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Abstract

Benchmark scores are the dominant lens through
which progress in large language models is as-
sessed, yet the implicit assumption that different
benchmarks read out a shared internal structure
has never been verified at the representation level.
We introduce readout subspace analysis, a frame-
work that extracts the low-dimensional subspace
a benchmark uses to linearly discriminate correct
answers from a model’s frozen hidden representa-
tions, and compares these subspaces across models
and tasks via a coordinate-invariant Gram cosine
metric. Analyzing 50 models spanning six architec-
ture families and varied fine-tuning strategies (SFT,
DPO, RLHF, model merging) on three benchmarks
(MMLU, MedQA, AGIEval), we find that readout
geometry is governed by the benchmark, not
the model. Within the same benchmark, readout
subspaces are strongly aligned even across archi-
tecturally unrelated models (Gram cosine up to
0.87 versus a random baseline of ~10~3), while
subspaces across different benchmarks are nearly
orthogonal. This convergence is graded: bench-
marks sharing cognitive demands partially overlap
in readout subspace, whereas those requiring qual-
itatively different reasoning occupy orthogonal re-
gions. Furthermore, probe accuracy consistently
meets or exceeds generation accuracy, indicating
that benchmark scores reflect not only representa-
tional structure but also decoding efficiency. These
findings recast benchmarks from passive measure-
ment instruments to active structural constraints
that selectively activate specific regions of repre-
sentation space.

*Corresponding author

1 INTRODUCTION

Progress in large language models (LLMs) is predominantly
narrated through benchmark scores. When a new model is
released, its performance on standard benchmarks such as
MMLU Hendrycks et al.|[2021]], MedQA [Jin et al.|[2021],
and AGIEval Zhong et al.|[2024] is reported, and improve-
ments in these scores are interpreted as advances in model
capability. A model that achieves uniformly high scores
across multiple benchmarks is regarded as having acquired
general reasoning ability beyond any single task. This score-
based comparison has become the de facto evaluation frame-
work across model leaderboards, technical reports, and aca-
demic publications.

For this interpretation to hold, a key assumption must be
satisfied: that different benchmarks are reading out a shared
internal structure within the model. That is, score improve-
ments should reflect structural alignment in representation
space or the sharing of underlying capability axes. Yet this
assumption has never been directly verified at the level of
representations. Whether the knowledge and reasoning de-
manded by each benchmark manifest as coherent geometric
structures inside the model—and whether different models
converge to similar structures for the same benchmark—
remains unclear.

This work addresses these questions from the perspective of
representation geometry. For every model-benchmark pair,
we train a linear readout (probe) on frozen hidden representa-
tions and define the low-dimensional region spanned by the
answer-discriminating directions as the readout subspace.
By comparing these subspaces across 50 models spanning
six architecture families, diverse pretraining corpora, and
varied fine-tuning strategies, we ask:

What determines the structure that reads out cor-
rect answers—the model or the benchmark?

Our key findings are as follows. (1) Benchmark-driven con-
vergence. Within the same benchmark, readout subspaces
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are strongly aligned even across models with substantially
different architectures and training trajectories (hundreds
of times above the random baseline of ~10~2 in a 4,096-
dimensional space). (2) Task-selective divergence. Across
different benchmarks, readout subspaces are nearly orthogo-
nal, revealing the formation of task-specific structure inde-
pendent of overall representational similarity. (3) Graded
structural sharing. The relationship between benchmarks
is not binary. MMLU and MedQA partially share subspace
structure, whereas AGIEval exhibits minimal overlap with
either. (4) Latent knowledge beyond generation. Probe
accuracy meets or exceeds generation accuracy in every set-
ting, suggesting that benchmark scores reflect a combination
of representational structure and decoding efficiency.

These results prompt a reinterpretation of benchmark eval-
uation. Rather than passively measuring capability, bench-
marks act as structural constraints that repeatedly activate
specific subspaces in representation space. Consequently,
aggregating benchmark scores is less akin to averaging a sin-
gle ability and more akin to compressing distinct structural
competencies onto a single axis.

Through readout subspace analysis, this work provides a
framework for diagnosing inter-benchmark relationships not
through score correlations, but at the level of representation
geometry.

2 RELATED WORK

This work intersects with prior research on (i) representation
analysis via linear probing, (ii) representational similarity
measures, (iii) cross-model representational convergence,
(iv) the gap between internal knowledge and generation, and
(v) benchmark design and evaluation frameworks.

Representation analysis through probing. The probing
paradigm—training an auxiliary classifier on frozen repre-
sentations [Alain and Bengio, [2017]—has been extended to
syntactic information diagnostics [Shi et al., 2016, |Conneau
et al.| 2018], structural probe for syntax tree recovery [He{
witt and Manning}, 2019]], and edge probing [Tenney et al.|
2019]. The debate over how to interpret probe accuracy—
whether it reflects information intrinsic to the representa-
tions or is an artifact of probe capacity—has been addressed
through control tasks [Hewitt and Liang, 2019], information-
theoretic reformulations [Pimentel et al., 2020, Voita and
Titov, [2020]], and comprehensive surveys [Belinkov, 2022].
Our work departs from this literature by focusing not on
probe accuracy per se, but on the geometric structure of the
readout subspace defined by the probe weight matrix.

