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Figure 1: Left: the PLT. Right: the highlighted boundary in the looped Transformer, the PLT, and
our method.

Abstract

Looped Transformers share parameters across depth, allowing for parameter-
efficient language modeling at the cost of latency and KV-cache size scaling
with loops. Parallel Loop Transformers (PLTs) condition each loop on the previous
loop’s output, at the previous token position, removing the latency penalty incurred
by looped Transformers by allowing all loops to decode simultaneously. However,
PLTs face degraded absolute and per-loop performance relative to looped Trans-
formers. This paper introduces a simple intervention that improves the performance
of PLTs, while preserving decode-time parallelism and adding only a small param-
eter and compute overhead. By instantiating a small MLP at the loop boundary
and training it jointly with the model to predict same-position hidden states at
previous loops, we restore monotonic improvement with loop count, recover most
of a looped Transformer’s per-loop gain, and close a substantial fraction of the
remaining gap to a parameter- and FLOP-matched looped Transformer. Our results
suggest that parallel recurrence works best when the state transitions available at
decoding time are trained alongside the representations that depend on them.

1 Introduction
Edge and on-device deployments of large language models are often constrained not solely by

available compute, but also by available memory. Under such limitations, parameter-efficient archi-
tectures become attractive. One such architecture is the looped Transformer. Looped Transformers
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are Transformers which serially repeat computation via shared layer blocks (loops) allowing for
parameter-efficient learning [Dehghani et al., 2019, (Giannou et al., [2023] |Saunshi et al., [2025]].
However, in doing so, they incur test-time latency and K'V-cache memory penalties scaling with
loops, limiting their real-world efficacy.

Recent work has introduced the Parallel Loop Transformer (PLT), which removes the decode-time
same-position dependence of looped Transformers through cross-loop parallelism (CLP) [Wu et al.,
2025]). At each loop, CLP constructs the loop’s input from the previous loop’s output at the previous
token position, summed with the embedding of the current token, allowing for the simultaneous
decoding of all loops during a forward pass. Under this regime, the current token’s embedding enters
every loop, but its same-position hidden state cannot pass directly from one loop to the next during a
decoding step. In pretraining, PLTs exhibit degraded absolute performance and diminishing returns
with loops relative to looped Transformers, and at scale, regression below unlooped baselines has
been observed [[Yang et al., 2026].

This paper develops a simple intervention on this positional mismatch that improves PLT performance
and restores monotonic improvement with loops. We apply a small learned MLP at the loop boundary
(Figure[I)), and jointly train the MLP and network via a next-latent objective to approximate the
model’s same-position hidden state at the previous loop [Teoh et al., |2025]]. We find that our Next-
Latent Alignment (NLA) method improves pretraining cross-entropy across loop counts and attention
configurations while remaining fully parallel, and verify that this cross-entropy improvement largely
transfers to benchmarks.

2 Method

2.1 (Parallel) Looped Transformers

The looped Transformer applies a shared block of layers B a fixed number of times K, such that
effective depth grows decoupled from parameter count. Specifically, given token embeddings
E € R5*? for a sequence of length S, and writing H) € R%*4 for the states after loop ¢, the
looped Transformer applies:

HO =g, HO® :B(H“*U), 0(=1,... K, (1
reading next-token logits from H, Z.(K).
Due to the sequential nature of the looped Transformer, test-time latency and KV-cache size both
scale as O(K) [Dehghani et al.,|2019, (Giannou et al., 2023].

Comparatively, a PLT applies a per-loop offset at each of the K —1 loop boundaries
x =g +HYY, 1=2.. K, @)

computing H® = B(X®), with XV = F and X” = F,. As loop ¢ at position i depends on the
previous loop at only position ¢ —1, all K loops advance simultaneously during decoding.

We follow |Wu et al.| [2025]] in studying three attention configurations for PLTs: full attention, first-
loop KV-cache sharing (KV-Share) and KV-Share with Gated Sliding Window Attention (G-SWA).
Under KV-Share, loops beyond the first attend per layer to the keys and values computed at loop 1.
G-SWA attends over the loop’s own keys and values within the last 64 positions, combined with the
shared cache by a per-head sigmoid gate.

