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We propose an extension of the decoder Transformer that conditions its generative process
on random latent variables which are learned without supervision thanks to a variational
procedure. Experimental evaluations show that allowing such a conditioning translates into
substantial improvements on downstream tasks.
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Since their invention, the Transformer (Vaswani et al., 2017), and more specifically the
decoder-only Transformers used originally for the GPT series of models (Radford et al., 2018),
have become the core components of Al systems.
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It is remarkable that, after almost a decade, and in spite of improvements on many aspects of
this class of methods, the autoregressive modelling of Transformers remains essentially
unchallenged. We propose in this paper to revisit this key design aspect by allowing richer
and more natural density models to emerge:
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e We extend the auto-regressive model of the decoder Transformer by allowing the
conditioning on latent variables, thanks to a formulation as a conditional Variational
Autoencoder (§ 3.1).



e We propose an implementation that requires a very modest computational and memory
usage overhead (§ 3.2).
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The benefits of the proposed method are shown by training 1.5B and 8B models from scratch
and assessing performance on multiple downstream benchmarks (§ 4).
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Decoder Transformers are auto-regressive discrete density approximators. They model a
sequence of tokens S, ..., St by estimating the conditional distribution of each given those
preceding it. Sampling is done by generating one token after another, each time computing
the distribution of the next symbol given those generated so far.
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The only density modelling and sampling that such models implement is that of the
generated tokens. In particular, a decoder Transformer does not make additional latent
decisions about the stream of symbols to generate. Its only decisions are the choices of the
tokens themselves.
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Consider, for instance, that we train such a model to generate movie reviews and that we
want to have two clearly separated categories of negative and positive reviews. Given a large
enough model and the necessary amount of training data, there is no doubt that a decoder
Transformer trained on a dataset of that form would work perfectly and would generate
these two types of reviews. However, to do so, it would generate tokens one after another
and decide, based on the words generated so far, whether the review it is currently generating
is a positive or a negative one, and continue the process accordingly. In particular, the model
would not make the explicit decision to generate a negative or a positive review. It would
produce tokens, and this notion of a negative or positive review would be implicit in their
posterior probabilities.
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Due to the chain rule, any density can be modelled as autoregressive. However, in particular
when the "natural” structure involves conditioning on latent variables, the autoregressive
model of the signal may be a great deal more complex than the full joint model including the
latent.
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We can consider a simple example illustrating that point. Let Z ~ B(0.5) be a latent "coin
flip", and Xi, ..., X7 be equal to Z with independent flips of probability €. The X;s are
conditionally independent given Z,and we have P(Xyy =1 | Z=2)=ez+(1-€)(1—2) (1)
however, expressed as an auto-regressive model without Z, we get: P(Xg = 1 | X =

t t
B B (%)zi:l Xs(l—g)Hl—i-(%)ZS:l Xs€t+1
Xy ooy Xt = Xp) = — (2)
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We could easily come with worse examples when expressed autoregressively, for instance
when the latent variables are positions in the sequence, e.g. the index where a certain pattern
occurs as in the example of § 4.1. What we observe in such cases is that it requires running
estimates of probabilities ("probability that the target appears here") for which estimation
errors are unavoidable and problematic.
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The consequence is that a purely auto-regressive density model suffers potentially from

several drawbacks:

e Itrequires an unnecessarily complicated computation, and greater capacity, to implicitly
make post-hoc decisions or infer latent quantities from the generated tokens.

e It may be sent off track during the process if, by mistake, a few tokens generated are
erroneous, ambiguous or contradictory with those generated previously.

e Key concepts do not appear spontaneously due to the "natural" factorization of the
distribution, but are built post-hoc by necessity to fit the training samples better. This
may be a fundamental weakness when operating out of distribution.
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The main objective of the present work is to address these issues by providing the model with
the freedom of conditioning its auto-regressive process on latent random quantities that are
not imposed by the training examples. For instance, for the review generator example above,
the model could use a random Boolean value to decide once for all whether the tokens it
produces are from the distribution of negative or positive reviews, removing the need for a
complicated posterior estimate from the tokens already generated.
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Any latent random value Y, whatever its statistical dependency with the tokens S, ..., S; and
other latent Y}, ..., Y- sampled so far, can be expressed under reasonable assumptions as
f{Si,...., S, N, ..., Y1, ZY) where Z,is a value coming from a random generator. Hence, if
we provide the model with enough random values Z;, 4, ... sampled independently during
generation, a proper training procedure could in principle build families of latent variables
with arbitrary dependency structure, as long as the model's capacity allows it to encode f;.
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In the same way that the choice of a token during sampling can be expressed as a function of
a random value and the logits, any activation which is a function of a random value and other
activations can be interpreted as a decision made by the model during the generative
process. Such decisions make the latent activation non-deterministic functions of the tokens,
and observing the latter only gives a partial information about the former.
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Generating a full sequence from scratch with a model that depends on a random variable Z is
trivial: sample Z ~ P(Z) and then run the standard auto-regressive process, with the
computation of the logits modulated by Z.
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Training the model, however, is far more involved. Given a training sample S, the objective is
to maximize P(S) = | ,P(S | Z= 2)P(Z= 2)dz, (3) which can be estimated only if we can
get Zs consistent with S, which amounts to a complex inference problem if we want Z to
capture meaningful structural properties of the sequence.
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Providing those Zs is the role of the encoder of a Variational Autoencoder (Kingma and
Welling, 2013), whose main purpose is to sample from a "good" distribution Q(Z | S) so that
a sampled Z modulates the decoder in a way that leads it to generate S.
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o f#i02E (Decoder): —MEAEEBRZREN “CAR, MAMM—TMHMRIRZ (BLE L
), fFtREEH—IBE (£MXZE S).

o miBEE (Encoder): —MRMAFEHN “CARMLK. RAM—IBIANEZE (OI%XE S),
bR IR A X IEEAVZD “RER7 3¢ “REE” (HEETHMRA 2). XMHIEME
QAZI S

IR RIL ZARMIEREITEC NSRS

1. E—REE SATILRE,

2. THERIBGEMIANN “RE” 2

3. BN ‘R IRUBLEARK.

4. ZARRBEXA Z EFEIEF—IEE,

5. HMNFREZAKEBERNE, NEVAEREBGELT.

BERT LR MES], WER (JRiE2R) HRAMEEDMZIAR (#FE2E) RIERE(FLE
HERFE T IR T

[RSCERE

We follow this approach and optimize jointly the parameters of the decoder and the
parameters of a second model, which is an encoder in the VAE sense. Even though the noise Z
has no relation to S initially, if the training succeeds, the model will use it to structure the
generative process. In the example of a movie review generator of the previous section, for
instance, given a review from the training set, the encoder would implicitly classify it as
positive or negative, and generate a consistent Z. Increasing P(S | Z) with that Z could be
interpreted as improving the "negative review generator" or the "positive review generator"
that are implicitly encoded in the decoder's weights.



BITEEXMEZE, FREMURESRNSHNEZMRE (BIVAERX ENRIEESE) S, RE
IREZRISSKBERAXR, BNRIIGMT, BERERCKREMLERIE. flm, £L£—T
BRI ERMRENFH, LE—TRBIIGERNITIE, FEOBIEMRKHE LN IEESNHE,
HER—TM52—BWNZ, BXDZREM P(S | 2), SRR AESUHRIDEINE PRI HIDH
“GETEEREE B IEEITEEMEE

REERRR

X—BRERE TIARENMR. —HFiR, BTE Z R HERE, REEAEN. EEdL
RE “ZARK-AFIR Ik, BRESBRMETF ZNFARNERENE X, i, wERETEIK
EHHITILE, SFSRE(HMRBZIETEPNEMIERSE (tbil, HmH—MFER £ B8 £
M5%). ARE, RIESREEREIXMXEN 6, MEERZEE “AEmTeER” &, X
B, WA “TRE MF¥FRT “EE/MAE XMW, FRESEBEZE Z4E. IGIE2hs
“RE P(S| 2, LT LHMBERMITENRESXER Z /510, SMHEEN “FERE .
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A key element of this approach is to limit the amount of information flowing from the
encoder to the decoder through Z, so that the encoder does not provide quantities that
should be computed by the decoder. At the limit the encoder could copy entirely S into Z so
that a trivial decoder, useless without the encoder, hence in inference, would score perfectly
in training. The formal derivation of the VAE shows that the proper measure of information is
the Kullback-Leibler divergence between Q(Z | S) and P(Z2), and that the loss to minimize
should sum it with the reconstruction loss.

XM EN— N X EERERFIBEIZ NEEARMFERNEEE, MBS R M AN BARID
FITENE, TREERT, FESFTLUESTLEFRNZH, XtFE—FK, — M ENNFEE (5%
BREENERLTEXTHAL, REHENBER) TlGPSEITEND M. VAENERESE
BE, BEEEEMNBUIERE QZ | S)M P(2) ZEIMKLENE (Kullback-Leibler divergence) ,

FHEES/MUBIIR RN 28 5 EFHmREM,

RERR

XEVABIEHFHN—MZOER, BE— M ERIBWHILIT, #ifh “E2HI” (Information
Bottleneck), &—T, WIRAIHFILR (4Ri32s) _EH ‘R ZMEAERES, fiages
Y, NTILZAREREERRE, MRS —mikEFRNEIL, BRENE—MEE.
F—EMEBIERTR, ARIEXDELCRAEARAR, CARRBREN, HAEERE—E—FNE, B
X IEE RN EARARFEEFSEHENEE, MRE—NEEW. EXMFERY (EEME),
(TRERELITFILRE, URMETETEIFRNER, SRARMAAEERHET . A TEHIEXMIE
5, BIBITATFERIE—PMER: fIY “REX” £id Z X TIEE RS, FEEREEMEREN.
Fugrsg=t (tban, SAG—MREESSH P(2). KLBIEMEEEITIEREZHIFER
QZ | S) SRMNERMIFERN P(2) 2ZBESHNHFITE, Eit, 2HIIEBETF (RERE) #
BAEMED:

1. EWRL: EXZAREHNBEGERE



2. KLEERHR: EXTERNECLAESTENFEINER. XRESHEEHLIN. TERAT
UZARERER, ZMETEECEZENEZEER, SBKLEERX; A TEREKLEE,
X BAERER, RFRERZD. REEED. XMEENEERLSSEFIEIERN “WmR”
M BHET, MARERA "SR, MMmiLEEEFEIEIERERRE.