Representational similarity measures. Methods for com-
paring representations across models have progressed from
SVCCA [Raghu et al., |2017] to PWCCA [Morcos et al.,
2018]] and CKA [Kornblith et al) [2019]]. Principal an-

gles [Bjorck and Golub) [1973]] and Grassmann distances for
measuring subspace relationships are also relevant.

Cross-model representational convergence. The phe-
nomenon whereby representations from different mod-
els converge to shared structure has been documented
through the Platonic Representation Hypothesis [Huh et al.}
2024, SAE-based feature-level similarity [Bricken et al.|
2023|], and low-dimensional convergence in parameter
space [Ainsworth et al., 2023]]. The existence of universal
directions is further supported by CCS [Burns et al., 2023
and the universality of truth subspaces [Biirger et al.| 2024].
Whereas these studies address homogeneous convergence,
our work reveals that within a converged representation
space, distinct regions are selectively activated depending
on the task. Readout subspaces converge strongly within
the same benchmark, yet exhibit near-orthogonal separation
across different benchmarks, newly exposing the existence
of task-differentiated internal structure.

The gap between internal knowledge and generation.
The discrepancy between the internal information of LLMs
and their generated outputs has been reported through
studies on self-calibration [Kadavath et al.l [2022], self-
critique [Saunders et al., |2022], inference-time interven-
tion [Li et al.,|2023||, and the richness of internal states [Or{
gad et al.,|2025]]. The linear representation hypothesis [Park
et al., 2024] further corroborates this view.

Benchmark design and evaluation frameworks. The
benchmark lottery—where the choice of benchmarks deter-
mines conclusions [Dehghani et al., 2021]]—perturbation
sensitivity in MCQ evaluation [Alzahrani et al.l 2024],
and choices-only artifacts [Balepur et al. 2024]] have all
been documented. BIG-bench [Srivastava et al., [2023],
HELM |[Liang et al., [2023]], and instance-level redundancy
quantification [Wang et al.}[2025||Zhang et al., 2025]] are also
related. While existing studies estimate inter-benchmark
relationships through correlations of model scores, our
work directly compares benchmarks at the representation
space level via the geometric structure of readout subspaces,
thereby circumventing the confound whereby score correla-
tions conflate model ability with task difficulty.

3 METHOD

Our approach consists of three stages: (1) extracting the
minimal structure that linearly reads out benchmark-specific
knowledge from each model, (2) representing this struc-
ture in a form that is invariant to model-specific coordinate
systems, and (3) verifying the existence of shared struc-
ture through cross-model and cross-benchmark comparisons.
Each stage follows a single principle: we use invariant repre-
sentations that do not depend on model-specific coordinate
choices, ensuring that any observed convergence reflects
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genuine structural alignment rather than coincidental simi-
larity in coordinate systems.

3.1 LINEAR READOUT OF
BENCHMARK-SPECIFIC KNOWLEDGE

For each model m and benchmark b, we train a linear clas-
sifier (probe) on the hidden representation h“)(m) € R4
at a designated layer /. For a multiple-choice task with C}
classes, the readout weight matrix is defined as:

W, e RO, (1)

Each row w,, represents the discriminative direction for the
corresponding choice ¢, and only W is optimized while all
model parameters remain frozen. Since a linear probe has no
representational learning capacity of its own, the learned W
reflects only information that is already linearly encoded in
the model’s representation space Alain and Bengio| [2017].
A nonlinear probe, by contrast, risks learning structure ab-
sent from the model, thereby confounding model structure
with probe structure Hewitt and Liang| [[2019]. Accordingly,
Wfﬁ?b serves as a minimally sufficient description of “the
directions that benchmark b uses to read out correct answers
from layer ¢ of model m.”

3.2 FROM READOUT WEIGHTS TO
KNOWLEDGE SUBSPACES

We define the subspace spanned by Wfﬁ),b as the readout
subspace—the region of representation space that a given
benchmark demands from the model. Because different mod-
els operate in different coordinate systems, the absolute di-
rections of the weight vectors are model-dependent. What
we seek to compare is the intrinsic geometry of the readout—
the relative relationships among discriminative directions.
To this end, we use the Gram matrix:

G, =wO W, )

m,b T m,b

This Gram matrix possesses three key properties: (i) it is
invariant to the ordering of class rows, making it unaffected
by choice label assignment; (ii) it always resides in R?*¢
regardless of the number of classes CY, enabling direct com-
parison between benchmarks with different answer cardinal-
ities (e.g., MMLU with C'=4 and AGIEval with C=5); and
(iii) it fully preserves the geometric structure of the readout
subspace.

