist functions λ : N0 → [0,∞) and b : N0 → [0,∞), with λ(t) → 0,
such that for every t ≥ 0,

E
[
δ
(t)
i | δ(0)i

]
≤ λ(t) δ

(0)
i + b(t). (23)

When b(t) = 0, A2′ reduces to A2. We refer to b(t) as the finite-time noise floor.

Lemma F.3 (Finite-time control under noisy decay). Under A2′,

E
[
δ
(T )
i | δ(0)i

]
≤ λ(T ) δ

(0)
i + b(T ). (24)

Proof. This is exactly Assumption A2′.

Theorem F.4 (Finite-time bound under noisy decay). Under A1 and A2′, for every η > 0,

P
(
m

(T )
i ≤ ξ, δ

(T )
i ≤ η | o(0)i

)
≥

[
pT −

λ(T )(1− ε)
(
1− o

(0)
i

)
+ b(T )

η

]
+

. (25)

When b(T ) = 0, this reduces to Theorem 4.1.

Proof. The proof follows that of Theorem 4.1, substituting Lemma F.3 for Lemma F.1 in the Markov step:

P
(
δ
(T )
i > η | δ(0)i

)
≤ E[δ(T )

i | δ(0)i ]

η
≤ λ(T ) δ

(0)
i + b(T )

η
. (26)

Using δ
(0)
i = (1− ε)

(
1− o

(0)
i

)
gives the stated overlap form.

The noise floor b(T ) enters additively: even with perfect start-condition overlap (o(0)i = 1), the bound is
[pT − b(T )/η]+ rather than [pT ]+. For the bound to be nontrivial, η must exceed b(T )/pT , reflecting that noisy
dynamics cannot guarantee arbitrarily precise convergence.

G Paradigm-level ceiling on overlap

To simplify notation, throughout this section we suppress the time index t and write all neighborhood distributions,
overlaps, and k-NN sets without an explicit time dependence.

G.1 Proof of Theorem 4.2

Fix a sample i and write qiX := qX(· | i), qiY := qY (· | i), q⋆iX := q⋆X(· | i), and q⋆iY := q⋆Y (· | i).
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Step 1: rewrite hard overlap in terms of smoothed total variation. Proposition E.2 gives

TV(qiX , qiY ) = (1− ε)
(
1− oi

)
, equivalently 1− oi =

1

1− ε
TV(qiX , qiY ). (27)

Step 2: reverse triangle inequality through the two targets. Two applications of the reverse triangle
inequality for total variation give

TV(qiX , qiY ) ≥ TV(q⋆iX , q⋆iY )− TV(qiX , q⋆iX )− TV(q⋆iY , qiY ). (28)

The first term is γi by definition Equation (5).

Step 3: bound the outer terms by KL. Pinsker’s inequality, TV(p, q) ≤
√

1
2
DKL(p∥q), applied with

(p, q) = (q⋆iX , qiX) and (q⋆iY , qiY ) gives

TV(q⋆iX , qiX) ≤
√

1
2
DKL(q⋆iX∥qiX), TV(q⋆iY , qiY ) ≤

√
1
2
DKL(q⋆iY ∥qiY ). (29)

Substituting Equation (29) into Equation (28) and then into Equation (27) yields the claimed bound.

Sequence statement. For a sequence of learned distributions indexed by t such that both KL terms vanish,
lim supt o

(t)
i ≤ 1− γi/(1− ε).When q⋆X = q⋆Y , γi = 0 and o

(t)
i → 1.

G.2 A natural shared target

Theorem 4.2 holds for any pair of full-support targets. One natural setting where γi = 0 is when both encoders
observe paired views of the same underlying content (e.g., an image and its caption): a conditional affinity
distribution

p⋆(j | i) ∝ κ(i, j), j ̸= i, (30)
serves as a shared target, where κ(i, j) measures co-occurrence or affinity between paired contents and is
therefore independent of the view. For instance, when pairs arise under an unobserved context variable, κ(i, j) is
proportional to the expected co-occurrence of the two contents under that context, which is compatible with
contrastive views of representation learning [50]. Smoothing this candidate via

q(ε)⋆ (j | i) := (1− ε) p⋆(j | i) + ε

N − 1
1{j ̸= i} (31)

yields a full-support target suitable for Theorem 4.2. We do not require this specific choice: different objectives
or modalities may induce different targets (γi > 0), and the bound remains informative whenever γi is small.

