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Abstract

Underlying data distributions of natural lan-001
guage, programming code, and mathematical002
symbols vary vastly, presenting a complex chal-003
lenge for large language models (LLMs) that004
strive to achieve high performance across all005
three domains simultaneously. Achieving a006
very high level of proficiency for an LLM007
within a specific domain often requires exten-008
sive training with relevant corpora, which is009
typically accompanied by a sacrifice in perfor-010
mance in other domains. In this paper, we aim011
to “play the dealt cards well” and propose to012
fuse models that are already highly-specialized013
directly. The proposed fusing framework, UL-014
TRAFUSER, consists of different distinct spe-015
cialists that are already sufficiently trained on016
different domains (we mainly focus on lan-017
guage, coding, and mathematics in this paper).018
A token-level gating mechanism is introduced019
to blend the specialists’ outputs. A two-stage020
training strategy accompanied by balanced sam-021
pling is designed to ensure stability. To effec-022
tively train the fused model, we further con-023
struct a high-quality supervised instruction tun-024
ing dataset, ULTRACHAT 2, which includes025
text, code, and mathematical content. This026
dataset comprises approximately 300,000 in-027
structions and covers a wide range of topics028
in each domain. Experiments show that our029
model could simultaneously achieve mastery030
of the three crucial domains.031

1 Introduction032

If a piece of information can be serialized and033

tokenized, it is likely to be handled by large034

language models (LLMs) (Bommasani et al., 2021;035

Brown et al., 2020; OpenAI, 2023). LLMs, as one036

of the most advanced manifestations of artificial in-037

telligence, have demonstrated proficiency in three038

representative symbol systems that are essential to039

human progress: natural language (Ouyang et al.,040

2022; Bai et al., 2022), which forms the corner-041

stone of human interaction; programming code (Li042

et al., 2023a; Rozière et al., 2023), the backbone 043

of our digital ecosystem; and mathematical 044

reasoning, the framework underpinning scientific 045

advancement (Luo et al., 2023a; Yang et al., 2023). 046

The mastery of three domains would equip LLMs 047

with unparalleled versatility. However, the intrinsic 048

variability of data distribution across these domains 049

presents a formidable challenge for an LLM to 050

achieve consistently high performance at the same 051

time. One awkward situation is that it is chal- 052

lenging to integrate professional-level coding and 053

mathematical abilities into a general conversational 054

language model without loss. That is, these skills 055

are more often reflected in the numbers on related 056

benchmarks rather than a real-world user interface. 057

Figure 1 (a-c) demonstrates such a struggle by 058

presenting the performance of three specialized 059

models on the aforementioned domains, all initially 060

based on the Llama-2 (Touvron et al., 2023b) 13B 061

architecture. Our findings reveal a clear trade-off: 062

specialized training in one domain often comes at 063

the expense of performance in the others, whereas 064

training on all three types of data at the same time 065

results in a simultaneous suboptimal situation. 066

Delving into this situation, such an issue may 067

be partially mitigated by careful designs of data 068

engineering, training strategy, or prompt construc- 069

tion. However, in general, semantics in language, 070

logic and structures in code, and abstract symbol 071

manipulations in math intricately always create 072

a situation of mutual weakening. To elaborate 073

further, comparing highly specialized models 074

(such as those for coding or mathematics) with 075

general-purpose models capable of performing all 076

tasks (like GPT-4) for their expertise is a trap that 077

can easily lead to misinformation. 078

This paper hopes to integrate specialized abili- 079

ties into a general chat language model with as little 080

loss as possible. More specifically, we propose to 081

leverage separate models that are already highly 082

specialized via a fusing structure. In this fusing 083
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Figure 1: Performance on different domains of specialized models and our ULTRAFUSER. The performance for
the text domain is computed by the average results on TruthfulQA (Acc) (Lin et al., 2021) and AlpacaEval (Win
Rate) (Li et al., 2023b) datasets; the performance for the code domain is Pass@1 of HumanEval (Chen et al., 2021);
and the performance for the math domain is the average result of GSM8K (Pass@1) (Cobbe et al., 2021), MATH
(Pass@1) (Hendrycks et al., 2021), SAT-Math (Acc) (Zhong et al., 2023), and AQuA-RAT (Acc) (Ling et al., 2017)
datasets. All results are zero-shot.

framework, namely ULTRAFUSER, we use three084

well-trained LLMs as initial specialist models in085

text, code, and math. 1 To ensure that the fused086

model benefits from the specialized knowledge of087

each specialist model, a dynamic gating mecha-088

nism is implemented, which sits on top of the three089

specialists and adaptively controls the contribution090

of each specialist to the final output logits based091

on the input data. Such a mechanism is adopted at092

the token level, which allows both the specializa-093

tion of individual specialists and the generalization094

of the fused model. The key to functioning the095

model is to train the gating module. For example,096

when the model conducts code generation, we want097

the coding specialist to contribute more than the098

other two. This necessitates a mixed instruction099

tuning dataset that contains the three domains for100

the training. Unlike language data, high-quality101

instruction-tuning datasets for code and math are102

scarcer in the open-source community. Inspired by103

ULTRACHAT (Ding et al., 2023), we construct a104

comprehensive, diverse dataset with high quality,105

ULTRACHAT 2, to facilitate the development of106

advanced LLMs with the aforementioned expertise.107

ULTRACHAT 2 contains 300,000 diverse and high-108

quality data (each part has 100,000), which are109

derived from 72 meta-topics and 1587 sub-topics.110

Experiments show that highly specialized mod-111

els may counter collapse if they are directly fur-112

ther trained, but we can effectively integrate their113

1Although we treat text, code, and math as three separate
domains in this paper according to their symbol systems, they
are not strictly segregated. For example, language can partially
encompass the other two. This is discussed in Appendix E.

highly professional abilities into a general chat in- 114

terface via ULTRAFUSER. By training a fused 115

model with UltraLM-2-13B, CodeLlama-13B, and 116

WizardMath-13B as the specialists for three do- 117

mains, we achieve consistently effective perfor- 118

mance on benchmarks across language understand- 119

ing, code generation, and mathematical reasoning. 120

Our proposed model, data, training, and inference 121

frameworks will be publicly available. 122

2 Our Approach 123

Compared to methods like Mixture-of- 124

Experts (Shazeer et al., 2016), which expands the 125

inner model structure to develop different expertise 126

implicitly during training, our approach focuses 127

on fusing specialist models explicitly aligned 128

with different skill sets at the output level directly. 129

This section first describes the constitution of 130

the proposed model, ULTRAFUSER, and then 131

introduces the construction of a mixed instruction 132

tuning dataset, ULTRACHAT 2. 133

2.1 Model 134

The proposed fused model consists of n different 135

specialized models (termed as specialists, and we 136

mainly consider n = 3 in the paper), collectively 137

denoted as MΘ = {Etext, Ecode, Emath}, where 138

Etext is mainly trained on natural language text, 139

Ecode is trained on programming code, and Emath is 140

trained on mathematical problems. Each specialist 141

model is essentially a large language model. 142

They share the same architectural framework 143

and vocabulary space but are trained on distinct 144

datasets that are representative of their expertise. 145

Architecture. As shown in Figure 2, the fused 146
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<latexit sha1_base64="oQC4OR328SPPwBz5pIGb3a918eA=">AAAB/3icbVDLSsNAFJ34rPUVFdy4CRbBVUlKUZcFNy4r2Ac0IUymk3boJBNmbsQSu/BX3LhQxK2/4c6/cZJmoa0HBs6ccy9z5gQJZwps+9tYWV1b39isbFW3d3b39s2Dw64SqSS0QwQXsh9gRTmLaQcYcNpPJMVRwGkvmFznfu+eSsVEfAfThHoRHsUsZASDlnzz2I0wjIMwEzPfBfoAWX6f+WbNrtsFrGXilKSGSrR988sdCpJGNAbCsVIDx07Ay7AERjidVd1U0QSTCR7RgaYxjqjysiL/zDrTytAKhdQnBqtQf29kOFJqGgV6Mk+nFr0i8j/eIIXwystYnKRAYzJ/KEy5BcLKy7CGTFICfKoJJpLprBYZY4kJ6MqqugRn8cvLpNuoOxf15m2z1mqUdVTQCTpF58hBl6iFblAbdRBBj+gZvaI348l4Md6Nj/noilHuHKE/MD5/ADhkltc=</latexit>omath
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Mixture of text, 
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Text Specialist Code Specialist Math Specialist
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LM HeadGatingLM HeadGatingLM HeadGating

×××

Models

<latexit sha1_base64="xG/liO6/135B/2Z06jpySXA+Dq0=">AAAB/3icbVDLSsNAFJ34rPUVFdy4CRbBVUlKUZcFNy4r2Ac0IUymk3boZBJmbsQSs/BX3LhQxK2/4c6/cdJmoa0HZjiccy9z5gQJZwps+9tYWV1b39isbFW3d3b39s2Dw66KU0loh8Q8lv0AK8qZoB1gwGk/kRRHAae9YHJd+L17KhWLxR1ME+pFeCRYyAgGLfnmsRthGAdhNs59F+gDZMWV+2bNrtszWMvEKUkNlWj75pc7jEkaUQGEY6UGjp2Al2EJjHCaV91U0QSTCR7RgaYCR1R52Sx/bp1pZWiFsdRHgDVTf29kOFJqGgV6skirFr1C/M8bpBBeeRkTSQpUkPlDYcotiK2iDGvIJCXAp5pgIpnOapExlpiArqyqS3AWv7xMuo26c1Fv3jZrrUZZRwWdoFN0jhx0iVroBrVRBxH0iJ7RK3oznowX4934mI+uGOXOEfoD4/MHVpWW6w==</latexit>

htext
<latexit sha1_base64="8oOiHFOhIi/vNLKgE1yuzMVlnjc=">AAAB/3icbVDLSsNAFJ34rPUVFdy4CRbBVUlKUZcFNy4r2Ac0oUymN+3QyYOZG7HELvwVNy4UcetvuPNvnLRZaOuBgcM593LPHD8RXKFtfxsrq2vrG5ulrfL2zu7evnlw2FZxKhm0WCxi2fWpAsEjaCFHAd1EAg19AR1/fJ37nXuQisfRHU4S8EI6jHjAGUUt9c1jN6Q48oNsNO27CA+YsXgA075Zsav2DNYycQpSIQWaffPLHcQsDSFCJqhSPcdO0MuoRM4ETMtuqiChbEyH0NM0oiEoL5vln1pnWhlYQSz1i9Caqb83MhoqNQl9PZmnVYteLv7n9VIMrryMR0mKELH5oSAVFsZWXoY14BIYiokmlEmus1psRCVlqCsr6xKcxS8vk3at6lxU67f1SqNW1FEiJ+SUnBOHXJIGuSFN0iKMPJJn8krejCfjxXg3PuajK0axc0T+wPj8ARaQlsE=</latexit>

hcode
<latexit sha1_base64="jq5TIro+HwpZRinX9ohjOJ+ROHU=">AAAB/3icbVDLSsNAFJ34rPUVFdy4CRbBVUlKUZcFNy4r2Ac0IUymk3boZBJmbsQSu/BX3LhQxK2/4c6/cZJmoa0HBs6ccy9z5gQJZwps+9tYWV1b39isbFW3d3b39s2Dw66KU0loh8Q8lv0AK8qZoB1gwGk/kRRHAae9YHKd+717KhWLxR1ME+pFeCRYyAgGLfnmsRthGAdhNp75LtAHyPL7zDdrdt0uYC0TpyQ1VKLtm1/uMCZpRAUQjpUaOHYCXoYlMMLprOqmiiaYTPCIDjQVOKLKy4r8M+tMK0MrjKU+AqxC/b2R4UipaRToyTydWvSKyP94gxTCKy9jIkmBCjJ/KEy5BbGVl2ENmaQE+FQTTCTTWS0yxhIT0JVVdQnO4peXSbdRdy7qzdtmrdUo66igE3SKzpGDLlEL3aA26iCCHtEzekVvxpPxYrwbH/PRFaPcOUJ/YHz+AC1tltA=</latexit>

hmath

Data

Router

<latexit sha1_base64="5unUUO7dkIfxS7wlyvvoa9Uil9g=">AAAB7XicbVDLSgNBEOyNrxhfUY9eBoPgKexK0BwDXjxGMA9IljA7mU3GzM4s8xDCkn/w4kERr/6PN//GSbIHTSxoKKq66e6KUs608f1vr7CxubW9U9wt7e0fHB6Vj0/aWlpFaItILlU3wppyJmjLMMNpN1UUJxGnnWhyO/c7T1RpJsWDmaY0TPBIsJgRbJzU7suUWz0oV/yqvwBaJ0FOKpCjOSh/9YeS2IQKQzjWuhf4qQkzrAwjnM5KfatpiskEj2jPUYETqsNsce0MXThliGKpXAmDFurviQwnWk+TyHUm2Iz1qjcX//N61sT1MGMitYYKslwUW46MRPPX0ZApSgyfOoKJYu5WRMZYYWJcQCUXQrD68jppX1WD62rtvlZp1PM4inAG53AJAdxAA+6gCS0g8AjP8ApvnvRevHfvY9la8PKZU/gD7/MHz+qPRA==</latexit>�
<latexit sha1_base64="eegS63A/jm/BlwJMu7F9KWnN0yk=">AAAB/3icbVDLSsNAFJ34rPUVFdy4CRbBVUlKUZcFNy4r2Ac0IUymk3boZBJmbsQSs/BX3LhQxK2/4c6/cdJmoa0HZjiccy9z5gQJZwps+9tYWV1b39isbFW3d3b39s2Dw66KU0loh8Q8lv0AK8qZoB1gwGk/kRRHAae9YHJd+L17KhWLxR1ME+pFeCRYyAgGLfnmsRthGAdhFue+C/QBsuLKfbNm1+0ZrGXilKSGSrR988sdxiSNqADCsVIDx07Ay7AERjjNq26qaILJBI/oQFOBI6q8bJY/t860MrTCWOojwJqpvzcyHCk1jQI9WaRVi14h/ucNUgivvIyJJAUqyPyhMOUWxFZRhjVkkhLgU00wkUxntcgYS0xAV1bVJTiLX14m3Ubduag3b5u1VqOso4JO0Ck6Rw66RC10g9qogwh6RM/oFb0ZT8aL8W58zEdXjHLnCP2B8fkDYYyW8g==</latexit>otext

<latexit sha1_base64="v1JoZplm0zUdpMXxEGaf8lmILV8=">AAAB/3icbVDLSsNAFJ34rPVVFdy4CRbBVUlKUZcFNy4r2Ac0oUymN+3QSSbM3IglduGvuHGhiFt/w51/46TtQlsPDBzOuZd75gSJ4Bod59taWV1b39gsbBW3d3b39ksHhy0tU8WgyaSQqhNQDYLH0ESOAjqJAhoFAtrB6Dr32/egNJfxHY4T8CM6iHnIGUUj9UrHXkRxGISZnPQ8hAfMmOzDpFcqOxVnCnuZuHNSJnM0eqUvry9ZGkGMTFCtu66ToJ9RhZwJmBS9VENC2YgOoGtoTCPQfjbNP7HPjNK3Q6nMi9Geqr83MhppPY4CM5mn1YteLv7ndVMMr/yMx0mKELPZoTAVNko7L8PucwUMxdgQyhQ3WW02pIoyNJUVTQnu4peXSatacS8qtdtauV6d11EgJ+SUnBOXXJI6uSEN0iSMPJJn8krerCfrxXq3PmajK9Z854j8gfX5AyGHlsg=</latexit>ocode
<latexit sha1_base64="oQC4OR328SPPwBz5pIGb3a918eA=">AAAB/3icbVDLSsNAFJ34rPUVFdy4CRbBVUlKUZcFNy4r2Ac0IUymk3boJBNmbsQSu/BX3LhQxK2/4c6/cZJmoa0HBs6ccy9z5gQJZwps+9tYWV1b39isbFW3d3b39s2Dw64SqSS0QwQXsh9gRTmLaQcYcNpPJMVRwGkvmFznfu+eSsVEfAfThHoRHsUsZASDlnzz2I0wjIMwEzPfBfoAWX6f+WbNrtsFrGXilKSGSrR988sdCpJGNAbCsVIDx07Ay7AERjidVd1U0QSTCR7RgaYxjqjysiL/zDrTytAKhdQnBqtQf29kOFJqGgV6Mk+nFr0i8j/eIIXwystYnKRAYzJ/KEy5BcLKy7CGTFICfKoJJpLprBYZY4kJ6MqqugRn8cvLpNuoOxf15m2z1mqUdVTQCTpF58hBl6iFblAbdRBBj+gZvaI348l4Md6Nj/noilHuHKE/MD5/ADhkltc=</latexit>omath Data Pool
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<latexit sha1_base64="Gev7ua+OIsgmcYI57MtQM7kn7xA=">AAAB9HicbVDLSgMxFL1TX7W+Rl26CRbBVZmRoi4LblxWsA9oh5JJM21oJhmTTKEM/Q43LhRx68e482/MtLPQ1gOBwzn3ck9OmHCmjed9O6WNza3tnfJuZW//4PDIPT5pa5kqQltEcqm6IdaUM0FbhhlOu4miOA457YSTu9zvTKnSTIpHM0toEOORYBEj2Fgp6MfYjMMok/OBXxm4Va/mLYDWiV+QKhRoDtyv/lCSNKbCEI617vleYoIMK8MIp/NKP9U0wWSCR7RnqcAx1UG2CD1HF1YZokgq+4RBC/X3RoZjrWdxaCfzkHrVy8X/vF5qotsgYyJJDRVkeShKOTIS5Q2gIVOUGD6zBBPFbFZExlhhYmxPeQn+6pfXSfuq5l/X6g/1asMr6ijDGZzDJfhwAw24hya0gMATPMMrvDlT58V5dz6WoyWn2DmFP3A+fwBTDJHC</latexit>o1
<latexit sha1_base64="YURaXUmlV3X3GwHgxgVZBcEDr14=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBIvgqsyUoi4LblxWsA9oh5JJM21oJpkmmUIZ+h1uXCji1o9x59+YaWehrQcCh3Pu5Z6cIOZMG9f9dgpb2zu7e8X90sHh0fFJ+fSsrWWiCG0RyaXqBlhTzgRtGWY47caK4ijgtBNM7jO/M6NKMymezDymfoRHgoWMYGMlvx9hMw7CVC4GtdKgXHGr7hJok3g5qUCO5qD81R9KkkRUGMKx1j3PjY2fYmUY4XRR6ieaxphM8Ij2LBU4otpPl6EX6MoqQxRKZZ8waKn+3khxpPU8CuxkFlKve5n4n9dLTHjnp0zEiaGCrA6FCUdGoqwBNGSKEsPnlmCimM2KyBgrTIztKSvBW//yJmnXqt5Ntf5YrzTcvI4iXMAlXIMHt9CAB2hCCwhM4Rle4c2ZOS/Ou/OxGi04+c45/IHz+QNUkZHD</latexit>o2