3.2 {RBILGH
[RSCERE

In what follows, we call "Transformer Block" the usual combination of a Multi-Head
Attention layer and a MLP-like tokenwise module, with normalisation layers and residual
connections.

ETXH, B11E “Transformert®&iR” (Transformer Block) #fAZLEFEHE (Multi-Head
Attention) FIZEMLPHIZIATTTIEIR (tokenwise module) MIEMAS, HEEIT—EMXREE
.

RERR

XB—IMAREBEN. fFEBRWHT “TransformertiiR” BIRMIIR, EBE TR MLOEM: ZKF
EAANG (ATERSRZEINXREK) MetiRaEmsg (MLP, sy MapyE R iTIRm

T), UR—EFEMMERRBEINFKIANENAS — P TEBITransformertZBigt 2 RITZXFRIIR
BB TR,

[RSCERE

As pictured on Figure 1 and 2, the Free Transformer is a standard decoder with a noise Z
injected in its middle layer. This allows to share half of the Transformer block with the
encoder, cutting down drastically the computational overhead by having a single Transformer
block that has to be computed specifically for the encoder. Hence, as we will see, this model
possesses all the components of a decoder Transformer and has an additional non-causal
block and two linear layers for the encoder. While we did not investigate what is the best
depth to inject Z, doing it too early would reduce the encoder's capacity, and doing it too late
would reduce the decoder's capacity to process the latent variables.

WE1FE2FR~, BETransformer@— MrENERESS, HREZFINTIEFPER, XESHED
AU SIS E—F M Transformert®iR, @it Rik— P TransformerfZ R E B FHIZEITR,

MMAIBELR T itEHFHE. Fit, ENFRITEEREIN, ZREBEREEZSETransformerfIFTEAH,
FHARBIZIEN T — M IMIIERRIERAFNEM R BEARITEERARININRERE, EF
AN EREXRERIDEZNEET], MIENEXRENEEAFLSRLIEETEMEES.

RERR

XEBIBRT Free TransformerZ2#igitiiz O In R, W2HEEBRT “RAHE BX#E, EHHNVAE
RE, RROes RO M NN, SEREANFTFTHEZM, MFree Transformerfyigit



Z “‘FtE” maE “BHE, TiLmmLasMfgEes ‘HE THIFIBIMNE. BERER, MAXEEL
mEs—F M TransformertZiR, SE— 1 FEIRR. AG:

o (REDBWERE. XPHERTREN—DEAN. NENRDRER, BTHIDETE 7,

o [RIGBME. XTHERTSRE ZERNEEHEME, ARKEREF—FMTransformer
RIR, LR,

XML EMBZ LAY RIBBFAFHFINSEMHEERRE ), RACHKIS “SE”

MG T RDER, FERRE T ENUERNNE: ENRKER, HD[EFANEERD,
AT OIS SEANR KRR, RS EBHNERECNFE ZHRNER. @EEHiEil
BER— M REMNHTF.
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For clarity, we omit in what follows the batch size in the tensor shapes. As a standard decoder
Transformer, the Free Transformer processes a sequence of tokens by first encoding them
with the embedding table into a tensor Xj of shape T x D. Then it evaluates sequentially the
first L/2 Transformer blocks to get X, of same shape, and at this point, it samples a
sequence of one-hot vectors Z= (7, ..., Zy) € {0, 1} €.

FEMEE, BEIETXHKEFRRPEEE THEAR) (batch size) . {EA—MRERRIDES
Transformer, BHTransformeri@d Bt ERERATR (embedding table) ETFHIwBH—
ek T x DEIskE X) RMBE, G, EIRFFEEET L2 P Transformert®iR, SRIEFERIR
B9 X, LB, ERE—MEH (one-hot) MEFFIZ=(Z,...,Z) € {0,1}77C,

RERZ

XEF iR SRR RN EFIIE,

1. 8N\ (Embedding): ¥MABIXZA (—HiAx) BFRERAITENEBERINERFTEA—
mE, SMATHENN— I EERE, XF, —MKEN THOFMERT— T x DivsE
P (SHrKE), Hp D BMEM%EE,

2. mRfEHE (FiER59) . XANERKOESR L2 BfTransformertiiR, S—BHaME#1T
INTHARER, BRIPEIRT X0

3. REZ. EREND R, BESAFRIIPNE—MIE (RFE—NEBLE Z XEN 42—

“TAMEE”, B—NMKERN (0 RE-ITREAIERBLAHONEE, FETUBERKE—
B CHETFAX, BEES M IESEEFEITHAER—1

[RSCERE

During generation, this is done by sampling, for each Z, an index c uniformly in {0, ..., C — 1},
and then encoding it as a one-hot vector of dimension C. During training or KV cache pre-
filling, Z has to be consistent with the tokens of S already fixed, and the sampling is done
with the encoder instead, as described in § 3.3.



TEERMEE, XREBEIAEDN 4 1E {0,..., C— 1} PHORE—IERS|c, REREBBALEERC
FRAEERTAR. EIIGKVEEFFURETME, Z80M5SHERERIEITHRIF—, IIRF
Rresmigasscik, 1FW§ 3.3,

REERRR

XEXDTRMERT Z89kIR:

o AR (HB) BN KRENTKERAHSENTEXSE, HAFE “SRtIF . Eit, c8#E
FEAtt, HMEE—NEBELEE Lo XMEERTHEEN, BYMREHITE DR EHHE

AN

— T

o g (EkFUETE) BR: WRRIEERENXE SEAFIME. RIEEHTESXE
XERLEHN Z, XTMTEMRETHRIZARIN FieR" —HiDss. RDBIREE
BXE, ARBNSMIBER— T REEN Lo
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This tensor Z is processed by a linear layer to obtain a tensor R of shape T x D. Then, the
L/2 + 1-th Transformer block gets as input for queries the tensor X, and as input for keys
and values the tensor X;, + R. The rest of the Transformer blocks are evaluated in sequence

to get X; which is processed by the read-out linear layer to obtain the logit tensor L of shape
T x V,where Vis the vocabulary size.

XNMKEZET—PMEEBRRIE, BEI—MERA T x DBKER, G, £ L2+14
Transformert&RiZUNKE X| » EREE (queries) BYRN, FHIBEWEKE X » + RERE (keys)
F{E (values) BYHIN. TR TransformertZRINFEME, BF X, EBETRHEAEELR
2, BRIk T < V MlogitikEL, HAPVEIRCRAN

34
it

%
Fiin
=

FE

XERTE JNASEFEERMENXBSRE, WE— M EEEENENAT,

L RESEIN Z (—1 T x CHoER) BRSI—MEME (TUEF— M ERNRERER)
T, TR PSEFEER X BRELERKE R (T > D).

2. Afa, EF L2+ 1 BRERONSIR, RET—II0AEE: &8 (Query) HAKRBRA
RYFRIEIRT X p, BEE (Key) FfE (Value) WZRT X;p + Ro XA “ME" RIERXIE
Ro EFEERMIERMEEHHET—E, MR REA— “SISARE” & “REW, X
JRIGRISCANRTT Xy BT T BEM. BARMN “NiE". (R ZHIE7T “GHEIEE", BAZE
MEN RIS X, POFMEIARERPAE “AE EXHEED—T. X, EEHN
TransformerfIREFITEERERN, MSBAMAMEXEISHEBERXNESR, HEL
ERHEREC. XE—MIEESHMRHNEREREANTI

3. AFmEE, SUERALEIRTH L2 MR, REEE— RHE" BEEANKRTE X
AP R A MARFUNEZR (logits) o

E25#5A



XiKEZFree TransformerZetpy “TIZHEE", LEELIEMFH, tBHENMNTEL, —FTTEERK
EEVIRER

1. N (S1:T-1): XAFFIHFNETR,

2. #RA\EB (Embeddings): Xa&s#&%itR T x D NRE%EE,

3. FREO2ERIZER4 (Decoder Causal Transformer Block x L/2): #UERZ a0 L/2 MREM.
EREIEBTransformertZiR, X 24miBIMEERIHZNIZ,

4, PEA. EMEAIE], BIERDE
o mESIIIRIE (BEIS, NEINLETHGE):

o BIEZHREE X, (EABKVFE, — M NIEIMEHEE EEREINQ), HREM
ANEI—MEER A Transformert&iR (Encoder Non-Causal Transformer Block)
AR BEHREETX—D, ATHNZ, REFUEREIZRMF, FIMNERS
I BIBR o

o ZIERMEHBLT—NEME (Encoder read-out FC), 1SEIEERN T x H 895,
o XMEHHIENZHFIIRST2E (Binary Mapper), RAXREFRIEBTE 7 FERRK
T x2M),
o [RIDIRIRZ:
o TEHIEN, /BR@EIHNIRIFRIN. FIEN, ZRERERER.
o 21— %ME (Post-sampler FC), BEI5IRAE R,

o 7TE L2+ 1MER (Decoder Causal Transformer Block) 1, FiER5B9%EH
Xip ERQ, T Xip + RYEAKV, LM TIEERRE,

5. RO E¥ IR (Decoder Causal Transformer Block x L/2-1): Bi&EHEERETITH
Transformert&iR,
6. Hith/E (Decoder read-out FC): RANRTHILR AT CRAIFUN logits,
EEEEia EFree Transformertbir & TransformerZ HRAAHE, EIIREIZGRERER, FitiE

EBREIMNTHILFE NS, FRELENETF (WBinary Mapper) RRENTEEINGHNSE, XD
RIHAI T RS T2,

3.3 {RbgRFNIKR KL
[RSCERE

As stated in the previous section, during training or KV cache pre-filling, the tensor Z is
sampled with the encoder. The Free Transformer possesses one Transformer block specific to
the encoder, which is non-causal, making the encoder as a whole non-causal. This is
necessary since the conditioning by the decoder may have long-range effects, requiring the
full sequence to be taken into account to get a proper conditional distribution of the latent.