H Additional empirical material

H.1 Initialization structure

The unimodal panels of Figure 2 use the initial random k-NN overlap o
(0)
i as a start-condition proxy for

Theorem 4.1. For the proxy to be well-posed, three things must hold at initialization: (i) two copies of the same
randomly initialized model should agree on their local geometry (random seeds of the same architecture give a
meaningful family-level δ(0)i ), (ii) models from different families should disagree more (architecture modulates
δ
(0)
i ), and (iii) training must actually change local geometry (otherwise the final-vs-initial correlation would be a

tautology). Figures 7a and 7b verify all three for vision and text respectively.

Within-model random overlap in the vision panel sits between 0.72 and 0.89 for every architecture family (mean
0.83), indicating that two random seeds of the same architecture produce nearly identical local neighborhood
structure. Cross-family random overlap has mean ≈ 0.54, indicating that architecture choice does shift the
initial geometry but less than across paradigms. Pretrained-vs-random overlap drops to 0.09-0.28 (mean 0.19),
confirming that training substantially reshapes the local geometry rather than merely refining what the random
network already encoded. Architecture alone therefore parameterizes δ(0)i , and the training dynamics move every
model far from its initialization, so Theorem 4.1 is tested non-trivially in this regime.

The text panel shows the same qualitative three-zone pattern across nine language-model families: within-family
random overlap between 0.4 and 0.8, cross-family at ≈ 0.35, and pretrained-vs-random collapsed to 0.2-0.4.
The within-family value is lower than for vision and spreads more, reflecting the wider design space of language-
model blocks. The pretrained-vs-random drop is nonetheless large in every family, so the init-vs-final correlation
in Figure 2 (top right) reflects genuine learned structure rather than initialization bleed-through.

Taken together, the two panels show that families with similar architectures start with similar local geometry and
that training moves every model far from its initialization. This is the condition under which the architectural
proxy δ

(0)
i should predict the family-level spread of final overlap, and Figure 2 (top) confirms that it does.
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Figure 7: Initialization structure underlying the unimodal panels of Figure 2. Both modalities show structured
random geometry within architecture families, lower cross-family random overlap, and a large drop between
pretrained and random representations.

H.2 Robustness to neighborhood size

The main text uses local k-NN overlap with k = 10 throughout the empirical analyses. We repeat the combined
proxies figure of Figure 2 at k ∈ {20, 50, 100} to check that the start-condition overlap continues to predict
downstream transfer at larger neighborhood sizes. The qualitative conclusions remain unchanged: the start-
condition overlap continues to predict the pretrained overlap in the unimodal validation and to predict downstream
transfer in cross-modal alignment and task-arithmetic merging.
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Figure 9: Combined proxies figure at k = 50. The start-condition overlap remains predictive at larger neighbor-
hood size across all four settings.
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Figure 8: Combined proxies figure at k = 20. Top: unimodal init-to-final validation for vision and text. Bottom
left: pretrained k-NN overlap predicts Flickr30k I2T R@1 after alignment. Bottom right: pre-merge k-NN
overlap predicts merge quality. The same qualitative pattern as at k = 10 is preserved.
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Figure 10: Combined proxies figure at k = 100. Even at a large neighborhood size, the qualitative structure is
unchanged.

H.3 Probe-set sensitivity for merging ease

In the main text, the merging ease score is computed on a 2K-sample probe drawn from MNIST’s train split (a
task in the standard task-arithmetic benchmark, used as a fixed shared probe across all candidate pairs). To test
the sensitivity of the diagnostic to this probe choice, we replace MNIST with an 8-task pool: 256 images per task
across all eight fine-tuning tasks (2,048 samples total; Table 4).
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Table 4: Probe-set sensitivity for the merging ease score. Replacing the MNIST probe with an 8-task pool
weakens the ease signal (the pool dilutes per-pair specialization across 8 distributions), but the product predictor
remains positively correlated with merge quality. The same direction holds: pairs with higher ease and higher
ceiling merge better.