3.3 SUBSPACE SIMILARITY VIA GRAM COSINE

The similarity between two readout subspaces is defined as
the Frobenius cosine between their Gram matrices:

(G1,G2)F

sim(Gy,Gg) = ——— |
(G, G2) = 1G 1 [Galr

3)

Existing representational similarity metrics (CKA Kornblith
et al.| [2019], SVCCA |Raghu et al.|[2017]]) measure simi-
larity between model activations, answering the question
“do models produce similar representations?”” We instead
ask: “do benchmarks select similar regions of represen-
tation space?” By comparing learned readout structures
rather than activations, Gram cosine directly addresses this
question.

3.4 ALIGNMENT MEASURES

For a benchmark pair (b;,b;), we define the cross-model
average similarity as:

O (b, bg) = By, [sim (G, G0 )] @)

When b; = b, this yields the within-benchmark similarity;
when b; # b;, it yields the across-benchmark similarity.

4 EXPERIMENTAL SETUP

Our experiments are designed to test a single core hypoth-
esis: What determines the structure that reads out correct
answers—the model or the benchmark? Rigorous verifica-
tion of this hypothesis requires (1) that results reproduce
across as diverse a set of models as possible, (2) that bench-
marks with different cognitive demands are included so that
we can distinguish task-specific convergence from global
convergence, and (3) that analysis spans multiple network
depths to trace when the relevant structure emerges.

4.1 MODELS: MAXIMIZING DIVERSITY

The greater the variation among models, the stronger the
implication when convergence is observed. Following this
principle, we select 50 LLMs along three axes of diversity:
(i) base architecture—covering six or more distinct pre-
training corpora, tokenizers, and architectures, including
Mistral-7B, Llama-2-7B, Llama-3-8B, Qwen-7B/14B, Yi-
6B, DeepSeek-Coder, OLMo, StableLM, and Baichuan2;
(ii) fine-tuning method—encompassing fundamentally dif-
ferent optimization trajectories such as SFT, DPO, RLHF,
and model merging; and (iii) model scale—ranging from
6B to 14B parameters.

These models are partitioned into two independent groups
based on hidden dimension: Group A (38 models, d=4096,
32 layers) and Group B (12 models, d=5120, 40 layers).
Since Gram cosine is defined only between models with
identical d, all comparisons are conducted within groups,
and we verify whether the patterns replicate independently
across both. The full model list is provided in Appendix[A.T]
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4.2 BENCHMARKS: TRIANGULATING
COGNITIVE DEMANDS

We select three multiple-choice benchmarks that system-
atically vary along domain breadth and cognitive demand

type.

e MMLU (C=4, 57 subjects) Hendrycks et al.|[2021]]:
An exam-based benchmark spanning a broad range of
academic domains, requiring understanding of inter-
concept relationships and contextual application. It
exhibits high domain heterogeneity.

e MedQA (C'=4) Jin et al| [2021]: Items drawn
from the United States Medical Licensing Examina-
tion (USMLE), requiring clinical scenario interpreta-
tion and causal reasoning across disease—symptom—
treatment relationships. It shares a knowledge-retrieval
structure with MMLU but exhibits high within-domain
cohesion.

¢ AGIEval (C=5)Zhong et al.|[2024]: Composed of law
and logic examination problems, centering on formal
rule application and multi-step logical derivation. It
demands a qualitatively different reasoning structure
from knowledge-retrieval-oriented tasks.

Together, these three benchmarks independently vary do-
main diversity and reasoning type, providing the experimen-
tal contrasts needed to disentangle the cognitive origins of
shared readout structure.

4.3 PROBE TRAINING AND PREPROCESSING

For each model m, benchmark b, and layer ¢, we train a
linear classifier on the hidden representation h(¥) (z) € R
Hidden representations are extracted at the last token po-
sition of the input sequence, and only W € R“*4 is opti-
mized to minimize cross-entropy loss while all model pa-
rameters remain frozen. Training data follow the standard
training split of each benchmark.

Prior to analysis, the readout weights are converted to effec-
tive weights that incorporate LayerNorm scaling: W g =
W © ~), where () denotes the LayerNorm scale param-
eter of the corresponding layer. This ensures that the probe
directions correctly reflect the original pre-normalization
representation space rather than the normalized representa-
tion space.

44 LAYER SELECTION

For Group A, we analyze layers / €
{0,5,10, 15, 20,25, 30,32}; for Group B, ¢ €
{0, 5,10, 15, 20, 25, 30, 35,40}. Layer O (immediately after
embedding) serves as a baseline: high similarity at this stage
is attributable to structural similarity in token embeddings

and is not treated as evidence of benchmark-specific
convergence. The five-layer interval enables tracking of
when task-specific structure emerges and stabilizes across
network depth, while the final layer (Group A: 32; Group B:
40) assesses the state of convergence in the model’s terminal
representation.

4.5 ANALYSIS PROTOCOL

We test the hypothesis through two complementary compar-
isons.

