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Abstract

Comparing sequence-mixer architectures at the
scale where their behavior matters (>1B parame-
ters) costs multiple GPU-days per run, beyond
reach of most academic labs. We propose a
battery of mechanistic capability probes (induc-
tion, associative recall, copy, finite-state track-
ing, parity, and others) as a cheap behavioral
screen for dense sequence-mixer architectures,
and ask whether aggregate suite accuracy pre-
dicts downstream language-model training cross-
entropy. On a held-out set of four architectures at
150M parameters we find Spearman p = —0.80
and Pearson r = —0.97; the screen is robust to
dropping any single task family; the small-scale
ranking direction is preserved at 1B on the two
architectures we ran. Per-task profiles motivate
Hydra, a multi-head block that places attention,
STU, and Mamba mixers as parallel heads within
each layer; Hydra matches or beats a parameter-
matched 1B OLMo-2 attention baseline on train-
ing cross-entropy and on a majority of zero-shot
benchmarks.

1. Introduction

The space of sequence-mixer architectures has grown faster
than the compute available to compare them. Fairly evaluat-
ing a new mixer against a heavily-optimized Transformer
baseline (Vaswani et al., 2017) at >1B parameters and
>10B training tokens takes multiple GPU-days per run,
beyond reach of most academic labs. The mechanistic-
interpretability community has independently developed
synthetic capability probes—induction (Olsson et al., 2022),
associative recall (Dao et al., 2023; Arora et al., 2024),
copy (Jelassi et al., 2024), finite-state tracking (Merrill et al.,
2024)—that characterize what specific architectures can and
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cannot do. These probes have been used to demonstrate
capability gaps between trained architectures, but not to
predict downstream pretraining loss in advance. We pro-
pose using these probes as a cheap behavioral screen for
whole architectures, before any large-scale pretraining: do
small-scale capability profiles predict downstream training
cross-entropy?

We restrict to dense architectures (all parameters active on
every token); sparse-activation models (Fedus et al., 2022)
have effective per-token compute decoupled from parameter
count and exhibit scale-dependent capability emergence that
small-scale probes cannot capture. We construct a 27-task
headline suite (extended to 62 tasks in Section A) spanning
retrieval, aggregation, and compound primitives, evaluate
it across thirteen architectures (single-mixer, alternating-
layer, mixed-head), and validate the cross-architecture rank
ordering against downstream training CE at 50M, 150M,
and 1B. The per-task profile motivates Hydra, a multi-head
block placing attention, STU (Agarwal et al., 2023; Liu
et al., 2025), and Mamba (Gu & Dao, 2023) mixers as
parallel heads within each layer; Hydra matches or beats a
parameter-matched 1B OLMo-2 attention baseline (OLMo
et al., 2025).

2. Approach

We hypothesize that downstream training cross-entropy for
sequence-mixer architectures is determined by mastery of
two computational primitives and their composition. Re-
trieval locates and emits a token given a positional or con-
tent cue, and aggregation maintains and updates a running
summary over a stream. An autoregressive next-token deci-
sion reduces to locating relevant context (retrieval), summa-
rizing it under some invariant (aggregation), and composing
the two under a task-conditional gate. Circuit-level decom-
positions of trained transformers in the interpretability liter-
ature, including induction heads (Olsson et al., 2022), name-
mover heads (Wang et al., 2024), and content-addressing
circuits (Elhage et al., 2021), factor along exactly these axes.
We focus on language modeling because it is the largest
downstream use case of Transformers.
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2.1. The probe suite

We collect synthetic probes from the mechanistic-
interpretability literature, including induction (Olsson et al.,
2022), associative recall (Dao et al., 2023; Arora et al.,
2024), copy (Jelassi et al., 2024), finite-state tracking (Mer-
rill et al., 2024), parity (Merrill et al., 2024; Hahn, 2020),
and needle-in-a-haystack (Hsieh et al., 2024). Each probe
is parameterized along sequence length, vocabulary, hop
depth, state-machine size, key cardinality, distractor density,
and modality, since these are the exact axes that appear in
downstream tasks.

The result is 27 headline tasks, extended in Section A to 62
tasks total with multi-hop, grid, video, and continuous vari-
ants, grouped into three families. The basic family (8 tasks)
isolates a single primitive and acts as a floor, covering copy,
associative recall, needle, induction, and selective copy (Gu
& Dao, 2023) on the retrieval side, alongside counting, par-
ity, and 4-state DFA tracking on the aggregation side. The
compound family (3 tasks) forces both primitives in the
same sequence (copy + count, state + retrieve, selective
copy + parity), exposing how an architecture allocates repre-
sentational capacity when the two compete. The diagnostic
family (16 tasks) collects stress tests and calibration pairs
such as multi-induction, skip-induction, longest run, sort,
and threshold.