2.2 Next Latent Prediction

The short horizon of next-token prediction has motivated auxiliary future-prediction signals [Gloeckle
et al., [2024} DeepSeek-All 2024, |Teoh et al., [2025]]. Next-latent prediction (NextLat) [Teoh et al.|
2025 augments next-token training of a standard transformer with a latent dynamics model p,;, that
predicts the next hidden state from the current state and the incoming token, trained by regression
with a target-side stop-gradient:

Lyext-h = SmoothL1(sglhi+1], py(he, Tit1)), 3)
added to the language-modeling loss with a scalar coefficient, alongside a distillation term aligning
predicted states in token space.



2.3 Next-Latent Alignment at the Loop Boundary

The implementation of the per-loop offset can be considered a boundary map «:

X — H(Hi(f_ll), E) (=2,.. K. )

Composed with the shared block, x maps a previous-position state and an incoming token to a
current-position state, similar to the transition p,,. Our method, NLA, makes « learnable and trains

its output toward H, i(efl) .

We instantiate  as a two-layer MLP over the concatenated pair,

KAMLP (H,(f‘l”, E) — MLP (RMSNorm[Hff‘l” - B, D . (5)

K2

The MLP is additionally trained with the regression term of the objective of §2.2}

Exa = Lon+ 3 (SmoothLa (sg [¢~], x(7) ). ©

3 Experiments

3.1 Experimental Setup

We train 143M-parameter PLTs alongside looped Transformer baselines on FineWeb-Edu [Penedo
et al., [2024] for a fixed budget of 11.2B tokens, ablating across the individual components of our
method. We train across full attention, KV-Share, and G-SWA, and across loop counts K € {2,3,4}

(Table[I).

Table 1: Constructions. In looped Transformer+£Lyr,4 the MLP is an auxiliary predictor. Looped
Transformer+in-block places the MLP inside the shared block. In +Ln1,a the model is trained with
Eq.[6] without the boundary MLP in the forward pass. Full details can be found in Appendix [A]

construction boundary & objective Aparams AFLOPs
PLT H+FE CE 0 0
PLT+MLP MLP(RMSNorm[H; E]) CE +7.1IM +12.5%
NLA (ours) MLP(RMSNorm[H; F]) Eq.[6 +7.1M  +12.5%
PLT+LN1A H+E Eq.[6 0 0
Looped Transformer X0 = g-1) CE 0 0
Looped Transformer+MLP  MLP(RMSNorm[H "™ "; E;)) CE +7AM +12.5%
Looped Transformer+£LNr, A X0 = g-1) Eq.@(aux. head) +7.1IM +12.5%
Looped Transformer+in-block X ) = g-1) (MLP in block, £ > 2) CE +7.1M +12.5%

We use a BPE tokenizer and AdamW with linear warmup and cosine decay as our optimizer (Ap-
pendix [A).

3.2 Main Results

During pretraining, NLA restores improvement with loop count and closes about half of the gap
to a parameter- and FLOP-matched looped Transformer. To measure the effect of our method
during pretraining, we report validation loss on a held-out set of 2.1M tokens from the FineWeb-Edu
dataset across our trained models, shown in Table @ Our results show that our method improves
on the PLT in all cells, and at four loops, our method closes 56%, 50%, and 38% of the difference
between the PLT and the parameter- and FLOP-matched looped Transformer+in-block (Table 2]
caption) under full attention, KV-Share, and G-SWA respectively.



Table 2: Main results of our method and baselines across configurations. Serial passes: block
applications per decoded token. Per loop: the change in loss from K=2 to K =4, halved. Bold: best
parallel construction. §: mean of four seeds. I: collapsed during training. Looped Transformer+in-
block (Table |I[), trained at K'=4 only: 2.7948, 2.8452, and 2.7989 under full attention, KV-Share,
and G-SWA.

Validation Loss K=2—4

Attention KV cache Construction Serial Passes K=2 K=3 K=4  PerLoop

Full Attention KSd Looped Transformer K 2.8755 2.8440 2.8243 —0.0256
Looped Transformer+MLP K 2.8735 2.8730 3.0492 +0.0879
Looped Transformer+£LNr, A K 2.8694 2.8436 2.8204 —0.0245
1
1
1
1