<latexit sha1_base64="PUdQgvs5CkLk/aB31DVP4XCinlU=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBIvgqsxoUZcFNy4r2Ae0Q8mkmTY0k0yTTKEM/Q43LhRx68e482/MtLPQ1gOBwzn3ck9OEHOmjet+O4WNza3tneJuaW//4PCofHzS0jJRhDaJ5FJ1AqwpZ4I2DTOcdmJFcRRw2g7G95nfnlKlmRRPZhZTP8JDwUJGsLGS34uwGQVhKuf961K/XHGr7gJonXg5qUCORr/81RtIkkRUGMKx1l3PjY2fYmUY4XRe6iWaxpiM8ZB2LRU4otpPF6Hn6MIqAxRKZZ8waKH+3khxpPUsCuxkFlKvepn4n9dNTHjnp0zEiaGCLA+FCUdGoqwBNGCKEsNnlmCimM2KyAgrTIztKSvBW/3yOmldVb2bau2xVqm7eR1FOINzuAQPbqEOD9CAJhCYwDO8wpszdV6cd+djOVpw8p1T+APn8wdWFpHE</latexit>

o3

<latexit sha1_base64="/D2SKlKJGJh0aFgckwTMG+P9ZC4=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBIvgqsxIUZcFNy4r2Ae0Q8mkd9rQTGZMMoUy9DvcuFDErR/jzr8x03ahrQcCh3Pu5Z6cIBFcG9f9dgobm1vbO8Xd0t7+weFR+fikpeNUMWyyWMSqE1CNgktsGm4EdhKFNAoEtoPxXe63J6g0j+WjmSboR3QoecgZNVbyexE1oyDMRrO+V+qXK27VnYOsE29JKrBEo1/+6g1ilkYoDRNU667nJsbPqDKcCZyVeqnGhLIxHWLXUkkj1H42Dz0jF1YZkDBW9klD5urvjYxGWk+jwE7mIfWql4v/ed3UhLd+xmWSGpRscShMBTExyRsgA66QGTG1hDLFbVbCRlRRZmxPeQne6pfXSeuq6l1Xaw+1St1d1lGEMziHS/DgBupwDw1oAoMneIZXeHMmzovz7nwsRgvOcucU/sD5/AFIVJG7</latexit>

h1
<latexit sha1_base64="w/+y7TJI92It6T6Ne6V7T959BlY=">AAAB9HicbVBNTwIxFHyLX4hfqEcvjcTEE9klRD2SePGIiYAJbEi3dKGh213btyRkw+/w4kFjvPpjvPlv7AIHBSdpMpl5L286QSKFQdf9dgobm1vbO8Xd0t7+weFR+fikbeJUM95isYz1Y0ANl0LxFgqU/DHRnEaB5J1gfJv7nQnXRsTqAacJ9yM6VCIUjKKV/F5EcRSE2WjWr5X65Ypbdecg68Rbkgos0eyXv3qDmKURV8gkNabruQn6GdUomOSzUi81PKFsTIe8a6miETd+Ng89IxdWGZAw1vYpJHP190ZGI2OmUWAn85Bm1cvF/7xuiuGNnwmVpMgVWxwKU0kwJnkDZCA0ZyinllCmhc1K2IhqytD2lJfgrX55nbRrVe+qWr+vVxruso4inME5XIIH19CAO2hCCxg8wTO8wpszcV6cd+djMVpwljun8AfO5w9J2ZG8</latexit>

h2

<latexit sha1_base64="fq+qfydE9Z8W0PBS8Sd5NdD0HBU=">AAAB9HicbVBNTwIxFHyLX4hfqEcvjcTEE9lVoh5JvHjERJAENqRbutDQ7a7tWxKy4Xd48aAxXv0x3vw3doGDgpM0mcy8lzedIJHCoOt+O4W19Y3NreJ2aWd3b/+gfHjUMnGqGW+yWMa6HVDDpVC8iQIlbyea0yiQ/DEY3eb+45hrI2L1gJOE+xEdKBEKRtFKfjeiOAzCbDjtXZZ65YpbdWcgq8RbkAos0OiVv7r9mKURV8gkNabjuQn6GdUomOTTUjc1PKFsRAe8Y6miETd+Ngs9JWdW6ZMw1vYpJDP190ZGI2MmUWAn85Bm2cvF/7xOiuGNnwmVpMgVmx8KU0kwJnkDpC80ZygnllCmhc1K2JBqytD2lJfgLX95lbQuqt5VtXZfq9TdRR1FOIFTOAcPrqEOd9CAJjB4gmd4hTdn7Lw4787HfLTgLHaO4Q+czx9LXpG9</latexit>

h3

专家模型1 专家模型2 专家模型3
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语⾔建模⻔控⽹络语⾔建模⻔控⽹络语⾔建模⻔控⽹络

×××

模型

<latexit sha1_base64="OrQrS9AfvSC67pQqcRdVfmayArQ=">AAAB83icbVBNSwMxFHxbv2r9qnr0EixCT2VXinoseBH0UMHWQncp2TTbhmaTJckKZenf8OJBEa/+GW/+G7PtHrR1IDDMvMebTJhwpo3rfjultfWNza3ydmVnd2//oHp41NUyVYR2iORS9UKsKWeCdgwznPYSRXEccvoYTq5z//GJKs2keDDThAYxHgkWMYKNlXw/xmZMMM9u72aDas1tuHOgVeIVpAYF2oPqlz+UJI2pMIRjrfuem5ggw8owwums4qeaJphM8Ij2LRU4pjrI5pln6MwqQxRJZZ8waK7+3shwrPU0Du1knlEve7n4n9dPTXQVZEwkqaGCLA5FKUdGorwANGSKEsOnlmCimM2KyBgrTIytqWJL8Ja/vEq65w3votG8b9Za9aKOMpzAKdTBg0towQ20oQMEEniGV3hzUufFeXc+FqMlp9g5hj9wPn8AFxuRpg==</latexit>KL
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领域
数据
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数据

<latexit sha1_base64="Gev7ua+OIsgmcYI57MtQM7kn7xA=">AAAB9HicbVDLSgMxFL1TX7W+Rl26CRbBVZmRoi4LblxWsA9oh5JJM21oJhmTTKEM/Q43LhRx68e482/MtLPQ1gOBwzn3ck9OmHCmjed9O6WNza3tnfJuZW//4PDIPT5pa5kqQltEcqm6IdaUM0FbhhlOu4miOA457YSTu9zvTKnSTIpHM0toEOORYBEj2Fgp6MfYjMMok/OBXxm4Va/mLYDWiV+QKhRoDtyv/lCSNKbCEI617vleYoIMK8MIp/NKP9U0wWSCR7RnqcAx1UG2CD1HF1YZokgq+4RBC/X3RoZjrWdxaCfzkHrVy8X/vF5qotsgYyJJDRVkeShKOTIS5Q2gIVOUGD6zBBPFbFZExlhhYmxPeQn+6pfXSfuq5l/X6g/1asMr6ijDGZzDJfhwAw24hya0gMATPMMrvDlT58V5dz6WoyWn2DmFP3A+fwBTDJHC</latexit>o1
<latexit sha1_base64="YURaXUmlV3X3GwHgxgVZBcEDr14=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBIvgqsyUoi4LblxWsA9oh5JJM21oJpkmmUIZ+h1uXCji1o9x59+YaWehrQcCh3Pu5Z6cIOZMG9f9dgpb2zu7e8X90sHh0fFJ+fSsrWWiCG0RyaXqBlhTzgRtGWY47caK4ijgtBNM7jO/M6NKMymezDymfoRHgoWMYGMlvx9hMw7CVC4GtdKgXHGr7hJok3g5qUCO5qD81R9KkkRUGMKx1j3PjY2fYmUY4XRR6ieaxphM8Ij2LBU4otpPl6EX6MoqQxRKZZ8waKn+3khxpPU8CuxkFlKve5n4n9dLTHjnp0zEiaGCrA6FCUdGoqwBNGSKEsPnlmCimM2KyBgrTIztKSvBW//yJmnXqt5Ntf5YrzTcvI4iXMAlXIMHt9CAB2hCCwhM4Rle4c2ZOS/Ou/OxGi04+c45/IHz+QNUkZHD</latexit>o2

<latexit sha1_base64="PUdQgvs5CkLk/aB31DVP4XCinlU=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBIvgqsxoUZcFNy4r2Ae0Q8mkmTY0k0yTTKEM/Q43LhRx68e482/MtLPQ1gOBwzn3ck9OEHOmjet+O4WNza3tneJuaW//4PCofHzS0jJRhDaJ5FJ1AqwpZ4I2DTOcdmJFcRRw2g7G95nfnlKlmRRPZhZTP8JDwUJGsLGS34uwGQVhKuf961K/XHGr7gJonXg5qUCORr/81RtIkkRUGMKx1l3PjY2fYmUY4XRe6iWaxpiM8ZB2LRU4otpPF6Hn6MIqAxRKZZ8waKH+3khxpPUsCuxkFlKvepn4n9dNTHjnp0zEiaGCLA+FCUdGoqwBNGCKEsNnlmCimM2KyAgrTIztKSvBW/3yOmldVb2bau2xVqm7eR1FOINzuAQPbqEOD9CAJhCYwDO8wpszdV6cd+djOVpw8p1T+APn8wdWFpHE</latexit>

o3

<latexit sha1_base64="/D2SKlKJGJh0aFgckwTMG+P9ZC4=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBIvgqsxIUZcFNy4r2Ae0Q8mkd9rQTGZMMoUy9DvcuFDErR/jzr8x03ahrQcCh3Pu5Z6cIBFcG9f9dgobm1vbO8Xd0t7+weFR+fikpeNUMWyyWMSqE1CNgktsGm4EdhKFNAoEtoPxXe63J6g0j+WjmSboR3QoecgZNVbyexE1oyDMRrO+V+qXK27VnYOsE29JKrBEo1/+6g1ilkYoDRNU667nJsbPqDKcCZyVeqnGhLIxHWLXUkkj1H42Dz0jF1YZkDBW9klD5urvjYxGWk+jwE7mIfWql4v/ed3UhLd+xmWSGpRscShMBTExyRsgA66QGTG1hDLFbVbCRlRRZmxPeQne6pfXSeuq6l1Xaw+1St1d1lGEMziHS/DgBupwDw1oAoMneIZXeHMmzovz7nwsRgvOcucU/sD5/AFIVJG7</latexit>

h1
<latexit sha1_base64="w/+y7TJI92It6T6Ne6V7T959BlY=">AAAB9HicbVBNTwIxFHyLX4hfqEcvjcTEE9klRD2SePGIiYAJbEi3dKGh213btyRkw+/w4kFjvPpjvPlv7AIHBSdpMpl5L286QSKFQdf9dgobm1vbO8Xd0t7+weFR+fikbeJUM95isYz1Y0ANl0LxFgqU/DHRnEaB5J1gfJv7nQnXRsTqAacJ9yM6VCIUjKKV/F5EcRSE2WjWr5X65Ypbdecg68Rbkgos0eyXv3qDmKURV8gkNabruQn6GdUomOSzUi81PKFsTIe8a6miETd+Ng89IxdWGZAw1vYpJHP190ZGI2OmUWAn85Bm1cvF/7xuiuGNnwmVpMgVWxwKU0kwJnkDZCA0ZyinllCmhc1K2IhqytD2lJfgrX55nbRrVe+qWr+vVxruso4inME5XIIH19CAO2hCCxg8wTO8wpszcV6cd+djMVpwljun8AfO5w9J2ZG8</latexit>

h2

<latexit sha1_base64="fq+qfydE9Z8W0PBS8Sd5NdD0HBU=">AAAB9HicbVBNTwIxFHyLX4hfqEcvjcTEE9lVoh5JvHjERJAENqRbutDQ7a7tWxKy4Xd48aAxXv0x3vw3doGDgpM0mcy8lzedIJHCoOt+O4W19Y3NreJ2aWd3b/+gfHjUMnGqGW+yWMa6HVDDpVC8iQIlbyea0yiQ/DEY3eb+45hrI2L1gJOE+xEdKBEKRtFKfjeiOAzCbDjtXZZ65YpbdWcgq8RbkAos0OiVv7r9mKURV8gkNabjuQn6GdUomOTTUjc1PKFsRAe8Y6miETd+Ngs9JWdW6ZMw1vYpJDP190ZGI2MmUWAn85Bm2cvF/7xOiuGNnwmVpMgVmx8KU0kwJnkDpC80ZygnllCmhc1K2JBqytD2lJfgLX95lbQuqt5VtXZfq9TdRR1FOIFTOAcPrqEOd9CAJjB4gmd4hTdn7Lw4787HfLTgLHaO4Q+czx9LXpG9</latexit>

h3

Hidden

Logits

Gating Network

×××

Models

<latexit sha1_base64="xG/liO6/135B/2Z06jpySXA+Dq0=">AAAB/3icbVDLSsNAFJ34rPUVFdy4CRbBVUlKUZcFNy4r2Ac0IUymk3boZBJmbsQSs/BX3LhQxK2/4c6/cdJmoa0HZjiccy9z5gQJZwps+9tYWV1b39isbFW3d3b39s2Dw66KU0loh8Q8lv0AK8qZoB1gwGk/kRRHAae9YHJd+L17KhWLxR1ME+pFeCRYyAgGLfnmsRthGAdhNs59F+gDZMWV+2bNrtszWMvEKUkNlWj75pc7jEkaUQGEY6UGjp2Al2EJjHCaV91U0QSTCR7RgaYCR1R52Sx/bp1pZWiFsdRHgDVTf29kOFJqGgV6skirFr1C/M8bpBBeeRkTSQpUkPlDYcotiK2iDGvIJCXAp5pgIpnOapExlpiArqyqS3AWv7xMuo26c1Fv3jZrrUZZRwWdoFN0jhx0iVroBrVRBxH0iJ7RK3oznowX4934mI+uGOXOEfoD4/MHVpWW6w==</latexit>

htext
<latexit sha1_base64="8oOiHFOhIi/vNLKgE1yuzMVlnjc=">AAAB/3icbVDLSsNAFJ34rPUVFdy4CRbBVUlKUZcFNy4r2Ac0oUymN+3QyYOZG7HELvwVNy4UcetvuPNvnLRZaOuBgcM593LPHD8RXKFtfxsrq2vrG5ulrfL2zu7evnlw2FZxKhm0WCxi2fWpAsEjaCFHAd1EAg19AR1/fJ37nXuQisfRHU4S8EI6jHjAGUUt9c1jN6Q48oNsNO27CA+YsXgA075Zsav2DNYycQpSIQWaffPLHcQsDSFCJqhSPcdO0MuoRM4ETMtuqiChbEyH0NM0oiEoL5vln1pnWhlYQSz1i9Caqb83MhoqNQl9PZmnVYteLv7n9VIMrryMR0mKELH5oSAVFsZWXoY14BIYiokmlEmus1psRCVlqCsr6xKcxS8vk3at6lxU67f1SqNW1FEiJ+SUnBOHXJIGuSFN0iKMPJJn8krejCfjxXg3PuajK0axc0T+wPj8ARaQlsE=</latexit>

hcode
<latexit sha1_base64="jq5TIro+HwpZRinX9ohjOJ+ROHU=">AAAB/3icbVDLSsNAFJ34rPUVFdy4CRbBVUlKUZcFNy4r2Ac0IUymk3boZBJmbsQSu/BX3LhQxK2/4c6/cZJmoa0HBs6ccy9z5gQJZwps+9tYWV1b39isbFW3d3b39s2Dw66KU0loh8Q8lv0AK8qZoB1gwGk/kRRHAae9YHKd+717KhWLxR1ME+pFeCRYyAgGLfnmsRthGAdhNp75LtAHyPL7zDdrdt0uYC0TpyQ1VKLtm1/uMCZpRAUQjpUaOHYCXoYlMMLprOqmiiaYTPCIDjQVOKLKy4r8M+tMK0MrjKU+AqxC/b2R4UipaRToyTydWvSKyP94gxTCKy9jIkmBCjJ/KEy5BbGVl2ENmaQE+FQTTCTTWS0yxhIT0JVVdQnO4peXSbdRdy7qzdtmrdUo66igE3SKzpGDLlEL3aA26iCCHtEzekVvxpPxYrwbH/PRFaPcOUJ/YHz+AC1tltA=</latexit>

hmath

Data

Current TokenSpecialist Template

<latexit sha1_base64="5unUUO7dkIfxS7wlyvvoa9Uil9g=">AAAB7XicbVDLSgNBEOyNrxhfUY9eBoPgKexK0BwDXjxGMA9IljA7mU3GzM4s8xDCkn/w4kERr/6PN//GSbIHTSxoKKq66e6KUs608f1vr7CxubW9U9wt7e0fHB6Vj0/aWlpFaItILlU3wppyJmjLMMNpN1UUJxGnnWhyO/c7T1RpJsWDmaY0TPBIsJgRbJzU7suUWz0oV/yqvwBaJ0FOKpCjOSh/9YeS2IQKQzjWuhf4qQkzrAwjnM5KfatpiskEj2jPUYETqsNsce0MXThliGKpXAmDFurviQwnWk+TyHUm2Iz1qjcX//N61sT1MGMitYYKslwUW46MRPPX0ZApSgyfOoKJYu5WRMZYYWJcQCUXQrD68jppX1WD62rtvlZp1PM4inAG53AJAdxAA+6gCS0g8AjP8ApvnvRevHfvY9la8PKZU/gD7/MHz+qPRA==</latexit>�
Data Pool