Modality extensions inherit the same retrieval/aggregation
structure, with 2D retrieval acting as retrieval over a two-
coordinate cue and continuous denoising acting as aggre-
gation over a real-valued stream. To make every probe a
controlled experiment we use a fixed token convention (vo-
cabulary 64, sequence length 256, shared special tokens),
score loss only at task-defined critical positions so filler
patterns cannot inflate accuracy, and generate every task
deterministically from a fixed seed. Section 3 validates the
decomposition empirically.

2.2. Architectures evaluated

All architectures are dense and share the same back-
bone (RMSNorm (Zhang & Sennrich, 2019), SwiGLU
MLP (Shazeer, 2020), RoPE on attention heads (Su et al.,
2024), embedding tying (Press & Wolf, 2017)), differing
only in the sequence-mixing block. We evaluate four mixer
primitives, namely attention (Vaswani et al., 2017), Mamba-
1 (Gu & Dao, 2023), Mamba-2 (Dao & Gu, 2024), and
STU (Agarwal et al., 2023; Liu et al., 2025), combined
under three composition modes. The single-mixer mode
uses one primitive everywhere, alternating-layer interleaves
blocks (alt_attn_mamba, alt_attn_stu), and mixed-
head (headwise) splits primitives across heads within a
layer (concurrent with Hymba (Dong et al., 2024)), of which
Hydra is the specific instantiation studied in Section 3.3.

2.3. Probe evaluation

The screening protocol scales the same architecture def-
inition across four levels and asks the small-scale probe
ranking to predict the large-scale training-loss ranking. At
IM parameters we train each architecture independently
on every task (Nayers=06, Mheads=4, s€q-len 256, vocab 64,
4,000 steps, with full hyperparameters in Section B). The
resulting per-task accuracy matrix is the screening signal.
At 10M we repeat the sweep with larger dpoge to confirm
that 1M probe scores reflect architectural capability rather
than under-capacity, since a low score from a 1M model
could in principle mean either the architecture cannot learn
the task or the model is too small to express it. At 50M
and 150M we train each architecture as a language model
to Chinchilla-optimal compute (Hoffmann et al., 2022) on
Wikipedia / c4_en (Raffel et al., 2020) / wikitext_103 (Mer-
ity et al., 2017) (n=9 at 50M as a larger-sample robustness
check with tighter confidence intervals, n=4 at 150M held
out from suite design for the headline correlation). At /B we
run a parameter-matched OLMo-2 (OLMo et al., 2025) at-
tention baseline and the Hydra hybrid on OLMo-Mix-1124
for ~13k steps at seq-len 4,096 as a directional check at pro-
duction scale. For each architecture, the screening statistic
is the arithmetic mean of per-task token accuracy with task-
family reweighting. We evaluate the cross-architecture rank
ordering by downstream training cross-entropy, since rank
ordering is the decision a compute-constrained lab actually
has to make.

3. Experiments

We aim to answer four questions. (Q1) Do per-architecture
probe profiles at the 1M scale reveal interpretable capabil-
ity bottlenecks (retrieval vs aggregation vs compound) that
distinguish dense sequence-mixer families? (Q2) Does ag-
gregate suite accuracy at the 1M scale predict downstream
language-model training cross-entropy at 150M? (Q3) Is
the small-scale ranking direction preserved at a billion-
parameter scale? (Q4) Is the screening signal carried by a
single task family, or is it distributed across the retrieval, ag-
gregation, and compound primitives the suite was designed
around?

3.1. Per-family architecture profile

Figure 1 reports per-architecture accuracy on the basic suite,
broken out by primitive family. Pure-spectral mixers col-
lapse on retrieval, with STU reaching 40% and the STU
sandwich 13%, against > 92% for every architecture that
contains an attention component. Aggregation accuracies
are bunched within ~5 percentage points across all six ar-
chitectures, so aggregation is not where architectural choice
differentiates the field at this scale. The differentiation lives
in retrieval and the compound family.
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Figure 1. Per-family accuracy across the six probe-scale architec-
tures, grouped by composition mode (single-mixer, mixed-head,
alternating-layer). Pure STU and STU-sandwich collapse on re-

trieval, while aggregation differences stay within ~5pp across all
architectures.

3.2. Mechanistic suite predicts 150M LM cross-entropy

We fit the screen on a four-architecture set held out
from suite design (attn, mamba, alt_attn_mamba,
and the STU-sandwich variant), each trained as a 150M-
parameter language model to Chinchilla-optimal compute
on Wikipedia / c4_en / wikitext_103 (configuration in Sec-
tions B and E). Aggregate suite accuracy at the 1M probe
scale predicts the 150M cross-entropy ranking at Spearman
p = —0.80 and Pearson r = —0.97 (Figure 2, left). Table 1
reports the underlying numbers and adds zero-shot eval
columns. The suite-mean ordering matches the c4_en cross-
entropy ordering and is consistent with the eval columns,
so the screen’s pick is not specific to the pretraining loss
surface. The SOM robustness fit (n=9, p= — 0.88 vs. wiki-
text_103 CE) is reported in Section F.

