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Status: training in progress. This report documents the
realized architecture, a training-independent route-table
audit, and the data replay schedule. It reports no
pretraining loss, evaluation, or downstream metric —
those require the run to finish and will follow in an
updated report.

Abstract

We document the architecture and training plan of a
second TR-Hash system: a 201.2M-parameter decoder
in which token identity deterministically selects two of
four small residual experts, while every token retains an
always-on shared SwiGLU path. This report extends our
earlier 492.1M/20B system in two respects: routing uses
a multi-hash rendezvous scheme (token_id_multi_hash,
two independent 32-bit hash channels summed per to-
ken/expert pair) rather than a single hash plus derived
stride, and the shared-to-expert width ratio is substan-
tially wider (shared width 3,072 against expert width
256, versus 4,864 against 128), so experts hold a smaller
fraction of total capacity (5.47% here against a larger
share in the earlier system). The route tables are training-
independent — fixed at model construction from the token
vocabulary and a seed, not learned — so we audit them
now, before training completion: across 16 layers, all
route tables are pairwise distinct, no token selects the
same expert twice, and per-layer expert occupancy is
marginally balanced (15,917-16,118 of 64,000 slots per
expert on the first layer). The model is training on a
replay-scheduled mixture drawn from a 200B-token cor-
pus (DCLM, FineWeb-Edu-Dedup, Stack-Edu, FineMath,
InfiWebMath, Cosmopedia v2): 70B unique tokens, re-
played with source-specific pass counts to a 130B-token
exposure budget. As of this report, training has not com-
pleted; we publish the architecture and schedule ahead of
results for the same reason the earlier report published
its checkpoint audit separately from its claims — so the
specification is checkable independent of any outcome.

1 Introduction and motivation

Mixture-of-experts (MoE) language models commonly
learn a contextual router that selects parameters for each
hidden state [8, 3, 4]. This is expressive, but it also entan-
gles several questions. A quality change may come from
additional expert capacity, a better contextual decision,
router optimization, load-balancing objectives, or the dis-
patch implementation. Routes may drift during training
and can collapse without balancing controls.

Fixed token-ID routing is a deliberately restricted alter-
native. It asks whether stable lexical identity can address
a small residual parameter subspace while attention and
a dense shared MLP continue to carry context. The route
is reproducible from a persisted table, requires no learned
gate, and can be audited independently of model acti-
vations or training progress. Hash Layers demonstrated
that fixed lexical hashes can be useful routing signals [6];
shared-expert architectures separately motivate keeping
common computation active for every token [2, 5].

Our earlier 492.1M-parameter report used a single hash
plus a derived stride to build each layer’s route table. This
report documents a second, independent test of the same
design philosophy at a smaller scale (201.2M parameters)
with two deliberate changes: a multi-hash rendezvous
route builder, and a much wider shared-to-expert ratio.
Its contributions are:

1. an exact description of the realized 201.2M shared-
plus-residual architecture, including the multi-hash
route construction;

2. a route-table audit performed independently of train-
ing completion, since routes are fixed at construction;

3. the exact data replay schedule (70B unique tokens,
source-specific pass counts, 130B-token exposure) the
model is currently training on; and

4. an explicit statement of what this report does not yet
claim: no pretraining trajectory, held-out evaluation,
or downstream task result is included.



2 Architecture

2.1 Contextual backbone

The model is a pre-norm causal decoder with rotary po-
sition embeddings, RMSNorm, query/key normalization,
tied input/output embeddings, and grouped-query atten-
tion (GQA) [1, 7]. It has 16 layers, hidden size 896, 14
query heads, two key/value heads, vocabulary size 32,000,
and maximum position length 2,048. Deterministic rout-
ing changes only the feed-forward sublayer; it does not
replace attention or contextual hidden states.