R —TIFMA, TEIIZRECKVEFTURTEHAE, KEZERARIEEXRFR, BHTransformeri@E—1
TRATHRIBENTransformert®IR, ZERIRZIERREY, MTIER M RIDSEMNIERRN, XBHE
B, RNMEESENFHERATREEKIENN, FEZERBINFITRSATENERFHD
o

REERER

XEERRET RIDSFERN “IEER” (non-causal) Ftt. tENMRIESRE “BER” 89, BIEM
ML ™A, EReEEER (-1 M. BEBENESENENIFSEE— B4 Z, e
e B EIAFHER EMERRVFIAT, thin, EXE—MaFRIBER, MEBEERRTEM
iH. A, XNEARREESEERGIFTIRMZZEGRIRFRE], RFESEENFTITEER
o
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This encoder-specific block gets as input for the queries a trained token embedding &
replicated to match the sequence length, and for the keys and values the output of the first
half of the decoder's blocks. The motivation for using a learned constant input for the queries
instead of the standard representation of the input sequence is to prevent the encoder from
building a token-wise mapping and make it instead capture global properties of the
sequence that may be more transferable across tasks and data-sets.

XIS E SRR — N ERINEETHRA § (EFUREFTIKE) EAZTENEN, HiE
e RS R AT B D ARREV R E A RAER N ER—TAZEINEEFATRRN, MARE
FRAMAFTIRRERT, HipHEl ERIEEZILFRTHRG, MElRErHeF7INeRE
%, XEBERIEEARESNEEEZEERA IS,

REERER

EXE—TIFERUYINLIHER. EINERERONGEF, Q. K VEEEHRERETRE—MiEN. BEX
B, RFEBNQE—MFHMN. AFINEERE { XBKERDREE RiA N, RINEEE—
P~ “2RERRRE, b BELE—TXNFIINBEENBRZTA? 7 3E "XTFIINZOER
=HA? 7. EARAEER “FMERHARR? 7o XMiIgITRIBHRILESE AR INERRENFTIN
“ERENE", MARBAXNBEHATRIZRERTI . XEFIRELTEZEGARARERERH.
RIS, MMERRBESHERRZHET.
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A linear readout computes from the encoder block's output a vector of dimension H = 16 for
every token.

—MEMIRH R MRS SRR R RS MATITE— M EER H = 16 B E,
RERR

RISBEROERERGE, —MEENAMESRERBLERAN— M EENIRE. XTHEER
ENT—HERBLEE 7 E,



B IME R 2094R
Bkl iR EMRID2E TransformerfIFTREIE

N kA W e

FORWARD (tokens) : EEXEKIEK, HNAATFE,

x < embeddings (tokens) : ¥§iBTTHIRANEE,
forn=1,..., B do : fEIFBXR (BAEEE).

x « blocks[n] (in=x) : FXKIRIENE M TransformertZiR,
end for : £5R1ER

logits < linear readout (RMS norm(x)) : I ER AT I — (LALLM TR, ?E'fﬁlﬁ‘ﬁ;ﬂ!ﬂlogltso

return logits :i&lﬁllogitso XE—NEE, KMERRE.

B3%2: BHTransformerfFiREE

T e T e T e T s T S = S =
© N o 0k~ L DN REO

19.

© 0o N o 0 bk W b=

FORWARD (tokens) : RE S ERI%H,

x < embeddings (tokens) : iATCEE AR,

forn = 1,..., B/2 do : REFAIB/2/R,

x < blocks[n] (in=x) : FIEMEFIHE0 7 LK,
end for : BIFEPILER,

if train or prefill then ¥UI¥E%§?§§II2§*§E€O

y < encoder block(in g = zeta, in kv = x) QD%%‘UH%:\, M BCE RIS 2SR IR (zetaEﬂS\xiS)o

0 < encoder linear readout (RMS norm(y)) : {SEI4mEI285aH.
z < binary mapper (o) : i3 IR EERAIF 2,

else : MIRBEMIET.

z < one hot (uniform sampler()) : FEANISI R,

end if : ERILFIMTLER,

r < linear post sampler(z) : ¥§zZ#A5|RAEET

x < blocks(in g=x, in kv=xtr) : TEFREIERIErHxFS.

for n = B/2+2, ..., B do : fEIFEFERIHIE.

x < blocks[n] (in=x) : BHEREZEFH B L,

end for : £5R1ER

logits < linear readout (RMS norm(x)) : fFEIERZlogits.

return logits 1iR[El, FR2EMMETR T EMNEFELAEN “DE-ME" Tig,

ERIRIURIE R
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These components are interpreted as logits of individual bit, used to sample a value in

{0, ..., 2" — 1} which is encoded into a one-hot vector of dimension 2/ = 65, 536, with
gradient pass-through, as described in § 3.4. Hence, the random embedding Z is a sequence
of T one-hot vectors Z; of dimension 2. The prior distribution used for generation is uniform
P(Z;=2)=1/2",and Q(Z | S= s)is the distribution corresponding to the sampling with
the encoder described above.

XLy BIHRREN BA N logits, BFE {0,...,27 — 1} AR —NME, ZERFDALE
2M = 65,536 HyIRIEE, FEAREES, WS 34FTR, FElt, FHBAZE— AT MEER
2N ppkina g Z AT, BTFAERNERAERYESHE P(ZLi=2)=12", @

QZ | §=5) B5 LRERRIBIRREHEN RS,

REERRR

X BT IEMIEN H = 16 AHNMEBLEMRLRETE 7, RETEEM65536 METHE—1

(XTEHELRELE), MEBILEI@MI6MRIZN “B/F" AR (THESMI). X161 #FIMI
HERK, PATLIRTMORI65535MER—T T, &L, XN FWILIR—1655364EH7IRM
AE, (FABEE Lo TEER, HIMRIZEX65536MEIREMEEHEMEN (90K KRDT). EIILK
B, RADRAHIMESS QZ | S) MREX 16D Z#HHIGIHIBRRRE,

[RSCERE

The KL divergence is then equal to Dx (Q(Z: | Si,...,S7) | | P(Z)=H log2+

Zizl QZ=2z! S)log QZ=z| S). (4) We control it by adding it to the loss, and prevent
its collapse by using a token-wise free bits method (Kingma et al., 2016). This means that we
sum the KL divergence of individual Z; that are above a threshold and ignore the others. This
leads us to use for training loss the sum of the standard cross-entropy and the following
quantity + X trzl max0, Dk (Q(Z: | Si,...,S7) | | P(Zp)— K) (5) where the threshold Kis
an hyperparameter.

BAKLBESTF Dk (QZ: | S1,....SD) | | P(Z))=H log2+ Zizl QZ=

z| Slog QZ=z| S). (4) BIVESISEMNRERBRESHE, HEMFATH SRS
(free bits) 753% (Kingma et al., 2016) SRBALEEING, XEGERITR LB RENEDN Z
BIKLERRESRA, MIRBSEAMAT. XEHRAEIGIER MIRE RS AR AR UH S LT BA A
L5 max©, Dk (QZe | iy, ST | | P(20) - ) (5) ERiE k2— MBS

RERR

XEFMGA T HRRBAILT, FRMNEREKLEE. ARNE)ZRHEKLBENERAN, Hik
BRI DHE, ERUEEABITEI. &ORAIN(5)5IANE "Bl (free bits) #I5, &l
EIAHRE, KLEER N TGS “F%7, [Le—" “ERMM°, BRI MIINKE, H
BEARINRT Z—FFND—F", TRETMEREBETEZ, tKLBE—EHN0, XMIBHT
7 “IE%IR" (posterior collapse) , BRELRWWE T —MRERBLIRE, “BHEE &2
GRIESHE—T “BREIE" K ANG)HIENE:



o RER (4Z2R) FANEEE (KLEE) ZEBIME K, EMAETITR.

o HBELUMEANGEEEBUH TR, RAEBLEIMESHMRERETR XNER
maxo, ...) #fE, MAMBMTEREE “BFH XITEENEESHTE, NMEXKERT FiH
1y, WRALEZREIEMAIBER, BSEK KHIK/N, SURETERMNAFREES METH
“REtR” REESZOENGER.

3.4 ZiE IR ER
FRCENE

The last linear layer of the encoder computes for every index t of the sequence being

processed a vector Lt = (Lt 1, ..., Ley) € R, whose components are interpreted as the

logits of individual bits of a binary encoding. The Binary Mapper samples those bits

Bt1, ..., Bty independentely with P(Btp = 1) = H—el,q (6) and outputs a one-hot vector Y;
1 ifd=1+2} 2By,

of dimension 2" corresponding to the resulting value: Yid = {O otherwise

(7)

RIRNRE— MR NEERMENFFINEN S I6tE— B8 L= (Ley, ..., Ley) € RY,

HoSW@ERN Z#EImILDH AP bFMlogits, Z#E|IRET2E (Binary Mapper) 1RIBIAT ATV
SORAEXLELSF By g, ..., Bey: P(Bep=1)= 1+e+%h (6) HimE— P EER 27 A E V;
ifd=1+ Z;/:l Zh_lBh,t .

1
) N ,\\ a:E__Egég/\Eﬂl \ : f— 1
X BEINE: Vid {O otherwise. @)

RERE
X— B RBATIVAT, BT MRS MR,
L HIBSME— LGRS L XIEMHT, S BRE—D TSI W
(logits)s —MAMEREREX MIBATERL, — ARG IAEHRERTER0,
2. AF(6)RSigmoidEE, THXA U RIERHIE— O 12 EHEE,
3. WAMRIEXMEE, H16 MRS — BRI HREN R — O 1AE,
4. RRMBELATHAMIBER— R @I, 10,0 AERK2Y), AEHX RIS
M— P 655364MIRAIE. XHERAWHETE Z, (X2A V&)
FEE

During training, the computation also propagates the gradient of the probabilities of the 2/
values. If U(d) = (U;(d), ..., Un(d)) € {0,1}" is the binary encoding of d, and we define G;
as Grg = P(Br= U(d— 1)) = exp(X , log P(B:p = Up(d—1)))= exp(Z (1 — Up(d-
1)log(1 - T;Lﬁ_h) + Up(d- 1)/0g(1+—6.1,%—h)) then the Binary Mapper outputs Y; g+ Grg —
detach(G; 4), (8) where detach(x) = xand Jgetach(X) = 0.