Ease probe |r| ease |r| ceiling |r| product

MNIST (2K samples, main text) 0.67 0.64 0.70
8-task pool (256 / task, 2,048 samples) 0.42 0.64 0.65

H.4 Merging: paradigm-level results and multi-task extension

This section supplements Section 5.2 with a paradigm-level view of the within-model merge experiments and a
full multi-task task-arithmetic extension (n = 392 pairs from 14 models, i.e., 9 ViT-B/16, 4 ViT-L/14-16, and 1
ViT-T/16, across 5 paradigms and 8 tasks).

Figure 11 shows two complementary views of the same merging experiments. Left: pairwise mean retention
(n = 392 pairs) grouped by paradigm, with merge quality encoded by color and median overlap indicated by
horizontal lines. The monotonic increase in median overlap from contrastive VL to self-distillation confirms
that the paradigm hierarchy is stable across task pairs. Right: full multi-task task arithmetic, in which all 8 task
vectors are summed simultaneously (θbase + α

∑
i ∆i) at α ∈ {0.3, 0.5}, and accuracy is averaged across all 8

tasks. The pairwise paradigm ordering is preserved at scale: discriminative and self-distillation paradigms retain
the highest accuracy, while contrastive VL paradigms collapse.

This ordering is the inverse of the one observed for cross-modal alignment, where contrastive vision-language
models lead and discriminative or self-distillation models trail. The inversion is consistent with the ceiling bound:
achievable overlap depends on the match between the pretraining paradigm and the downstream target, rather
than on the paradigm alone. Thus, the pairwise compatibility ordering is not an artifact of two-task merges, but
remains visible in the harder multi-task setting as well.
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Figure 11: Left: pair-specific k-NN overlap by paradigm, with median lines. The paradigm ordering is stable
across task pairs (n = 392 pairwise merges). Color encodes pairwise merge quality (mean retention across the
two original tasks). Marker shape encodes base model family. Right: full multi-task task arithmetic (all 8 tasks
summed jointly), reporting mean accuracy across all 8 tasks. The pairwise ordering of Figure 5 is preserved at
the multi-task scale: discriminative (0.52/0.37 multi-task accuracy) and self-distillation (0.45/0.34) retain the
most, contrastive VL collapses (0.10/0.09). Note that these multi-task accuracies differ from the pairwise mean
retentions reported in Section 5.2, since they aggregate across all 8 tasks at once rather than over pairs of tasks.

H.5 Regime-level distribution of downstream outcomes

This section gives the full distribution of downstream outcomes per regime, supplementing the inline regime
statistics reported in Sections 5.1 and 5.2. Regimes are assigned by splitting the ease and ceiling axes at their
respective medians, as defined in the COMPASS diagnostic of Section 5. The Kruskal-Wallis statistic on each
panel tests the null that the four regimes are drawn from the same distribution of the panel’s outcome variable;
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Table 5: Rank correlations with downstream transfer performance. The final column uses global CKA for
alignment and task-vector cosine for merging.

Outcome COMPASS ρ COMPASS τ Ease ρ Ceiling ρ Baseline ρ

Flickr30k I2T R@1 0.91 0.73 0.87 0.77 0.63
Flickr30k T2I R@1 0.91 0.73 0.87 0.77 0.65
COCO I2T R@1 0.93 0.77 0.88 0.81 0.67
COCO T2I R@1 0.93 0.77 0.88 0.81 0.66
Merge retention 0.70 0.50 0.66 0.61 0.06

the test is the rank-based, non-parametric analogue of a one-way ANOVA, and we use it because the per-regime
sample sizes are unequal and the outcomes are not normally distributed.
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Figure 12: Per-regime distribution of downstream outcomes for the three settings. Left: Flickr30k I2T R@1
on n = 72 vision-language pairs. Center: COCO I2T R@1 on the same pairs. Right: mean retention on
n = 392 task-arithmetic merges. Boxes show the interquartile range with the median line; whiskers extend to
the non-outlier extremes; individual points are overlaid. Color encodes the four regimes: act now (high ease,
high ceiling), budget-limited (low ease, high ceiling), ceiling-limited (high ease, low ceiling), and incompatible
(low ease, low ceiling). The Kruskal-Wallis H statistic and p-value at the top of each panel test the null that the
four regimes share the same distribution; the test rejects in all three settings.