PLT 2.8921 2.8768% 2.8785% —0.0068
PLT+LNpA 2.8966 3.1968% 3.1599% +0.1316%
PLT+MLP 2.8763 2.8383 2.8368 —0.0197
NLA (ours) 2.8652 2.8396 2.8318 —0.0167
KV-Share Sd Looped Transformer K 2.8973 2.8775 2.8695 —0.0139
Looped Transformer+MLP K 2.8849 2.8763 2.8667 —0.0091
Looped Transformer+£LNr, A K 2.8891 2.8710 2.8618 —0.0136
PLT 1 29174 29032 29053 —0.0061
PLT+LNLA 1 2.9305 2.9253 3.1889% +40.1292%
PLT+MLP 1 2.8984 2.8977 2.8854 —0.0065
NLA (ours) 1 2.8969 2.8879 2.8750 —0.0109
G-SWA Sd+ 64(K—1)d Looped Transformer K 2.8708 2.8418 2.8232 —0.0238
Looped Transformer+MLP K 2.8675 2.8710 2.8684 +0.0004
Looped Transformer+£L Ny, A K 2.8650 2.8344 2.8205 —0.0222
PLT 1 29012 2.8752 2.8662 —0.0175
PLT+LNLA 1 29316 2.9010 2.8899 —0.0208
PLT+MLP 1 2.8874 2.8707 2.8515 —0.0179
NLA (ours) 1 2.8832 2.8523 2.8404 —0.0214

Our method improves monotonically with loop count in every configuration, and recovers 65%,
78%, and 90% of a looped Transformer’s per-loop improvement under full attention, KV-Share, and
G-SWA respectively, as shown in Figure 2]

Full attention KV-Share G-SWA
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Figure 2: Validation loss against loop count. Percentages: NLA’s improvement from K=2 to K=4
relative to the looped Transformer’s (LT). Diamond: LT+in-block, parameter- and FLOP-matched to
NLA, trained at K =4 only. Error bars: +1 standard deviation over four PLT seeds.

Our improvement holds on downstream evaluation under full attention and G-SWA. We report
zero-shot accuracy at K=4 with the LM Evaluation Harness on ARC-Challenge and ARC-Easy
[Clark et al.|[2018]], COPA [Roemmele et al.,|2011]], HellaSwag [Zellers et al., 2019], LAMBADA in
its OpenAl and standard forms [Paperno et al., 2016], OpenBookQA [Mihaylov et al., [2018]|], PIQA
[Bisk et al.}2020], RACE |[Lai et al.} 2017]], SciQ [Welbl et al., [2017]], and WinoGrande [Sakaguchi
et al., 2020]], shown in Table[3] In both configurations our method is the best parallel construction on
average, trailing the looped Transformer by under one point of mean accuracy. The four full-attention
PLT seeds at K=4 have a standard deviation of 0.15 points in mean accuracy, so our 0.28-point



margin over PLT+MLP under full attention is within seed variation, while the 1.03-point margin
under G-SWA is not. Under KV-Share, the loss improvement does not carry over to benchmarks: the
means are 43.45%, 43.43%, 43.42%, and 43.84% for PLT, PLT+MLP, our method, and the looped
Transformer, as seen in Appendix [D]

Table 3: Zero-shot accuracy (%) with LM Evaluation Harness [[Gao et al.||2023] on 11 tasks at K=4
under full attention and G-SWA.. x: token-length-normalized loglikelihood. §: mean of four seeds;
every other column is a single seed. Bold: best parallel construction.

Full Attention G-SWA
Task PLTS +MLP NLA Looped Transformer PLT +MLP NLA Looped Transformer
ARC-Challenge 23.14 23.55 22.18 23.04 23.55 2338 22.78 25.09
ARC-Easy 55.16 55.13 55.72 56.10 54.80 55.51 55.47 56.31
COPA 63.75 61.00 63.00 64.00 62.00 62.00 67.00 65.00
HellaSwag* 3432 3534 3571 36.05 3447 34.84 34.92 36.04
LAMBADA (OpenAl) 25.76 26.18 26.33 29.36 2536 2525 26.92 28.10
LAMBADA (Standard) 19.45 21.77 21.54 24.65 18.22 19.39 19.37 19.95
OpenBookQA* 3225 3240 33.60 32.00 32.60 31.40 32.60 33.20
PIQA* 63.98 63.71 65.40 65.34 62.68 64.20 64.25 65.02
RACE 30.33 30.43 29.38 29.95 29.76 28.42 29.67 29.00
SciQ 82.25 82.00 82.20 83.50 81.90 81.50 82.20 82.40
WinoGrande 50.75 51.30 50.75 50.51 52.09 49.72 51.78 49.72
Average 43.74 43.89 44.17 44.95 43.40 43.24 44.27 44.53