TIGRERIE), HESIRESEEX 27 MEmBERE, R U(d) = (U,(d), ..., Uy(d) €

{0, 111 2dm #4459, IV G EXH Grg = P(Br= U(d-1)) =

exp(X p, log P(Beh = Un(d— 1)) = exp( (1 — Up(d— 1)log(l — —Lr—)+ Up(d -
1)/0g(1+—6,14t,—h)) BRAZHEIBRET BRI Vg + Gy — detach(Ge g), (8) Bh detach(x) = x 3
BEBAELIERE Jgetach(X) = 0.

RERRIR

XD BENFEPRARAENMT, ERRT —MBERMEIIGHINSEES . WEHLLEE
B —MRENREFRE, BE, MENRER— B, TEMOMIRE, BEERIXERM
T, SEINTERREEERIGRFZANNEE, XBERT —MRNAN “Bdfhitss
(Straight-Through Estimator) B9#15, AT(8)MEXZ:

o IERIEIFEIEN, BRITERBTRE, SE— EHNHRAEE V.
o ERMEEEN, Bi EE X MRERTEN. BITHEEES N ERRNEE G, RS
HREESRIRE, Rl Gy WHE, FEINENNE. Vg - detach(Gyq) X—5iH

R FIMEENERBHR0KL, ML Grg X—TNERMEENRHRT & “F8° 8%
BB, XR—MIRELR "R, EXMIIACIFEER.
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The motivation for using a binary encoding instead of having the encoder output 2H logits
directly is to facilitate the gradient pass-through thanks to the monotonicity of the sigmoid.

BRI, MARIHRBREEESL 27 Mogits, EzhHEF Msigmoid REKHI SRR
EIEE HIE,

RERR

&, (FEBBRT NTABRRMMER Z#HERD, MARILHRmIREZETN65536 K5 FE K
ARIER, EAFN16-MRIIAI HFIL, S MIRREH— 1 RIESigmoidREkizHl, XfE
SHETEEMREME R, BELE655361K3E5IN—1EARNSoftmaxzE, HEETHEE
REZ. XBXAEMTIZHEETIELU ERTRBRE,

4, LI
BECERE

We first test the qualitative behavior of the Free Transformer on a synthetic task in § 4.1, then
compare it on multiple benchmarks to baselines with 1.5B and 8B parameters models for
various KL divergence thresholds in § 4.4, and finally assess the performance gain of a 8B
parameter model trained on 1T tokensin § 4.5.

BATELE S 41— el ES LM BB TransformerfESITH, REES 44%, EEZINE
HEERHES15{ZM80ZSHMB LR B TEARKLEERE THITIR, &RETES 4.5 E—1EL



Bz (1T) 355 EIRI80{z SRR R At
RERER

X—ER SR D HVREAE, (FERNKRIRITIFEERE, BEREH!

1. EtE “‘BrA” EH: HhE—1TE2RITN. SMEMNERMES EHTIH. XMEERIT
RUSEREMIRRIIE—MIEER, BRREVMHRIAMRERSENERBRAMNSENAT
F, BENFIRBTEZRRILDIHIESEN,

2. BEMERE: AREESE. EXN “THES" 7, SERERTENERE (B #17
FmELbER. RREBETRMERNERERT (1.5BM8B), HARRTAEMN “EEME" k (KL
HEEE) KR,

3. KMMRISIESENE: &5, BEREENINRENAIIEARMERINLSR (1T tokens) , LAIIEZ
HERERERER RNV ADR TRERIEN T Bit.

4.1 SRERIES
[RSCERE

To confirm that the Free Transformer indeed utilizes Z to condition its generative process, we
designed a synthetic dataset and trained a small Free Transformer with different free-bits

thresholds. Doing so allows to observe what aspects of the modeling are packed by the
encoderin Z.

AT AB@ETransformerfALFBZ AT EEMIRE, (Nt T —TESREBIES, FRARRER
BHEEREINSG T — MR BRTransformer, XM E] LU IR R RT3 BRI L S
EFTEH T 725,

RERR

XK BRVIFERRR: M— “BEKR” BRI, MRERNE, SEERIRTER
BEEZMEENN, ERMARZRISEMEER? Bdizh “EEME" Xy, MITeIG&ET
@I1—8, MREFERBEEXNNREN, BRESMEAENREMES,

[RSCERE

Each sequence in our synthetic training set is generated as follows:

n n
p—

e start with a string of 64 underscores

e pick an upper case letter and a position in the sequence at random, and replace the
underscores there with a "target” made of the selected letter repeated 8 times,

e replace any character with an exclamation mark with probability 1/16

e concatenate a prompt made of the target's letter followed by a ">".

BAIERIGERIE T FIIRIN T A TUER:
o UD—1H64TTYIZ “_" ARNFFHEAR,



o MENMEE—NAETFEN—TFIPHUE, ARRBEZFEESSRARN “Bin SHRBE
BV T Xk,

o L I/16 R FBERMFRERANENS,

o EE—HBEFFHN— 7 HARRTRMN.

B34k

XEKERR T B BRI M Fo BRI LU E B SRR RS

e BR!: RENTXZ

e HBin: T THEAUIELI. BE—MFE (UK, C, X) EESRWEHNFTH,
o IERE: MENBHMBIENS !,

o ®E: EFYIFR B vt HNEIBRHEHEREIRERNEFRFEEM 40

’

XM EIEEIRITSIEELY, ANEEaTARERYN. FRREXFINEMER:
1. BEE. BRXBNER. BArFHREINUE,

2. REER: BNEE (BXS) HUENHE.

3. BYMSR: BfNF84s (BERTHAL).

RENESHERERT (W © ), MEBIATFENFY. — MR ER AR ERLE
FRBYUE R,
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We trained a Free Transformer on this data for four different values of the free bits threshold kK
, and generated with the same random prompt three groups of sequences with each model,
as pictured in Figure 4. For each model, in the blue group, the noise Z is sampled
independently for each sequence, whereas we sampled one Z only for each of the green
groups, used to generate all its sequences.

BN B N UM AR B R ELFEE Ki)IZ4T BB Transformer, FASMER! LAEREIRIE
MIRTERT =AY, B4R, W FEMER, FEGAEAR, BEZENESNFIIIHILRE
89, MEFREAP, HNNRASTARE—Z, HRERERZAFFIERT,

RERR

XEBH LIS E S IRAREI44E R E,

o WEGIE: SXRERTBE— 1. BEVIINZ, XIEMN TIREIEREFERAR.

o ZBIE: BEMERRFIELR, HEAR—TEENZ, XB—MZETENLE, REBER
NFFERYIEENTERIESEN—HY (CbINBEREHER—MIE), ABFisRE SR
T) iZ/I\—ﬁE"JHE, E%w?ﬁﬁgﬁmﬁ\lﬁliﬂ'ﬂzgﬁﬂgﬁﬂo

B4R 5 53 th



XKERARKRAIZOER, EREMBTR TIRERN “B4” I8, LR1Z 2!

ELfa: k= log(2)/64 (1/64 bit)

e KR EEMEMK. TiCERREELIRFEE, BAEMMNESIH, BfF (TTTTTTTT)
HIMM BN, REERNFYZE&E T M,

o £ip: HUEEFE/LFANETH, BERSLEFERETEZ, SRR T —MuENEREYT
RE, SREMESBGRRE “WMiER", TERYBIFNAE.,

HLf: k= log(2)/8 (1/8 bit)

o WM& EEMEAMMEM. BEEES, BRMUERASHENN. EXREROIE: 55—
MEEAEFR, FRENBR (JJJJJJJ)) BMEMET FFINHFL; #E_NEEBIESR, G
AB+r (FFFFFFFF) #EIMET F5MHiE, A, SNF5HMgE (BNS) &N
SAEREHEY,

o 450 XBEMMRE, YET —RAGENERE, BRI TREENEE: BETEZR
RIDEIRHIGIE. ANNUBEEENTENEBNFIIRERXEN, EEERBN “NE”

ABIZgENAIE.,
o« KETf: k= l0g(2)(1bit)

e IR EEMERE. WE, MUEZBENETHUEZEER, ERE (BIXS) 8l

BEHESTE—HT,

o Hig: ATEZNEEME, RERNAZEETEMMNAE, FIERYIEENUENRZER

W—HEETHE, L, ZVFEETER—THERIIFIENRE ‘A% B8
o AT k=8log(2) (8 bits)
o N&: FEEMEISE. BELEMNABHALIMEIRAEE,

o it XXMM THMNZANVIER “EE” B, BESMEITEMEY, HiGHETRIXE
RENFIINRGER (BFERTE4RE) MEEHRZE, SERERETRE “WE, 18

HOe#HTEMBERN. XK T VAERYIIZRTFE, SEIERETRE.

ZHRE X NSRRI E IHIERT
1. Free TransformerffaSZgEfsH B BT 2 Z K mSFITHIE M IZN 2 BLE,

2. BEGHBZNRIE—M “S8” NRLEEHF: E2MNAFEBHESKREENER (i
B), HXFARREBER (EF), XAEWT BRI RENEWIL,

3. "HARY HE KE—TXEBHBESH, ERERFAET. XNWZERER, KANERE
R, mEESIEMRE.

4.2 B4R5E1
[EERE

For assessing performance on standard benchmarks we used decoder-only Transformers
implemented in the same Meta FAIR Transformer codebase as the one used by Copet et al.
(2025) for the Computational World Model. Those are well optimized models using the



SwiGLU non-linearity (Shazeer, 2020), pre-normalization with RMSNorm (Zhang et al., 2019),
Rotary Positional Embedding (ROPE, Su et al. 2021), and Group Query Attention (GQA, Ainslie
et al. 2023). The vocabulary size is 2!7 = 130k.