H.6 Ranking and budget model selection

Because COMPASS is intended to rank candidate model pairs before transfer, we complement the Pearson
analysis of Figure 3 with rank correlations and measures of the quality of the induced candidate ordering. All
analyses use the same candidate pools and downstream outcomes as in the main experiments.

H.6.1 Rank correlations

Table 5 reports Spearman ρ and Kendall τ . COMPASS gives the strongest overall ranking in all settings. The
results are nearly identical across the image-to-text (I2T) and text-to-image (T2I) retrieval directions.

H.6.2 Top-k selection, regret, and NDCG

For evaluation budget k, we define top-k performance as the mean downstream outcome of the k highest-ranked
candidates. Regret is its relative shortfall from the oracle top-k set. NDCG@k evaluates the quality of the
complete ordering within the first k candidates, using downstream performance as relevance and normalizing by
the oracle ordering. “Budget to best” is the rank assigned to the globally best candidate. Selection results for
alignment and merging are reported in Tables 6 and 7.

Table 6: Selection performance on Flickr30k I2T retrieval (n = 72 candidate pairs). Regret is relative to the
oracle top-k set.

Predictor Top-1 Regret Top-5 Regret NDCG@5 Top-10 Regret NDCG@10 Top-20 Regret NDCG@20 Budget to best

COMPASS 0.635 0.0% 0.578 5.9% 0.957 0.530 5.7% 0.952 0.493 2.1% 0.972 1/72
Ease 0.428 32.6% 0.521 15.2% 0.819 0.530 5.7% 0.893 0.486 3.6% 0.923 2/72
Ceiling 0.635 0.0% 0.563 8.3% 0.945 0.455 19.0% 0.864 0.439 12.8% 0.889 1/72
Global CKA 0.635 0.0% 0.589 4.2% 0.970 0.515 8.2% 0.940 0.440 12.7% 0.901 1/72
Paradigm distance 0.323 49.1% 0.204 66.8% 0.368 0.226 59.8% 0.406 0.245 51.3% 0.458 72/72
Total parameters 0.418 34.2% 0.352 42.6% 0.614 0.328 41.6% 0.609 0.316 37.3% 0.629 21/72
Random ordering 0.334 47.4% 0.334 45.6% - 0.334 40.5% - 0.334 33.7% - 36.5 expected

Global CKA happens to rank the best Flickr30k pair first and is slightly stronger at k = 5, but its ranking
deteriorates as the budget increases: at k = 20, COMPASS has 2.1% regret compared with 12.7% for CKA,
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while also achieving higher NDCG. COCO shows the same pattern: COMPASS/CKA regret is 5.9%/4.5% at
k = 5 and 2.1%/14.4% at k = 20.

Table 7: Selection performance for task-arithmetic merging (n = 392 candidate merges).
Predictor Top-1 Regret Top-10 Regret NDCG@10 Top-40 Regret NDCG@40 Budget to best

COMPASS 0.947 8.4% 0.927 7.1% 0.920 0.890 9.1% 0.910 5/392
Ease 0.947 8.4% 0.935 6.4% 0.924 0.874 10.7% 0.896 5/392
Ceiling 0.968 6.4% 0.926 7.3% 0.930 0.828 15.5% 0.871 162/392
Task-vector cosine 0.963 6.8% 0.826 17.3% 0.841 0.708 27.7% 0.749 328/392
Random ordering 0.585 43.4% 0.585 41.4% - 0.585 40.3% - 196.5 expected

Ceiling and task-vector cosine can select a strong first merge but rank the full candidate pool substantially less
well. COMPASS finds the globally best merge after evaluating only 5 of the 392 candidates.

H.6.3 Budget evaluation

We additionally evaluate the practical setting in which downstream transfer can be performed for only a limited
number of candidates. At budget b, we take the best downstream outcome among the top b candidates according
to each predictor and normalize it by the optimum over the complete candidate pool. Random-order values are
exact expectations (Tables 8 and 9).

Table 8: Budget selection for Flickr30k I2T retrieval. Values are the best outcome found within the evaluation
budget, normalized by the pool optimum.