Within-benchmark vs. across-benchmark similarity. If
1O (b, b) is significantly higher than u“) (b;, b;) for b; # b;,
this confirms that convergence is benchmark-specific rather
than a byproduct of models being globally similar.

Cross-benchmark variation in convergence strength.
We perform SVD on the collection of readout weights
within each benchmark and compute the PC1 energy ratio
p=0}/>, ot. A value of p substantially exceeding 1/N
indicates that the readouts collapse into a low-dimensional
subspace; differences in p across benchmarks reflect the
internal cohesion of each benchmark.

Full experimental details are provided in Appendix [A]

S RESULTS

5.1 BENCHMARKS FORCE A SHARED READOUT
STRUCTURE

We find that readout subspaces trained on the same bench-
mark converge regardless of the model. Figure [I] shows
the layer-wise trajectory of Gram cosine, and Table [I] pro-
vides a quantitative summary. Table[T|reports values from
the later layers. In the later layers of Group A (38 mod-
els), within-benchmark Gram cosine reaches MMLU 0.54,
MedQA 0.78, and AGIEval 0.87, exceeding the random
expectation in high-dimensional space (~10~3) by sev-
eral hundred fold. These 38 models differ in base archi-
tecture (Mistral, Llama-2, Llama-3, Qwen, Yi, DeepSeek),
training data, and fine-tuning method (SFT, DPO, RLHF,
merge). The inter-model differences are extreme—for in-
stance, a Mistral-7B-based SFT model and a Yi-6B-based
DPO model share neither architecture, tokenizer, nor pre-
training corpus. Yet for the same benchmark, they read out
the same directions in representation space.

At the same time, across-benchmark similarity remains
at the random level of ~10~3 (MMLU+AGIEval 0.001,
MedQA <+AGIEval 0.001). This separation between within-
benchmark and across-benchmark similarity indicates that
convergence does not arise from global representational
similarity across models, but rather constitutes a readout
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Figure 1: Layer-by-layer Gram cosine trajectories. Solid lines denote within-benchmark readout subspace similarity across
models; dashed lines denote across-benchmark similarity. Within-benchmark similarity remains high after the initial layers,
whereas across-benchmark similarity involving AGIEval drops to the random level (~10~3) at Layer 5. MMLU<>MedQA
maintains structural overlap through the later layers, reflecting their shared reliance on factual knowledge retrieval. This
pattern replicates independently in Group A (38 models) and Group B (12 models).

Figure 2: Model xModel Gram cosine heatmaps — Group A (38 models, d=4096, last layer). Each cell represents
the Gram cosine between the readout subspaces of two models. Models are sorted by base architecture family, with white
lines indicating family boundaries. (a) MMLU, the most heterogeneous benchmark, exhibits prominent within-family block
structure with occasional low similarity (blue). (b) MedQA shows generally high similarity with some variation across
model pairs. (c) AGIEval displays high similarity for nearly all model pairs, indicating the strongest convergence. p denotes

the off-diagonal mean.

structure specific to benchmark identity. That is, the same
benchmark repeatedly activates similar subspaces across
models with vastly different training histories, while differ-
ent benchmarks select nearly orthogonal structures.

5.2 CONVERGENCE STRENGTH AS A
FINGERPRINT OF BENCHMARK DESIGN

Not all benchmarks induce readout structure with equal
strength. Convergence strength varies systematically across

benchmarks (Figure [2). In the later layers of Group A,
within-benchmark Gram cosine follows the ordering
AGIEval 0.87 > MedQA 0.78 > MMLU 0.54. That is,
the degree of cross-model alignment in readout subspaces
trained on the same benchmark differs substantially by
benchmark.

This pattern replicates independently in Group B (Figure [3)):
AGIEval 0.74 > MedQA 0.62 > MMLU 0.36. The same
ordering recurs across two groups that differ in number of
models, hidden dimension, and architectural composition.
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Table 2: Layer-wise evolution of Gram cosine. At Layer 0, all pairs exhibit high similarity, but across-benchmark similarity
involving AGIEval drops sharply from 0.83 to 0.001 at Layer 5. Benchmark-specific structure is then maintained throughout
all subsequent layers. MMLU<+MedQA preserves structural sharing through the later layers.

Group A (N=38, d=4096)

Group B (N=12, d=5120)

Within Across Within Across

L MM Md AG MMoMd MMoAG MdoAG MM Md AG MMoMd MMoAG MdoAG
0 .894 931 .983 .908 .832 .852 817 .825 829  .821 739 743
5 .797 839 975 811 .001 .001 549 757 814  .640 .001 .001
10 .650 .842 965 .731 .001 .001 663 734 814  .695 .001 .001
15 399 .808 .939 .545 .001 .001 401 .664 797 512 .001 .001
20 454 723 900 .554 .002 .001 389 599 765 480 .001 .001
25 439 792 871 572 .002 .002 375 .653 736  .494 .001 .001
30 .546 .721 .891 .610 .001 .001 388 619 744 487 .001 .001
last 543 776 .871  .635 .001 .001 363 .619 737  .470 .001 .001

last = Layer 32 (Group A) / Layer 40 (Group B). MM=MMLU, Md=MedQA, AG=AGIEval.