Improvement is conditional on boundary placement and parameters. We utilize our ablations to
examine the impact of several characteristics of interest for our method, shown in Figure [3] When we
apply Ln1.a to a PLT at K'=4 without learnable capacity at the boundary, our training run collapses
under full attention and K'V-Share, and loss rises under G-SWA. Adding the boundary MLP to the
PLT lowers loss in every configuration, while adding the same MLP to the looped Transformer, whose
loops already receive the same-position state, raises loss under full attention and G-SWA. Adding
Lnpa to PLT+MLP lowers loss further, accounting for 11%, 34%, and 43% of NLA’s improvement
over the PLT.

Full attention KV-Share G-SWA
« helps | hurts — « helps | hurts — « helps | hurts —
MLP on PLT
Lnra on PLT } collapsed i collapsed
Lnxr,a on PLT+MLP 34% 43%
MLP on LT
—-0.04 0 +0.04 +0.22 —0.04 0 +0.04 —-0.04 0 +0.04
Aloss

Figure 3: Change in validation loss from each addition. Percentages: the objective’s share of NLA’s
improvement over the PLT. 1: collapsed during training. Gray band: +1 standard deviation over four
PLT seeds.

4 Related Work

Looped and parallel-loop Transformers. Shared-depth Transformers support parameter-efficient
computation [Dehghani et al.| 2019, [Lan et al., 2019, |Giannou et al.| [2023]]. Studies of language
modeling and latent reasoning investigate the value of recurrent depth [Saunshi et al., 2025| |Geiping
et al., [2025| [Zhu et al., [2025] [Kohli et al., [2026]]; other work retrofits recurrence into pretrained
models [Bae et al.l 2024, [McLeish et al.,[2025]], varies recurrence at inference [Bae et al., 2025, Jeddi
et al.}2026], or replaces softmax attention in looped Transformers with linear-time variants [Deng



et al.} |2026]. The PLT replaces the same-position recurrence with delayed cross-loop inputs and
shared attention [Wu et al.| [2025]. LoopCoder-v2 reports diminishing and sometimes negative returns
from additional parallel loops at 7B parameters, and relates them to positional mismatch [Yang et al.}
2026|. Our experiments address the learned transition at this boundary.

Latent prediction. Multi-token prediction supplies additional token-level supervision [Gloeckle
et al., 2024| DeepSeek-All 2024]); NextLat trains a latent predictor with target-side stop-gradient
and source-side representation learning [Teoh et al.,|2025]]. EAGLE uses next-state prediction for
speculative drafting [Li et al., [2024]. Our boundary MLP instead supplies the recurrent model’s
next-loop input, making the learned prediction part of its ordinary language-model computation.

5 Discussion and Limitations

Our results suggest that effective parallel recurrence depends on learning representations that can be
updated through the information available at each loop boundary. The form of these representations
can vary: a boundary MLP gives later loops better-adapted inputs, which need not approximate

hidden states. Ly, trains the MLP’s output toward the same-position state H Z.(l_l), but its gradient
also reaches the network through the MLP’s inputs, so the network may learn source representations

from which that state is easier to predict. Consistent with this, a linear map fit to predict I, i(e—1)

from [H i(f;l); E;] is more accurate on NLA’s states than on those of PLT+MLP or the PLT, while
NLA’s own MLP is less accurate than that map (Table[5). Without an MLP, the objective can only be
satisfied by changing the states themselves, and PLT+£yy,4 is worse than the PLT in all nine cells
and collapses during training in three (Appendix [B).

The application of Lnr,4 raises the per-loop improvement over PLT+MLP under KV-Share and G-
SWA but not under full attention. With full attention, later loops retain access to their own historical
computations; KV-Share replaces these caches with the first loop’s, making the boundary a more
important route for information produced by additional loops, which may explain why Lxr,4 adds
more per loop there.

Our method does not grow the KV cache relative to a PLT (Table E]) but adds 7.1M parameters, about
5% of the model, and 12.5% more FLOPs per token at K=4 (Table[I)). On-device decoding usually
runs at small batch sizes, where each step is limited by reading the weights and the KV cache from
memory rather than by arithmetic. In that regime we expect the added FLOPs to matter less than the
added weights, which are read once per decoding step for all K —1 boundaries.