Table 1. 150M LM evaluation on the held-out architecture set.
Suite-mean is the screening statistic at the 1M probe scale, c4_en
CE is pretraining cross-entropy on the c4_en validation memmap
(lower is better), and Avg. eval is the mean of zero-shot PIQA and
HellaSwag accuracy. See Table 10 for wikitext-103 CE and full
per-task numbers.

Architecture Suite-mean T c4.enCE | Avg.eval

STU sandwich 0.50 3.67 0.398

mamba 0.74 2.82 0.411

alt_attn_mamba 0.78 2.81 0.416

attn 0.80 2.81 0.416
3.3. Hydra

The per-family profile above shows that no single mixer
dominates across primitives. Attention handles retrieval,
Mamba is competitive on aggregation and finite-state track-
ing, and STU is efficient on long-range smoothing but col-
lapses on retrieval. Hydra generalizes the mixed-head com-
position (Section 2.2) by placing all three mixer types as
parallel heads inside a single block (Figure 3), so each layer
can route capacity to the primitive that suits the local com-
putation rather than committing to one mixer for the whole
network. The 1B configuration uses 4 attention, 4 STU, and
4 Mamba heads per block (denoted 4a4s4m), with outputs
combined by weighted average and the rest of the backbone

shared with the baselines in Section 2.2. Full per-mixer hy-
perparameters and the 1B training recipe are in Section C.

3.4. 1B directional check

We scale two architectures to 1B parameters, a parameter-
matched OLMo-2 attention baseline and the Hydra hybrid
(full configuration in Section C), both trained on OLMo-
Mix-1124 (OLMo et al., 2025) for ~13k steps at sequence
length 4096. Hydra has the higher 1M suite mean (0.81
vs 0.76) and reaches the lower pretraining cross-entropy at
1B (2.880 vs 2.934), preserving the direction of the small-
scale ranking (Figure 2, right). Table 2 reports the same
comparison on the OLMo zero-shot eval suite, where Hydra
wins on 8 of 15 zero-shot tasks (with one tie) and trails
on the four MMLU (Hendrycks et al., 2021) subdomains,
COPA (Roemmele et al., 2011), and SociallQA (Sap et al.,
2019). With n=2 this is a directional preservation test rather
than a second correlation point, though it does show that the
suite ranking, the pretraining CE ranking, and the zero-shot
eval ranking all agree at production scale.

Table 2. 1B LM evaluation. Hydra and the OLMo-2 attention base-
line at step 12,000. Train CE on OLMo-Mix-1124. Zero-shot avg.
is the mean over ARC-c, ARC-¢ (Clark et al., 2018), BoolQ (Clark
et al., 2019), COPA (Roemmele et al., 2011), HellaSwag (Zellers
et al., 2019), OpenBookQA (Mihaylov et al., 2018), PIQA (Bisk
etal., 2020), SciQ (Welbl et al., 2017), SociallQA (Sap et al., 2019),
Winogrande (Sakaguchi et al., 2021), and CommonsenseQA (Tal-
mor et al., 2019). See Table 11 for the full per-task numbers. Bold
= winner.

Metric Hydra  Attn baseline
Train CE | 2.880 2.934
Train PPL | 17.82 18.80
Zero-shot avg. 1 0.540 0.529

3.5. Robustness

A single primitive could in principle carry the entire screen-
ing signal, in which case the correlations in Section 3.2
and Section F would not justify the framing of the suite
as a decomposition. We test this directly by recomput-
ing the suite-mean with one primitive deleted and refitting
the rank correlation against SOM c4_en cross-entropy on
the nine-architecture held-out set. The correlation remains
negative and statistically significant under every drop (full
ablation in Section I). Three further checks (multimodal-
only transfer, compositional-depth invariance, and transfer
to autoencoding-flavored probes) are reported in Section I
and reach the same conclusion under different perturbations
of the suite.
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Do mechanistic probe rankings predict pretraining CE?
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Figure 2. Suite-mean accuracy at the 1M probe scale vs. downstream training cross-entropy. Left: 150M, n=4, p= — 0.80, r= — 0.97.

Right: 1B, n=2, with the small-scale ranking direction preserved.

4. Limitations and Future Work

Our validation uses four architectures at 150M, extended to
nine architectures at 5S0M (Section F) and a two-architecture
directional check at 1B (Section 3.4), with all runs single-
seed due to compute constraints. A more compelling fit
would span 20 or more architectures across families we do
not currently cover (H3 (Dao et al., 2023), Hyena (Poli et al.,
2023), RWKYV (Peng et al., 2023), RetNet (Sun et al., 2023)),
evaluate against multiple downstream signals (held-out CE
on diverse domains, zero-shot benchmark accuracy, down-
stream task transfer), and quantify seed-level variability. We
expect the screen to extend to other dense mixers in the same
lineage (gated linear recurrences (De et al., 2024), Hyena,
RWKY, RetNet) since they share the dense-activation prop-
erty and target the same primitives the suite was designed
around. We are less certain about pure-convolutional mix-
ers and architectures whose compositional structure differs
more substantially from the families we evaluated.