2.2 Shared and routed computation

Let x; be the contextual hidden state at layer [, ¢t a token
ID, S; the shared SwiGLU, and Ej . one of four residual
SwiGLU experts. A fixed table R; € {0,1,2,3}2x32000
supplies two routes Ry 1(t) # R;2(t). The feed-forward
output is
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The shared branch has width 3,072. Four stored experts
each have width 256, giving stored intermediate width
3072 4 4 x 256 = 4096. Two experts are active, so active
intermediate width is 307242 x 256 = 3584. The exported
configuration records shared scale one, routed scale two,
top-k = 2, and fixed primary weight 0.5 — the same
combination rule as our earlier report, applied to a wider
shared branch and narrower experts (5.47% of parameters

are expert tensors here, against a larger share previously).

2.3 Multi-hash route construction

Unlike a single hash plus derived stride, each layer’s route
table is built by rendezvous hashing: every (token ID,
expert) pair receives route_hash_count= 2 independent
32-bit scores, one per hash channel; the channel scores
are summed, and the top-k experts by summed score
become that token’s route. This makes the final route
depend on multiple independent hash draws rather than
one hash and a derived offset, while still compiling to the
same [top-k, vocab] table consumed by the fused dispatch
kernel — there is no additional runtime routing cost relative
to the single-hash construction.

2.4 Route-table audit

Route tables are fixed at model construction from the
vocabulary size, expert count, and a seed; they do not
depend on training progress, so we audit them now rather
than waiting for a trained checkpoint. Direct inspection
of the constructed model finds:

o all 16 layer route tables are pairwise distinct;

e no token selects the same expert twice within its
top-2, for every layer;

e per-layer expert occupancy is marginally balanced:
the first layer’s four experts occupy 15,954 / 16,118
/ 15,917 / 16,011 of 64,000 route slots (2 x 32,000),
each within 0.7% of the uniform 16,000 target.

As with our earlier report, this establishes marginal bal-
ance, not uniformity over every ordered expert pair; we
do not claim the ordered-pair distribution is uniform.

3 Data and replay schedule

Source Unique tokens Passes
DCLM 20B 1
FineWeb-Edu-Dedup 25B 2
Stack-Edu 8B 2
FineMath 5B 3
InfiWebMath 5B 3
Cosmopedia v2 7B 2
Total 70B unique 130B trained

Table 1: Replay plan selected from the immutable 200B-
token source corpus: 70B unique tokens, replayed with
source-specific pass counts to a 130B-token training expo-
sure.

The 70B unique tokens are selected without copying or
retokenizing any shard from the immutable 200B-token
source corpus; the replay plan is a manifest of shard selec-
tions and per-source pass counts, verified before training
against source manifests, referenced shard existence, shard
sizes, and content digests. Training tokenizes with the
project’s 32K vocabulary, matching the architecture’s
vocabulary size.

4 Status and limitations

This report intentionally stops short of a pretraining
record. As of publication, the run has not completed, and
we do not report a held-out loss trajectory, a final step
count, or any downstream evaluation — reporting place-
holder or partial numbers for an unfinished run would
misrepresent the state of evidence. What is reported here
— exact parameter counts, the route construction and its
audit, and the exact data schedule — is independent of
training completion and will not change when training
finishes.

An updated report will add the pretraining trajectory,
final checkpoint statistics, and any downstream sanity
checks once the run completes, following the same evi-
dence conventions as our earlier report: single seed, single
architecture, single data mixture, no matched dense or
learned-router baseline, and no claim of superiority over
either alternative.



5 Conclusion

TR-Hash 200M is a 201.2M-parameter architecture speci-
fication and an in-progress 70B-unique/130B-token pre-
training run. The multi-hash route construction and the
shared/expert width ratio differ deliberately from our ear-
lier 492.1M report, and both are documented and audited
here independent of training outcome. This report makes
no pretraining or capability claim; it exists so the archi-
tecture and data schedule are checkable before results
arrive, not only after.

Reproducibility. Implementation and tests are
maintained at https://github.com/Complexity-ML/
complexity-framework. The replay-plan builder, route
audit, and model configuration referenced here are part
of the tracked source.

Use of generative AI tools. Generative Al tools
assisted with language editing, consistency checks
against author-provided configuration and measured
route/parameter facts, and packaging. The author re-
viewed the numerical results, claims, source, and final
text and takes responsibility for the work.
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