AT EERE BT EMRE, FOMER T 4ifE S8 TransformerfENELL, XLEHEEIEMeta FAIR
TransformerfXA3ERLHL, S5CopetFEA (2025) BFitBEHFIREIDERER. XEEEER
SFRILBIRREY, AT SWIGLUIELMBUEREL (Shazeer, 2020) . EFARMSNormByF)3—1&
(Zhangetal., 2019). Fei&fuE#R N (ROPE, Su et al.2021) FMOEEMFES (GQA, Ainslie
etal.2023), JACERANA 27 = 130k,

RERRR

X—EREX T RIAY FEHIE", AT IERRFZRMRIEN, SIUFES SRiRAHNITESRETT
AT, EEERIIET —RIEARARIE (SwiGLU, RMSNorm, RoPE, GQA) , {RRREIEMEEA]
MEGAT, AFBAEXLEAELRWESERRNIESREN IRl A FERIBMIIER
MESIRERE "“@IRIFMAN”, XEEE, RANCKRBAEMIEERREABIRENELIEE K,
R AR S HSEER.
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We used two sizes of models:

e A 1.5B model, with 28 layers, weight tying between the embeddings and the logit
readout, model dimension 1536, 12 query heads, and 2 key-value heads. It is trained with
47B tokens, which requires 32 H100s for = 12 hours.

e A 8B model with the structure of a Llama-3, which is 32 layers, model dimension 4096, 32
query heads, and 8 key-value heads. It is trained with 200B tokens which requires 256
H100s for = 24 hours, or with 1T tokens, which takes 5 days.

BAMER T MR RIIREL:

e —11512 (1.5B) ZHBIEE, B28E, BNEMlogitiLENEHNE, HERHERE1536, 12
NEIFK, 2MRESR. BRA4701Z2 (47B) E7m# TIIgR, FE321H100 GPUIIZRL912/)
B,

e —N801Z (8B) BEMVIEER!, HEMELlama-3%M, B32E, EEIHE4096, 327 Eik,
8 N(EL, ©A20001Z (200B) Ialyci#iTilllgR, FTE2561NH100 GPUIIZRL24/M\6Y; & B
171z (AT) jE5Tilgk, 3FERS5X,

RERR

XEIFAYIE T RIEFTAREH B ASHAINGRAE. ZNNBETR T HRAEMRN, BiuEf
MREEMKLERME T HVENEE, 1.5BMSBRIEFAFRMXPIFERITHEERYT, BETHEF
FRARRESEE, YIZRAAIEE (5190256 1NH100 GPUIJIZR24/\BY) B EXRIAIR T IALAKAE
BfiRpE S ik,

[RSCERE



We compare those baselines to the equivalent Free Transformers, which require one
additional layer for the encoder during training and KV cache pre-filling, resulting in a
compute and memory overhead of 1/28 = 3.6% for the 1.5B and 1/32 = 3.1% for the 8B.

BT XERLSEFR B M Transformer#t{TLLIR, BFEEIGHKVEFTIRTN EEZ N RIT5E
M—TESNE, SELSBREFITENAFAHIEM 1/28 = 3.6%, 8BIRAUENM 1/32 = 3.1%:

RERRR
XEXFree TransformerXENE2IHAE, WA —MZOES, EMNAESMNEASIER /)N Xt

F—132EBMRE, QBT —EETATRIESENER, FHARLOE3%, XEWE, 7 LA
R, REBERNERMERA . XEFZERATEE W EMFA_EEIRERS] I,

4.3 igEMESH
RS ERE
We kept our findings as clear as possible by avoiding other sources of performance

improvement:

e We stuck to the baseline architecture, optimizer, and learning rate schedule that were
used to train the baselines in FAIR's framework, and did not optimize any
hyperparameter for our setup.

e We avoided any recipes for the VAE components, such as removing sampling in inference.
We followed the formal expressions rigorously.

e We fixed H to 16 so that the dimension of Z; was comparable to the vocabulary size of
217,
BB R I aRIR A RIR, RPTRERIFI T4 RAVEM4E :

o BAEFRERFAIRERFTATINGELRZEM. KASRNFEIREREE, HFELKENKNNRE
RAERIES .

o  FMERTIEMIVAERMR “MW75”, GIIIEHERBIEFERE, K BER T ETNBERZF
FIETo

o BAVMGHEIEHN16, 18 Z MES 217 poimiCRA/NEG T,

i

R ERRIR
X—ERIL T FERRIF M, (FEATHERILENATEMERAENE, b7 UTEE:

1. FEMERMR: 11 E IFree Transformer “F/t”, MEER T AELKIREUE OIARKIFH
FRgillstk, XEKE, MNRFree TransformerRIMEF, e BHEMEAGNINS, M
ARRANEERT BEFMIIEFE, XEFSEREMS AGR.

2. BFIEIC: tITSEFERA—LEARESIEFERERZIEICKIEN “2REY & “GAR", M2
PRSI RVAER R RIERSC IR EY,



3. BEGERMNSIEMRE: MIBET ItA%EH=16, MLETETENEE (2'°) 5K
A V) ER—IMER L, XE—NEENIGHER,

2874 2} 2

We stress that the optimization hyperparameters were highly tuned for the baselines, and it is
probable that a combination of an encoder and a decoder has specific requirements that
would greatly benefit from an adapted training procedure.

A58, MWEBSRRNELRESERNE, M— T RwEEMEERNASRAIREENERN
TR, MRXBESZHENMIGERF, AJRSREERIW D,

RERRR

XEEEIFFEHMNBENRS. MMNFFER: “HIMEE—T TARF HLEEPRRMDN. G
IZRgERRANTF (BEIRE) E5FEMAY. BIENL, HNFRELZRINGERK. MR

REE AL THFEATRFree Transformergit—ERMAINIE AR, ENEREBNIRZER.” XX
{XIG58 T HRIEERMGAR S, BARKARIERT HE,

4.4 RERMEER

[RSCERE

We ran a series of experiments to assess the general behavior of the Free Transformer, and to
calibrate the Kthreshold. For any value of K, the cross-entropy goes down regularly during
training, with no more instability and spikes than what happens with the baselines. The KL
divergence rapidly goes under Kand stays there.

A&7 T —RYIEEFHEBBTransformerf 2817, HRUE KIBIE. X FEMR KB, X
BENGIREPHRE T, HAREEMRIEFLLELRE S, KLBESDE FEE KUUTH
RIFTEIZIKTF

RERRR

XXM IZIBE ERER, EREHA, SINVAEEIHSHILIGIEZETEERERRIRE, KL
AEBMIE—E "BHEE REXER. XRE—TMRRES, RAFMERER “JIR”
B9, ST ill%kR.

[RSCENE

When we compare the cross-entropies for various K, they go down when Kincreases as
expected, but the values remain extremely close, with a difference of the order of 0.01 for a
cross-entropy of = 2 for the 1.5B and = 1.8 for the 8B.

SERACRARE KETRIRZXERY, [EMFAERRIARE, FEE KRG, IXBZ T, BEXEE(])
AR, WFLSBIRAEL MR X EM8BIEAL 1.8 XN, ERNTE0.01MER,

REERER



XX B HERBIUN T—EERIERER, ERREr. XENTR—TEEIKR: B
“BEME” K ( RITZIEFESER) WSSEIMRE B tiNSIIGSE CIERR) , BXHR
FHEHEERUN KRB, NEMSIIGEEXNER, BREFRNEPER. EENRBEFEE
EFE RN TEESPERE,
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For both sizes of models, setting k= 4 [0g 2, corresponding to 4 bits of information per
token, resulted in a collapse of the cross-entropy, indicating that the encoder found a way to
channel fully the tokens to predict, and resulting in a collapse of performance on the
downstream tasks. It is noteworthy that the baseline 8B model reaches during training a
cross-entropy of 1.8 = 2.59 [0g(2), hence may explain why allowing 2 bits does not collapse,
while allowing 4 bits does.

SHFRARTHER, Y88 k=4 log2 (MEESMATALLRHER) BY, MESHT X UEHER
B, XRPARILSEIE T MG AR T2 EEETNRIET, MAMSET THESIEEENER. &
FEENRE, BEL4SBERMEIIGRRIINZEN 1.8 =2.59 l0g(2), XHIFAIUBRERTARYF
LEFE R A ZARR, MATFALERERNZ,

REABE

XIIE T BASERHHNE: 35 “EEME aRRRE “FE", & KiRENALLEE, HiD
A EBHNHER T —MANERER “HE" LMFEE, SBRETIIGE LRMATE IXB
AR , BTESRPMESH—RKORH, RANERBFEEREERNERRE]. (FEEBNERE, —
MERBEMNEZETERAANEEE, WFSHBESNTNEEN (HESKRZIXBEI) BX.
SBIRBIAIFINAHE M ARLIZ2.50Ls, FrilsEBIX MENEEMEMAIEESHR “ERIH”
MR, XR—NRZINVNE, BRTRERE. MNENIMETEESEZENAEERR,

[RSCERE

The performance on downstream tasks are given in Table 1 for the 1.5B models, and Table 2
for the 8B models, both for four different values of kK corresponding to 1/2 to 2 bits of
information per token. Graphs of performance during training are given in Appendix C in
Figures 5 and 6. We observe a substantial increase of performance on HumanEval+, MBPP,
and GSM8K which are arguably the benchmarks requiring some form of reasoning, and there
also is a clear improvement for the 8B model with 1/2 bit of KL divergence on MMLU and
CSQA, which are multi-choice questions.

1.5BIREYTE TiFESS LRV REANRIFAR, 8BIREIMIEREINZR2FATR, MEEH MM AREN KB
(MNEMETL2ZR2EENER) . Y IEFRIIEREER M RCRIESHMES, FHITMERE, 7%
HumanEval+. MBPPFIGSM8KXLERILI BEEM TUHEIENEE L, MR EERHA; [,
X F8BIRE, FEEAL2LSKLENERIZRE T, EMMLUFMCSQAXM N ZHUAEEAE FthHRE
B,

RERRIR



XERWERNZOHEE, UEeXmE IR, FEAIM, Free TransformerfILEHIEFLY
DHEMEES L, MEEFEFEERIERINES L, EfEiE:

e {XEBER (HumanEval+, MBPP): RERIBEE™ZIZEHIENNIERF SN EEKIBE,

o HEFMAR (GSM8K): R FRMFETEMBEMN. ST BEAPHEIRESR,

o, FE—EEEMOMEIRNEEES (MMLU, CSQA) t, MERtBRIMEME, XNEMS
EMNZaNBELHSTERES, BTEZWEN “IREITR H “GEAN A6, WTFRLEFTESE
Wb, ZFBBENES KR, NMERK. FFEEMN. ZIZ2ENES, XM “FTREML” ~T8Em
FHBALEET, XK, Free Transformer™MUXEiRA TIREMNMEE, BRU—MBEHITENS
N, R TR “WIE 8BS,