Model x Model Gram Cosine — Group B (d =5120, L =40, 12 models)

MMLU
1=0363

AGIEval
1=0737

Gram Cosine

02

00

Figure 3: Model xModel Gram cosine heatmaps — Group B (12 models, d=5120, last layer). Replication in an
independent group of 12 models separate from Group A. The cross-benchmark ordering of convergence strength (AGIEval
> MedQA > MMLU) is exactly reproduced, with high cross-architecture similarity observed for AGIEval and MedQA.

These differences in convergence strength reflect variations
in the cohesion of the reasoning structure each benchmark
demands. Benchmarks with more uniform cognitive de-
mands produce stronger cross-model alignment of readout
subspaces, whereas more heterogeneous benchmarks ex-
hibit relatively greater variance in readout structure across
models.

5.3 BENCHMARKS SHARE SUBSPACES WHEN
THEY SHARE COGNITIVE DEMANDS

The relationship between readout subspaces across bench-
marks is not uniformly orthogonal but exhibits selec-
tive sharing. The across-benchmark Gram cosine for

MMLU<MedQA is 0.64, approximately 600 times the ran-
dom expectation. Both benchmarks share factual knowledge
retrieval as a core cognitive demand, and this shared demand
manifests as overlapping readout subspaces in representa-
tion space.

In contrast, AGIEval is effectively orthogonal to both
MMLU and MedQA, with similarity of ~10~2. The logi-
cal reasoning structure demanded by AGIEval occupies an
entirely different region of representation space from that
used for knowledge retrieval.

MMLU spans 57 subjects, so different models may ex-
cel on different subsets, resulting in higher variance
in readout structure. MedQA, by contrast, captures the
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Table 1: Within-benchmark and across-benchmark Gram
cosine in the later layers. Group A: 38 models, d=4096,
layer 32. Group B: 12 models, d=5120, layer 40. Within-
benchmark similarity exceeds the random expectation
(~1072) by several hundred fold, demonstrating that bench-
marks induce model-invariant readout subspaces.

Group A Group B
(IN=38,L32) (N=12,L40)

Within-benchmark 1u* (b, b)

MMLU 543+ .174 363 +£.193

MedQA 776 £.084  .619+.285

AGIEval 871+£.057 737+ .335
Across-benchmark p' (b;, b;)

MMLU < MedQA 635+ .152 470+ .235

MMLU « AGIEval .001 £.001  .001 % .000

MedQA <> AGIEval .001 £.001  .001 =+ .000
Baselines

Random subspace ~ 1073

Perm null (95pct) .641 488

knowledge-retrieval component present in MMLU in pu-
rified form within the single domain of medicine. Con-
sequently, the MedQA readout aligns strongly with the
knowledge-retrieval axis within MMLU, and this alignment
is stronger than the inter-subject variance within MMLU
itself. The fact that within-benchmark similarity for MedQA
(0.78) exceeds that for MMLU (0.54) is consistent with this
interpretation.

5.4 BENCHMARK-SPECIFIC STRUCTURE
EMERGES EARLY AND PERSISTS

Table [2] shows the layer-wise evolution of readout structure.
At Layer 0 (immediately after embedding), all benchmark
pairs exhibit high similarity above 0.8. No inter-benchmark
differentiation is observed at this stage; the readout structure
is dominated by the shared token embedding basis.

Separation occurs at Layer 5. The across-benchmark
similarity involving AGIEval (MMLU+AGIEval,
MedQA<++>AGIEval) drops sharply from 0.83 to the 0.001
level. This indicates that differentiation of readout structure
by reasoning type forms in the early layers of the network.
This separation is then maintained throughout subsequent
layers.

In contrast, MMLU<++>MedQA sustains similarity in the
range of 0.5—0.8 beyond Layer 5, showing that the structure
shared by these two benchmarks is continuously preserved.
The same pattern replicates in Group B.

5.5 MODELS KNOW MORE THAN THEY SHOW

Table [3| compares generation accuracy (Gen) and best-layer
probe accuracy (Prb) for each model family. In every setting,
probe accuracy matches or exceeds generation accuracy.
This suggests that the information required for benchmark
performance is linearly encoded in the model’s hidden rep-
resentations, while the generation process does not always
fully exploit this information.

The gap is particularly pronounced for lower-performing
models. For example, CodeLlama-7B records generation
accuracy of .256 versus probe accuracy of .344 on MMLU,
and Baichuan2-13B improves from .185 to .272 on AGIEval.
In both cases, discriminative structure exists in the hidden
representations but is not fully reflected in the generated
output.