Balance Sampler

Batched Data

Mixture of text, 
code and math data

Text Specialist Code Specialist Math Specialist

Gating
Network

×
×
×

<latexit sha1_base64="xG/liO6/135B/2Z06jpySXA+Dq0=">AAAB/3icbVDLSsNAFJ34rPUVFdy4CRbBVUlKUZcFNy4r2Ac0IUymk3boZBJmbsQSs/BX3LhQxK2/4c6/cdJmoa0HZjiccy9z5gQJZwps+9tYWV1b39isbFW3d3b39s2Dw66KU0loh8Q8lv0AK8qZoB1gwGk/kRRHAae9YHJd+L17KhWLxR1ME+pFeCRYyAgGLfnmsRthGAdhNs59F+gDZMWV+2bNrtszWMvEKUkNlWj75pc7jEkaUQGEY6UGjp2Al2EJjHCaV91U0QSTCR7RgaYCR1R52Sx/bp1pZWiFsdRHgDVTf29kOFJqGgV6skirFr1C/M8bpBBeeRkTSQpUkPlDYcotiK2iDGvIJCXAp5pgIpnOapExlpiArqyqS3AWv7xMuo26c1Fv3jZrrUZZRwWdoFN0jhx0iVroBrVRBxH0iJ7RK3oznowX4934mI+uGOXOEfoD4/MHVpWW6w==</latexit>

htext
<latexit sha1_base64="8oOiHFOhIi/vNLKgE1yuzMVlnjc=">AAAB/3icbVDLSsNAFJ34rPUVFdy4CRbBVUlKUZcFNy4r2Ac0oUymN+3QyYOZG7HELvwVNy4UcetvuPNvnLRZaOuBgcM593LPHD8RXKFtfxsrq2vrG5ulrfL2zu7evnlw2FZxKhm0WCxi2fWpAsEjaCFHAd1EAg19AR1/fJ37nXuQisfRHU4S8EI6jHjAGUUt9c1jN6Q48oNsNO27CA+YsXgA075Zsav2DNYycQpSIQWaffPLHcQsDSFCJqhSPcdO0MuoRM4ETMtuqiChbEyH0NM0oiEoL5vln1pnWhlYQSz1i9Caqb83MhoqNQl9PZmnVYteLv7n9VIMrryMR0mKELH5oSAVFsZWXoY14BIYiokmlEmus1psRCVlqCsr6xKcxS8vk3at6lxU67f1SqNW1FEiJ+SUnBOHXJIGuSFN0iKMPJJn8krejCfjxXg3PuajK0axc0T+wPj8ARaQlsE=</latexit>

hcode
<latexit sha1_base64="jq5TIro+HwpZRinX9ohjOJ+ROHU=">AAAB/3icbVDLSsNAFJ34rPUVFdy4CRbBVUlKUZcFNy4r2Ac0IUymk3boZBJmbsQSu/BX3LhQxK2/4c6/cZJmoa0HBs6ccy9z5gQJZwps+9tYWV1b39isbFW3d3b39s2Dw66KU0loh8Q8lv0AK8qZoB1gwGk/kRRHAae9YHKd+717KhWLxR1ME+pFeCRYyAgGLfnmsRthGAdhNp75LtAHyPL7zDdrdt0uYC0TpyQ1VKLtm1/uMCZpRAUQjpUaOHYCXoYlMMLprOqmiiaYTPCIDjQVOKLKy4r8M+tMK0MrjKU+AqxC/b2R4UipaRToyTydWvSKyP94gxTCKy9jIkmBCjJ/KEy5BbGVl2ENmaQE+FQTTCTTWS0yxhIT0JVVdQnO4peXSbdRdy7qzdtmrdUo66igE3SKzpGDLlEL3aA26iCCHtEzekVvxpPxYrwbH/PRFaPcOUJ/YHz+AC1tltA=</latexit>

hmath

Text Specialist Code Specialist Math Specialist

Gating Network

×
×
×

LLM Head LLM Head LLM Head

Hidden

Logits

LM HeadGatingLM HeadGatingLM HeadGating

×××

Models

<latexit sha1_base64="xG/liO6/135B/2Z06jpySXA+Dq0=">AAAB/3icbVDLSsNAFJ34rPUVFdy4CRbBVUlKUZcFNy4r2Ac0IUymk3boZBJmbsQSs/BX3LhQxK2/4c6/cdJmoa0HZjiccy9z5gQJZwps+9tYWV1b39isbFW3d3b39s2Dw66KU0loh8Q8lv0AK8qZoB1gwGk/kRRHAae9YHJd+L17KhWLxR1ME+pFeCRYyAgGLfnmsRthGAdhNs59F+gDZMWV+2bNrtszWMvEKUkNlWj75pc7jEkaUQGEY6UGjp2Al2EJjHCaV91U0QSTCR7RgaYCR1R52Sx/bp1pZWiFsdRHgDVTf29kOFJqGgV6skirFr1C/M8bpBBeeRkTSQpUkPlDYcotiK2iDGvIJCXAp5pgIpnOapExlpiArqyqS3AWv7xMuo26c1Fv3jZrrUZZRwWdoFN0jhx0iVroBrVRBxH0iJ7RK3oznowX4934mI+uGOXOEfoD4/MHVpWW6w==</latexit>

htext
<latexit sha1_base64="8oOiHFOhIi/vNLKgE1yuzMVlnjc=">AAAB/3icbVDLSsNAFJ34rPUVFdy4CRbBVUlKUZcFNy4r2Ac0oUymN+3QyYOZG7HELvwVNy4UcetvuPNvnLRZaOuBgcM593LPHD8RXKFtfxsrq2vrG5ulrfL2zu7evnlw2FZxKhm0WCxi2fWpAsEjaCFHAd1EAg19AR1/fJ37nXuQisfRHU4S8EI6jHjAGUUt9c1jN6Q48oNsNO27CA+YsXgA075Zsav2DNYycQpSIQWaffPLHcQsDSFCJqhSPcdO0MuoRM4ETMtuqiChbEyH0NM0oiEoL5vln1pnWhlYQSz1i9Caqb83MhoqNQl9PZmnVYteLv7n9VIMrryMR0mKELH5oSAVFsZWXoY14BIYiokmlEmus1psRCVlqCsr6xKcxS8vk3at6lxU67f1SqNW1FEiJ+SUnBOHXJIGuSFN0iKMPJJn8krejCfjxXg3PuajK0axc0T+wPj8ARaQlsE=</latexit>

hcode
<latexit sha1_base64="jq5TIro+HwpZRinX9ohjOJ+ROHU=">AAAB/3icbVDLSsNAFJ34rPUVFdy4CRbBVUlKUZcFNy4r2Ac0IUymk3boZBJmbsQSu/BX3LhQxK2/4c6/cZJmoa0HBs6ccy9z5gQJZwps+9tYWV1b39isbFW3d3b39s2Dw66KU0loh8Q8lv0AK8qZoB1gwGk/kRRHAae9YHKd+717KhWLxR1ME+pFeCRYyAgGLfnmsRthGAdhNp75LtAHyPL7zDdrdt0uYC0TpyQ1VKLtm1/uMCZpRAUQjpUaOHYCXoYlMMLprOqmiiaYTPCIDjQVOKLKy4r8M+tMK0MrjKU+AqxC/b2R4UipaRToyTydWvSKyP94gxTCKy9jIkmBCjJ/KEy5BbGVl2ENmaQE+FQTTCTTWS0yxhIT0JVVdQnO4peXSbdRdy7qzdtmrdUo66igE3SKzpGDLlEL3aA26iCCHtEzekVvxpPxYrwbH/PRFaPcOUJ/YHz+AC1tltA=</latexit>

hmath

Data

Current TokenSpecialist Template

<latexit sha1_base64="5unUUO7dkIfxS7wlyvvoa9Uil9g=">AAAB7XicbVDLSgNBEOyNrxhfUY9eBoPgKexK0BwDXjxGMA9IljA7mU3GzM4s8xDCkn/w4kERr/6PN//GSbIHTSxoKKq66e6KUs608f1vr7CxubW9U9wt7e0fHB6Vj0/aWlpFaItILlU3wppyJmjLMMNpN1UUJxGnnWhyO/c7T1RpJsWDmaY0TPBIsJgRbJzU7suUWz0oV/yqvwBaJ0FOKpCjOSh/9YeS2IQKQzjWuhf4qQkzrAwjnM5KfatpiskEj2jPUYETqsNsce0MXThliGKpXAmDFurviQwnWk+TyHUm2Iz1qjcX//N61sT1MGMitYYKslwUW46MRPPX0ZApSgyfOoKJYu5WRMZYYWJcQCUXQrD68jppX1WD62rtvlZp1PM4inAG53AJAdxAA+6gCS0g8AjP8ApvnvRevHfvY9la8PKZU/gD7/MHz+qPRA==</latexit>�
Data Pool

Balance Sampler

Batched Data

Mixture of text, 
code and math data

Text Specialist Code Specialist Math Specialist

Hidden

Logits

LM HeadGatingLM HeadGatingLM HeadGating

×××

Models

<latexit sha1_base64="xG/liO6/135B/2Z06jpySXA+Dq0=">AAAB/3icbVDLSsNAFJ34rPUVFdy4CRbBVUlKUZcFNy4r2Ac0IUymk3boZBJmbsQSs/BX3LhQxK2/4c6/cdJmoa0HZjiccy9z5gQJZwps+9tYWV1b39isbFW3d3b39s2Dw66KU0loh8Q8lv0AK8qZoB1gwGk/kRRHAae9YHJd+L17KhWLxR1ME+pFeCRYyAgGLfnmsRthGAdhNs59F+gDZMWV+2bNrtszWMvEKUkNlWj75pc7jEkaUQGEY6UGjp2Al2EJjHCaV91U0QSTCR7RgaYCR1R52Sx/bp1pZWiFsdRHgDVTf29kOFJqGgV6skirFr1C/M8bpBBeeRkTSQpUkPlDYcotiK2iDGvIJCXAp5pgIpnOapExlpiArqyqS3AWv7xMuo26c1Fv3jZrrUZZRwWdoFN0jhx0iVroBrVRBxH0iJ7RK3oznowX4934mI+uGOXOEfoD4/MHVpWW6w==</latexit>

htext
<latexit sha1_base64="8oOiHFOhIi/vNLKgE1yuzMVlnjc=">AAAB/3icbVDLSsNAFJ34rPUVFdy4CRbBVUlKUZcFNy4r2Ac0oUymN+3QyYOZG7HELvwVNy4UcetvuPNvnLRZaOuBgcM593LPHD8RXKFtfxsrq2vrG5ulrfL2zu7evnlw2FZxKhm0WCxi2fWpAsEjaCFHAd1EAg19AR1/fJ37nXuQisfRHU4S8EI6jHjAGUUt9c1jN6Q48oNsNO27CA+YsXgA075Zsav2DNYycQpSIQWaffPLHcQsDSFCJqhSPcdO0MuoRM4ETMtuqiChbEyH0NM0oiEoL5vln1pnWhlYQSz1i9Caqb83MhoqNQl9PZmnVYteLv7n9VIMrryMR0mKELH5oSAVFsZWXoY14BIYiokmlEmus1psRCVlqCsr6xKcxS8vk3at6lxU67f1SqNW1FEiJ+SUnBOHXJIGuSFN0iKMPJJn8krejCfjxXg3PuajK0axc0T+wPj8ARaQlsE=</latexit>

hcode
<latexit sha1_base64="jq5TIro+HwpZRinX9ohjOJ+ROHU=">AAAB/3icbVDLSsNAFJ34rPUVFdy4CRbBVUlKUZcFNy4r2Ac0IUymk3boZBJmbsQSu/BX3LhQxK2/4c6/cZJmoa0HBs6ccy9z5gQJZwps+9tYWV1b39isbFW3d3b39s2Dw66KU0loh8Q8lv0AK8qZoB1gwGk/kRRHAae9YHKd+717KhWLxR1ME+pFeCRYyAgGLfnmsRthGAdhNp75LtAHyPL7zDdrdt0uYC0TpyQ1VKLtm1/uMCZpRAUQjpUaOHYCXoYlMMLprOqmiiaYTPCIDjQVOKLKy4r8M+tMK0MrjKU+AqxC/b2R4UipaRToyTydWvSKyP94gxTCKy9jIkmBCjJ/KEy5BbGVl2ENmaQE+FQTTCTTWS0yxhIT0JVVdQnO4peXSbdRdy7qzdtmrdUo66igE3SKzpGDLlEL3aA26iCCHtEzekVvxpPxYrwbH/PRFaPcOUJ/YHz+AC1tltA=</latexit>

hmath

Data

Current TokenSpecialist Template

<latexit sha1_base64="5unUUO7dkIfxS7wlyvvoa9Uil9g=">AAAB7XicbVDLSgNBEOyNrxhfUY9eBoPgKexK0BwDXjxGMA9IljA7mU3GzM4s8xDCkn/w4kERr/6PN//GSbIHTSxoKKq66e6KUs608f1vr7CxubW9U9wt7e0fHB6Vj0/aWlpFaItILlU3wppyJmjLMMNpN1UUJxGnnWhyO/c7T1RpJsWDmaY0TPBIsJgRbJzU7suUWz0oV/yqvwBaJ0FOKpCjOSh/9YeS2IQKQzjWuhf4qQkzrAwjnM5KfatpiskEj2jPUYETqsNsce0MXThliGKpXAmDFurviQwnWk+TyHUm2Iz1qjcX//N61sT1MGMitYYKslwUW46MRPPX0ZApSgyfOoKJYu5WRMZYYWJcQCUXQrD68jppX1WD62rtvlZp1PM4inAG53AJAdxAA+6gCS0g8AjP8ApvnvRevHfvY9la8PKZU/gD7/MHz+qPRA==</latexit>�
Data Pool
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Code Specialist

Math Specialist

<latexit sha1_base64="xG/liO6/135B/2Z06jpySXA+Dq0=">AAAB/3icbVDLSsNAFJ34rPUVFdy4CRbBVUlKUZcFNy4r2Ac0IUymk3boZBJmbsQSs/BX3LhQxK2/4c6/cdJmoa0HZjiccy9z5gQJZwps+9tYWV1b39isbFW3d3b39s2Dw66KU0loh8Q8lv0AK8qZoB1gwGk/kRRHAae9YHJd+L17KhWLxR1ME+pFeCRYyAgGLfnmsRthGAdhNs59F+gDZMWV+2bNrtszWMvEKUkNlWj75pc7jEkaUQGEY6UGjp2Al2EJjHCaV91U0QSTCR7RgaYCR1R52Sx/bp1pZWiFsdRHgDVTf29kOFJqGgV6skirFr1C/M8bpBBeeRkTSQpUkPlDYcotiK2iDGvIJCXAp5pgIpnOapExlpiArqyqS3AWv7xMuo26c1Fv3jZrrUZZRwWdoFN0jhx0iVroBrVRBxH0iJ7RK3oznowX4934mI+uGOXOEfoD4/MHVpWW6w==</latexit>

htext
<latexit sha1_base64="8oOiHFOhIi/vNLKgE1yuzMVlnjc=">AAAB/3icbVDLSsNAFJ34rPUVFdy4CRbBVUlKUZcFNy4r2Ac0oUymN+3QyYOZG7HELvwVNy4UcetvuPNvnLRZaOuBgcM593LPHD8RXKFtfxsrq2vrG5ulrfL2zu7evnlw2FZxKhm0WCxi2fWpAsEjaCFHAd1EAg19AR1/fJ37nXuQisfRHU4S8EI6jHjAGUUt9c1jN6Q48oNsNO27CA+YsXgA075Zsav2DNYycQpSIQWaffPLHcQsDSFCJqhSPcdO0MuoRM4ETMtuqiChbEyH0NM0oiEoL5vln1pnWhlYQSz1i9Caqb83MhoqNQl9PZmnVYteLv7n9VIMrryMR0mKELH5oSAVFsZWXoY14BIYiokmlEmus1psRCVlqCsr6xKcxS8vk3at6lxU67f1SqNW1FEiJ+SUnBOHXJIGuSFN0iKMPJJn8krejCfjxXg3PuajK0axc0T+wPj8ARaQlsE=</latexit>

hcode

<latexit sha1_base64="jq5TIro+HwpZRinX9ohjOJ+ROHU=">AAAB/3icbVDLSsNAFJ34rPUVFdy4CRbBVUlKUZcFNy4r2Ac0IUymk3boZBJmbsQSu/BX3LhQxK2/4c6/cZJmoa0HBs6ccy9z5gQJZwps+9tYWV1b39isbFW3d3b39s2Dw66KU0loh8Q8lv0AK8qZoB1gwGk/kRRHAae9YHKd+717KhWLxR1ME+pFeCRYyAgGLfnmsRthGAdhNp75LtAHyPL7zDdrdt0uYC0TpyQ1VKLtm1/uMCZpRAUQjpUaOHYCXoYlMMLprOqmiiaYTPCIDjQVOKLKy4r8M+tMK0MrjKU+AqxC/b2R4UipaRToyTydWvSKyP94gxTCKy9jIkmBCjJ/KEy5BbGVl2ENmaQE+FQTTCTTWS0yxhIT0JVVdQnO4peXSbdRdy7qzdtmrdUo66igE3SKzpGDLlEL3aA26iCCHtEzekVvxpPxYrwbH/PRFaPcOUJ/YHz+AC1tltA=</latexit>

hmath
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×
×
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×××
<latexit sha1_base64="22pCfoxlJ8QKVHxzvf4qOshZOSo=">AAAB9HicbVBNS8NAEN34WetX1aOXYBE8SEmkqMeCF48V7Ae0oWy2k3bpZhN3J9US+ju8eFDEqz/Gm//GTZuDtj6Y4fHeDDv7/FhwjY7zba2srq1vbBa2its7u3v7pYPDpo4SxaDBIhGptk81CC6hgRwFtGMFNPQFtPzRTea3xqA0j+Q9TmLwQjqQPOCMopG8x14X4QnTrE17pbJTcWawl4mbkzLJUe+Vvrr9iCUhSGSCat1xnRi9lCrkTMC02E00xJSN6AA6hkoagvbS2dFT+9QofTuIlCmJ9kz9vZHSUOtJ6JvJkOJQL3qZ+J/XSTC49lIu4wRBsvlDQSJsjOwsAbvPFTAUE0MoU9zcarMhVZShyaloQnAXv7xMmhcV97JSvauWa+d5HAVyTE7IGXHJFamRW1InDcLIA3kmr+TNGlsv1rv1MR9dsfKdI/IH1ucProqSow==</latexit>wtext

<latexit sha1_base64="8CM9N1UyCUGWet4kjkWmA85M3kc=">AAAB9HicbVBNS8NAEN34WetX1aOXYBE8SEmkqMeCF48V7Ae0oWw2k3bpZhN3J9US+ju8eFDEqz/Gm//GbZuDtj4YeLw3w8w8PxFco+N8Wyura+sbm4Wt4vbO7t5+6eCwqeNUMWiwWMSq7VMNgktoIEcB7UQBjXwBLX94M/VbI1Cax/Iexwl4Ee1LHnJG0UjeY6+L8IQZiwOY9Eplp+LMYC8TNydlkqPeK311g5ilEUhkgmrdcZ0EvYwq5EzApNhNNSSUDWkfOoZKGoH2stnRE/vUKIEdxsqURHum/p7IaKT1OPJNZ0RxoBe9qfif10kxvPYyLpMUQbL5ojAVNsb2NAE74AoYirEhlClubrXZgCrK0ORUNCG4iy8vk+ZFxb2sVO+q5dp5HkeBHJMTckZcckVq5JbUSYMw8kCeySt5s0bWi/VufcxbV6x85oj8gfX5A26Fknk=</latexit>wcode
<latexit sha1_base64="SvZEPBQkKNznEaJGXzPrsSxC4FI=">AAAB9HicbVDLSsNAFJ34rPVVdekmWAQXUhIp6rLgxmUF+4A2lMn0ph06mcSZm2oJ/Q43LhRx68e482+cpllo64GBwzn3cs8cPxZco+N8Wyura+sbm4Wt4vbO7t5+6eCwqaNEMWiwSESq7VMNgktoIEcB7VgBDX0BLX90M/NbY1CaR/IeJzF4IR1IHnBG0UjeY6+L8IRpSHE47ZXKTsXJYC8TNydlkqPeK311+xFLQpDIBNW64zoxeilVyJmAabGbaIgpG9EBdAyVNATtpVnoqX1qlL4dRMo8iXam/t5Iaaj1JPTN5CydXvSyyP94nQSDay/lMk4QJJsfChJhY2TPGrD7XAFDMTGEMsVNVpsNqaIMTU9FU4K7+OVl0ryouJeV6l21XDvP6yiQY3JCzohLrkiN3JI6aRBGHsgzeSVv1th6sd6tj/noipXvHJE/sD5/AIVikog=</latexit>wmath