We aggregate per-task accuracy by arithmetic mean with
task-family weighting, so the more-numerous diagnostic
family does not dominate the score. We have not run
a full sensitivity analysis across alternative aggregations
(median, min, percentile, per-task-normalized mean), so
the specific correlation magnitude may depend on the rule,
though we expect the rank ordering to be robust because
per-architecture profile differences are large (single-mixer
baselines collapse on at least one task family by 30 percent-
age points or more). The screening claim is also restricted to
architectures where all parameters are active on every token.
Mixture-of-experts and other sparse-activation models are
excluded, since their per-token effective compute is decou-
pled from parameter count and they exhibit scale-dependent
capability emergence (Fedus et al., 2022) that small-scale

proxies cannot detect.

5. Conclusion

We have provided held-out evidence that aggregate accu-
racy on a suite of mechanistic capability probes predicts
downstream training cross-entropy across dense sequence-
mixer architectures, with Spearman p = —0.80 and Pearson
r = —0.97 at 150M (n = 4), extended to a nine-architecture
held-out set at SOM (p= — 0.73, p=0.025 vs c4_en CE;
p= — 0.88, p=0.002 vs wikitext_103 CE), and the small-
scale ranking direction preserved on the two architectures
we ran at 1B. The screen is robust to dropping any single
primitive, transfers to a multimodal-only subset of the suite
(grid + video probes, p= — 0.73, p=0.025, n=9), transfers
to autoencoding-flavored probes (denoising/compression,
p= — 0.83, p=0.005), and rankings at low compositional
depth predict rankings at higher depth (p=0.67 between hop-
depth k=2 and k=4). The per-family breakdowns identify
clear capability bottlenecks per mixer type, and those bottle-
necks directly motivated the multi-head Hydra design that
matches or beats a parameter-matched 1B OLMo-2 base-
line. The 27-task suite and the screening protocol together
give compute-constrained labs a structured way to compare
new mixer architectures before committing to large-scale
pretraining.
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A. Full task list

Table 4 lists the full set of 27 tasks that make up the mechanistic suite, organized by family. Table 3 gives the primitive-
coverage matrix referenced in Section 2.1, mapping every task in the extended suite (62 total) to a primary primitive and
any secondary primitives; some rows in the matrix group multiple depth-parameter instances of a single task family. Every
primitive has at least two probes (redundancy/robustness), and no two tasks fully overlap (non-redundancy).

Table 3. Primitive-coverage matrix for the extended mechanistic suite. Pri. is the primary primitive used by the drop-primitive ablation
in Section 3.5; Secondary lists additional primitives the task partially probes. Primitive abbreviations: PR=point retrieval, CL=content-
addressable lookup, AGG=aggregation, FS=finite-state tracking, F=selective filtering, MH=multi-hop, S2=2D spatial, CT=continuous,
CMP=compound.

Task Pri. Secondary
copy, copy_offset, reverse_copy, needle PR —
induction, induction_gap, multi_induction PR CL
associative, short_associative, batch_recall CL —
conditional recall, last_tagged, first_vs_last CL —
mode_tagged CL AGG
counting, parity, cumulative_sum, threshold AGG —

mode, longest_run, running_max AGG —
state_tracking, multi_state_tracking FS —
pattern_completion, token_transition FS —
selective_copy F PR
selective_parity F AGG
compress, interleave F AGG, PR
noisy_copy F PR

sort F —
two_hop, three_hop, deep_hop, k_hop MH CL

dual_hop_retrieve, batch_two_hop, dual_query_hop MH  CL
nested_lookup, nested_3_hop, hop_distance_bucket MH  CL

triple_recall, quad_recall, union_lookup MH CL
variable_lookup, assignment_chain MH CL
grid_retrieval S2 PR
grid_two_coord, grid_three_coord S2 CL
grid_multihop S2 MH
col_parity S2 AGG
patch_match S2 CL
sort_top2, set_intersection_count S2 AGG
temporal_ordering, substring_locate S2 CL
video_frame_retrieval, video_cell_mode S2 —
delayed_echo CT PR
piecewise_denoise CT AGG
nearest_key CT CL
copy-count CMP PR, AGG
state_retrieve CMP FS, CL

Table 4 below restates the original 27-task headline suite organized by the basic / compound / diagnostic groupings used in
Section 3.
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Table 4. The full mechanistic-suite task list, organized by family.

Task

Description

Basic (8): each isolates a single primitive.

Copy

Induction
Associative recall
Selective copy
Needle-in-a-haystack
Counting

Parity

State tracking

Reproduce a prefix verbatim.

Predict B after the second occurrence of A in pattern “AB ... A”.
Given key-value pairs and a query key, return the matching value.
Output only the tokens that follow a MARKER, in order.

Find one special token buried in random filler.

Count occurrences of a query token in the body.

Output the parity (even/odd) of the query-token count.

Simulate a 4-state finite automaton step by step.

Compound (3): require two primitives in the same sequence.

Copy + Count
State + Retrieve
Selective Copy + Parity

Copy a prefix verbatim, then answer a counting query over it.
Simulate the 4-state DFA, then retrieve the input first causing a queried state.
Selective copy, then output the parity of the marker count.