&1: 1.5BIZE! (47BiFi) f%&k

x BN e Free Free Free Free
1l Transformer Transformer Transformer Transforme
(1/4 bit) (1/2 bit) (1 bit) (2 bits)
& human_eval_plus 0.055 0.079 0.085 0.085 0.079
57 (pass@1) (+44.44%) (+55.56%) (+55.56%) (+44.44%)
S8
=«
5
5
2
mbpp (pass@1) 0.112 0.144 0.148 0.152 0.122
(+28.57%) (+32.14%) (+35.71%) (+8.93%)
gsm8k (em) 0.025 0.028 0.027 0.033 0.027
(+12.12%) (+6.06%) (+30.30%) (+6.06%)
2 mmlu 0.252  0.265 0.261 0.254 0.257
i%- (macro_avg/acc_char) (+5.31%) (+3.76%) (+1.07%) (+2.19%)
i)
B
1]
iR/
=
A
csqa (acc_char) 0.199 0.199 0.187 0.197 0.175
(+0.00%) (-6.17%) (-0.82%) (-11.93%)
hellaswag (acc_char) 0.593 0.591 0.594 0.592 0.595
(-0.40%) (+0.15%) (-0.27%) (+0.32%)
winogrande (acc_char) 0.603  0.604 0.598 0.600 0.597
(+0.13%) (-0.79%) (-0.52%) (-1.05%)
obga 0.446  0.450 0.468 0.460 0.490
(acc_completion) (+0.90%) (+4.93%) (+3.14%) (+9.87%)



el S

B MW

& x

BN Heg Free Free Free Free
Transformer Transformer Transformer Transforme
(1/4 bit) (1/2 bit) (1 bit) (2 bits)
arc_challenge 0.400 0.392 0.386 0.405 0.385
(acc_completion) (-1.93%) (-3.43%) (+1.29%) (-3.65%)
arc_easy 0.596 0.602 0.592 0.603 0.592
(acc_completion) (+0.92%) (-0.64%) (+1.06%) (-0.71%)
piqga (acc_char) 0.734 0.736 0.738 0.734 0.733
(+0.22%) (+0.52%) (+0.07%) (-0.15%)
race.high (acc_char) 0.390 0.382 0.390 0.387 0.386
(-2.20%) (+0.00%) (-0.81%) (-1.03%)
race.middle (acc_char) 0.532 0.511 0.519 0.522 0.514
(-3.93%) (-2.49%) (-1.83%) (-3.40%)
boolq 0.583 0.632 0.614 0.648 0.620
(acc_completion) (+8.39%) (+5.35%) (+11.12%) (+6.29%)
ng (em) 0.081 0.069 0.073 0.075 0.071
(-15.36%) (-9.56%) (-7.17%) (-11.95%)
tga (em) 0.205 0.191 0.190 0.200 0.197
(-6.93%) (-7.58%) (-2.84%) (-4.13%)

R XKRBOBIEFEEER, E1BXMHSMERIIEE E:

WIEEEHIBIE . ERBMBFEES L, Free TransformerBYE TIEABIEF. HumanEval+ig
F#Bi355%, MBPPIZF#BiE35%, GSMSKIRFHEBIT30%, XLEERZINILNAT. EAXRAIIERE
X, TERRAREENS EZIRAERR,

HRREERA: EMMLUMOBQAEEZEEMIRMMIBLESMES L, BRI T AEMNIERUL
EMESTENE TE: F—Ei0#IE (Hellaswag, Winogrande) FIXZ<I2f# (RACE) fE
£, MEERKAIFT, ME—EABISHELTHEAES (NQ,TQA) L, HEEEERFT
B%o

R{ES\kappa$lE: FRENESMFERIFARN “SEME", BIMERE, 1/2Eb5FE 1M
T 2— ML EBEANXIE,



ZHIFR XL R IEMHIELS T Free Transformerfy

“ENER BRI EETEILRENE

B, WFHREZE. MNNSTERBENMES, BREZRMEN "£/AN" IR TREMNE
o MY FAREEMEFMXAFERMER—MNILFERIES (BLUINQRY “. . HIEERZEM
£?7), XMeRMXIENNMEARKR, BEEAJERENSINTFIRENIET~EFH.

#2: 8BIRE! (200BidyT) 148E

el S

o 2 3w H W

iR/

Fk

A
0
n

EAEN

human_eval_plus
(pass@1)

mbpp (pass@1)

gsm8k (em)

mmlu
(macro_avg/acc_char)

csqa (acc_char)

hellaswag (acc_char)

winogrande (acc_char)

obga

(acc_completion)

arc_challenge
(acc_completion)

arc_easy
(acc_completion)

B

0.159

0.278

0.095

0.359

0.356

0.735

0.680

0.522

0.465

0.677

Free

Transformer

(1/4 bit)

0.171
(+7.69%)

0.330
(+18.71%)

0.086
(-8.77%)

0.337
(-6.13%)

0.292
(-17.93%)

0.737
(+0.26%)

0.667
(-1.86%)

0.508
(-2.68%)

0.483
(+3.87%)

0.676
(-0.25%)

Free

Transformer

(1/2 bit)

0.189
(+19.23%)

0.306
(+10.07%)

0.104
(+9.65%)

0.398
(+10.97%)

0.450
(+26.21%)

0.737
(+0.26%)

0.664
(-2.32%)

0.484
(-7.28%)

0.468
(+0.55%)

0.665
(-1.81%)

Free

Transformer

(1 bit)

0.165
(+3.85%)

0.298
(+7.19%)

0.114
(+20.18%)

0.365
(+1.81%)

0.346
(-2.99%)

0.732
(-0.45%)

0.664
(-2.32%)

0.530
(+1.53%)

0.452
(-2.95%)

0.668
(-1.44%)

Free
Transforme
(2 bits)

0.177
(+11.54%)

0.318
(+14.39%)

0.096
(-10.53%)

0.345
(-4.00%)

0.324
(-8.97%)

0.738
(+0.39%)

0.667
(-1.86%)

0.554
(+6.13%)

0.485
(+4.24%)

0.679
(+0.31%)



e B e Free Free Free Free
3 Transformer Transformer Transformer Transforme
(1/4 bit) (1/2 bit) (1 bit) (2 bits)
piqa (acc_char) 0.774 0.780 0.782 0.785 0.793
(+0.77%) (+1.05%) (+1.41%) (+2.46%)
2 race.high (acc_char) 0.433  0.447 0.443 0.444 0.435
- (+3.30%) (+2.25%) (+2.58%) (+0.53%)
X
&
pL:L
fi#
race.middle (acc_char) 0.594  0.592 0.591 0.587 0.584
(-0.35%) (-0.47%) (-1.17%) (-1.64%)
boolq 0.705 0.632 0.632 0.687 0.671
(acc_completion) (-10.37%) (-10.33%) (-2.47%) (-4.82%)
X ng (em) 0.181 0.183 0.167 0.173 0.168
(4 (+1.38%) (-7.67%) (-4.14%) (-6.90%)
tqa(em) 0.438 0.440 0.443 0.434 0.446
(+0.28%) (+0.80%) (-1.19%) (+1.45%)

R2UFIE TEARIBBIRE £, HATBR T RMES, BE—LEHNTK:

o IHIBEENIFHNA: TERBIEHFEES L, Free TransformerfSRIFERNMINBE AT
(fl¥0HumManEval+i##19%, GSM8KIZF20%),

o EMiREZFMRBY K. EMMLUFICSQAL, IBRARBETEETMIRA, 95ARIT11%F26%, X
REEREASRNINSRIEMN, BTSRMEN “WIEELR seEAUMALTIEAE XL
15,

e K=12bit ®RMREYH: TFZMESH, k= 1/2 bit XMEBEE T RIFHN IS RIFIE R,
XN FE28BERI— “FHa” X,

o {ESRIKTh: 51.5BEAALL, FRIES ENRIVEGIE KR, 10, TBoolQ LMREEET
B%, 1BTERACE.high LNIERFA, XruIgeitiA, MEMSARMESHNEESE, UNREBSHD
EE, TRESERMIES X, SEFRANBEMR.

4.5 151ZRATII&%ES R
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To measure improvement in a more realistic setting, closer to models actually used in real
applications, we trained 8B models on 1T tokens, which improves drastically the performance
of both the baseline and the Free Transformer. Given the results with 200B tokens, we chose
the value k= [0g(2)/2 corresponding to half a bit of information per token at most.

NTEFIEN. EEESERN ARG EE00HE, BA17EL1R1Z (1T) AT Lilgk T 8BiRE
B, XIRAHRA T BELEM B HTransformerfy %8, RIE200BIFTIIHRRILER, HITERT kK=
log(2)2 WifE, MEEMATRSERFIES,

RERR

XERLN. UERARRNIEK, NEGLHIEEM20001ZIEMEILLZ, XB— 1 EXRBCEX, 88
IMRBZRRI 2 IBRFEFRNNAIRS 8, (FEREZFINGR, PBEMIEERTRIMKRISE
B k=12 bit FARRTREIEE, XALKRHWENEIRK: EREAXSELIETRANERLT,
Free TransformerimskRHy “EHIIEIE" MBEEHRAEE, EEHKK?

[RSCERE

The performance on downstream tasks are given in Table 3 and the corresponding graphs
during training in Figure 7 of Appendix C. We provide in the table the performance measured
at the end of the training as for the other configurations, but in addition we also give the
average over the last third of the training. We can observe on the graphs that the rate of
improvement tend to be constant on this interval, which justifies averaging to mitigate the
performance fluctuations.

TEESRIERERIFSAE, HMNAIIIFIZRREMRCAIETR, F(ERPRME TIIKERE
MERIMERE, SHMEE—#F; B, (&L TIG&RRE=02Z—MERITYERE. Fl1mT
DAMBEIRPMEE], EXTXEA, HaERANRRETRE, XhBd TRt KR H
T A,

RERR

FEEXEEMT — N ERENTEER . RE=92Z2—IIGRARNFYMEE, RAREREIIGR
HARV Mt REFIRER BT, RBERE—TRARSEBAMN. N—REERFHETUEARM
[ BRIR AL R L S27K T

[RSCERE

The key result is the boost of performance on HumanEval+, MBPP, GSM8K, MMLU and CSQA,
confirming what we observed in the smaller settings, and a greater stability on other tasks.