Limitations. Our work is limited in scale: we train 143M-parameter models on 11.2B tokens
with at most four loops, and only in pretraining, so it is unclear whether our method holds at larger
scales, at higher loop counts, or beyond pretraining. Our experiments also do not fully identify the
mechanism through which we improve PLTs. We did not measure wall-clock latency.

6 Conclusion

We introduce a simple technique that improves the performance of parallel looped Transformers
while maintaining their latency and memory advantages, at the cost of minimal additional compute at
train and test.
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A Experimental details

We use a model dimension of 768 and six transformer layers per loop pass for our 143M-parameter
models, with six attention heads of dimension 128, a ReLU? feed-forward dimension of 3072,
RMSNorm in a post-residual-norm layout, QK-norm, no biases, and a RoPE base of 50,000. Input
and output embeddings are tied, and value embeddings on alternating layers are re-indexed from
the token ids at every loop. The vocabulary has 32,768 entries and the context length is 2048. All
weights other than those named next are initialized with the scaled-zero scheme with orthogonal
matrices; the boundary MLP and the in-block MLP are initialized with Gaussian weights of standard
deviation 1/2/5d = 0.023 in both layers, and the G-SWA gate is zero-initialized. The boundary
MLP has dimensions 1536 — 3072 — 768 with RMSNorm before it and adds 7.1M parameters.
Looped Transformer+in-block uses a matched 768 — 4608 — 768 MLP with RMSNorm, applied
residually after layer 3 of 6 in loops ¢ > 2, and is trained at K =4 only. Every construction other than
looped Transformer+in-block spans K € {2, 3,4} and all three attention configurations. G-SWA
uses a 64-token local window.

Our models are trained on batches of 256 sequences of length 2048, corresponding to 524K tokens
per batch, for 11.2B tokens (21,362 updates). Across all runs we use AdamW with a max learning
rate of 2 x 1073, 1,000 warmup updates (0.52B tokens), and cosine decay down to 2 x 1075, with
(81, P2) = (0.9,0.95), a weight decay of 0.1, and gradient clipping at 1.0. Hyperparameters are
shared across the sweep without per-cell tuning. The regression term of Eq. [§]is SmoothL1 with
B =1, averaged over the 768 coordinates and over positions 2 to .S; the regressed tensor is the next
loop’s input X () itself. Its coefficient is 1.

We train on 11.2B tokens of FineWeb-Edu [Penedo et al., 2024], tokenized with a 32,768-entry
byte-fallback BPE tokenizer and packed into BOS-aligned rows of 2049 tokens. We report validation
cross-entropy on a fixed held-out set of 1,024 rows (2.1M tokens), computed from the logits and
excluding the auxiliary loss. All runs at a given loop count and attention configuration share seed and
data order.

All constructions at a given seed start from the same stored initialization of the shared block and
embeddings, so adding the boundary MLP never changes their initial weights. The KV-Share and
G-SWA runs of the PLT constructions predate this protocol; PLT+MLP and NLA rerun under both
protocols differ by at most 0.003 in validation loss. We use one seed throughout, except for the
full-attention PLT at K'=3 and K'=4, where we report the mean of four seeds.

We train in bf16 with torch. compile on four NVIDIA H100 GPUs per run; a run takes 2.2 to 4.8
hours depending on loop count. The three looped Transformer+in-block runs were trained on a rented
four-H100 node with the same code, data order, and initialization. The reported runs total about 235
node-hours (940 H100-hours).

B Component and latent analyses
Table E] shows final-checkpoint diagnostics for the objective without the MLP (PLT+Lnp,A).

Table 4: PLT+Ln1,4 across configurations. D: norm of the last loop’s update. N: norm of H ).
The auxiliary loss is the regression term of Eq.[6] {: collapsed during training.

D N Auxiliary loss

Attention K PLT +Lnpa PLT +Lnpa PLT+LnNLA NLA

full attention 2 4.1 39 3.1 2.5 0.0023 0.0032
3831 0.003 4.2 0.48 0.0019 0.0029
4t 18 0.004 33 0.49 0.0019 0.0029
KV-Share 2 5.3 220.8 5.7 8.5 0.0018 0.0022
3 3.9 2399 5.8 6.8 0.0023 0.0031
4t 39 0.004 5.7 0.66 0.0021 0.0031
G-SWA 2 5.1 181.7 5.5 11.1 0.0018 0.0028
3 33 62 55 54 0.0027 0.0032
4 33 259 55 5.5 0.0028 0.0032




Table [5]shows how far each construction’s loop input is from the same-position state it stands in for.