Diagnostic (16): edge cases and stress tests.

Pattern completion
Mode

Sort

Reverse copy

Short associative recall
Compress (deduplicate)
De-interleave
Multi-induction
Longest run

Noisy copy

Threshold
Skip-induction
Running maximum
Token transition
Cumulative sum (mod 8)
Multi-state tracking (8)

Complete a periodic pattern of period 2—6.

Output the most frequent content token.

Output the tokens in ascending order.

Output a prefix in reverse order.

Associative recall with 6 unique key-value pairs (calibration scale).
Output the unique tokens in first-appearance order.

Separate two interleaved sequences A, B back into A then B.

Match a 2-token trigger and predict the third.

Output the token with the longest consecutive run.

Identify and recover the differing element between two aligned copies.
Binary indicator: does the query-token count exceed /N?
Induction-head pattern with skipped tokens between A and the prediction site.
Output the running maximum of an integer stream.

Predict transitions between specified token classes.

Modular running sum of an integer stream.

Simulate an 8-state finite automaton step by step.

B. Per-architecture configurations

All thirteen mechanistic-probe architectures evaluated in the main study share njayers = 6, Nheags = 4, and vocabulary size 64.
Per-architecture dpode1 Values are chosen for parameter parity at ~1M total parameters. Table 5 gives the per-architecture
configuration; the two Mamba-2 variants (headwise_mamba2 and alt_attn_mamba?2) are additional architectures
included in the 50M robustness fit (Section F) but not in the 1M probe sweep or the 150M held-out correlation. Table 6
gives the mixer-specific internal parameters; Table 7 gives the shared training hyperparameters used across all probe runs.

9
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Table 5. Architecture-specific hyperparameters for all mechanistic-probe models. The “Mixers” column indicates which sequence-mixing
primitives are active in each block (A = Attention, S = STU, M = Mamba-1, M2 = Mamba-2). The “Composition” column describes how
mixers are combined. The two Mamba-2 variants are used only in the SOM robustness fit (Section F).

Family Architecture Amodel Mixers Composition
attn 128 A RMSNorm — MultiHeadAttn — FF
Single-mixer stu 140 S RMSNorm — STU — FF
mamba 100 M RMSNorm — Mamba — FF
stu_sandwich 106 S FF — STU — FF (triple sub-layer)
headwise_stu 120 A+S Weighted average (6:6)
headwise mamba 88 A+M Weighted average (6:6)
Mixed-head headwise_stu.mamba 92 S+M Weighted average (6:6) st
headwise 88 A+S+M Weighted average (4:4:4)
headwise mamba2? 88 A+M2  Weighted average (6:6)
alt_attn_stu 128 A, S [A,S, A, S, A, S]
alt_attn_mamba 112 A'M [A, M, A, M, A, M]
Alternating-layer alt_attn_mamba2f 112 A, M2 [A, M2, A, M2, A, M2]
alt_stu_mamba 116 S, M [S,M, S, M, S, M]
alt_attn_stu_mamba 120 A, S, M [A, S, M, A, S, M]
alt_attn_stusandwich 116 A, St [A, ST, A, ST, A, ST, A, ST]

denotes the STU-sandwich block (FF-STU-FF triple sub-layer).
# Mamba-2 variants used only in the 50M robustness fit.

Table 6. Internal parameters for each sequence-mixing primitive used across the mechanistic probes.

Mixer Parameter Value
Head dimension dimodel / Mheads

Attention Positional encoding RoPE

eton - causal masking Yes

Attention dropout 0.0
Eigenvalues retained (K) 16

STU Hankel variant Standard (not Legendre)
Approximation mode FFT-based (STU-T)
FFT size 2]’10g2 (2-seg-len—1)]
State dimension (dgaee) 64
Expansion factor 2

Mamba 1D conv kernel (dcony) 4
Discretization ZOH (Mamba-1)

10
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Table 7. Training hyperparameters shared across all mechanistic-probe experiments.

Parameter Value

Optimizer AdamW (Loshchilov & Hutter, 2019)
Learning rate 3x 10714
Weight decay 0.0

Max gradient norm 1.0

LR schedule Cosine annealing
Warmup steps 200

Min LR ratio 0.01

Global batch size 128

Max training steps 4,000

Sequence length 256

Vocabulary size 64

MLP ratio 2.0 (SwiGLU)
Embedding tying Yes

RMSNorm € 10-¢

Residual / embedding dropout 0.0

Compute dtype bf16

Parameter dtype fp32

Eval frequency Every 500 steps
Max eval batches 20

C. 1B-scale training configuration

-
Hydra STU

" Self-attention

Input —— ‘

X N

The 1B comparison in Section 3.4 trains both Hydra and the parameter-matched OLMo-2 attention baseline for approximately
13,000 steps at sequence length 4,096 with the OLMo-2 tokenizer (vocabulary 100,278). Both models share the optimizer
(AdamW (Loshchilov & Hutter, 2019), Ir = 4 x 1074, weight decay 0.1), batch size (512), and positional encoding
(ROPE (Su et al., 2024) with § = 500,000). Table 8 gives the per-architecture configuration. The Hydra block-level
definition is given in Section 3.3.