<latexit sha1_base64="NRDLyMOFCzp8XHHWXFWs5ivzEjU=">AAAB7nicbVBNSwMxEJ34WetX1aOXYBE8SNmVoh4LXjxWsB/QLiWbZtvQbDYkWaEs/RFePCji1d/jzX9jtt2Dtj4YeLw3w8y8UAlurOd9o7X1jc2t7dJOeXdv/+CwcnTcNkmqKWvRRCS6GxLDBJesZbkVrKs0I3EoWCec3OV+54lpwxP5aKeKBTEZSR5xSqyTOqNBX415eVCpejVvDrxK/IJUoUBzUPnqDxOaxkxaKogxPd9TNsiItpwKNiv3U8MUoRMyYj1HJYmZCbL5uTN87pQhjhLtSlo8V39PZCQ2ZhqHrjMmdmyWvVz8z+ulNroNMi5Vapmki0VRKrBNcP47HnLNqBVTRwjV3N2K6ZhoQq1LKA/BX355lbSvav51rf5QrzYuizhKcApncAE+3EAD7qEJLaAwgWd4hTek0At6Rx+L1jVUzJzAH6DPH7/NjyA=</latexit>gω

<latexit sha1_base64="QofdX0jJRsj2A/L9W/vtVsYZejw=">AAACKXicbVDLSsNAFJ34tr6qLt0Ei+CilESKuhEKIrgRFFoVmhAmk1s7OHkwcyOWkN9x46+4UVDUrT/iJK2o1QsznPs43HOPnwiu0LLejInJqemZ2bn5ysLi0vJKdXXtXMWpZNBhsYjlpU8VCB5BBzkKuEwk0NAXcOFfHxb9ixuQisdRGwcJuCG9iniPM4q65FVbTkixz6jITnLPafcB6YGTHXkOwi1mxZfXvzIWB/CdFbzcyb1qzWpYZZh/gT0CNTKKU6/65AQxS0OIkAmqVNe2EnQzKpEzAXnFSRUklF3TK+hqGNEQlJuVl+bmlq4EZi+W+kVoltWfjIyGSg1CX08W+tR4rxT9T6+bYm/fzXiUpAgRGy7qpcLE2CxsMwMugaEYaECZ5FqryfpUUoba3Io2wR4/+S8432nYu43mWbPWqo/smCMbZJNsE5vskRY5JqekQxi5Iw/kmbwY98aj8Wq8D0cnjBFnnfwK4+MT4mio0A==</latexit>M! = {Etext, Ecode, Emath}

<latexit sha1_base64="BS69RPWt5Iu1JJn2d4ki217DSmA=">AAACGXicbVDLSgMxFM3Ud31VXboJFsGFlBkp6rLgxoWCgq1Cp5RMeqcNzUyG5I5ahvkNN/6KGxeKuNSVf2P6EHwdCBzOOZfce4JECoOu++EUpqZnZufmF4qLS8srq6W19YZRqeZQ50oqfRUwA1LEUEeBEq4SDSwKJFwG/aOhf3kN2ggVX+AggVbEurEIBWdopXbJ9SOGvSDMerl/q0W3h0xrdZP5CLeYnZzSY2CdPP9KqbxdKrsVdwT6l3gTUiYTnLVLb35H8TSCGLlkxjQ9N8FWxjQKLiEv+qmBhPE+60LT0phFYFrZ6LKcblulQ0Ol7YuRjtTvExmLjBlEgU0ONzS/vaH4n9dMMTxsZSJOUoSYjz8KU0lR0WFNtCM0cJQDSxjXwu5KeY9pxtGWWbQleL9P/ksaexVvv1I9r5Zru5M65skm2SI7xCMHpEaOyRmpE07uyAN5Is/OvfPovDiv42jBmcxskB9w3j8BM26iOg==</latexit>
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<latexit sha1_base64="zqRnny6bs1cQbdFQUSUtEPwR4sk=">AAACMHicbVDLSsNAFJ34tr6iLt0MFsGFlESKCm4EF7pUsCq0oUymN3bo5MHMjVpCPsmNn6IbBUXc+hVOYhbaemCGM+fey5x7/EQKjY7zak1MTk3PzM7N1xYWl5ZX7NW1Sx2nikOLxzJW1z7TIEUELRQo4TpRwEJfwpU/OC7qV7egtIijCxwm4IXsJhKB4AyN1LVP2p2QYd8PsrtuB+Ees+LK88NRmcc9yHM6phfPPPe6dt1pOCXoOHErUicVzrr2U6cX8zSECLlkWrddJ0EvYwoFl5DXOqmGhPEBu4G2oRELQXtZuXBOt4zSo0GszImQlurviYyFWg9D33QW/vRorTT9T62dYnDgZSJKUoSI/3wUpJJiTIv0aE8o4CiHhjCuhPFKeZ8pxtFkXDMhuKMrj5PL3Ya712ieN+tHO1Ucc2SDbJJt4pJ9ckROyRlpEU4eyDN5I+/Wo/VifVifP60TVjWzTv7A+voGhMis2w==</latexit>

[wtext;wcode;wmath]
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<latexit sha1_base64="xG/liO6/135B/2Z06jpySXA+Dq0=">AAAB/3icbVDLSsNAFJ34rPUVFdy4CRbBVUlKUZcFNy4r2Ac0IUymk3boZBJmbsQSs/BX3LhQxK2/4c6/cdJmoa0HZjiccy9z5gQJZwps+9tYWV1b39isbFW3d3b39s2Dw66KU0loh8Q8lv0AK8qZoB1gwGk/kRRHAae9YHJd+L17KhWLxR1ME+pFeCRYyAgGLfnmsRthGAdhNs59F+gDZMWV+2bNrtszWMvEKUkNlWj75pc7jEkaUQGEY6UGjp2Al2EJjHCaV91U0QSTCR7RgaYCR1R52Sx/bp1pZWiFsdRHgDVTf29kOFJqGgV6skirFr1C/M8bpBBeeRkTSQpUkPlDYcotiK2iDGvIJCXAp5pgIpnOapExlpiArqyqS3AWv7xMuo26c1Fv3jZrrUZZRwWdoFN0jhx0iVroBrVRBxH0iJ7RK3oznowX4934mI+uGOXOEfoD4/MHVpWW6w==</latexit>

htext
<latexit sha1_base64="8oOiHFOhIi/vNLKgE1yuzMVlnjc=">AAAB/3icbVDLSsNAFJ34rPUVFdy4CRbBVUlKUZcFNy4r2Ac0oUymN+3QyYOZG7HELvwVNy4UcetvuPNvnLRZaOuBgcM593LPHD8RXKFtfxsrq2vrG5ulrfL2zu7evnlw2FZxKhm0WCxi2fWpAsEjaCFHAd1EAg19AR1/fJ37nXuQisfRHU4S8EI6jHjAGUUt9c1jN6Q48oNsNO27CA+YsXgA075Zsav2DNYycQpSIQWaffPLHcQsDSFCJqhSPcdO0MuoRM4ETMtuqiChbEyH0NM0oiEoL5vln1pnWhlYQSz1i9Caqb83MhoqNQl9PZmnVYteLv7n9VIMrryMR0mKELH5oSAVFsZWXoY14BIYiokmlEmus1psRCVlqCsr6xKcxS8vk3at6lxU67f1SqNW1FEiJ+SUnBOHXJIGuSFN0iKMPJJn8krejCfjxXg3PuajK0axc0T+wPj8ARaQlsE=</latexit>

hcode

<latexit sha1_base64="jq5TIro+HwpZRinX9ohjOJ+ROHU=">AAAB/3icbVDLSsNAFJ34rPUVFdy4CRbBVUlKUZcFNy4r2Ac0IUymk3boZBJmbsQSu/BX3LhQxK2/4c6/cZJmoa0HBs6ccy9z5gQJZwps+9tYWV1b39isbFW3d3b39s2Dw66KU0loh8Q8lv0AK8qZoB1gwGk/kRRHAae9YHKd+717KhWLxR1ME+pFeCRYyAgGLfnmsRthGAdhNp75LtAHyPL7zDdrdt0uYC0TpyQ1VKLtm1/uMCZpRAUQjpUaOHYCXoYlMMLprOqmiiaYTPCIDjQVOKLKy4r8M+tMK0MrjKU+AqxC/b2R4UipaRToyTydWvSKyP94gxTCKy9jIkmBCjJ/KEy5BbGVl2ENmaQE+FQTTCTTWS0yxhIT0JVVdQnO4peXSbdRdy7qzdtmrdUo66igE3SKzpGDLlEL3aA26iCCHtEzekVvxpPxYrwbH/PRFaPcOUJ/YHz+AC1tltA=</latexit>

hmath

Gating Network 

Math Specialist

×××
<latexit sha1_base64="22pCfoxlJ8QKVHxzvf4qOshZOSo=">AAAB9HicbVBNS8NAEN34WetX1aOXYBE8SEmkqMeCF48V7Ae0oWy2k3bpZhN3J9US+ju8eFDEqz/Gm//GTZuDtj6Y4fHeDDv7/FhwjY7zba2srq1vbBa2its7u3v7pYPDpo4SxaDBIhGptk81CC6hgRwFtGMFNPQFtPzRTea3xqA0j+Q9TmLwQjqQPOCMopG8x14X4QnTrE17pbJTcWawl4mbkzLJUe+Vvrr9iCUhSGSCat1xnRi9lCrkTMC02E00xJSN6AA6hkoagvbS2dFT+9QofTuIlCmJ9kz9vZHSUOtJ6JvJkOJQL3qZ+J/XSTC49lIu4wRBsvlDQSJsjOwsAbvPFTAUE0MoU9zcarMhVZShyaloQnAXv7xMmhcV97JSvauWa+d5HAVyTE7IGXHJFamRW1InDcLIA3kmr+TNGlsv1rv1MR9dsfKdI/IH1ucProqSow==</latexit>wtext

<latexit sha1_base64="8CM9N1UyCUGWet4kjkWmA85M3kc=">AAAB9HicbVBNS8NAEN34WetX1aOXYBE8SEmkqMeCF48V7Ae0oWw2k3bpZhN3J9US+ju8eFDEqz/Gm//GbZuDtj4YeLw3w8w8PxFco+N8Wyura+sbm4Wt4vbO7t5+6eCwqeNUMWiwWMSq7VMNgktoIEcB7UQBjXwBLX94M/VbI1Cax/Iexwl4Ee1LHnJG0UjeY6+L8IQZiwOY9Eplp+LMYC8TNydlkqPeK311g5ilEUhkgmrdcZ0EvYwq5EzApNhNNSSUDWkfOoZKGoH2stnRE/vUKIEdxsqURHum/p7IaKT1OPJNZ0RxoBe9qfif10kxvPYyLpMUQbL5ojAVNsb2NAE74AoYirEhlClubrXZgCrK0ORUNCG4iy8vk+ZFxb2sVO+q5dp5HkeBHJMTckZcckVq5JbUSYMw8kCeySt5s0bWi/VufcxbV6x85oj8gfX5A26Fknk=</latexit>wcode
<latexit sha1_base64="SvZEPBQkKNznEaJGXzPrsSxC4FI=">AAAB9HicbVDLSsNAFJ34rPVVdekmWAQXUhIp6rLgxmUF+4A2lMn0ph06mcSZm2oJ/Q43LhRx68e482+cpllo64GBwzn3cs8cPxZco+N8Wyura+sbm4Wt4vbO7t5+6eCwqaNEMWiwSESq7VMNgktoIEcB7VgBDX0BLX90M/NbY1CaR/IeJzF4IR1IHnBG0UjeY6+L8IRpSHE47ZXKTsXJYC8TNydlkqPeK311+xFLQpDIBNW64zoxeilVyJmAabGbaIgpG9EBdAyVNATtpVnoqX1qlL4dRMo8iXam/t5Iaaj1JPTN5CydXvSyyP94nQSDay/lMk4QJJsfChJhY2TPGrD7XAFDMTGEMsVNVpsNqaIMTU9FU4K7+OVl0ryouJeV6l21XDvP6yiQY3JCzohLrkiN3JI6aRBGHsgzeSVv1th6sd6tj/noipXvHJE/sD5/AIVikog=</latexit>wmath

<latexit sha1_base64="NRDLyMOFCzp8XHHWXFWs5ivzEjU=">AAAB7nicbVBNSwMxEJ34WetX1aOXYBE8SNmVoh4LXjxWsB/QLiWbZtvQbDYkWaEs/RFePCji1d/jzX9jtt2Dtj4YeLw3w8y8UAlurOd9o7X1jc2t7dJOeXdv/+CwcnTcNkmqKWvRRCS6GxLDBJesZbkVrKs0I3EoWCec3OV+54lpwxP5aKeKBTEZSR5xSqyTOqNBX415eVCpejVvDrxK/IJUoUBzUPnqDxOaxkxaKogxPd9TNsiItpwKNiv3U8MUoRMyYj1HJYmZCbL5uTN87pQhjhLtSlo8V39PZCQ2ZhqHrjMmdmyWvVz8z+ulNroNMi5Vapmki0VRKrBNcP47HnLNqBVTRwjV3N2K6ZhoQq1LKA/BX355lbSvav51rf5QrzYuizhKcApncAE+3EAD7qEJLaAwgWd4hTek0At6Rx+L1jVUzJzAH6DPH7/NjyA=</latexit>gω
<latexit sha1_base64="BS69RPWt5Iu1JJn2d4ki217DSmA=">AAACGXicbVDLSgMxFM3Ud31VXboJFsGFlBkp6rLgxoWCgq1Cp5RMeqcNzUyG5I5ahvkNN/6KGxeKuNSVf2P6EHwdCBzOOZfce4JECoOu++EUpqZnZufmF4qLS8srq6W19YZRqeZQ50oqfRUwA1LEUEeBEq4SDSwKJFwG/aOhf3kN2ggVX+AggVbEurEIBWdopXbJ9SOGvSDMerl/q0W3h0xrdZP5CLeYnZzSY2CdPP9KqbxdKrsVdwT6l3gTUiYTnLVLb35H8TSCGLlkxjQ9N8FWxjQKLiEv+qmBhPE+60LT0phFYFrZ6LKcblulQ0Ol7YuRjtTvExmLjBlEgU0ONzS/vaH4n9dMMTxsZSJOUoSYjz8KU0lR0WFNtCM0cJQDSxjXwu5KeY9pxtGWWbQleL9P/ksaexVvv1I9r5Zru5M65skm2SI7xCMHpEaOyRmpE07uyAN5Is/OvfPovDiv42jBmcxskB9w3j8BM26iOg==</latexit>
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<latexit sha1_base64="zqRnny6bs1cQbdFQUSUtEPwR4sk=">AAACMHicbVDLSsNAFJ34tr6iLt0MFsGFlESKCm4EF7pUsCq0oUymN3bo5MHMjVpCPsmNn6IbBUXc+hVOYhbaemCGM+fey5x7/EQKjY7zak1MTk3PzM7N1xYWl5ZX7NW1Sx2nikOLxzJW1z7TIEUELRQo4TpRwEJfwpU/OC7qV7egtIijCxwm4IXsJhKB4AyN1LVP2p2QYd8PsrtuB+Ees+LK88NRmcc9yHM6phfPPPe6dt1pOCXoOHErUicVzrr2U6cX8zSECLlkWrddJ0EvYwoFl5DXOqmGhPEBu4G2oRELQXtZuXBOt4zSo0GszImQlurviYyFWg9D33QW/vRorTT9T62dYnDgZSJKUoSI/3wUpJJiTIv0aE8o4CiHhjCuhPFKeZ8pxtFkXDMhuKMrj5PL3Ya712ieN+tHO1Ucc2SDbJJt4pJ9ckROyRlpEU4eyDN5I+/Wo/VifVifP60TVjWzTv7A+voGhMis2w==</latexit>
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<latexit sha1_base64="5unUUO7dkIfxS7wlyvvoa9Uil9g=">AAAB7XicbVDLSgNBEOyNrxhfUY9eBoPgKexK0BwDXjxGMA9IljA7mU3GzM4s8xDCkn/w4kERr/6PN//GSbIHTSxoKKq66e6KUs608f1vr7CxubW9U9wt7e0fHB6Vj0/aWlpFaItILlU3wppyJmjLMMNpN1UUJxGnnWhyO/c7T1RpJsWDmaY0TPBIsJgRbJzU7suUWz0oV/yqvwBaJ0FOKpCjOSh/9YeS2IQKQzjWuhf4qQkzrAwjnM5KfatpiskEj2jPUYETqsNsce0MXThliGKpXAmDFurviQwnWk+TyHUm2Iz1qjcX//N61sT1MGMitYYKslwUW46MRPPX0ZApSgyfOoKJYu5WRMZYYWJcQCUXQrD68jppX1WD62rtvlZp1PM4inAG53AJAdxAA+6gCS0g8AjP8ApvnvRevHfvY9la8PKZU/gD7/MHz+qPRA==</latexit>� <latexit sha1_base64="5unUUO7dkIfxS7wlyvvoa9Uil9g=">AAAB7XicbVDLSgNBEOyNrxhfUY9eBoPgKexK0BwDXjxGMA9IljA7mU3GzM4s8xDCkn/w4kERr/6PN//GSbIHTSxoKKq66e6KUs608f1vr7CxubW9U9wt7e0fHB6Vj0/aWlpFaItILlU3wppyJmjLMMNpN1UUJxGnnWhyO/c7T1RpJsWDmaY0TPBIsJgRbJzU7suUWz0oV/yqvwBaJ0FOKpCjOSh/9YeS2IQKQzjWuhf4qQkzrAwjnM5KfatpiskEj2jPUYETqsNsce0MXThliGKpXAmDFurviQwnWk+TyHUm2Iz1qjcX//N61sT1MGMitYYKslwUW46MRPPX0ZApSgyfOoKJYu5WRMZYYWJcQCUXQrD68jppX1WD62rtvlZp1PM4inAG53AJAdxAA+6gCS0g8AjP8ApvnvRevHfvY9la8PKZU/gD7/MHz+qPRA==</latexit>�( ( () ) )

<latexit sha1_base64="QofdX0jJRsj2A/L9W/vtVsYZejw=">AAACKXicbVDLSsNAFJ34tr6qLt0Ei+CilESKuhEKIrgRFFoVmhAmk1s7OHkwcyOWkN9x46+4UVDUrT/iJK2o1QsznPs43HOPnwiu0LLejInJqemZ2bn5ysLi0vJKdXXtXMWpZNBhsYjlpU8VCB5BBzkKuEwk0NAXcOFfHxb9ixuQisdRGwcJuCG9iniPM4q65FVbTkixz6jITnLPafcB6YGTHXkOwi1mxZfXvzIWB/CdFbzcyb1qzWpYZZh/gT0CNTKKU6/65AQxS0OIkAmqVNe2EnQzKpEzAXnFSRUklF3TK+hqGNEQlJuVl+bmlq4EZi+W+kVoltWfjIyGSg1CX08W+tR4rxT9T6+bYm/fzXiUpAgRGy7qpcLE2CxsMwMugaEYaECZ5FqryfpUUoba3Io2wR4/+S8432nYu43mWbPWqo/smCMbZJNsE5vskRY5JqekQxi5Iw/kmbwY98aj8Wq8D0cnjBFnnfwK4+MT4mio0A==</latexit>M! = {Etext, Ecode, Emath}

Figure 2: Architecture of our proposed ULTRA-
FUSERframework.

model aims to utilize the expertise of each spe-147

cialist model appropriately based on the nature148

of the input data. The integration of specialized149

ability is realized by a shared gating layer g that150

calculates the weight for each token per specialist.151

Specifically, during training, for the token x(i) con-152

cerned, the three specialists output token hidden153

states h(i) = {h(i)
text, h(i)

code, h(i)
math} and correspond-154

ing logits o(i) = {o(i)
text, o(i)

code, o(i)
math} as a native155

language model. Then, the gating layer gΦ is ap-156

plied to each set of specialist outputs to obtain the157

final logits.158
Practically, the gating layer is implemented as a159

linear network that calculates the weight for each160

token x(i) based on the last hidden states h(i) =161
E(x(1:i−1)). For each token x(i), the final output162
logits from the fused model are computed as:163

gΦ(MΘ(x(i))) = w(i)T (o(i)
text : o(i)

code : o(i)
math),

w(i) = Softmax(g(h(i)
text) : g(h(i)

code) : g(h(i)
math)).