KBLERZEHUmanEval+. MBPP. GSM8K. MMLUFICSQA ERY4aERRFA, XIESE T HATTER/
MIRREFURINAR, FREEMES ERIHERIBE L.

RERR



—sUikz: ZBINMBEE T RIFMNHIA. BIMETELT tokensEIsR IR T, Free Transformerfk
ATEMRRS. HEMAIRAEXEZOHEETS £, BRI R R ANELIEEEM—Z/8E1,
EIY, EEHMES ENRMETEEMSE, ZaIEHN—LMETHRINREMER, XKRH,
Free TransformerisRIVBGHBIRAERY, HEMEREGENILEM “KKMAE"

&3: 8BIRE! (1TiFsc) fH&E

R
15/8%F

Zi%-EH
*R/HIR

Zi%-X7&
L)

-4 4

EEMNE
human_eval_plus
(pass@1)

mbpp (pass@1)

gsm8k (em)

mmlu

(macro_avg/acc_char)

csqa (acc_char)

hellaswag (acc_char)

winogrande (acc_char)

obqa (acc_completion)

arc_challenge

(acc_completion)

arc_easy (acc_completion)

piqa (acc_char)

race.high (acc_char)

race.middle (acc_char)

boolq (acc_completion)

nq (em)

B (&

18)

0.268

0.428

0.321

0.592

0.707

0.799

0.739

0.564

0.542

0.721

0.805

0.473

0.632

0.713

0.248

FT 1/2 bit (8
£248)

0.299
(+11.36%)

0.440
(+2.80%)

0.331
(+2.83%)

0.623
(+5.20%)

0.748
(+5.79%)

0.799
(-0.01%)

0.735
(-0.53%)

0.562
(-0.35%)

0.535
(-1.42%)

0.711
(-1.41%)

0.812
(+0.88%)

0.463
(-2.06%)

0.634
(+0.33%)

0.725
(+1.63%)

0.247
(-0.22%)

A o

B (51/3

¥(E)

0.245

0.396

0.280

0.567

0.689

0.787

0.725

0.556

0.524

0.706

0.802

0.467

0.623

0.755

0.229

FT 1/2 bit (/B
1/31918)

0.256
(+4.22%)

0.421
(+6.08%)

0.296
(+5.84%)

0.596
(+5.16%)

0.733

(+6.28%)

0.788 (+0.18%

0.727 (+0.27%

0.551 (-0.86%

0.522 (-0.40%

0.711 (+0.68%

0.807

(+0.61%)

0.460 (-1.55%

0.624 (+0.16%

0.754 (-0.10%

0.227 (-0.76%



]l EAEN B (& FT 1/2 bit (& 2% (F1/3  FT1/2bit(/a

££4H) £248) ¥IE) 1/31518)
tqa (em) 0.583 0.577 0.549 0.544 (-0.90%
(-1.00%)

R3MFIF X KRBBBUEIESE T FERLEIL:

o IUMEBIE: 7THumanEval+, MBPP, GSMSK, MMLU, CSQAX A AR UOIEE A |, Free
Transformer (FT) TXRERZELERETIIE, HREMAETELRZRE, EABERAFT
BIEMREE EBAT K (RAELEZELRR), BRAREEN. ARXWES (EBE
2%%F]11%2Z8]) .

o REMIRA: 7EHellaswag, WinograndeFZ iRIIAEHIFFHNES £, MEeEEB LS/
B LFERT A ABE AT, XFRAAE AFRIINIZGEE B Free TransformerB it > 7 UNIE &
T2, BLTEENMEKES EMNAERI,

o IYEIEIFMNME: ik “BLE" M “Bl/39ME” Fol, RITTUED, EFEYEMERTIE
F+ (AOMBPP +6.08%, GSM8K +5.84%) EELWETFRABNRAERE, XEMET EERIR
%, BNEYY(ERETIF M R M Free TransformerfEi)l|l4r G HATE EiBHE LT,

FLIRERS B4 M—MEIITRIE RS, R MNRY. MG MENemEEliX, LRES
AT RIEF BBV ERARIERR T Free TransformerBiZ OB @3 5| N\—MERAHY. HVAEREZRI)IIZREY
BTE, REEBFEIE—M “TMEEHRIT NEMEN, MMESRAEEZESHEEN

F5 LRI,

5. X IF
RS

There have been several attempts at combining a VAE and a decoder Transformer, generally
with a focus on improving topic models and providing ways to guide the generation. The
OPTIMUS model (Li et al., 2020) combines a pre-trained BERT as text embedding/encoder,
with a GPT-2 playing the role of decoder, which are fine-tuned with a VAE-like loss. The latent
embedding Z is computed thanks to a CLS token, that is by adding a token to the input and a
read-out to extract its embedding in the output. To modulate the GPT-2 generation with it, it
is either (1) concatenated as an additional token in every layer, or (2) added to the input
token embeddings. Collapse of the KL divergence is prevented during training with the free
bits method (Kingma et al., 2016). This approach allows for better guided text generation with
GPT-2 and better generalization on low-data languages with BERT.



EEBHRKBVAES R TransformerE SR, BEMNE T TBRBEARHS | FEMRIS
Eo OPTIMUSHER! (Lietal,2020) F—FUIIZRRIBERTEAXAHRN /4wbD2s, 5— M 0EARN
SABNGPT-2IRES, HEIRIUVAERRKETHIE, BEERANZEBEI—CLSIETIHER
2Ry, BIERAGEN—MET, FEd—MREEREREERLF®RN. AT RERBAT
GPT-289%5k, EEA (1) fFATMETEE—EHITHE, B4 (2) mMEmANETHRAN L.
@l BEESEE (Kingma et al., 2016) REILIEKLEERIR, X5 AEFGPT-28E##1TE
FHSISAXAEM, HiLBERTERAFES LABEFHIZIKET .

REERER

X—EREIM TR ANIE, BEAARETE ANFERAEEH, NEMRAFARETTEN, MEX
A LERNEM EREER, (EEEXERT T MIIXNZEN T, OPTIMUSIREZRHN—1
FEZE, BENHCERE “BHE . IE—{UHMNREESER! (BERT) FM— IR AVARIS SR
(GPT-2) HEHE—#C,. XM ENHRE:

1. EMEE: FREPH MR, BERIEE,

2. REEHERE: FAREZINBERNAIURES, BAFAE—TERT, BEAERMERA
B, FIRETAERRDSRINARBEMTAERDER. REWLL, OPTIMUSIER T XFHER]
1789, HWIETY “BHHE FHIGHEMM.
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Xie et al. (2021) extend OPTIMUS with a multi-objective loss, adding in particular the
prediction of the story topic, using the output of another model as ground truth, to obtain a
better embedding space.

XieF A (2021) BE—1ZBEIMRET B TOPTIMUS, $5I2EM T XS NN, FHS
—MREREHEARERIRE, URESEFRIERATIE,

REERER

XU TR EETEMIMINY. BEENES WFNEDR) KiLBTETEZNEHEER. X2
—M FRE NRK, BERBTIMNMRERREM T L, BT RENERM.
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The CVAE proposed by Fang et al. (2021) combines two pre-trained GPT-2, one used as the
encoder without causal masking. The embedding Z is an average of the encoder's output,
and the authors propose three ways to modulate the decoder with linear images of it: (1) add
it to each input token embedding, (2) concatenate it to the Ks and Vs in every layer, (3) add it
before the softmax. Experiments demonstrate that this method allows controlling the
generation without hurting the quality of the result.

FangHE A (2021) fRHERICVAELES TR MFUNLRRIGPT-2, EFR—MESBRERBIERIE R TRE
WhDas. RNZZmigsmhpy e, FERE T = MARLMTRETRILSENG A (1) 1§
HmEsMaNETEIAL, 2) BEBHEZIS—EMKANVLE, (3) EsoftmaxZFlFME, K
REA, ZAARIUIENREERRERBER T E .
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AdaVAE (Tu et al., 2022) is similarly the combination of two pre-trained GPT-2, the first
without causal masking playing the role of the encoder. The latent embedding Z is extracted
from its output with a slightly modified attention operator. It is then injected into the decoder
by either concatenating an image of it to the keys and values as in OPTIMUS, or before the
softmax as in CVAE.

AdaVAE (Tuetal.,2022) EPMBERNTILGPT-20HE, F—MERERRBIERVER T
REEHENAT, BRERNZZBRI—TMEMERIEENEFMNERE PRI, AREIRKE
TIPHEZIRMEL (JAIOPTIMUS), BfEsoftmaxzai (SACVAE) JENEIfERIZEH,

REERER

CVAEFIAdaVAEERIES: 7 ER M MR GPT- 2128 B, — MiigRiZes, — MUfRIDEE. ©IHRER
TEZEABTELFINFEBRNAN, WNES— B IRANNGIPRANZNER. XLETEER
“aIEAER M T =B, EE(EENEREET, MERET “BHE” MERENBE, EEM
RA L& —NEEERN. SMBIVAE-TransformerZ2ii,

5Free Transformerfy3tLt @3 BIfXLE T E, Free TransformerfIeIFT 2 BEINME T -

o [FELR, MiHHE: EARERMERT—E, MEBIYNERE, BFEE “RE”
TAERSEE 2 o

o B BTEHE, HISIMIHEMSHAFER), XEFERLUKERYT BEIFRERAIE
B (W8BEEERK), MZAIBGEREMEIX—R.

e XTHE: EREMREVAENRENFIRZIGEXNBLRE, FHEEGXieF AR ILTIEABF&R

SRR B S S

6. 45t
RS

The Free Transformer is a direct extension of a standard decoder Transformer, with the
abstract structure of a conditional VAE. It isimplemented with a single additional non-causal
Transformer block and requires a few percent of computational and memory usage
overhead. Its structure makes it able to learn latent random variables unsupervised, and to
condition its generative process on them.

B/ Transformer@tnEfZiges Transformerf— 1N EiEY B, BEEXHG VAR EN, i@l —
DNEIMYIER R Transformert&ERLI, REBHH 2 INIHBEMRNEFFERFH. HEWMFEREBT
WEBMPESEERNEE, FUENAREGREATEERBTE,

o

N hd
2N =
IR zﬁg R



XEWNSNTEMRE RS, (EEER T Free Transformerty) 1M x845 M ©2— MW R, m3E
H7E; SEELLEE—1CVAE;, EEXENLEN;, EENELXRN T EEEEESEFEIMES
e =8
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In some ways, this approach aims at achieving in latent space with an autoencoder what
reasoning models do with chains-of-thought in token space and an RL procedure (DeepSeek-
Al et al., 2025). A combination of the two is, of course, promising.