—(+)—| RMSNorm |—| MLP |

Figure 3. The Hydra block. Each block contains parallel self-attention, Mamba, and STU-T heads, whose outputs are summed and passed
through RMSNorm and an MLP. The 1B configuration uses 4 of each head per block (4a4s4m), repeated N times.
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Table 8. 1B-scale architecture configurations used in Section 3.4.

Model dmodel ~ Mheads Miayers Batch size Block type K
OLMo2-1B (baseline) 2048 16 16 512 Sequential (pure attention)  —
Hydra-1B (4a4s4m) 2304 18 15 512 Multihead + Mamba 20

D. Controlled depth sweep on deep_hop

Figure 4 shows the controlled-depth sweep referenced in Section 3.5. We run deep_hop with explicit hop count k£ €
{1,2,3,4,5} across five architectures at the 1m scale (attn, mamba2, stu, alt-attn-mamba, headwise), 2,000 training steps
each, sharing the graph generator (n_nodes = 10, sequence length 256). For attn, alt-attn-mamba, and headwise, accuracy
increases monotonically with k over this range. The mamba2 trajectory has an anomalous k=1 specialty (token accuracy
0.93, near-perfect single-edge lookup) before reverting to the same monotonic pattern as the others for k>2, which we
attribute to the selective state-update mechanism trivially handling a single deterministic transition. STU is non-monotonic,
oscillating between near-baseline and partial-solve depending on k. The takeaway for the screen is that within an architecture,
accuracy varies smoothly with compositional depth except for STU; the cross-architecture ranking is therefore informative
across depths.

(a) Controlled depth sweep on deep_hop (b) k=4 predicts k=5 (controlled)
(same graph generator, k varies) p=0.60 (p=0.285), r=0.44 (p=0.464)
(c) Across-arch Spearman p
@ alt-Attn/Mamba 0.40 1 @ alt-Attn/Mamba between depths (n=5 archs)
° @ Attn - @ Attn 0 o 1.00
S head-Attn/Mamba © head-Attn/Mamba
~ 08 Mamba-2 . © Mamba-2 k=11 +0.00 [EXJCIN +0.50 RN 075
1y -@- STU s 0351 @ s
Qo 3 r 0.50
o, o k=2 4 +0.00 -0.10 +0.50 -0.10
% 2 0.30 F0.25
3 0.6 g .
£ 2 k=3 {SEICIN -0.10 SO | [ 0.00
:"_l 1 0.25 4
: Y
> F—0.25
T 04 _— g
@ _ ® 2 0204 k=44 +0.50 +0.50
3 al F —0.50
v [
€ g
5 2 = ﬂ o I o
< 0.2 !
(=]
© . . T -1.00
o k=1 k=2 k=3 k=4 k=5
0.10 4
1 2 3 4 5 0.34 0.36 0.38 0.40 0.42
Compositional depth k (deep_hop) deep_hop k=4 token accuracy

Figure 4. Controlled deep_hop sweep at the 1m scale across five architectures and depths k € {1,2,3,4,5}. (a) Per-architecture
accuracy curves; attn, alt-attn-mamba, and headwise are monotonic in k£, mamba?2 has a k=1 specialty, STU oscillates. (b) Cross-arch
scatter at k=4 vs k=b. (c) Pairwise across-arch Spearman p between hop depths.

E. Pretraining data

The 1B-scale comparison in Section 3.4 uses OLMo-Mix-1124, the stage-1 pretraining mixture released with OLMo-
2 (OLMo et al., 2025). The mixture totals approximately 3.9 trillion tokens and is dominated by web data from DCLM (Li
et al., 2024), with smaller portions of code (StarCoder (Li et al., 2023)), academic papers (peS2o (Soldaini & Lo, 2023),
arXiv), math (OpenWebMath (Paster et al., 2024), Algebraic Stack (Azerbayev et al., 2024)), and Wikipedia. Stage 1
accounts for over 90% of the OLMo-2 pretraining compute. Stage 2, which uses the curated Dolmino-Mix-1124 dataset of
high-quality web content, instruction data, and synthetic math, is not used in the experiments reported here. Tokenization
follows the OLMo-2 tokenizer (vocabulary 100,278). The 150M-scale held-out architecture set used to fit the screening
correlation in Section 3.2 trains on Wikipedia text at sequence length 2,048. We refer the reader to the OLMo-2 technical
report (OLMo et al., 2025) for the full data-curation pipeline, deduplication, quality filtering, and source-mixing details.

F. 50M held-out evaluation

Table 9 reports the nine-architecture held-out set used for the robustness fit referenced in Section 3.2. Each architecture is
trained as a SOM-parameter language model to Chinchilla-optimal compute (954 steps, ~1B tokens, dyodel = 384 across
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all architectures). Suite-mean is the screening statistic at the 1M probe scale (arithmetic mean over 62 tasks); the two
CE columns are pretraining cross-entropy on the c4_en and wikitext_103 validation memmaps; PIQA and HellaSwag are
zero-shot. Lower CE is better. The architectures are ordered by suite-mean accuracy.