(1)164

Training. One possible approach to training the165

model is to train the gating network only, expecting166

it to allocate each token to its optimal distribution167

over the three specialists. Such training strategy168

highly relies on the gating module’s capacity in169

capturing the complex and diverse context in drasti-170

cally different instructions. An easier way to boost171

the performance is to jointly fine-tune the three172

specialists along with the gating module. However,173

the specialists can be negatively impacted by gradi-174

ents back-propagated from the gating module due175

to its poor performance at the early stage, which176

may cause irreversible damage to the specialist’s177

inherent ability.178

To tackle the problem, we propose a two-stage 179

training strategy to ensure training stability and 180

mitigate potential specialist ability loss. The first 181

stage trains only the gating module parameters for 182

N1 steps and keeps specialists frozen. The purpose 183

is to retain specialist capability while warming up 184

the gating module. After the first stage of training, 185

the gating network is expected to output reasonable 186

token weights that favor over specific specialists 187

according to data type. In our experiments, we use 188

N1 = 400. The second stage continues to fine-tune 189

all model parameters based on the first stage for 190

N2 steps. At this stage, the specialist models are 191

jointly optimized for a better overall performance. 192

At both stages, the training loss is the cross-entropy 193

loss given true labels y and the final model output. 194

L(x, y) =
∑

i

CE(gΦ(MΘ(x(i))), y(i)). (2) 195

The training proceeds by minimizing the total loss 196

over all instances in the training set using a suitable 197

optimization algorithm, such as AdamW. The 198

gradients are back-propagated through both the 199

specialist models and the gating networks, allowing 200

the gating mechanism to learn how to distribute 201

the inputs effectively among the specialists. The 202

overall training process is shown in Algorithm 1. 203

Templates. Since all specialists are well aligned 204

to one domain and trained with different templates, 205

they may demonstrate different activation patterns 206

that are highly sensitive to inputs. Therefore, to 207

fully take advantage of the specialized ability, we 208

use specialist-specific templates to format our train- 209

ing data (see Appendix C). Each training sample 210

is wrapped up by three different templates and fed 211

into the respective specialist model. Since the loss 212

is only calculated for the model response part, the 213

response tokens will still be aligned, and their logits 214

can be fused together seamlessly. 215

Data-level Balancing. We also adopt a batch-level 216

class-balance sampler during training. The sampler 217

ensures that each training batch contains the same 218

number of training instances from the three cate- 219

gories, balancing the gradient within each batch 220

and preventing from biased training that favor over 221

one specific specialist. As shown in Algorithm 1, 222

each batch of data contains n × 3 instances in total. 223

We explain the reason to alleviate the imbalance 224

issue in the data-level and validate the effectiveness 225

of the class-balance sampler in Section 3.3. 226

Inference. The model design adopts post-specialist 227

token-level gating, meaning that all specialists are 228
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Algorithm 1 Algorithm for two-stage training with
balanced data sampler, where S(D, n) means ran-
domly sampling n examples from dataset D. N1
and N2 are total training steps, and η1 and η2 are
the scheduled learning rate for the two stages, re-
spectively.

Input: specialized models MΘ, gating gΦ, train-
ing data Dtext, Dcode, Dmath
for i = 1 to N1 do

Di =
⋃

t∈{text,code,math} Di
t

=
⋃

t∈{text,code,math} S(Dt, n)
gΦ = gΦ − η1∆Φ

1
|Di|

∑
(x,y)∈Di L(x, y)

end for
for j = 1 to N2 do

Dj =
⋃

t∈{text,code,math} Dj
t

=
⋃

t∈{text,code,math} S(Dt, n)
gΦ = gΦ − η2∆Φ

1
|Dj |

∑
(x,y)∈Dj L(x, y)

MΘ = MΘ −η2∆Θ
1

|Dj |
∑

(x,y)∈Dj L(x, y)
end for

activated during inference. For each token x(i), the229

three specialist models MΘ are queried, and their230

logits are fused using the gating module gϕ(·) as in231

the training phase. The softmax is applied to the232

aggregated logits to generate probabilities for the233

next token. The selected token is then used as part234

of the input for the subsequent inference step in235

an autoregressive manner. Our design opens doors236

for sophisticated, real-time adaptability that mono-237

lithic models lack. For example, in a text string238

interwoven with mathematical equations and code239

snippets—common in scientific papers, the fused240

model can shift its “attention” between specialists241

within the same sequence, ensuring that each token242

is treated with the most appropriate domain exper-243

tise. But on the other hand, since all specialists are244

activated in inference, computational overheads are245

inevitably introduced. In experiments, we adapt246

the vLLM project (Kwon et al., 2023) to our fused247

model to accelerate inference, which is elaborated248

in Appendix D.249

2.2 Data Synthesis250

Currently, within the open-source community,251

there are already multiple instruction-tuning252

datasets for text-based conversations. However,253

there is a relatively limited amount of systematic254

code and mathematical instruction tuning data255

available. In this section, we construct ULTRA-256

Figure 3: t-SNE visualization of ULTRACHAT 2.

CHAT 2, a comprehensive dataset tailored for 257

training our proposed model. ULTRACHAT 2 spans 258

a wide range of subject matter, covering natural 259

language, coding, and mathematical instructions. 260

Following the spirit of UltraChat (Ding et al., 2023), 261

We employ a multi-stage generation pipeline to 262

generate a rich set of instructional data in cooper- 263

ation with LLMs. First, we engage in multi-turn 264

interactions with GPT-4 (OpenAI, 2023), collecting 265

and refining a set of diverse meta-topics that best 266

represent each domain. Then, sub-topics and con- 267

cepts are generated for each meta-topic. For each 268

sub-topic, GPT-4 is instructed to further generate 269

diverse and detailed instructions. After obtaining 270

these instructions, we continue with in-context 271

learning, generating both strongly and weakly 272

related instructions. Finally, we sample 30% of the 273

instruction data and regenerate them with higher 274

complexity. Once we have the complete pool of 275

instructions, we distill the GPT-4 responses and 276

construct the whole dataset. We provide more 277

details about ULTRACHAT 2 in Appendix G. 278

Data Analysis. We randomly sample 5000 279

instructions from each category and visualize the 280

data distribution in Figure 3. The representations 281

are obtained by averaging the last layer of hidden 282

states from Llama-2-13B, and dimensions are 283

further reduced by the t-SNE algorithm (Van der 284

Maaten and Hinton, 2008). The visualization 285

clearly demonstrates the diversity and distinc- 286

tiveness of different types of ULTRACHAT 2, 287

which aligns with the intuition and discussion in 288

Section 1. ULTRACHAT 2 provides high-quality 289

resources for the facilitation of specialized models. 290

We train a Llama-2-13B on ULTRACHAT 2 to give 291

a glance at the effectiveness. As shown in Figure 4, 292

in the text domain, the Llama-2-13B + UltraChat 293

2 configuration exhibits a 3.9% decrement in 294
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- 4.74%

+10.37%

+9.37%

Figure 4: Performance comparison of Llama-2 model
trained on ULTRACHAT and ULTRACHAT 2. The per-
formance for the text domain is computed by the aver-
age results on TruthfulQA (Acc) and AlpacaEval (Win
Rate) datasets; the performance for the code domain
is Pass@1 of HumanEval; and the performance for the
math domain is the average result of GSM8K (Pass@1)
and MATH (Pass@1).

performance relative to the baseline only trained on295

the text domain. Conversely, in the code domain,296

there is a significant performance increment297

of 10.4% with the UltraChat 2 enhancement.298

The math domain also shows a performance299

increase of 9.4% with the UltraChat 2 integration,300

indicating a clear advantage of the updated system301

in code-related and mathematical reasoning tasks.302

3 Experiments303

We conduct extensive experiments to analyze304

the effectiveness and behaviors of ULTRAFUSER.305

Implementation details are reported in Appendix C.306

3.1 Experimental Settings307

Backbone Models. To validate the effectiveness308

of our approach, we adopt Llama-2-13B (Touvron309

et al., 2023b) as the backbone for experiments.310

Specifically, we use UltraLM-13B-V2.0 (Ding311

et al., 2023), CodeLlama-13B-instruct (Rozière312

et al., 2023), WizardMath-13B-V1.0 (Luo et al.,313

2023a) as the three specialist models. All model314

parameters are fine-tuned under the proposed315

ULTRAFUSER framework.316

Baselines. We mainly gather three types of317

baseline methods for comparison: (1) Specialized318

Models: The original specialized backbone models319

are adopted to show the initial ability of separate320

specialized models and to validate the fusing ability321

of the proposed method. (2) Single Further-tuned322

Models: We also apply supervised fine-tuning with323

ULTRACHAT 2 on different backbone models. In324

order to comprehensively evaluate the advantage325

of the fused model design, both single specialized326

model and single model with similar parameter 327

volume (Llama-30B (Touvron et al., 2023a)) are in- 328

corporated. (3) Model Merging: A large body of ex- 329

isting works merge specialized models into a single 330

dense model with arithmetic operation on model 331

parameters. Direct model merging methods in- 332

clude Average Merging (Wortsman et al.) and Task 333

Arithmetic (Ilharco et al., 2023). FuseChat adopts 334

pair-wise model merging and fine-tuning before fi- 335

nal merging. BTX (Sukhbaatar et al., 2024) merges 336

models with MoE structure at each linear layer and 337

tunes with new data. For BTX and FuseChat (Wan 338

et al., 2024b), we uniformly use ULTRACHAT 2 339

for further fine-tuning as our proposed method. 340

Evaluation. For the text domain, we use Truth- 341

fulQA (Lin et al., 2021) and AlpacaEval (Li et al., 342

2023b) for evaluation. The former is more focused 343

on the truthfulness of LLMs, and the latter consists 344

of more general natural language questions. For 345

the code domain, we use HumanEval (Chen et al., 346

2021) for evaluation, which is a code completion 347

task. For the math domain, we use GSM8K (Cobbe 348

et al., 2021), MATH (Hendrycks et al., 2020), SAT- 349

MATH (Zhong et al., 2023) and AQuA (Ling et al., 350

2017) for evaluation. For evaluation, we trans- 351

form each dataset into instruction format, and use 352

the consistent template as training for inference. 353

Specifically, we evaluate under the MC2 setting 354

in TruthfulQA, where each option is fed into the 355

model independently and the model is queried for 356

true or false judgment. For HumanEval, we use 357

InstructHumanEval that transforms the original 358

dataset into instruction format. All results are zero- 359

shot and produced by our experiments. We do not 360

use any chain-of-thought (CoT) techniques to boost 361

the performance. 362

3.2 Results 363

Benchmark Results. Our approach involves 364

further training already highly specialized models, 365

but to what extent can this retraining be effective 366

without the ULTRAFUSER framework? Comparing 367

to the original specialist models as shown in 368

Table 1, ULTRAFUSER can consistently produce 369

on-a-par or even superior performance across 370

benchmarks from different domains and achieves 371

the highest overall results. Notably, ULTRAFUSER 372

significantly outperforms respective specialists on 373

TruthfulQA and HumanEval datasets by 5.86% and 374

4.25%, indicating that the three specialist models 375

interact with each other in helpful ways to boost 376

performance on more comprehensive datasets. The 377
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Model TruthfulQA AlpacaEval HumanEval GSM8K MATH SAT-Math AQuA Avg.
Acc Win Rate Pass@1 Pass@1 Pass@1 Acc Acc

UltraLM-2 58.82 83.23 25.61 25.09 4.48 25.00 25.98 35.46
CodeLlama 56.89 69.21 48.78 23.12 6.16 27.73 25.59 36.78
WizardMath 26.81 51.50 10.98 56.18 12.2 29.55 22.05 29.91
Task-level Best† 58.82 83.23 48.78 56.18 12.20 29.55 25.98 44.96

⋆ UltraLM-2 + FT 58.82 73.34 40.24 54.59 10.46 25.00 28.74 41.60
⋆ CodeLlama + FT 41.02 17.90 31.71 13.42 5.34 17.73 25.20 21.76
⋆ WizardMath + FT 50.17 61.25 26.83 52.08 9.98 29.55 28.74 36.94
Task-level Best† 58.82 73.34 40.24 54.59 10.46 29.55 28.74 42.25

⋆ Llama 30B + FT 46.99 65.33 38.41 52.31 8.88 35.00 32.28 40.03

	 Task Arithmetic 12.99 1.75 0.00 3.71 1.46 3.64 0.79 3.48
	 Average Merging 53.62 67.08 25.00 51.48 12.06 25.91 18.90 36.29
⋆	 BTX 34.82 9.76 20.73 11.14 4.14 21.82 20.47 17.55
⋆	 FuseChat 64.98 74.77 27.44 27.90 5.54 15.91 12.20 32.68

ULTRAFUSER 64.67 82.35 53.03 54.59 11.36 30.00 26.38 47.48

Table 1: Results of baselines and our proposed models across different benchmarks. All the numbers are zero-shot
results produced by our experiments under the same inference framework. No Chain-of-thought (CoT) techniques
are employed in evaluation. Results marked by ⋆ means use the same datasets with ours for fine-tuning, results
marked by 	 means fusing or merging methods use the same specialized models. † means the best results for each
task are taken across three specialized models.

result demonstrates the effectiveness of directly378

fusing specialist models with the proposed frame-379

work in both retaining and potentially synthesizing380

expertise to achieve even better performance.381

Furthermore, directly fine-tuning single models382

on our training data may not produce desirable383

performance, as shown in Table 1 and Figure 7. Re-384

sults on further training a Llama 30B model, which385

is comparable to ULTRAFUSER in terms of param-386

eter volume, highlights the importance of fusing387

existing models’ expertise. As for further training a388

specialist model, although it indeed boosts other ex-389

pertise domains, it also severely harms the original390

expertise of the model. Among the three special-391

ists, UltraLM-2 seems to benefit the most in terms392

of overall performance after further tuning, indi-393

cating that a “specialist” in text may be equipped394

with much broader expertise and have more po-395

tential in expanding to new expertise by further396

fine-tuning. Meanwhile, it should be aware that the397

three models also differ in the training stages they398

have gone through. Models directly instruction-399

tuned based on Llama improve significantly on new400

domains. WizardMath improves up to 15.8% on401

coding tasks after further tuning, while UltraLM’s402

accuracy on solving math problems doubles. How-403

ever, CodeLlama’s performance, unfortunately, de-404

grades on every benchmark, especially in instruc-405

tion following tasks like Alpaca. It is probably be-406

cause CodeLlama has undergone thorough code in-407

filling pre-training (500B tokens) before instruction408

fine-tuning. Further results on training on subset409

of ULTRACHAT 2 can be found in Appendix A.2. 410

The specialty of CodeLlama also impairs model 411

merging methods. We find that Average Merging 412

reports near zero on all benchmarks when merging 413

all three models and merging only UltraLM and 414

WizardMath has a clear performance drop (results 415

in Table 1), meanwhile Task Arithmetic barely ob- 416

tains scores. FuseChat and BTX are methods that 417

involve the same further tuning stage on ULTRA- 418

CHAT 2 after merging the three models, and both 419

cannot achieve satisfactory results on the bench- 420

marks after adequate fine-tuning. This points to 421

the fact that the outcome of different fusing meth- 422

ods for well-aligned models highly relies on the 423

previous training data schedule and training strat- 424

egy adopted, while the proposed framework could 425

seamlessly bridge distinctive model expertise with 426

simple tuning methods and mixed data. Note that 427

although the proposed method involves both new 428

model design and new training data, we show in 429

data ablation study (see Appendix A.3) that UL- 430

TRAFUSER also works effectively given other ex- 431

isting datasets from different domains. Further 432

experimental results and analysis can be found in 433

Appendix A. 434

Training Analysis. ULTRAFUSER involves both 435

specialized backbone model initialization and new 436

model fusing structure that requires further tun- 437

ing. To inspect the effect of both components, 438

we also implement a fuser model based on three 439

identical raw Llama-13B model without specializa- 440

tion as LlamaFuser. Figure 5 compares the train- 441
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Figure 5: Training loss changes for BTX, LlamaFuser,
and UltraFuser over the first 10k steps.