Pairs trained 1 2 5 10 20

COMPASS 1.00 1.00 1.00 1.00 1.00
Ease 0.67 1.00 1.00 1.00 1.00
Global CKA 1.00 1.00 1.00 1.00 1.00
Random order 0.53 0.66 0.79 0.88 0.95

COCO gives the same qualitative result: COMPASS reaches the pool optimum after one downstream run,
compared with random-order expectations of 0.42 at b = 1 and 0.68 at b = 5.

Table 9: Budget selection for task-arithmetic merging.

Merges performed 1 5 10 20 50

COMPASS 0.92 1.00 1.00 1.00 1.00
Ease 0.92 1.00 1.00 1.00 1.00
Ceiling 0.94 0.94 0.95 0.96 0.97
Task-vector cosine 0.93 0.93 0.94 0.95 0.95
Random order 0.57 0.87 0.93 0.95 0.97

H.7 Additional baselines

We compare COMPASS against three groups of alternatives: cheap metadata predictors, other representation-
similarity measures, and learned regressors. Unless stated otherwise, values are Spearman correlations with the
same downstream outcomes and over the same candidate sets used for COMPASS.

H.7.1 Metadata predictors

Cheap metadata-based predictors are summarized in Table 10.

The pretraining paradigm provides useful coarse information, but cannot distinguish candidate pairs within the
same paradigm. In the within-family analysis of Appendix H.11, where the vision family is fixed, ease remains
predictive with a median Spearman correlation of 0.80. Local k-NN overlap therefore captures pair-specific
compatibility beyond metadata labels.
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Table 10: Comparison with cheap metadata-based predictors.

Predictor Alignment: Flickr I2T Merging: retention

COMPASS 0.91 0.70
Pretraining paradigm distance -0.60 -
Architecture self-consistency 0.37 -
Total parameters 0.09 -
Random-init k-NN overlap 0.11 -
Mean solo accuracy of two checkpoints - 0.43
Task-vector cosine - 0.06

H.7.2 Alternative representation-similarity metrics

To isolate the effect of the similarity measure itself, we compare metrics computed using identical model inputs,
probe sets, and layer-search procedures (Table 11).

Table 11: Alternative representation-similarity metrics computed on identical inputs.

Metric Alignment: Flickr I2T Merging: retention

Mutual k-NN overlap 0.82 0.42
RSA, rank correlation between RDMs 0.38 0.22
Procrustes similarity 0.45 0.37
Linear CKA 0.34 0.25

Local k-NN overlap has highest predictive performance in both settings, particularly for alignment.

H.7.3 Learned regressor predictors

We additionally fit ridge and gradient-boosted regressors on one-hot family, paradigm, and task labels plus model
sizes, and score their out-of-fold predictions (Table 12).

Table 12: Comparison with learned metadata regressors. Unlike COMPASS, these models require previously
observed downstream transfer outcomes as labels.

Evaluation Alignment Merging

COMPASS, nothing fitted 0.91 0.70
Regressor, random 5-fold CV 0.94 0.91
Regressor, leave-one-family/backbone out 0.60 0.81
Regressor, leave-one-paradigm out 0.46 -0.54

The regressors can perform stronger under random cross-validation, but require completed transfer runs as
supervision, which is the expensive step COMPASS is meant to precede. For example: its merging figure of
0.81 comes from fitting on 364 completed merges in order to rank the remaining 28. It also degrades where a
diagnostic is needed, on a model or paradigm it has not seen, and turns negative when a whole paradigm is held
out. COMPASS fits no parameters and is computed before any transfer, so its number is the same in all three
rows.

H.8 Generalization across held-out families, backbones, and paradigms

We test whether the COMPASS ranking depends on particular families, backbones, or paradigms. Because
COMPASS is parameter-free, we consider two complementary evaluations. In the rest analysis, one group is
removed, all scores that depend on the the reference library are recomputed without that group, and performance
is measured on the remaining candidate pool. In the held-out only analysis, the correlation is evaluated only
among candidates belonging to the removed group, isolating pair-specific variation within that group. Library-
based scores are re-estimated per fold, excluding the held-out language family for alignment or paradigm for
merging (Table 13).

Alignment is stable to removing individual model groups(Table 14): relative to the pooled correlation of 0.91,
removing any vision or text family changes the correlation on the remaining pool by at most 0.06. Held-out-group
correlations remain positive across all vision and text families.