Across this n=9 held-out set, suite-mean accuracy at 1M predicts SOM c4_en cross-entropy at Spearman p= — 0.73
(p=0.025) and Pearson r= — 0.74 (p=0.022), and 50M wikitext_103 cross-entropy at Spearman p= — 0.88 (p=0.002)
and Pearson r= — 0.83 (p=0.006). The architectures span the same three families used in the 150M study (single-mixer,
mixed-head, alternating-layer) plus two additional Mamba-2 variants.

Table 9. 50M LM evaluation on the nine-architecture held-out set. Suite-mean is the screening statistic at the 1M probe scale, CE columns
are pretraining cross-entropy on the two validation memmaps after 954 steps, and PIQA / HellaSwag are zero-shot. Lower CE is better.
Best per column in bold.

Architecture Suite-mean T c4.enCE|  wikitext_.103CE | PIQA 1 HellaSwag 1
stu 0.33 5.44 6.67 0.542 0.251
mamba 0.38 5.03 6.24 0.539 0.254
headwise_stu 0.48 5.22 6.50 0.538 0.252
headwise_mamba?2 0.50 5.07 6.30 0.539 0.254
headwise 0.50 5.11 6.38 0.534 0.258
attn 0.59 5.05 6.17 0.536 0.255
alt_attn.mamba?2 0.62 5.04 6.14 0.547 0.255
alt_attn_stu 0.65 4.99 6.13 0.538 0.255
alt_attn_mamba 0.68 4.94 6.03 0.539 0.256

G. 150M held-out evaluation, full table

Table 10 reports the full per-task numbers behind the headline correlation in Section 3.2. Suite-mean is the screening statistic
at the 1M probe scale, CE columns are pretraining cross-entropy on the c4_en and wikitext_103 validation memmaps, and
PIQA / HellaSwag are zero-shot.

Table 10. 150M LM evaluation on the held-out architecture set. Suite-mean is the screening statistic, CE columns are pretraining
cross-entropy on the two validation memmaps, and PIQA / HellaSwag are zero-shot. Lower CE is better.

Architecture Suite-mean 1 c4.en CE | wikitext_Z103CE | PIQA 1 HellaSwag 1
STU sandwich 0.50 3.67 4.99 0.529 0.267
mamba 0.74 2.82 3.65 0.547 0.275
alt_attn_mamba 0.78 2.81 3.65 0.555 0.277
attn 0.80 2.81 3.68 0.555 0.277

H. 1B evaluation, full per-task results

Table 11 reports the per-task zero-shot results behind the 1B comparison in Section 3.4. Hydra and the parameter-matched
OLMo-2 attention baseline are evaluated at step 12,000, with training cross-entropy on OLMo-Mix-1124. Hydra wins on 8
of 15 zero-shot tasks (with one tie), trailing on the four MMLU subdomains, COPA, and SociallQA.

I. Additional robustness checks

This appendix collects four perturbations of the suite, each evaluated on the nine-architecture 50M held-out set from
Section F. The screening claim survives all four.

I.1. Drop-primitive ablation

Figure 5(a) plots the held-out validation scatter underlying the S0M correlation in Section F, with suite-mean accuracy at the
1M probe scale on the x-axis and S0M c4_en cross-entropy on the y-axis (p= — 0.73, p=0.025). Figure 5(b) reports the
drop-primitive ablation: each bar is the rank correlation between suite-mean accuracy and 50M c4_en cross-entropy when
the named primitive is removed from the screen. The dashed line marks the baseline p= — 0.73 with all primitives included.
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Table 11. 1B LM evaluation. Hydra and the OLMo-2 attention baseline at step 12,000. Train CE on OLMo-Mix-1124, downstream evals

on the standard OLMo zero-shot battery. Bold = winner.

Metric Hydra  Attn baseline
Train CE | 2.880 2.934
Train PPL | 17.82 18.80
ARC-challenge 1 0.321 0.288
ARC-easy 1 0.579 0.579
BoolQ 1 0.601 0.600
COPA 1 0.710 0.720
HellaSwag 1 0.486 0.450
OpenBookQA 1 0.338 0.334
PIQA 1 0.711 0.694
SciQ 1 0.846 0.832
SociallQA 1 0.431 0.439
Winogrande 0.533 0.526
CommonsenseQA 1 0.383 0.346
MMLU humanities (5-shot) 1 0.257 0.266
MMLU other (5-shot) 1 0.270 0.310
MMLU social sciences (5-shot) T 0.246 0.273
MMLU STEM (5-shot) 1 0.196 0.212
I load-bearing M robust (= baseline) [l over-weighted —-—: baselinep =-073

(a) Held-out validation @ 50M, n=9 archs
Spearman p=-0.73 (p=0.025), Pearson r=-0.74 (p=0.022)

(b) Drop-primitive ablation @ 50M (nh=9 archs)

mech-suite mean accuracy @ 1m (62 tasks)
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Figure 5. Screen robustness at SOM (n=9). (a) Suite-mean accuracy at 1M vs. 50M c4_en CE, p=— 0.73 (p=0.025). (b) Rank correlation
after dropping each primitive; dashed line is the baseline p= — 0.73. The screen survives every drop.