Strategy Truth H-Eval GSM8K

Direct Training 51.17 46.95 53.83
+ Two-Stage 61.72 50.00 52.69
+ Two-Stage + Balanced 64.67 53.05 54.59

Table 2: Results across TruthfulQA (Truth), HumanEval
(H-Eval), and GSM8K with different training strategies.

ing loss curve for ULTRAFUSER, BTX, and Lla-442

maFuser. It can be seen that our proposed Fuser443

structure has advantage over BTX’s design as loss444

decreases much faster in the early stage of train-445

ing. Fuser structure can be trained to converge at446

around 5000 steps while BTX’s training loss keeps447

decreasing slowly after 9000 steps. Meanwhile,448

highly-specialized backbones also help learning.449

The loss of ULTRAFUSER is consistently smaller450

than LlamaFuser but does converge to similar level451

after adequate training. Overall, ULTRAFUSER’s452

success is attributed to both backbone model exper-453

tise and fusing structure design.454

3.3 Ablation Study455

Training fused models could cause load imbalance,456

leading to the collapse of the routing mechanism.457

A typical approach to mitigate this issue in MoE458

is to introduce a balance loss to prevent certain459

models from being over-selected or under-selected.460

In our framework, we do not introduce explicit461

balance loss based on a simple hypothesis: A model462

that has been highly specialized can automatically463

produce a lower loss on the in-domain data, which464

is verified in Table 3. It is thus undesirable to force465

each model to contribute equally in each sample.466

We thereby seek to stabilize the training from467

other perspectives. Two key components of our468

framework are two-stage training and balanced469

sampler. The former plays a role similar to warm-470

up, allowing the randomly initialized gating mod-471

ule to adapt to the current expert model. The latter,472

as mentioned, ensures load balance at the data level.473

Model AlpacaEval HumanEval GSM8K

UltraLM-2 0.046 0.055 0.063
CodeLlama 0.060 0.042 0.056
WizardMath 0.062 0.064 0.036

Table 3: Average losses on different tasks with different
specialized models. This phenomenon supports our
hypothesis, leading us to forgo the introduction of an
objective function that explicitly balance the loss.

Strategy Truth H-Eval GSM8K

w/o Balance 57.54±2.80 48.27±4.92 52.91±1.76
w/ Balance 59.91±1.96 53.68±2.74 53.77±1.74

Table 4: Mean results and standard deviation over 12
checkpoints with and without the balance sampler (two-
stage training are both applied).

In Table 2, we report the best performance under 474

each training strategy. It can be observed that the 475

beneficial effects of these two modules are obvious, 476

and their use has improved the overall performance 477

of the fused model considerably. 478

We further investigate the impact on the train- 479

ing stability of the balance sampler. We train two 480

versions of the model with the same dataset and 481

sample 12 checkpoints, respectively, from 2000 482

steps to 9000 steps, and conduct evaluations. As 483

shown in Table 4, with the help of the balance sam- 484

pler, the fused model could achieve superior perfor- 485

mance and lower standard deviations on all datasets. 486

GSM8K is relatively stable during training, how- 487

ever, HumanEval may face larger fluctuations. 488

3.4 Analysis 489

Expertise Analysis. In our training, there is no ex- 490

plicit mechanism to make certain specialists “pay 491

more attention” to the corresponding data. But as 492

mentioned, we expect that the specializations could 493

still be separated, and a type of data will receive 494

different gating weights from the specialist models. 495

We randomly sample 100 data instances from the 496

three domains and conduct analysis by directly go- 497

ing through the inference to the fused model, and 498

calculate the weight from three specialist models 499

of each token. Table 6 shows the average weights 500

of all the tokens in each set of data from three spe- 501

cialist models. And intuitively, each set of data 502

is primarily driven by the corresponding specialist 503

model. The prominence of code data is evident, 504

with the corresponding expert models significantly 505

outweighing the other two models. In mathemat- 506

ical data, code and mathematical models almost 507

equally dominate inference, with a marginal dif- 508
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Model Writing Roleplay Reasoning Math Coding Extraction STEM Humanities Overall

ArmoRM Selection 8.23 7.79 4.13 4.45 4.75 7.55 8.53 9.43 6.84
GPT-4o Selection 8.35 7.90 5.30 4.00 5.13 6.65 8.38 8.99 6.84

ULTRAFUSER 8.60 8.11 5.00 5.15 5.10 6.53 8.23 9.43 7.02

Table 5: Results of post-generation selection on MT-Bench. The highest results are bold.

Text
Code
Math 0.25

0.50

(a) Weights distribution of three specialist models for 100 text data samples.

Text
Code
Math 0.25

0.50

(b) Weights distribution of three specialist models for 100 code data samples.

Text
Code
Math 0.25

0.50

(c) Weights distribution of three specialist models for 100 math data samples.

Figure 6: Weight distributions of 300 data samples from text, code, and math domains. Each column is a data point,
and each row is the average weight of one specialist model. The darker the color, the more average weight the model
gives to the tokens of this data point.

Avg. Weight Text Data Code Data Math Data

wtext 0.45 0.23 0.18
wcode 0.29 0.59 0.39
wmath 0.26 0.18 0.43

Table 6: Average weights from three specialist models
of different data.

ference. This is more distinctly observable in the509

sample-level distribution illustrated in Figure 6. De-510

spite the fusion and further training of the models,511

it’s evident that these specialized models still retain512

their original functionalities and are now capable513

of synergistic performance.514

Post-Generation Selection. While ULTRAFUSER515

merges specialist output at the token level, one516

intuitive method is post-generation selection, i.e.517

to choose one single output response for a spe-518

cific sample out of three candidate answers pro-519

duced by specialized models. Note that the selec-520

tion technique is orthogonal to the ULTRAFUSER521

framework and presumably can be applied to any522

model-generated answers. In this part, we con-523

duct response selection with the three specialist524

models’ respective generations as well. We use525

reward model ArmoRM (Wang et al., 2024) and526

GPT-4o to score and select response. As shown527

in Table 5, ULTRAFUSER outperforms answer se-528

lection methods in general instruction following.529

Closed-source reward model is better at selecting530

objectively correct answers for information extrac- 531

tion and STEM problems, but falls behind in judg- 532

ing reasoning problem. Overall, it suggests that 533

post-generation response selection for general in- 534

struction following still faces great challenge and 535

token-level merging methods is promising. Details 536

regarding prompt used for answer selection can be 537

found in Appendix C. 538

4 Conclusion 539

This paper aims to integrate coding and mathe- 540

matical reasoning capabilities into a general lan- 541

guage model with as little loss as possible. We 542

present ULTRAFUSER, a simple framework to train 543

high-specialized models with a token-level gating 544

mechanism and a two-stage balanced training strat- 545

egy. Accompanied by the goal, we construct a 546

high-quality and diverse instruction tuning dataset, 547

ULTRACHAT 2, that contains 300,000 instructions 548

and responses from 3 domains, 72 meta-topics, and 549

1587 sub-topics. Our experiments demonstrate the 550

effectiveness of the proposed framework by show- 551

ing that fused models can be performative simul- 552

taneously in text understanding, code generation, 553

and mathematical reasoning and superior efficiency 554

over other fusing methods. In future work, the pro- 555

posed ULTRAFUSER can also be adapted to do- 556

mains beyond the mentioned ones, for example, to 557

fuse language models that are specialized in differ- 558

ent languages. 559
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Limitations560

We regard the data distribution in training language561

models in three domains in this study according to562

the symbol systems and achieve promising empiri-563

cal results in our experiments. However, the realis-564

tic situation is far more sophisticated. In the field of565

“text domain” alone, there are different tasks such as566

common sense knowledge, specialized knowledge,567

natural language reasoning, etc., not to mention the568

existence of multilingualism. Our fused model may569

yield less favorable results on other benchmarks.570

In our training, no explicit selection mechanism is571

introduced in order to make the method scalable572

(force specialist models to process certain types of573

data). We believe finer-grained models could be574

trained under the spirit of ULTRAFUSER; that is,575

the number of specialists is not necessarily three,576

and the domains are also necessarily divided as577

the same as the paper. For example, other sym-578

bol systems (like DNA sequences) may also be579

integrated into the framework. However, as more580

specialized models are included, this may bring581

unaffordable cost in terms of memory and time in582

both training and inference as our method does not583

display sparsity. More parameter-efficient training584

and inference methods are potential research di-585

rections under ULTRAFUSER’s framework. As for586

the dataset used in this work, the ULTRACHAT 2587

dataset is fully synthetically generated and fully ex-588

cludes human engagement. Besides efficiency and589

privacy benefits, the factuality and trustworthiness590

of generated content can not be guaranteed.591
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A Additional Experiments1001

A.1 Results on MT-Bench.1002

Table 7 shows the results on MT-Bench. Overall,1003

ULTRAFUSER achieves highest performance1004

across different categories of tasks, demonstrating1005

the effectiveness of our proposed expert fusing1006

methods compared to direct further tuning on1007

domain specialized model. It can also be seen1008

that UltraLM and its further-tuned version still1009

have advantage on some tasks like information1010

extraction and STEM-related problem solving,1011

while the code and math counterparts face1012

significant performance drop after further tuning.1013

What is worth noting is that all model merging1014

methods seem unable to follow instructions well,1015

even after further training on ULTRACHAT 2. The1016

results indicate the better generalizability of a text1017

specialized model over code and math domains in1018

terms of direct further tuning, while ULTRAFUSER1019

can successfully fuse them and enhance its general1020

instruction-following ability.1021

A.2 Impact of Further Tuning for Specialists1022

Figure 7 illustrates the effects after a single spe-1023

cialist model undergoes further training on UL-1024

TRACHAT 2. The first conclusion is very intuitive:1025

no model can achieve improvements or maintain1026

the best performance across all benchmarks like1027

UltraFuser can. Text and math specialized mod-1028

els improved in their weaker areas, but declined1029

in their stronger areas. The performance of the1030

code specialized model was quite unexpected, as it1031

declined across all tasks, possibly due to an over-1032

exposure to pure code corpora during pre-training.1033

From Figure 7 and Table 1, we can observe that1034

the CodeLlama model almost collapse after further1035

training. We hypothesize that extensive training on1036

the full dataset would severely impact CodeLlama’s1037

performance, possibly because it was trained on1038

500B code tokens, and too large a distributional1039

shift could lead to a dramatic decline in model1040

effectiveness. The result aligns with our motiva-1041

tion and intuition, indicating that the specialized1042

abilities need to be reserved in a more effective1043

way. We supplement results that code and math1044

specialized models only trained on corresponding1045

subsets, which is shown in Table 8. The subset1046

performance shows that the abilities of specialized1047

models can be enhanced by directly using more1048

similar distributions of their own capabilities. And1049

ULTRAFUSER could effectively reserve or even1050

enhance the specialized performance. 1051

A.3 Data Ablation 1052

To further disentangle the effect of ULTRACHAT 1053

2 and ULTRAFUSER model fusing structure, we 1054

conduct ablational experiments by removing UL- 1055

TRACHAT 2from training. Specifically, we use Ul- 1056

traChat, MathInstruct training set (Yue et al., 2023), 1057

and Evol-Instruct (Luo et al., 2023b,a) datasets for 1058

training ULTRAFUSER and all baselines. Table 9 1059

shows the results. Note that BTX in original paper 1060

requires 80B token of training for 7B model, and 1061

we find the method hardly converges under this 1062

ablation setting due to data insufficiency. It can be 1063

seen that ULTRAFUSER still outperforms all base- 1064

lines, showcasing the effectiveness of the model 1065

design. Meanwhile, it shows that ULTRACHAT 1066

2 is beneficial to domain performance, especially 1067

in code domain and general instruction following 1068

(AlpacaEval). 1069

A.4 Case Study 1070

In Section 3.4, we analyze the model expertise at 1071

the sequence level and set level. In this section, 1072

we provide cases at the token level to illustrate the 1073

weight distributions of the three specialist models. 1074

Figure 8 and Figure 9 show two cases randomly ex- 1075

tracted from ULTRACHAT 2 code data and GSM8K 1076

dataset. For coding data, almost all weights are as- 1077

signed to code specialist model. For math data, 1078

there is considerable weight given to code model 1079

as well, given the fact that mathematical equation 1080

is much alike code snippets. The assumption can 1081

be validated by the fact that when it comes to non- 1082

mathematical notation, the token weight distribu- 1083

tion clearly favors the math specialist more. The 1084

observation is in line with our expectation, that the 1085

fused model can implicitly learn to allocate tokens 1086

to suitable specialist to achieve better performance. 1087

Meanwhile, similarity between domains could be 1088

captured and their performance can be enhanced 1089

jointly by related specialists. 1090

A.5 Experiments with Chain-of-Thought 1091

The resulting model after fusing the three specialist 1092

models is also equipped desirable features like CoT 1093

ability (Wei et al., 2023). We show in Table 10 that 1094

the performance on math benchmark can be further 1095

boosted with CoT technique by simply appending 1096

“Let’s think step by step.” 1097
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Model Writing Roleplay Reasoning Math Coding Extraction STEM Humanities Overall

UltraLM-2 8.83 7.98 5.20 2.90 4.00 6.74 8.08 9.46 6.62
CodeLlama 5.80 7.10 3.80 3.05 3.43 5.36 5.65 7.05 5.16
WizardMath 7.75 7.03 4.80 3.85 3.50 4.65 7.65 9.13 6.04

UltraLM-2+Further Tune 7.85 7.60 4.30 4.48 5.20 5.78 8.32 9.40 6.62
CodeLlama+Further Tune 7.33 6.60 3.85 2.25 3.68 5.20 4.68 5.10 4.84
WizardMath+Further Tune 7.18 6.90 4.95 4.25 4.55 5.18 7.55 7.98 6.07
Llama 30B + Further Tune 5.45 4.70 4.75 3.55 3.05 2.95 4.00 5.40 4.24

Task Arithmetic 1.80 2.70 2.05 1.15 0.90 1.00 1.81 2.00 1.68
Average Merging 7.28 7.06 5.05 4.00 3.68 6.18 7.93 8.90 6.26
BTX 2.89 3.58 2.45 2.20 2.43 2.00 3.03 2.40 2.62
FuseChat 7.55 7.05 5.08 2.40 3.53 6.60 7.03 8.99 6.03

ULTRAFUSER 8.60 8.11 5.00 5.15 5.10 6.53 8.23 9.43 7.02

Table 7: Results on MT-Bench. The highest and second results are bold and underlined, respectively.

Model Avg of Text Tasks Avg of Code Tasks Avg of Math Tasks Avg of All Tasks

WizardMath 39.15 10.98 29.995 29.91
WizardMath + Math Subset 46.66 17.68 30.31 33.17
CodeLlama 63.05 48.78 20.65 36.78
CodeLlama + Code Subset 65.05 50.62 21.38 38.03
UltraFuser 73.51 53.03 30.58 47.48

Table 8: Results of specialized models trained on the corresponding subset.

Model TruthfulQA AlpacaEval HumanEval GSM8K MATH SAT-Math AQuA Avg.
Acc Win Rate Pass@1 Pass@1 Pass@1 Acc Acc

⋆ UltraLM-2 + FT 59.72 75.79 27.44 39.04 4.80 23.18 28.74 36.96
⋆ CodeLlama + FT 57.92 18.39 32.32 19.03 4.12 20.45 23.62 25.12
⋆ WizardMath + FT 43.10 41.47 19.51 42.38 6.10 20.45 19.29 27.47

⋆ Llama 30B + FT 54.13 62.55 29.88 49.36 8.98 30.91 31.50 38.19

⋆	 BTX† 13.52 6.35 15.85 6.97 3.04 12.73 14.17 10.38

ULTRAFUSER 65.35 72.68 45.73 57.16 11.64 32.73 30.71 45.14

Table 9: Data ablation results of baselines and our proposed models across different benchmarks. We use Ul-
traChat (Ding et al., 2023), MathInstruct training set (Yue et al., 2023), and Evol-Instruct (Luo et al., 2023b,a)
datasets for training. All the numbers are zero-shot results produced by our experiments under the same inference
framework. No Chain-of-thought (CoT) techniques are employed in evaluation. Results marked by ⋆ means use
the same datasets with ours for fine-tuning, results marked by 	 means fusing or merging methods use the same
specialized models. † means the method fails to fully converge.

Model GSM8K MATH SAT-
MATH AQuA Avg

UltraFuser 54.59 11.36 30.00 26.38 30.58
UltraFuser (w/ CoT) 54.59 13.04 40.45 28.74 34.21

Table 10: Performance of applying CoT to ULTRA-
FUSER on math benchmarks.

B Related Work1098

Large Language Models for Language. With the1099

proliferation of model parameters, enhancements1100

in training data augmentation both in terms of quan-1101

tity and quality, and continuous refinements in train-1102

ing algorithms, LLMs have exhibited an enhance-1103

ment in language understanding, generation, and1104

generalization capabilities. These LLMs exhibit 1105

remarkable proficiency in accomplishing a wide ar- 1106

ray of natural language processing tasks, and show- 1107

case formidable capabilities in in-context learning 1108

and few-shot learning (Brown et al., 2020; Ouyang 1109

et al., 2022; OpenAI, 2023; Chowdhery et al., 2022; 1110

Zhang et al., 2022; Touvron et al., 2023b; Taori 1111

et al., 2023; Chiang et al., 2023; Xu et al., 2023; 1112

Ding et al., 2023; Jiang et al., 2023a). Despite 1113

originating from NLP tasks, as LLMs evolve, the 1114

boundaries between NLP tasks are gradually be- 1115

coming blurred. 1116

Large Language Models beyond Language. 1117

LLMs excel in processing various symbol systems 1118
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Figure 7: Performance comparisons between specialist models and the further training versions of them.
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Figure 8: Weight distributions of some pieces of tokens from a sample of code data.

including code, math symbols, DNA, and protein1119

sequences. Models like StarCoder (Li et al., 2023a)1120

and CodeLlama (Rozière et al., 2023), trained on1121

vast code repositories and interactions, are adept at 1122

code generation, bug fixing, and explanation (Black 1123

et al., 2021; Wang and Komatsuzaki, 2021; Black 1124
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Figure 9: Weight distributions of some pieces of tokens from a sample of math data.

et al., 2022; Wang et al., 2021; Chen et al., 2021;1125

Li et al., 2022; Nijkamp et al., 2022, 2023; Fried1126

et al., 2022; Gunasekar et al., 2023; Allal et al.,1127

2023). Similarly, math-focused models, such1128

as Minerva (Lewkowycz et al., 2022) and Math-1129

GLM (Yang et al., 2023), have been developed1130

through specialized training and fine-tuning strate-1131

gies, including the use of external tools and Chain1132

of Thought techniques (Jelassi et al., 2023; Liu and1133

Low, 2023; Nye et al., 2022; Zhou et al., 2022a;1134

Chen et al., 2022; Yang et al., 2023; Gao et al.,1135

2023; Schick et al., 2023). These models, requiring1136

extensive training, highlight the intensive data1137

demands of LLMs in specialized domains. For ex-1138

ample, CodeLlama uses 500 billion tokens for code1139

training, 100 billion tokens for Python training,1140

and more than 20 billion tokens for fine-tuning. 1141

The Fusion of Large Language Models. 1142

Mixture-of-Experts (MoE) is the neural archi- 1143

tecture that distributes tasks among multiple 1144

specialized networks (experts) and determines their 1145

responsibilities via a gating network (Jacobs et al., 1146

1991). MoE enhances the capabilities of LLMs and 1147

has been extensively utilized (Clark et al., 2022; 1148

Lou et al., 2021; Kudugunta et al., 2021; Lepikhin 1149

et al., 2020; Mustafa et al., 2022; Zhou et al., 2022b; 1150

Riquelme et al., 2021; Shen et al., 2023b; Jiang 1151

et al., 2023b; Wan et al., 2024a; Jiang et al., 2024). 1152

Many studies have endeavored to comprehend the 1153

Mixture-of-Experts (MoE) from the perspective 1154

of computational cost, with a specific focus on its 1155

sparse nature (Shazeer et al., 2016; Zoph et al., 1156
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2022; Zuo et al., 2021; Du et al., 2022; Fedus et al.,1157