This observation suggests that benchmark scores can be
interpreted as a combination of two factors: alignment with
the readout subspace and the efficiency with which that
structure is exploited during generation. Benchmark scores
alone cannot disentangle these two contributions.

Table 3: Probe accuracy vs. generation accuracy, averaged
across model families within each parameter group. N: num-
ber of models; K: number of distinct architecture families.
Probe accuracy meets or exceeds generation accuracy in ev-
ery setting, with larger gaps observed in lower-performing
groups. This suggests that benchmark scores depend not
only on the amount of knowledge retained but also on the
efficiency of the decoding strategy.

MMLU MedQA AGIEval

Group N K Gen Prb A Gen  Prb A Gen Prb A

A (6-8B) 38 8 485 520 +.035 420 435 +.015 386 415 +.029
B(12-14B) 12 7 410 454 +.044 353 383 +.030 316 .331 +.015

All 50 15 467 504 +.037 404 422 +018 369 395 +.026

6 DISCUSSION

6.1 BENCHMARKS AS ACTIVE CONSTRAINTS,
NOT PASSIVE MEASUREMENTS

This work has shown that benchmarks function not merely
as collections of items, but as structural constraints that
induce shared readout subspaces reproducibly across differ-
ent models. The 50 models examined differ in architecture,
pretraining data, and fine-tuning method. Yet readout struc-
ture converges within the same benchmark and is nearly
orthogonal across different benchmarks.

This suggests that readout geometry is governed more
strongly by benchmark identity than by model identity.

Prior work has documented global convergence of repre-
sentations across models [Huh et al.| [2024]. Our findings
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build on these observations by revealing that the interior of
a converged representation space harbors task-differentiated
structure. That is, independent of global representational
similarity, task-specific readout subspaces exist.

6.2 WHAT BENCHMARK SCORES ACTUALLY
MEASURE

The finding that probe accuracy exceeds generation accu-
racy calls for a reexamination of how benchmark scores
are interpreted. The hidden representations linearly encode
the information required for benchmark performance, yet
the generation process does not always fully exploit this
information. Benchmark scores can therefore be interpreted
not as direct measurements of a single capability, but as a
combination of two factors:

1. The degree to which the representation space is aligned
with the readout subspace of the given benchmark.

2. The efficiency with which that structure is exploited
during generation.

Scores alone cannot disentangle these two factors. A low
score may stem not only from insufficient representational
structure but also from inefficiency in the decoding strategy.

6.3 BENCHMARK COHERENCE AS
MEASUREMENT PRECISION

The differences in convergence strength (AGIEval >
MedQA > MMLU) are related to the cohesion of the struc-
ture each benchmark demands. Benchmarks with more uni-
form cognitive demands exhibit stronger cross-model read-
out alignment, whereas more heterogeneous benchmarks
show greater variance in alignment.

Notably, the across-benchmark  similarity for
MMLU+MedQA (0.64) exceeds the within-benchmark
similarity for MMLU (0.54). This indicates that a single-
domain benchmark can induce more cohesive structure
than a mixed-domain benchmark. This result carries an
implication for benchmark design: the more precisely
defined the target structure, the more stable cross-model
comparisons become.

6.4 TOWARD GEOMETRIC
CHARACTERIZATION OF EVALUATION

Inter-benchmark relationships are typically analyzed
through score correlations. However, score correlations can-
not distinguish representational structure from difficulty
effects. Gram cosine over readout subspaces directly com-
pares the regions of representation space that benchmarks
activate.

For instance, the finding that MMLU and MedQA share
partially overlapping subspaces while AGIEval is nearly
orthogonal to both reveals the redundancy and independence
of evaluation axes at the structural level. This perspective
opens the possibility of analyzing evaluation frameworks
not through score-based comparisons but through the lens
of representation geometry.
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A DETAILED EXPERIMENTAL SETUP
A.1 MODEL SELECTION

Tables [] and [5] present the full model lists for the two groups. The primary criterion for model selection is diversity within
the same hidden dimension. A substantial number of models derived from the same base architecture are included (e.g.,
19 models based on Mistral-7B); this is a deliberate design choice to ensure diversity in fine-tuning methods: it enables
comparison of how fundamentally different optimization trajectories—SFT, DPO, RLHF, model merging—affect the readout
subspace. At the same time, six or more distinct base architectures are included to verify that the observed convergence is
not an artifact of a particular pretraining recipe. In particular, Qwen1.5-7B, Yi-6B, and DeepSeek-Coder in Group A differ
from the Llama/Mistral families in pretraining data, tokenizer, and architectural details.

Table 4: Model list for Group A (d=4096, 32 layers, 38 models).