No single primitive carries the signal; the correlation remains negative and significant under every drop, with the largest
movement when content-addressable lookup or multi-hop is removed.

L.2. Multimodal-only transfer

The 27-task headline suite is text-token only. If the screen’s predictive power were specific to that surface form, restricting
the screen to its multimodal extensions (grid and video probes from Section A) should break the correlation. Figure 6 reports
the result. The text-only subset predicts SOM wikitext_103 CE at p= — 0.88 (p=0.002), and the multimodal-only subset (6
grid + video tasks) predicts the same downstream signal at p= — 0.73 (p=0.025), r= — 0.71 (p=0.032). Both subsets clear
p < 0.05 on n=9, so the screening signal is not carried exclusively by text-shaped probes; the spatial / temporal extensions
reach the same ranking through different surface forms. This is consistent with the primitive-coverage matrix in Table 3,
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which shows grid and video tasks targeting the same retrieval / aggregation / multi-hop primitives as the text suite.

Multimodal probes alone predict held-out 50M-LM ranking (n=9 architectures)
Both text-only and multimodal-only subsets correlate at p<0.05

Text-only suite (51 tasks) Multimodal-only (grid + video, 6 tasks)
Spearman p=-0.88 (p=0.002), Pearson r=-0.80 (p=0.009) Spearman p=-0.73 (p=0.025), Pearson r=-0.71 (p=0.032)
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Figure 6. Multimodal probes alone predict held-out SOM-LM ranking (n=9 architectures). Left: text-only subset, p= — 0.88, p=0.002.
Right: multimodal-only subset (grid + video, 6 tasks), p= — 0.73, p=0.025. Both subsets clear p < 0.05.

L.3. Autoencoding-flavored probes

The headline suite is built around next-token retrieval and aggregation primitives. To check that the screen does not depend
on this exact framing, we restrict it to a three-task subset with autoencoding flavor (noisy_copy, compress, reverse_copy),
each requiring the architecture to recover or reorganize an input rather than predict a continuation. Figure 7(a) shows that the
AE-suite mean alone predicts S0M wikitext_103 CE at p= — 0.83 (p=0.005), r= — 0.84 (p=0.004). Per-task, Figure 7(b)
reports reverse_copy at p= — 0.75 (p=0.020), noisy_copy at p= — 0.69 (p=0.041), and compress at p= — 0.62 (p=0.074).
The aggregate is tighter than any single AE task, consistent with the suite-level decomposition rather than any individual
probe carrying the signal.

(a) Autoencoding subset alone predicts LM ranking

Spearman p=-0.83 (p=0.005), Pearson r=-0.84 (p=0.004) (b) Per-AE-task screening correlation
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Figure 7. Autoencoding subset alone predicts SOM LM ranking. (a) AE-suite mean (noisy_copy + compress + reverse_copy) vs.
wikitext_103 CE, p= — 0.83, p=0.005. (b) Per-AE-task screening correlation. Aggregate (p= — 0.83) is tighter than any single AE task.
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I.4. Compositional-depth invariance

A screen that only ranks architectures correctly at a single difficulty level is fragile: the suite uses depth-2 hops as its
default, and downstream tasks vary in compositional depth. We test whether the cross-architecture ranking at low depth
predicts the ranking at higher depth on the hop-graph family (two_hop, three_hop, deep_hop, k_hop), running each at hop
counts k € {2,3,4} across the same nine architectures. Figure 8(a) shows the per-architecture accuracy curves; absolute
accuracy increases with k& for most architectures, with STU as the only non-monotonic case (consistent with the controlled
deep_hop sweep in Section D). Across architectures, the k=2 ranking predicts the k=4 ranking at p=0.67 (p=0.049),
r=0.69 (Figure 8(b)). The full pairwise matrix in Figure 8(c) shows positive cross-depth Spearman across every pair of hop
tasks (range 0.32 to 0.75), with the weakest link at the largest depth gap (two_hop vs k_hop, p=0.32). Rankings therefore
degrade gracefully with depth gap rather than re-ordering entirely, which is what a screen used at small scale to predict
large-scale behavior needs.

(a) Per-arch accuracy at hop-depth k (b) k=2 predicts k=4
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Figure 8. Compositional-depth invariance. (a) Per-architecture token accuracy at the 1M scale across hop depths k& € {2, 3,4}. All
architectures monotonic except STU. (b) Cross-architecture scatter of k=2 vs k=4 accuracy, p=0.67, p=0.049. (c) Pairwise across-
architecture Spearman p between hop-depth tasks; all entries positive, with the weakest cross-depth link at the largest depth gap.
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