2022; Komatsuzaki et al., 2023; Shen et al., 2023a).1158

The prevailing belief is that the MoE approach1159

can scale up model parameters without incurring1160

an escalation in computational expense. Some1161

work suggests that experts do not necessarily have1162

distinct expertise (Jiang et al., 2024), while other1163

work verifies the effectiveness of expert specializa-1164

tion (Dai et al., 2024). We believe both ways could1165

achieve promising performance, unlike those that1166

train MoE models from scratch, this paper seeks to1167

fuse highly specialized models in the fine-tuning1168

phase. Compared to methods like knowledge dis-1169

tillation and knowledge fusion (Wan et al., 2024a),1170

our approach aims to achieve optimal performance1171

by retaining the specialized models and learning1172

to fuse the expertise directly, avoiding potential1173

performance loss brought by inaccurate fashion1174

weight estimation and further distillation training.1175

C Implementation Details1176

ULTRAFUSER. The gating module is implemented1177

as a two-layer linear model with ReLU (Agarap,1178

2018) activation in between. The hidden size of the1179

module is set to 512. The gating layer is trained for1180

N1 = 400 steps at the first training stage with sam-1181

ple size n = 64 for all experiments and learning1182

rate η1 = 2e − 5 is used with a cosine scheduler.1183

For the second stage with Llama backbone, we use1184

η2 = 2e − 5, sample size n = 32 with cosine1185

scheduler. Note that our framework requires the1186

consistent tokenization strategy across all specialist1187

models. Therefore, we use the original Llama-2-1188

13B tokenizer for ULTRAFUSER training.1189

Baselines. As for baselines, we use scaling co-1190

efficient 1.0 for Task Arithmetic method (Ilharco1191

et al., 2023). All further-tuned baselines are fine-1192

tuned with ULTRACHAT 2 under the same hyper-1193

parameter setting with ULTRAFUSER. All exper-1194

iments are conducted on 16× 80GB A100 GPUs1195

and use AdamW optimizer (Loshchilov and Hutter,1196

2017). We list the number of parameters involved1197

in training and inference for each method in Ta-1198

ble 11. Note that for ULTRAFUSER, the inference1199

process can be parallelized to be equivalent to 13B1200

with respect to time cost.1201

Training Data. Apart from the curated ULTRA-1202

CHAT 2, we also employ extra instruction tuning1203

datasets from both math and code domains to en-1204

rich instructional format diversity. Specifically, we1205

use the Evol-Instruct dataset (Luo et al., 2023b,a)1206

Model Training
#Params

Inference
#Params

UltraLM-2 (and FT) 13B 13B
CodeLlama (and FT) 13B 13B
WizardMath (and FT) 13B 13B
Llama 30B + FT 30B 30B
Task Arithmetic 39B 13B
Average Merging 39B 13B
BTX 39B 30B
FuseChat 39B 13B
Specialists+RM 39B (39+7)B
ULTRAFUSER 39B 39B

Table 11: Number of parameters involved in training (or
fusing) and inference.

for programming and the MathInstruct training 1207

set (Yue et al., 2023) for math problems. We con- 1208

duct comprehensive search and filtering (13 grams) 1209

against test data to avoid data contamination. 1210

Prompts for Inference and Evaluation. Table 12 1211

and Table 13 show the conversation templates 1212

we use for each specific specialist model and the 1213

prompt for converting datasets to instructions in 1214

evaluation. In training, each example is wrapped by 1215

three different conversation templates and fed into 1216

the respective model. In inference, dataset-specific 1217

prompt is used to wrap the example before conver- 1218

sation template (if applicable). Table 14 presents 1219

prompt for answer selection with GPT-4o. For each 1220

sample, answers from three specialist models are 1221

randomly shuffled to avoid position bias. 1222

D Efficient Inference 1223

We implement the inference of our fused model on 1224

the existing inference framework, vLLM (Kwon 1225

et al., 2023). Unlike other MoE models supported 1226

by vLLM, such as Mixtral (Jiang et al., 2024), 1227

our fused model requires different input prompts 1228

and the maintenance of multiple key-value caches 1229

within multiple models. Modifying the model im- 1230

plementation within vLLM directly to accommo- 1231

date these requirements can be complex and may 1232

conflict with the PageAttention mechanism (Kwon 1233

et al., 2023) due to the use of multiple key-value 1234

caches. Therefore, we instead partition the GPU 1235

memory into several parts, each running a single 1236

model using a vLLM instance, and then fusing the 1237

output to form a fused model. 1238

vLLM inherently supports streaming output, 1239

which returns tokens to the user-end token-by- 1240

token, and each token is produced by a sampler 1241
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Model Conversation Template

UltraLM-2 User: {instruction}\nAssistant:

CodeLlama <s>[INST] {instruction} [/INST]

WizardMath
Below is an instruction that describes a task.
Write a response that appropriately completes the request.\n\n
### Instruction:\n{instruction}\n\n### Response:

Table 12: Model-specific conversation templates for training and evaluation.

Dataset Evaluation Prompt

TruthfulQA
Judge the correctness of a given answer. Question: {question}\n
Answer: {answer}\n Is the answer correct? Return Yes or No.

Alpaca
Please give helpful, very detailed, and polite answer
to the user’s question below.
\n Question: {question}

Table 13: Dataset-specific prompts used for evaluation.

Answer Selection Prompt for GPT-4o

You are a helpful assistant in selecting the best response set for the instruction below.
The best response is the most helpful, honest, and harmless one.
Note that there are two consecutive instructions and one response for each.
[Start of instruction]
{instruction}
[End of instruction]
Below are the three responses.
[Start of response set 1]
{response1}
[End of response set 1]
[Start of response set 2]
{response2}
[End of response set 2]
[Start of response set 3]
{response3}
[End of response set 3]
Which response set is the best?
Output "response set 1", "response set 2" or "response set 3" directly.

Table 14: Answer selection prompt for GPT-4o on MT-Bench.

function applied on the hidden states of the LLM.1242

We change the implementation: in each iteration,1243

we return the hidden states instead of the token:1244
1245

1 # In model implementation1246
2 # change from outputting token = self.1247

model.sample(hidden_states ,1248
sampling_metadata)1249

3 # to1250
4 return {1251
5 "sampler": self.model.sample ,1252
6 "data": {1253
7 "hidden_states": hidden_states ,1254
8 "sampling_metadata":1255

sampling_metadata ,1256

9 } 1257
10 } 12581259

This allows us to pause the model generation, 1260

giving us control over when to predict the next to- 1261

ken and when to continue generating future tokens. 1262

We then make the model instances communicate 1263

and fuse the logits: 1264
1265

1 logits = [ 1266
2 llm.llm_engine.step() 1267
3 for llm in llms 1268
4 ] # get logits for different LLMs 1269
5 fused_logits = fuse_function (*[ logit[" 1270
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data"] for logit in logits ]) # apply1271
fuse function12721273

The next token is predicted and sampled us-1274

ing the fused output, and we control the model1275

instances to resume generation. While our sys-1276

tem comprises a combination of three models, it1277

is worth noting that the core computations of each1278

model during the inference process are indepen-1279

dent of one another. This allows for the backbone1280

computations to be performed in parallel across1281

four separate GPUs, with the results subsequently1282

being merged.1283

E Discussion1284

Discussion on ULTRAFUSER Framework. Com-1285

paring to the line of works on model merging1286

that manipulates the inner parameters of existing1287

models in either supervised or unsupervised man-1288

ner (Daheim et al., 2023; Stoica et al., 2024; Wan1289

et al., 2024a; Bansal et al., 2024), our framework1290

tackles the problem in a more straightforward way1291

by directly merging the output and training with1292

mixed high-quality instructional dataset to further1293

adapt the model. The proposed framework follows1294

the spirit of instruction tuning, and the training is1295

conducted with direct supervised fine-tuning. Em-1296

ploying a diverse set of instruction data, we show1297

that the resulting model is equipped with desirable1298

expertise and generalizes well to different domains1299

of data. Moreover, our framework does not strictly1300

require a similar model structure across specialists,1301

and the structure design of the gating module on1302

top of specialists can also be flexibly adjusted to1303

match the desired learning capacity.1304

Why Not Sample-Level? One direct and simple1305

approach to fusing specialized models is to train1306

them in a sample-level manner. That is, freezing the1307

specialist models and directly train a selector, let-1308

ting one specialist respond to a whole query. This1309

approach seems to safeguard the lower-bound per-1310

formance for the model effectively, so why does1311

this paper opt for token-level training rather than1312

sample-level? The main reason is that, although1313

this paper categorizes the data into three distinct1314

symbolic systems, they may blend together in real-1315

world queries (for instance, code data may contain1316

extensive text intended for documentation). Simi-1317

larly, while these three capabilities might weaken1318

each other in some respects, they could also en-1319

hance one another in different contexts, which is1320

demonstrated in Section 3.2. We choose to design1321

the fused model to seek a higher performance ceil- 1322

ing. 1323

F Gradient Flow Analysis 1324

In this section, we provide a theoretical analysis 1325

of the ULTRAFUSER framework, focusing on the 1326

gradient flow during training. This analysis offers 1327

insights into the model’s learning dynamics and 1328

the interactions between specialist models and the 1329

gating mechanism. 1330

F.1 Model Formalization 1331

Let MΘ = {Etext, Ecode, Emath} be the set of 1332

specialist models. For an input sequence x = 1333

(x(1), ..., x(T )), each specialist Ej produces hidden 1334

states h
(i)
j and logits o

(i)
j for each token x(i). The 1335

gating network g : Rd → R3 maps the hidden state 1336

to a 3-dimensional weight vector. The output of 1337

the fused model for token x(i) is defined as: 1338

y(i) = gΦ(MΘ(x(i))) = (w(i))T [o(i)
text; o

(i)
code; o

(i)
math]

(3) 1339

where w(i) = 1340

Softmax(g(h(i)
text)∥g(h(i)

code)∥g(h(i)
math)), and ∥ 1341

denotes concatenation. 1342

F.2 Training Objective 1343

The training objective is to minimize the cross- 1344

entropy loss: 1345

L(θ, Φ) = E(x,y)∼D

[
−
∑

i

y(i) log(gΦ(MΘ(x(i))))
]

(4) 1346

where D is the training distribution, and y is the 1347

ground truth. 1348

F.3 Gradient Flow Analysis 1349

We analyze the gradient flow to understand how 1350

the model learns and how information propagates 1351

through the network during training. Consider the 1352

loss L(i) for a single token x(i): 1353

L(i) = −y(i) log(gΦ(MΘ(x(i)))) (5) 1354

The gradient with respect to the parameters of 1355

expert j (θj) can be decomposed as: 1356

∂L(i)

∂θj
= ∂L(i)

∂gΦ(MΘ(x(i)))
· ∂gΦ(MΘ(x(i)))

∂o
(i)
j

·
∂o

(i)
j

∂θj

(6) 1357
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×××

Models

<latexit sha1_base64="xG/liO6/135B/2Z06jpySXA+Dq0=">AAAB/3icbVDLSsNAFJ34rPUVFdy4CRbBVUlKUZcFNy4r2Ac0IUymk3boZBJmbsQSs/BX3LhQxK2/4c6/cdJmoa0HZjiccy9z5gQJZwps+9tYWV1b39isbFW3d3b39s2Dw66KU0loh8Q8lv0AK8qZoB1gwGk/kRRHAae9YHJd+L17KhWLxR1ME+pFeCRYyAgGLfnmsRthGAdhNs59F+gDZMWV+2bNrtszWMvEKUkNlWj75pc7jEkaUQGEY6UGjp2Al2EJjHCaV91U0QSTCR7RgaYCR1R52Sx/bp1pZWiFsdRHgDVTf29kOFJqGgV6skirFr1C/M8bpBBeeRkTSQpUkPlDYcotiK2iDGvIJCXAp5pgIpnOapExlpiArqyqS3AWv7xMuo26c1Fv3jZrrUZZRwWdoFN0jhx0iVroBrVRBxH0iJ7RK3oznowX4934mI+uGOXOEfoD4/MHVpWW6w==</latexit>

htext
<latexit sha1_base64="8oOiHFOhIi/vNLKgE1yuzMVlnjc=">AAAB/3icbVDLSsNAFJ34rPUVFdy4CRbBVUlKUZcFNy4r2Ac0oUymN+3QyYOZG7HELvwVNy4UcetvuPNvnLRZaOuBgcM593LPHD8RXKFtfxsrq2vrG5ulrfL2zu7evnlw2FZxKhm0WCxi2fWpAsEjaCFHAd1EAg19AR1/fJ37nXuQisfRHU4S8EI6jHjAGUUt9c1jN6Q48oNsNO27CA+YsXgA075Zsav2DNYycQpSIQWaffPLHcQsDSFCJqhSPcdO0MuoRM4ETMtuqiChbEyH0NM0oiEoL5vln1pnWhlYQSz1i9Caqb83MhoqNQl9PZmnVYteLv7n9VIMrryMR0mKELH5oSAVFsZWXoY14BIYiokmlEmus1psRCVlqCsr6xKcxS8vk3at6lxU67f1SqNW1FEiJ+SUnBOHXJIGuSFN0iKMPJJn8krejCfjxXg3PuajK0axc0T+wPj8ARaQlsE=</latexit>

hcode
<latexit sha1_base64="jq5TIro+HwpZRinX9ohjOJ+ROHU=">AAAB/3icbVDLSsNAFJ34rPUVFdy4CRbBVUlKUZcFNy4r2Ac0IUymk3boZBJmbsQSu/BX3LhQxK2/4c6/cZJmoa0HBs6ccy9z5gQJZwps+9tYWV1b39isbFW3d3b39s2Dw66KU0loh8Q8lv0AK8qZoB1gwGk/kRRHAae9YHKd+717KhWLxR1ME+pFeCRYyAgGLfnmsRthGAdhNp75LtAHyPL7zDdrdt0uYC0TpyQ1VKLtm1/uMCZpRAUQjpUaOHYCXoYlMMLprOqmiiaYTPCIDjQVOKLKy4r8M+tMK0MrjKU+AqxC/b2R4UipaRToyTydWvSKyP94gxTCKy9jIkmBCjJ/KEy5BbGVl2ENmaQE+FQTTCTTWS0yxhIT0JVVdQnO4peXSbdRdy7qzdtmrdUo66igE3SKzpGDLlEL3aA26iCCHtEzekVvxpPxYrwbH/PRFaPcOUJ/YHz+AC1tltA=</latexit>

hmath

Data

Current TokenSpecialist Template

<latexit sha1_base64="5unUUO7dkIfxS7wlyvvoa9Uil9g=">AAAB7XicbVDLSgNBEOyNrxhfUY9eBoPgKexK0BwDXjxGMA9IljA7mU3GzM4s8xDCkn/w4kERr/6PN//GSbIHTSxoKKq66e6KUs608f1vr7CxubW9U9wt7e0fHB6Vj0/aWlpFaItILlU3wppyJmjLMMNpN1UUJxGnnWhyO/c7T1RpJsWDmaY0TPBIsJgRbJzU7suUWz0oV/yqvwBaJ0FOKpCjOSh/9YeS2IQKQzjWuhf4qQkzrAwjnM5KfatpiskEj2jPUYETqsNsce0MXThliGKpXAmDFurviQwnWk+TyHUm2Iz1qjcX//N61sT1MGMitYYKslwUW46MRPPX0ZApSgyfOoKJYu5WRMZYYWJcQCUXQrD68jppX1WD62rtvlZp1PM4inAG53AJAdxAA+6gCS0g8AjP8ApvnvRevHfvY9la8PKZU/gD7/MHz+qPRA==</latexit>�
<latexit sha1_base64="eegS63A/jm/BlwJMu7F9KWnN0yk=">AAAB/3icbVDLSsNAFJ34rPUVFdy4CRbBVUlKUZcFNy4r2Ac0IUymk3boZBJmbsQSs/BX3LhQxK2/4c6/cdJmoa0HZjiccy9z5gQJZwps+9tYWV1b39isbFW3d3b39s2Dw66KU0loh8Q8lv0AK8qZoB1gwGk/kRRHAae9YHJd+L17KhWLxR1ME+pFeCRYyAgGLfnmsRthGAdhFue+C/QBsuLKfbNm1+0ZrGXilKSGSrR988sdxiSNqADCsVIDx07Ay7AERjjNq26qaILJBI/oQFOBI6q8bJY/t860MrTCWOojwJqpvzcyHCk1jQI9WaRVi14h/ucNUgivvIyJJAUqyPyhMOUWxFZRhjVkkhLgU00wkUxntcgYS0xAV1bVJTiLX14m3Ubduag3b5u1VqOso4JO0Ck6Rw66RC10g9qogwh6RM/oFb0ZT8aL8W58zEdXjHLnCP2B8fkDYYyW8g==</latexit>otext

<latexit sha1_base64="v1JoZplm0zUdpMXxEGaf8lmILV8=">AAAB/3icbVDLSsNAFJ34rPVVFdy4CRbBVUlKUZcFNy4r2Ac0oUymN+3QSSbM3IglduGvuHGhiFt/w51/46TtQlsPDBzOuZd75gSJ4Bod59taWV1b39gsbBW3d3b39ksHhy0tU8WgyaSQqhNQDYLH0ESOAjqJAhoFAtrB6Dr32/egNJfxHY4T8CM6iHnIGUUj9UrHXkRxGISZnPQ8hAfMmOzDpFcqOxVnCnuZuHNSJnM0eqUvry9ZGkGMTFCtu66ToJ9RhZwJmBS9VENC2YgOoGtoTCPQfjbNP7HPjNK3Q6nMi9Geqr83MhppPY4CM5mn1YteLv7ndVMMr/yMx0mKELPZoTAVNko7L8PucwUMxdgQyhQ3WW02pIoyNJUVTQnu4peXSatacS8qtdtauV6d11EgJ+SUnBOXXJI6uSEN0iSMPJJn8krerCfrxXq3PmajK9Z854j8gfX5AyGHlsg=</latexit>ocode
<latexit sha1_base64="oQC4OR328SPPwBz5pIGb3a918eA=">AAAB/3icbVDLSsNAFJ34rPUVFdy4CRbBVUlKUZcFNy4r2Ac0IUymk3boJBNmbsQSu/BX3LhQxK2/4c6/cZJmoa0HBs6ccy9z5gQJZwps+9tYWV1b39isbFW3d3b39s2Dw64SqSS0QwQXsh9gRTmLaQcYcNpPJMVRwGkvmFznfu+eSsVEfAfThHoRHsUsZASDlnzz2I0wjIMwEzPfBfoAWX6f+WbNrtsFrGXilKSGSrR988sdCpJGNAbCsVIDx07Ay7AERjidVd1U0QSTCR7RgaYxjqjysiL/zDrTytAKhdQnBqtQf29kOFJqGgV6Mk+nFr0i8j/eIIXwystYnKRAYzJ/KEy5BcLKy7CGTFICfKoJJpLprBYZY4kJ6MqqugRn8cvLpNuoOxf15m2z1mqUdVTQCTpF58hBl6iFblAbdRBBj+gZvaI348l4Md6Nj/noilHuHKE/MD5/ADhkltc=</latexit>omath Data Pool