Family Model FT Method Params
Mistral-7B-Instruct-v0.1 SFT 7.2B
Mistral-7B-Instruct-v0.2 SFT 7.2B
Mistral-7B-Instruct-v0.3 SFT 7.2B
Hermes-2-Pro-Mistral-7B SFT 7.2B
OpenHermes-2-Mistral-7B SFT 7.2B
OpenHermes-2.5-Mistral-7B SFT 7.2B
Nous-Hermes-2-Mistral-7B-DPO DPO 7.2B

o Mistral-7B-OpenOrca SFT 7.2B

= NeuralBeagle14-7B Merge 7.2B

£ Notus-7B-v1 DPO 7.2B
= Starling-LM-7B-beta RLHF 7.2B
dolphin-2.6-mistral-7b-dpo DPO 7.2B
dolphin-2.8-mistral-7b-v02 DPO 7.2B
neural-chat-7b-v3-1 SFT 7.2B
neural-chat-7b-v3-3 SFT 7.2B
openchat_3.5 C-RLFT 7.2B
openchat-3.5-0106 C-RLFT 7.2B
snorkel-mistral-pairrm-dpo DPO 7.2B
zephyr-7b-beta DPO 7.2B

m Llama-2-7b-chat-hf RLHF 6.7B

& Nous-Capybara-7B-V1.9 SFT 6.7B

é Orca-2-7b SFT 6.7B

= tulu-2-dpo-7b DPO 6.7B

— vicuna-7b-v1.5 SFT 6.7B
Meta-Llama-3-8B-Instruct SFT+RLHF 8.0B
Llama-3.1-8B-Instruct SFT+RLHF 8.0B

a Hermes-3-Llama-3.1-8B SFT 8.0B

‘g Llama-3-Instruct-8B-SimPO SimPO 8.0B

% Llama-3-8B-Instruct-Gradient-1048k SFT 8.0B

3 Llama-3.1-Tulu-3-8B SFT 8.0B
Llama-3.1-Tulu-3-8B-DPO DPO 8.0B
openchat-3.6-8b C-RLFT 8.0B
CodeLlama-7b-Instruct-hf SFT 6.7B
OLMo-2-1124-7B-Instruct SFT+DPO  6.9B

5 Qwen1.5-7B-Chat SFT+RLHF 7.7B

o) Yi-6B-Chat SFT 6.1B
Yi-1.5-6B-Chat SFT 6.1B
deepseek-coder-6.7b-instruct SFT 6.7B
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Table 5: Model list for Group B (d=5120, 40 layers, 12 models).

Family Model FT Method Params
Llama-2-13b-hf — (base) 13.0B
= Llama-2-13b-chat-hf RLHF 13.0B
Z Airoboros-L.2-13B-2.1 SFT 13.0B
& CodeLlama-13b-Instruct-hf SFT 13.0B
5 Orca-2-13b SFT 13.0B
= tulu-2-dpo-13b DPO 13.0B
vicuna-13b-v1.5 SFT 13.0B
Baichuan2-13B-Chat RLHF 13.0B
) Mistral-Nemo-Instruct-2407 SFT 12.2B
£ OLMo-2-1124-13B-Instruct SFT+DPO  13.0B
© Qwenl.5-14B-Chat SFT+RLHF 14.2B
stablelm-2-12b-chat SFT+DPO 12.1B

A.2 BENCHMARK DETAILS
Table [6] summarizes the composition and data splits of the three benchmarks.

Table 6: Benchmark composition and data splits.

Classes Domains Few-shot  Total Train Val

MMLU 4 57 subjects 5-shot 14,042 11,233 2,809
MedQA 4 Medicine 0-shot 4,183 3,346 837
AGIEval 5 Law/Logic 0-shot 1,009 807 202

MMLU. We use the 57-subject multiple-choice questions from Hendrycks et al. [Hendrycks et al.| [2021]]. For 5-shot
evaluation, up to five examples from each subject’s development set are used as the few-shot prefix. Few-shot examples are
drawn from the same subject as the test item.

MedQA. We use the four-choice items based on the United States Medical Licensing Examination (USMLE) from Jin et
al.Jin et al.| [2021]]. Evaluation is conducted in a 0-shot setting.

AGIEval. We use the law examination and logical reasoning items from Zhong et al. Zhong et al.| [[2024]]. Items are in
five-choice format and evaluated in a 0-shot setting.

Data splits. The full set of items for each benchmark is split into train and validation sets at an 80:20 ratio (seed=42).
Only the train split is used for probe training, and the validation split is used for optimal epoch selection. No separate test set
is used; validation accuracy is reported as the final probe performance. The rationale for this design is that the goal is not to
optimize probe performance per se, but rather to analyze the geometric structure of the learned weights.

A.3 HIDDEN STATE EXTRACTION
For each model, hidden representations of the benchmark items are extracted as follows.

Hidden representation extraction. Hidden states are extracted from all transformer layers of the model, but only selected
key layers are used for analysis:

* Group A (32 layers): ¢ € {0, 5,10, 15, 20, 25, 30, 32}
* Group B (40 layers): ¢ € {0, 5,10, 15, 20, 25, 30, 35,40}
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Here, £ = 0 denotes the output immediately after token embedding (before the first transformer layer), and £ = L denotes
the output of the final transformer layer.