ERLERHE, XMAEEETEIBREHRTATERLINERT, SHIEERBEIBAE (chains-
of-thought) 7EE = EFF@ELRUFS) (RL) ZRFEIMANBERESEMAR (DeepSeek-Al et al.,
2025), HR, BFRELESEREREREII=M.

REERER

X2—MEERZIBEZE, ©¥Free Transformer5 YaiEmM R —FIRFHE B IERE HAVR AR
—B4FE (Chain-of-Thought, CoT) ——#17 T LB R,

o FRUSE (CoT): iLEBREEIZF A, LilfasB—oPMEHK, XMEFEEMEFED
BY, #WEXREHIFMANAEITE, XARNE “EXN. “FEiRxTEdHiTey” HE, =5
B “KERE,

e Free Transformer: BRETFLEMRAERE, STERNBEME— MR, 24 “Tx” (B
TE7), XMHEE B, “EETEPHITH HIE, BREETE “BREE,

EEINA, XM AXTFERYT, BN THREMNERTIZESINGHIFFR, CoTHMRETIES
BH. AIfERE, BERSEREIMMENKE, BRI TISFENETR™I5, Free Transformerffi =@
2. £&, BERREHE “‘BE” IBR—MEURERN ‘B, &5, FERET7T—MNEAL
HRE: “BRBLESER, RFAERSFAIUENIBEEXEMEES: B BT #ITEN
B, 2FMERMY, XEERXBENHIETBEREMIES “KFE~ tRiAHR, LUERERNA
SEMNTEEREY, XBRERERXBAATISENEE—D,

2074 20} 4

The performance boost without tuning the optimization hyperparameters across multiple
benchmarks and two sizes of models, is a strong signal that the overall approach actually
improves the inductive bias of the vanilla Transformer.

EE2ERERRABESHNERT, REEZNEENARMNRT LERE T HERA, X2— 1 5E7!
MIES, REAZGEARIENETRIBTransformerfY)ARRE,

REERER

XESINT—MEEHR: “PARNRE” (inductive bias). FAILUEBEBRA—IMFEIREERN “HR
M7 8 “FRRIL -

o ftRETransformertyAMRE: ©RIKARNEHZAFET. BRI FFIERS.



Free TransformerfyARRE: ERENAEGFEET—MREN. 2589, BRI E, 2
WERRKHE, F—F “HRW FRFELHRANXEK (LEESFTEHENXAE) AR, At
BRBEFRE. T%F “Nid” MUNBERTEEERS, HBAXNFEE (RE) BEN
“‘KIEYF” ([ANRELF), MA=FEREREI,
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Many properties and design choices should be explored. The performance curves during
training are often unstable, possibly due to the coupling of the optimization of the encoder
and the decoder, and using different optimization methods could be fruitful. The random
embedding itself could take many forms, and the one used in our implementation is arbitrary.

Finally, the behavior in larger scales, both in parameter count and dataset size, remains to be
investigated.

WZBMMIRITEREGHRER, IFIETRIIERMEEETRE, XA H THRiTEM#IDE
BB ESTE—IE, ERTENMKTGEATESEN EIBAESATUESMAIRN, 1R
PEANBEREEN I, &E, HEEANR (TRREHHUELZHIEEX/N) THITAMN
BIEFH5.

REERER

EXEMNRKIENRE, AR THRENRS. A ASRBNIEERE5TERN:

NERBEYE: FAARDRMEEEERESBIIGIIZHIRE. XATRFENN. B
eI B R RAR,

ITHERRIRER . BTEZMEN (BT AR655364EMARE) KERANKRRTE,
FRNEHAEER T ARBES

MR R RABLEITIAT L#ITTRE, ERAETHRERSD, SFEEEX (WE1C.
F25H) NRENEKXR W0+H12. BA121Em) NEESE D#HT1TIIIE,

ERIEXATAN T T —RBEMEEMREBIIMEIART ], ELUEMBISIL. MRV, I5908Y
SRILAFSERVERYE, IERRTILIRENE “BERRET NEXETI.

PRA TF(EE A
REE SRR

HellaSwag: Multiple choices. Common sense focusing on physically situated scenarios.
(Zellers et al., 2019)

e HellaSwag: ZTUAFEH, T FTFYIEHSE THEIREE,

o R MEREN HEYIEMRERVEMR, FIW0, L “ITAF TokRK,” Bk, &
BEEN/LMETFEHESENERE, W FKRTHE,

WinoGrande: Large-scale adversarial Winograd-style pronoun resolution (fill-in-the-
blank) designed to reduce annotation artifacts. (Sakaguchi et al., 2019)



e WinoGrande: AMEMIERVAERAERIAIEER (B3, sERMIRERE.

o MR MEREIEACEEMERMEERES, FlM, “REETHIZBHFRME, BAEX
R7.” REFEHE "€ BHNERMERFiRME.

ARC (AI2 Reasoning Challenge): Grade-school science multiple choice. (Clark et al.,
2018)

e ARC (AI2#E32$kER) . /NFERIFZTUEE,
o RE: MEREXEMBIF IR EENN AT,

PIQA: Physical commonsense multiple choice about everyday goals and affordances.
(Bisk et al., 2019)

e PIQA: XTHE BNYIAINIERYIIEE IR S BUER R,

o fE: MEREXNYAIEIRERNEIRER. fW, [KERMERLR, REFEER
B— 1 EREA R BT,

OpenBookQA (OBQA): Open-book science QA: combines a provided set of core facts with
commonsense/world knowledge to answer questions. (Mihaylov et al., 2018)

e OpenBookQA (OBQA): A&ERIFNZE: SGa—HLL N OELMEIR/MAREIRKLEZ
1=
o R MARBELESLEEEMBISAIRHITHIENGE, EUFAFEEA,

RACE: Multiple-choice reading comprehension from Chinese middle-school English
exams. (Lai et al., 2017)

e RACE: RBHFEFWSHFREZ HHNSTULEFIRIER,
o MR MERERRKXAFIRMNESRINEES T,

MMLU: "Massive Multitask Language Understanding”. Questions spanning STEM,
humanities, social sciences, etc. (Hendrycks et al., 2021)

e MMLU: “AMEZSESZESERE . REEESTEM. AXFER ASBFEIH.
o MR XR—IEAMHRRIRKTENLR, SIANREHEREESE N 5

CommonsenseQA (CSQA): Multiple-choice QA requiring commonsense relational
knowledge (leveraging ConceptNet relations). (Talmor et al., 2019)

e CommonsenseQA (CSQA): ZFEEIRMXAFIRAZIEFERZ (FAConceptNetx

#)o
o BR: MAEENESZEEIREXANER. fi0, “EMWETLHEIRSZH? ” FTXRE
“BEHIE".

BoolQ: Yes/no questions paired with passages to evaluate reading comprehension and
entailment-like inference. (Clark et al., 2019)

e BoolQ: E/AiR, A%, AFIHERRIEMMLXUESHHIE,
o % REZEERE—KXF, RELZE—REA ‘B o ‘B FKEIZHIRZ,

UJ



GSMS8K: Grade-school math word problems requiring multi-step arithmetic reasoning.
(Cobbe et al., 2021)

GSM8K: FRELZSHHEABIENNFHFEN A,

o fRI: MR ERHEZEHIENITER ], BEEREEERNINZOEIRZ—,
HumanEval+: An augmented version of OpenAl's HumanEval (Chen et al., 2021) with
many more unit tests per problem to reduce test fragility and overfitting in code

[ ]
generation evaluation. (Liu et al., 2023)
HumanEval+: OpenAl HumanEvalfyigaghk, SNMa@EELZHNETNER, LU/

& ARV S (RS S
o R MR REEAIESERERIERAIZREES], BEERXBENNIZOIET.
MBPP: "Mostly Basic Programming Problems." Short Python programming tasks
solvable by entry-level programmers; includes text spec and example tests. (Austin et al.,

2021)
MBPP: “FEREMIZNI . NI IRIZF RO RINEEPYythonwiZES,; BIEXE

R
o % Z—MEEEMMAEEREINEE,

NQ: "Natural Questions." Real user queries paired with Wikipedia pages. (Kwiatkowski et

al.,2019)
NQ: “EISAIRIEN. ESHVFPEWSHEERTEE.

o MRR. MR NG EXEPIEHEINEREES .
TQA: "TriviaQA". A challenging reading comprehension dataset.
TQA: “RiRiARE". —MEBMEMRFSIRMETRS,

o MR KMTNQ, MAFLEHKRET,

fRB EEEEE
REE SRR

* Forgenerated answers:
pass@1 is the proportion of generated pieces of code that produce the expected

behavior when executed.
pass@1: ERMIRIBERITABES = £ FnHATT BIEL A,



free transformer= YA = + +

= = = CoT
Free Transformer
Free Transformer Z decoder
Transformer Z
cVAE encoder Z
decoder YA
VA Transformer
encoder global properties
token “ " encoder
learned constant input
free bits KL Kullback-Leibler divergence
posterior collapse 1-2 bits per token
Z encoder decoder H=16
65,536 one-hot Z binary mapper
1.5B 47B tokens
HumanEval MBPP GSM8K HumanEval 44.44% 55.56
% +11.12% GSM8K 6.06% 30.30% +24.24% z
“ " “ " 8B
200B 1T tokens 1T tokens
HumanEval +11.36% MMLU +5.20% CSQA +5.79% “
" GSMS8K +2.83%
Free Transformer
HellaSwag CoT
«  CoT ” Free
Transformer Chain-of-Thought CoT token
RL z “ "
/ CoT
3-4%
Transformer inductive bias The-Free-Transformer-Lun-Wen-

Wan-Zheng-Fan-Yi-Yu-Shen-Du-Jie-Du.pdf?https://ppl-ai-file-upload.s3.
amazonaws.com/web/direct-files/attachments/50767043/844c9813-c26f-
4163-8154-4d6b80769cec/The-Free-Transformer-Lun-Wen-Wan-Zheng-Fan-
Yi-Yu-Shen-Du-Jie-Du.pdf