Table 5: Relative L2 distance of the loop input from the same-position state H i(g_l) at boundary

b, K=4, 256 held-out rows. Probes: linear maps from [H,

construction. Single seed.

(e
i—1

PLT states trained boundary MLP

fresh linear probe on

attention b stale sum PLT+MLP NLA PLT PLT+MLP NLA
G-SWA 0 1.00 1.05 1.84 0.54 0.58 0.55 0.44
1 0.81 0.90 2.01 0.58 0.61 0.58 0.51
2 0.77 0.86 2.15 0.59 0.58 0.57 0.52
KV-Share 0 — — 3.65 0.45 — 0.62 0.39
1 — — 3.73 0.46 — 0.57 0.44
2 —  — 2.84 0.54 — 0.51 0.45

C Substituting the same-position state

Table @ shows the CE increase derived from replacing the boundary output with H Z-(Zfl

matched control.

)

1); E;] fitted on 1,024 rows of each

Oor a norm-

Table 6: CE increase at K =4 (96 held-out rows) when the boundary output x; is replaced by the

same-position reference state H i(g_l), at one boundary or all three. Position: the all-boundaries
reference-state increase over the first and last quarter of the sequence.

reference state at boundary

control, all boundaries

reference, all, by position

Attention Construction 1 2 3 all shuf. residual Gaussian shuf. reference first quarter  last quarter
Full attention PLT+MLP  0.541 1.178 2.156 5.288 2.554 0.397 5.459 4717 5.642
NLA 0.052 0.143 0.675 2.327 2.143 1.534 5.322 2.088 2.510
KV-Share PLT+MLP 0975 0.273 1.181 2.052 1.098 0.168 2914 2.112 1.985
NLA 0.004 0.019 0.118 0.290 0.149 0.122 1.167 0.277 0.305
G-SWA PLT+MLP  0.165 0.332 1.253 2.700 0.900 0.189 3.800 2.792 2.614
NLA 0.012 0.044 0.182 0.653 0.373 0.291 1.929 0.667 0.645

D Evaluation details

We use LM Evaluation Harness [Gao et al.,2023]] version 0.4.12 with identical batch composition
across models. All contexts are BOS-prepended to match pretraining.
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Table 7: Mean zero-shot accuracy (%) over the 11 tasks. Bold: best parallel construction within each
attention and loop-count cell. §: mean of four seeds. I: collapsed during training.

Attention Construction K =2 K=3 K=4
full attention ~ PLT 4314 43465 43748
PLT+MLP 42.86 44.24 43.89
NLA 44.01 43.93 44.17
PLT+LNLA 4348  40.27F 40941
Looped Transformer 43.72 44.28 44.95
KV-Share PLT 43.06 43.20 43.45
PLT+MLP 43.32 43.05 43.43
NLA 43.16 43.57 43.42
PLT+LNLA 42.76 43.25 39.12%
Looped Transformer 43.59 43.72 43.84
G-SWA PLT 42.90 43.33 43.40
PLT+MLP 43.49 43.19 43.24
NLA 43.39 44.34 44.27
PLT+LNLA 42.68 43.43 43.41

Looped Transformer 43.69 43.92 44.53

Table 8: KV-Share zero-shot accuracy (%) at X = 4. x: token-length-normalized loglikelihood.
Bold: best parallel construction per task. The PLT+Lxr,a run collapsed during training (Table[2)).

Task PLT +MLP NLA +Lnra Looped Transformer
ARC-Challenge 22.61 22.10 23.04 20.48 23.46
ARC-Easy 55.51 55.05 55.26 49.92 55.85
COPA 65.00 65.00 64.00 56.00 65.00
HellaSwag* 33.55 33.68 34.22 29.54 34.45
LAMBADA (OpenAl) 24.57 2443 25.52 17.08 26.12
LAMBADA (Standard) 18.55 17.87 18.57 13.60 17.17
OpenBookQA* 33.20 33.00 32.00 27.00 34.20
PIQA* 64.85 6431 6295 60.45 64.74
RACE 28.80 29.19 28.71 27.66 30.33
SciQ 81.20 80.80 81.70 75.80 82.60
WinoGrande 50.12 5233 51.62 52.80 48.30
Mean 43.45 4343 4342 39.12 43.84
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