In all seven text folds, ceilings re-estimated from the remaining language models preserve the full-library vision
ranking (Spearman ρ = 1.00).
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Table 13: Generalization under held-out groups. The pooled references are ρ = 0.91 for Flickr30k alignment
and ρ = 0.70 for merging.

Fold type Folds Spearman on rest Spearman inside held-out group

Leave-one-vision-family-out 6 0.85-0.93 0.81 median (0.56-0.87)
Leave-one-text-family-out 7 0.89-0.92 0.86 median (0.78-0.94)
Leave-one-vision-paradigm-out 5 0.85-0.93 0.80 median (0.56-0.87)
Leave-one-backbone-out (merging) 14 0.67-0.71 0.28 median (-0.13-0.75)
Leave-one-paradigm-out (merging) 5 0.60-0.72 0.27 median (0.20-0.66)

Table 14: Per-fold results for Flickr30k I2T alignment.

Held-out vision family Rest Held out Held-out text family Rest Held out

CLIP 0.91 0.78 CLIP text 0.92 0.78
SigLIP 0.89 0.87 SigLIP text 0.89 0.86
CLIP fine-tuned 0.92 0.83 OLMo 0.92 0.86
DINOv2 0.93 0.80 BLOOM 0.91 0.90
MAE 0.85 0.87 RoBERTa 0.90 0.94
Classification 0.92 0.56 LLaMA 0.91 0.80

Mistral 0.91 0.80

For merging, the correlation on the remaining candidate pool stays between 0.67 and 0.71 when leaving
out individual backbones, and between 0.60 and 0.72 when leaving out complete paradigms. Correlations
measured only within one backbone are lower because 74% of the variance in retention lies between backbones.
Conditioning the probe on the particular task pair captures additional residual interference and increases the
median within-backbone correlation from 0.28 to 0.44 across the 14 backbones, each containing 28 task pairs.

H.9 Robustness to the alignment procedure

The complete 72-pair alignment experiment in the main text uses CSA. To test whether the inferred compatibility
ranking is specific to this alignment method, we additionally evaluate 24 vision-language pairs spanning six
vision encoders from all five vision paradigms and four text towers. For each pair, we train Linear, MLP, and
LoRA-style adapters using a contrastive InfoNCE objective and compare their downstream retrieval rankings
with CSA (Table 15).

Table 15: Pair-ranking agreement across alignment procedures. Values below the diagonal are Spearman
correlations for Flickr30k I2T and values above the diagonal are for T2I.

CSA Linear MLP LoRA

CSA - 0.94 0.82 0.96
Linear 0.87 - 0.86 0.99
MLP 0.76 0.84 - 0.85
LoRA 0.91 0.98 0.85 -

CSA rankings agree with LoRA at ρ = 0.91 for I2T retrieval, while pairs of trained adapters agree with each
other at ρ = 0.84-0.98. We next repeat the predictor analysis using the outcome produced by each adapter
(Table 16).

Table 16: Spearman correlation with Flickr30k I2T R@1 under different alignment procedures.

Predictor CSA Linear MLP LoRA

COMPASS 0.87 0.90 0.73 0.92
Ease 0.78 0.78 0.56 0.78
Ceiling 0.86 0.97 0.76 0.95
Global CKA 0.71 0.79 0.60 0.78

COMPASS remains predictive of the downstream ranking produced by every trained adapter and exceeds global
CKA in all cases. T2I retrieval gives the same qualitative conclusion. The consistency across CSA, Linear, MLP,
and LoRA-style alignment indicates that the reported ranking reflects properties of the model pair rather than an
artifact of CSA.
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H.10 Cost and robustness of ceiling estimation

Ceiling estimation reuses the same cached probe representations required to compute pairwise overlaps and
therefore introduces no additional model forward passes. For the 19 × 10 cross-modal candidate grid, each
model is run over the probe once and the resulting overlap averages are then inexpensive to compute (Table 17).

Table 17: Cost of COMPASS scoring compared with exhaustive downstream alignment. The wall-clock
comparison was benchmarked on a single RTX 2080 Ti.