At each layer, only the hidden state at the last token position is extracted to obtain h(*) () € R?. This is the position
used for next-token prediction in autoregressive models and represents where the model’s final judgment on the item is
concentrated.

A4 PROBE ARCHITECTURE AND TRAINING

Architecture. The linear probe is a two-layer structure consisting of LayerNorm followed by a linear classifier:

f(h) = W - LayerNorm(h) + b Q)

where LayerNorm has learnable scale () and shift (3) parameters, and W € R“*4, b € R¢.

LayerNorm is included because hidden representations from different models may have different scales; LayerNorm
normalizes these, improving the cross-model comparability of the classifier weights.

Training configuration. Table[/|summarizes the training hyperparameters.

Table 7: Probe training hyperparameters.

Parameter Value
Optimizer AdamW
Learning rate 5x107*
Weight decay 0 (default)
Epochs 3

Batch size 64

Loss Cross-entropy

Epoch selection ~ Best validation accuracy

Validation accuracy is computed after each epoch, and the model weights from the epoch achieving the highest validation
accuracy are selected as the final probe. The total number of probes trained is 50 models x 3 benchmarks x ~8 layers
= ~1,200.

A.5 EFFECTIVE WEIGHT COMPUTATION

The trained probe is a composite function of LayerNorm — Linear. For analysis, we use the effective weight that reflects
this composition.

The output of LayerNorm is (ignoring bias):

Ry —
LayerNorm(h); = 7; - — a (6)
o
where ~; is the learned scale parameter. The classifier output is:
W - LayerNorm(h) = Z Wei i h; = Weg - h @)
i
where h is the normalized hidden representation, and the effective weight is:
West[c,i] = Wle, 1] - v 8)

That is, Weg = W © ~ (element-wise, broadcast along rows). This transformation yields the “actually operative directions”
in which the LayerNorm scale has been absorbed into the classifier weights.

All Gram cosine analyses in this paper are performed on this effective weight Wg.
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A.6 GENERATION ACCURACY COMPUTATION
For comparison with probe accuracy, generation accuracy for each model is measured as follows.

Decoding. Greedy decoding is used with a maximum generation length of 16 tokens. The first valid choice token (A, B, C,
D, or E) appearing in the generated text is extracted as the answer.

Accuracy. Accuracy is computed by comparing the extracted answer against the ground-truth label. Evaluation is
performed on the same validation split used for probes.

A.7 GRAM COSINE COMPUTATION DETAILS

Efficient computation. For d = 4096, directly constructing the Gram matrix G € R*096x409 and computing the
Frobenius inner product requires d? ~ 1.7 x 107 operations. Instead, we exploit the following identity:

(G1,Ga)p = (W] W, W, Wy)p )
= tr(W; W, W W/ ) (10)
= |W: W3 |3 (11)

Since W1W2T € RE1%C2 gnd C' < b5, this is a small matrix of at most 5 x 5 = 25 entries, requiring only O(C;C>d)
operations. The denominator is computed using the same trick: ||G||r = |[WW T || .

Number of pairs. For Group A (38 models), within-benchmark comparison yields (328) = 703 pairs, and across-benchmark
comparison yields 38 x 37 = 1,406 pairs. For Group B (12 models), these are 66 and 132 pairs, respectively.
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B PROMPT TEMPLATES

This appendix presents the exact format of the prompt templates used for the three benchmarks. The same template is applied
to all models, and identical inputs are used for both generation accuracy (GenAcc) measurement and hidden state extraction.

G.1 MMLU (5-SHOT)

MMLU uses a 5-shot prompt per subject. Five examples are selected from the dev split of each subject to form the prefix.

The following are multiple choice questions
(with answers) about {subject}.

{question_1}

A. {option_a}

B. {option_b}

C. {option_c}

D. {option_d}
Answer: {answer_1}

(4 more few—shot examples)

{question}

A. {option_a}
B. {option_b}
C. {option_c}
D. {option_d}
Answer:

For evaluation, GenAcc is measured by checking whether the first generated token immediately after the Answer: token
matches one of A/B/C/D. The last-token hidden state at the same position is used for probe training and evaluation.

G.2 MEDQA (0-SHOT)

MedQA is evaluated in a 0-shot setting without few-shot examples. The instruction "Answer with the option
letter only."isincluded to elicit single-token generation.

Question: {question}

Options:

A. {opa}

B. {opb}

C. {opc}

D. {opd}

Answer with the option letter only.
Answer:

G.3 AGIEVAL (0-SHOT)

AGIEval aggregates eight English configurations and uses a five-choice format (A-E). Some items include a passage; this
field is omitted when no passage is present.
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AGIEval Prompt Template

The following are multiple choice questions.
Choose the correct answer.

{passage}

Question: {question}
(A) {option_0}

(B) {option_1}

(C) {option_2}

(D) {option_3}

(E) {option_4}
Answer:
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