Procedure Scaling Cost for full 19× 10 grid

COMPASS, including ceiling One probe pass per model 29 passes; ∼21 min; 12 GB cached features
Exhaustive downstream evalu-
ation

One alignment run per pair 190 runs; ∼86–102 h; 729 GB cached fea-
tures

The ceiling averages themselves take only seconds once the model features and pairwise overlaps have been
cached. To test whether COMPASS requires precise model-level ceiling estimates, we progressively coarsen or
perturb the ceiling while keeping ease unchanged (Table 18).

Table 18: Sensitivity to ceiling granularity and estimation noise. Values are Spearman correlations with down-
stream performance.

Ceiling estimate Alignment: Flickr30k I2T Merging: retention

Original estimate 0.909 0.696
One shared value per paradigm 0.903 0.699
Gaussian noise at 25% of ceiling spread 0.901 0.695
Gaussian noise at 50% of ceiling spread 0.883 0.695
Gaussian noise at 100% of ceiling spread 0.830 0.691
Ceiling values shuffled across paradigms 0.675 0.654
Ceiling removed: ease alone 0.866 0.657

These results show that COMPASS is robust to coarse ceiling estimates. Replacing the individual values with
one value per paradigm changes the correlation in a negligible way for alignment and for merging. It is also
robust to moderate estimation error: with noise equal to 50% of the ceiling’s empirical spread, COMPASS
still reaches 0.883 for alignment and 0.695 for merging, compared with 0.866 and 0.657 when the ceiling is
removed entirely.

The reason is that the ceiling mainly provides a coarse ordering between paradigms, while the ease distinguishes
individual model pairs within each paradigm. Consequently, the exact numerical ceiling values are not critical as
long as their relative ordering is approximately correct. When we deliberately destroy that ordering by shuffling
the ceiling values across paradigms, the ceiling stops helping altogether: alignment falls to 0.675, below the
0.866 that ease alone reaches with no ceiling, and merging falls to 0.654 against 0.657 for ease alone. A wrongly
ordered ceiling is therefore worse than no ceiling for alignment and worth nothing for merging. COMPASS
needs a directionally correct group ordering, not a precise model-by-model estimate.

H.11 Pair-specific signal within model families

A possible alternative explanation for the strong predictive performance of COMPASS is that it merely separates
broad model paradigms with already-known downstream behavior. We therefore repeat the alignment analysis
within individual vision-model families. For each row in Table 19, the vision family is held fixed and the
correlation is computed only across candidate pairs within that subset. For example, the CLIP row contains
only the 12 candidate pairs whose vision encoder belongs to the CLIP family; variation then comes from the
text-model partner and, where available, the vision-model scale.

Ease is positively correlated with downstream performance in all six families, with a median Spearman correlation
of 0.80. The encoder-specific ceiling varies little within each family, so performance differences within a row
are driven primarily by pair-specific agreement rather than by broad differences between paradigms.
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Table 19: Predictive power within individual vision-model families on Flickr30k I2T retrieval.

Vision family held fixed Pairs Ease vs. R@1 COMPASS vs. R@1 Within-family ceiling spread

CLIP only 12 0.67 0.78 0.013
SigLIP only 12 0.85 0.87 0.023
CLIP fine-tuned only 10 0.83 0.83 0.017
MAE only 12 0.87 0.87 0.016
DINOv2 only 13 0.77 0.80 0.024
Classification only 13 0.43 0.56 0.009

H.12 Sensitivity to training stage within a fixed architecture

We further test whether COMPASS tracks changes induced by additional training rather than only static
architectural or paradigm labels. Our library contains OpenCLIP LAION-2B checkpoints at three scales together
with versions subsequently fine-tuned for ImageNet-12K classification. Table 20 compares their cross-modal
ceilings and mean downstream retrieval before and after classification fine-tuning.

Table 20: Change in cross-modal ceiling and mean Flickr30k I2T R@1 after ImageNet-12K classification
fine-tuning.

Encoder Ceiling before ft Ceiling after ft Mean R@1 before Mean R@1 after

CLIP ViT-B/16 0.138 0.109 0.396 0.319
CLIP ViT-L/14 0.147 0.117 0.579 0.548
CLIP ViT-H/14 0.151 0.127 0.628 0.610

Classification fine-tuning lowers the cross-modal ceiling at all three scales, and downstream retrieval changes in
the same direction. The diagnostic therefore tracks a training-stage change within a fixed architecture family,
rather than merely recovering a difference between named pretraining paradigms.

H.13 SigLIP text-tower readout

The unusually low overlap visible for several points in Figure 4 is associated with the SigLIP text encoder,
rather than with the SigLIP vision-text pairing specifically. Across all vision encoders paired with this text
tower, calibrated cross-modal overlap lies between 0.017 and 0.031, compared with approximately 0.10-0.17
against the other language-model families. The layer search also behaves differently for this tower. It selects
the first SigLIP text layer, corresponding to the embedding-level representation, whereas the other text towers
select deeper layers between 11 and 35. Before calibration, the selected SigLIP representation has overlap 0.041,
compared with approximately 0.10-0.15 for the other text encoders. Our language-side representation is the
mean-pooled hidden state. Under this readout, the SigLIP text tower therefore exposes substantially less local
neighborhood structure to the probe than the other text encoders. This observation should be interpreted as
specific to the representation readout used in our experiments rather than as a general statement about SigLIP
representations. The downstream behavior is consistent with this measurement: the seven candidate pairs using
the SigLIP text tower have mean Flickr30k R@1 of 0.205, compared with approximately 0.28− 0.42 for the
other text-model families. Importantly, ease still ranks the seven SigLIP-text pairs internally, with Spearman
ρ = 0.75. COMPASS therefore flags these pairs as relatively weak under the chosen text-tower readout while
retaining pair-specific predictive signal.

H.14 What the ceiling predicts under increasing training budget

The ceiling is intended to capture the level of compatibility supported by the application, rather than the amount
of improvement obtained from increasing the optimization budget by an arbitrary amount. To examine this
interpretation directly, we sweep 10, 30, 100, and 300 alignment epochs on 18 vision-language pairs spanning
OLMo-1B, OLMo-7B, and BLOOMz-3B text towers and six vision encoders. The OLMo-1B sweep is reported
in Table 21.

The ceiling-limited pair stops improving: MAE gains 0.074 R@1 between 10 and 100 epochs and then nothing
at all, 0.216 to 0.215, for a further threefold increase in budget. The high-ceiling pairs are still climbing at
300 epochs, CLIP by 0.020 and SigLIP by 0.015 over their 100-epoch values. Ranking the pairs by outcome
therefore converges on ranking them by ceiling as the budget grows: Spearman between outcome and ceiling is
0.83 at 10 and 30 epochs and 0.94 at 100 and 300.
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Table 21: Flickr30k I2T R@1 as the alignment-training budget increases, with OLMo-1B held fixed.

Vision encoder Ceiling 10 ep 30 ep 100 ep 300 ep

MAE ViT-B 0.055 0.142 0.183 0.216 0.215
AugReg ViT-B 0.101 0.269 0.356 0.411 0.420
DINOv2 ViT-B 0.106 0.362 0.480 0.477 0.471
CLIP ViT-B ft-IN12k 0.109 0.288 0.370 0.454 0.459
SigLIP ViT-B 0.130 0.359 0.472 0.544 0.559
CLIP ViT-B LAION-2B 0.138 0.424 0.528 0.587 0.607

The same holds across text towers. Pooled over all 18 pairs, the correlation between outcome and ceiling rises
from 0.79 at 10 epochs to 0.92 at 300. At 300 epochs, it is 0.94, 0.94, and 0.89 within the OLMo-1B, OLMo-7B,
and bloomz-3b towers, respectively.

The ceiling predicts the performance level a model pair converges to, and not necessarily how much performance
increases when the budget does. The gain from 10 to 300 epochs also depends on how close each pair already is
to its plateau at 10 epochs. For OLMo-1B, all pairs start sufficiently far from saturation, so pairs with higher
ceiling also improve more, yielding a correlation of 0.89. For bloomz-3b, several high-ceiling pairs are already
close to their plateau after 10 epochs and therefore show little additional improvement, while the lower-ceiling
MAE pair still has more room to improve. This produces a negative correlation between ceiling and gain. Our
claim is that the ceiling predicts the final plateau, not the improvement observed between two specific training
budgets.
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