Balance Sampler

Batched Data

Text
Data

Code
Data

Math
Data

Text Specialist Code Specialist Math Specialist

Multi-head Attention

LayerNorm

 LayerNorm

Feed Forward Layer

Hidden States

Source Tasks

Transformer Layer
× L

⊕

⊕

Multi-head Attention

LayerNorm

 LayerNorm

Feed Forward Layer

⊕

⊕

Multi-head Attention

LayerNorm

 LayerNorm

Feed Forward Layer

⊕

⊕

 LayerNorm

Hidden 
States

Logits

LinearGatingLinearGatingLinearGating

×××

Text Expert Code Expert Math Expert

Hidden 
States

Logits

LM HeadGatingLM HeadGatingLM HeadGating

×××

<latexit sha1_base64="cBA4rQyNql3jn1CYY7NtdvUAbTM=">AAAB/HicbVDLSsNAFJ34rPUV7dJNsAhdlaQUdVlw47KCfUAbwmQ6aYdOJmHmRgwh/oobF4q49UPc+TdO2iy09cDA4Zx7uWeOH3OmwLa/jY3Nre2d3cpedf/g8OjYPDntqyiRhPZIxCM59LGinAnaAwacDmNJcehzOvDnN4U/eKBSsUjcQxpTN8RTwQJGMGjJM2vjEMPMD7JZ7o2BPkLWyj2zbjftBax14pSkjkp0PfNrPIlIElIBhGOlRo4dg5thCYxwmlfHiaIxJnM8pSNNBQ6pcrNF+Ny60MrECiKpnwBrof7eyHCoVBr6erKIqla9QvzPGyUQXLsZE3ECVJDloSDhFkRW0YQ1YZIS4KkmmEims1pkhiUmoPuq6hKc1S+vk36r6Vw223fteqdR1lFBZ+gcNZCDrlAH3aIu6iGCUvSMXtGb8WS8GO/Gx3J0wyh3augPjM8fZ3OVMA==</latexit>

h2

<latexit sha1_base64="W81rfWzThP//RUlUWoJmocZGoyE=">AAAB/HicbVDLSsNAFJ34rPUV7dLNYBG6KokWdVlw47KCfUAbwmQ6aYdOHszciCHEX3HjQhG3fog7/8ZJm4W2Hhg4nHMv98zxYsEVWNa3sba+sbm1Xdmp7u7tHxyaR8c9FSWSsi6NRCQHHlFM8JB1gYNgg1gyEniC9b3ZTeH3H5hUPArvIY2ZE5BJyH1OCWjJNWujgMDU87Np7o6APUJ2kbtm3Wpac+BVYpekjkp0XPNrNI5oErAQqCBKDW0rBicjEjgVLK+OEsViQmdkwoaahiRgysnm4XN8ppUx9iOpXwh4rv7eyEigVBp4erKIqpa9QvzPGybgXzsZD+MEWEgXh/xEYIhw0QQec8koiFQTQiXXWTGdEkko6L6qugR7+curpHfetC+brbtWvd0o66igE3SKGshGV6iNblEHdRFFKXpGr+jNeDJejHfjYzG6ZpQ7NfQHxucPaPiVMQ==</latexit>

h3

<latexit sha1_base64="PONxIvvJ37Cp4ERJWxQrW1deaEg=">AAAB/HicbVDLSsNAFJ3UV62vaJdugkXoqiRS1GXBjcsK9gFtCJPppB06mYSZGzGE+CtuXCji1g9x5984abPQ1gMDh3Pu5Z45fsyZAtv+Niobm1vbO9Xd2t7+weGReXzSV1EiCe2RiEdy6GNFORO0Bww4HcaS4tDndODPbwp/8EClYpG4hzSmboinggWMYNCSZ9bHIYaZH2RR7o2BPkLm5J7ZsFv2AtY6cUrSQCW6nvk1nkQkCakAwrFSI8eOwc2wBEY4zWvjRNEYkzme0pGmAodUudkifG6da2ViBZHUT4C1UH9vZDhUKg19PVlEVateIf7njRIIrt2MiTgBKsjyUJBwCyKraMKaMEkJ8FQTTCTTWS0ywxIT0H3VdAnO6pfXSf+i5Vy22nftRqdZ1lFFp+gMNZGDrlAH3aIu6iGCUvSMXtGb8WS8GO/Gx3K0YpQ7dfQHxucPcNCVNg==</latexit>

o1
<latexit sha1_base64="4AgQYa3UR2m2OqlL51zIFAv2MTA=">AAAB/HicbVDLSsNAFJ34rPUV7dJNsAhdlaQUdVlw47KCfUAbwmQ6aYdOMmHmRgwh/oobF4q49UPc+TdO2iy09cDA4Zx7uWeOH3OmwLa/jY3Nre2d3cpedf/g8OjYPDntK5FIQntEcCGHPlaUs4j2gAGnw1hSHPqcDvz5TeEPHqhUTET3kMbUDfE0YgEjGLTkmbVxiGHmB5nIvTHQR8hauWfW7aa9gLVOnJLUUYmuZ36NJ4IkIY2AcKzUyLFjcDMsgRFO8+o4UTTGZI6ndKRphEOq3GwRPrcutDKxAiH1i8BaqL83MhwqlYa+niyiqlWvEP/zRgkE127GojgBGpHloSDhFgiraMKaMEkJ8FQTTCTTWS0ywxIT0H1VdQnO6pfXSb/VdC6b7bt2vdMo66igM3SOGshBV6iDblEX9RBBKXpGr+jNeDJejHfjYzm6YZQ7NfQHxucPclWVNw==</latexit>

o2
<latexit sha1_base64="CPQL1xQU7r9t+RDfxJfqEe4a818=">AAAB/HicbVDLSsNAFJ34rPUV7dJNsAhdlUSLuiy4cVnBPqANYTKdtEMnkzBzI4YQf8WNC0Xc+iHu/BsnbRbaemDgcM693DPHjzlTYNvfxtr6xubWdmWnuru3f3BoHh33VJRIQrsk4pEc+FhRzgTtAgNOB7GkOPQ57fuzm8LvP1CpWCTuIY2pG+KJYAEjGLTkmbVRiGHqB1mUeyOgj5Bd5J5Zt5v2HNYqcUpSRyU6nvk1GkckCakAwrFSQ8eOwc2wBEY4zaujRNEYkxme0KGmAodUudk8fG6daWVsBZHUT4A1V39vZDhUKg19PVlEVcteIf7nDRMIrt2MiTgBKsjiUJBwCyKraMIaM0kJ8FQTTCTTWS0yxRIT0H1VdQnO8pdXSe+86Vw2W3etertR1lFBJ+gUNZCDrlAb3aIO6iKCUvSMXtGb8WS8GO/Gx2J0zSh3augPjM8fc9qVOA==</latexit>

o3

Experts

xx

<latexit sha1_base64="OrQrS9AfvSC67pQqcRdVfmayArQ=">AAAB83icbVBNSwMxFHxbv2r9qnr0EixCT2VXinoseBH0UMHWQncp2TTbhmaTJckKZenf8OJBEa/+GW/+G7PtHrR1IDDMvMebTJhwpo3rfjultfWNza3ydmVnd2//oHp41NUyVYR2iORS9UKsKWeCdgwznPYSRXEccvoYTq5z//GJKs2keDDThAYxHgkWMYKNlXw/xmZMMM9u72aDas1tuHOgVeIVpAYF2oPqlz+UJI2pMIRjrfuem5ggw8owwums4qeaJphM8Ij2LRU4pjrI5pln6MwqQxRJZZ8waK7+3shwrPU0Du1knlEve7n4n9dPTXQVZEwkqaGCLA5FKUdGorwANGSKEsOnlmCimM2KyBgrTIytqWJL8Ja/vEq65w3votG8b9Za9aKOMpzAKdTBg0towQ20oQMEEniGV3hzUufFeXc+FqMlp9g5hj9wPn8AFxuRpg==</latexit>KL

Mobiel App Development
      User Interface Design
      Responsive Design
      Database Management
……

Web Development
      HTML Basics
      Javascript Essentials
      Web Security

Algebra      
      Polynomials      
      Factoring
      Quadratic Equations

Discrete Mathematics
      Graph Theory      
      Combinatorics
      Number Theory
……

Technology
      Artificial Intelligence
      Smartphone
      Quantum Computing

Education
      Inclusive education      
      Classroom management
      Critical thinking
……

专家模型1 专家模型2 专家模型3

隐层向量

输出

语⾔建模⻔控⽹络语⾔建模⻔控⽹络语⾔建模⻔控⽹络

×××

<latexit sha1_base64="dVImxQrvhU1ewtavDsXmxK7LaXE=">AAAB/HicbVDLSsNAFJ3UV62vaJdugkXoqiRS1GXBjcsK9gFtCJPppB06mYSZGzGE+CtuXCji1g9x5984abPQ1gMDh3Pu5Z45fsyZAtv+Niobm1vbO9Xd2t7+weGReXzSV1EiCe2RiEdy6GNFORO0Bww4HcaS4tDndODPbwp/8EClYpG4hzSmboinggWMYNCSZ9bHIYaZH2Sz3BsDfYTMyT2zYbfsBax14pSkgUp0PfNrPIlIElIBhGOlRo4dg5thCYxwmtfGiaIxJnM8pSNNBQ6pcrNF+Nw618rECiKpnwBrof7eyHCoVBr6erKIqla9QvzPGyUQXLsZE3ECVJDloSDhFkRW0YQ1YZIS4KkmmEims1pkhiUmoPuq6RKc1S+vk/5Fy7lste/ajU6zrKOKTtEZaiIHXaEOukVd1EMEpegZvaI348l4Md6Nj+VoxSh36ugPjM8fZe6VLw==</latexit>

h1
<latexit sha1_base64="cBA4rQyNql3jn1CYY7NtdvUAbTM=">AAAB/HicbVDLSsNAFJ34rPUV7dJNsAhdlaQUdVlw47KCfUAbwmQ6aYdOJmHmRgwh/oobF4q49UPc+TdO2iy09cDA4Zx7uWeOH3OmwLa/jY3Nre2d3cpedf/g8OjYPDntqyiRhPZIxCM59LGinAnaAwacDmNJcehzOvDnN4U/eKBSsUjcQxpTN8RTwQJGMGjJM2vjEMPMD7JZ7o2BPkLWyj2zbjftBax14pSkjkp0PfNrPIlIElIBhGOlRo4dg5thCYxwmlfHiaIxJnM8pSNNBQ6pcrNF+Ny60MrECiKpnwBrof7eyHCoVBr6erKIqla9QvzPGyUQXLsZE3ECVJDloSDhFkRW0YQ1YZIS4KkmmEims1pkhiUmoPuq6hKc1S+vk36r6Vw223fteqdR1lFBZ+gcNZCDrlAH3aIu6iGCUvSMXtGb8WS8GO/Gx3J0wyh3augPjM8fZ3OVMA==</latexit>

h2

<latexit sha1_base64="W81rfWzThP//RUlUWoJmocZGoyE=">AAAB/HicbVDLSsNAFJ34rPUV7dLNYBG6KokWdVlw47KCfUAbwmQ6aYdOHszciCHEX3HjQhG3fog7/8ZJm4W2Hhg4nHMv98zxYsEVWNa3sba+sbm1Xdmp7u7tHxyaR8c9FSWSsi6NRCQHHlFM8JB1gYNgg1gyEniC9b3ZTeH3H5hUPArvIY2ZE5BJyH1OCWjJNWujgMDU87Np7o6APUJ2kbtm3Wpac+BVYpekjkp0XPNrNI5oErAQqCBKDW0rBicjEjgVLK+OEsViQmdkwoaahiRgysnm4XN8ppUx9iOpXwh4rv7eyEigVBp4erKIqpa9QvzPGybgXzsZD+MEWEgXh/xEYIhw0QQec8koiFQTQiXXWTGdEkko6L6qugR7+curpHfetC+brbtWvd0o66igE3SKGshGV6iNblEHdRFFKXpGr+jNeDJejHfjYzG6ZpQ7NfQHxucPaPiVMQ==</latexit>

h3

<latexit sha1_base64="PONxIvvJ37Cp4ERJWxQrW1deaEg=">AAAB/HicbVDLSsNAFJ3UV62vaJdugkXoqiRS1GXBjcsK9gFtCJPppB06mYSZGzGE+CtuXCji1g9x5984abPQ1gMDh3Pu5Z45fsyZAtv+Niobm1vbO9Xd2t7+weGReXzSV1EiCe2RiEdy6GNFORO0Bww4HcaS4tDndODPbwp/8EClYpG4hzSmboinggWMYNCSZ9bHIYaZH2RR7o2BPkLm5J7ZsFv2AtY6cUrSQCW6nvk1nkQkCakAwrFSI8eOwc2wBEY4zWvjRNEYkzme0pGmAodUudkifG6da2ViBZHUT4C1UH9vZDhUKg19PVlEVateIf7njRIIrt2MiTgBKsjyUJBwCyKraMKaMEkJ8FQTTCTTWS0ywxIT0H3VdAnO6pfXSf+i5Vy22nftRqdZ1lFFp+gMNZGDrlAH3aIu6iGCUvSMXtGb8WS8GO/Gx3K0YpQ7dfQHxucPcNCVNg==</latexit>

o1
<latexit sha1_base64="4AgQYa3UR2m2OqlL51zIFAv2MTA=">AAAB/HicbVDLSsNAFJ34rPUV7dJNsAhdlaQUdVlw47KCfUAbwmQ6aYdOMmHmRgwh/oobF4q49UPc+TdO2iy09cDA4Zx7uWeOH3OmwLa/jY3Nre2d3cpedf/g8OjYPDntK5FIQntEcCGHPlaUs4j2gAGnw1hSHPqcDvz5TeEPHqhUTET3kMbUDfE0YgEjGLTkmbVxiGHmB5nIvTHQR8hauWfW7aa9gLVOnJLUUYmuZ36NJ4IkIY2AcKzUyLFjcDMsgRFO8+o4UTTGZI6ndKRphEOq3GwRPrcutDKxAiH1i8BaqL83MhwqlYa+niyiqlWvEP/zRgkE127GojgBGpHloSDhFgiraMKaMEkJ8FQTTCTTWS0ywxIT0H1VdQnO6pfXSb/VdC6b7bt2vdMo66igM3SOGshBV6iDblEX9RBBKXpGr+jNeDJejHfjYzm6YZQ7NfQHxucPclWVNw==</latexit>

o2
<latexit sha1_base64="CPQL1xQU7r9t+RDfxJfqEe4a818=">AAAB/HicbVDLSsNAFJ34rPUV7dJNsAhdlUSLuiy4cVnBPqANYTKdtEMnkzBzI4YQf8WNC0Xc+iHu/BsnbRbaemDgcM693DPHjzlTYNvfxtr6xubWdmWnuru3f3BoHh33VJRIQrsk4pEc+FhRzgTtAgNOB7GkOPQ57fuzm8LvP1CpWCTuIY2pG+KJYAEjGLTkmbVRiGHqB1mUeyOgj5Bd5J5Zt5v2HNYqcUpSRyU6nvk1GkckCakAwrFSQ8eOwc2wBEY4zaujRNEYkxme0KGmAodUudk8fG6daWVsBZHUT4A1V39vZDhUKg19PVlEVcteIf7nDRMIrt2MiTgBKsjiUJBwCyKraMIaM0kJ8FQTTCTTWS0yxRIT0H1VdQnO8pdXSe+86Vw2W3etertR1lFBJ+gUNZCDrlAb3aIO6iKCUvSMXtGb8WS8GO/Gx2J0zSh3augPjM8fc9qVOA==</latexit>

o3

模型

<latexit sha1_base64="OrQrS9AfvSC67pQqcRdVfmayArQ=">AAAB83icbVBNSwMxFHxbv2r9qnr0EixCT2VXinoseBH0UMHWQncp2TTbhmaTJckKZenf8OJBEa/+GW/+G7PtHrR1IDDMvMebTJhwpo3rfjultfWNza3ydmVnd2//oHp41NUyVYR2iORS9UKsKWeCdgwznPYSRXEccvoYTq5z//GJKs2keDDThAYxHgkWMYKNlXw/xmZMMM9u72aDas1tuHOgVeIVpAYF2oPqlz+UJI2pMIRjrfuem5ggw8owwums4qeaJphM8Ij2LRU4pjrI5pln6MwqQxRJZZ8waK7+3shwrPU0Du1knlEve7n4n9dPTXQVZEwkqaGCLA5FKUdGorwANGSKEsOnlmCimM2KyBgrTIytqWJL8Ja/vEq65w3votG8b9Za9aKOMpzAKdTBg0towQ20oQMEEniGV3hzUufFeXc+FqMlp9g5hj9wPn8AFxuRpg==</latexit>KL

<latexit sha1_base64="xG/liO6/135B/2Z06jpySXA+Dq0=">AAAB/3icbVDLSsNAFJ34rPUVFdy4CRbBVUlKUZcFNy4r2Ac0IUymk3boZBJmbsQSs/BX3LhQxK2/4c6/cdJmoa0HZjiccy9z5gQJZwps+9tYWV1b39isbFW3d3b39s2Dw66KU0loh8Q8lv0AK8qZoB1gwGk/kRRHAae9YHJd+L17KhWLxR1ME+pFeCRYyAgGLfnmsRthGAdhNs59F+gDZMWV+2bNrtszWMvEKUkNlWj75pc7jEkaUQGEY6UGjp2Al2EJjHCaV91U0QSTCR7RgaYCR1R52Sx/bp1pZWiFsdRHgDVTf29kOFJqGgV6skirFr1C/M8bpBBeeRkTSQpUkPlDYcotiK2iDGvIJCXAp5pgIpnOapExlpiArqyqS3AWv7xMuo26c1Fv3jZrrUZZRwWdoFN0jhx0iVroBrVRBxH0iJ7RK3oznowX4934mI+uGOXOEfoD4/MHVpWW6w==</latexit>

htext

Hidden

Logits

LM HeadGatingLM HeadGatingLM HeadGating

×××

Models

<latexit sha1_base64="xG/liO6/135B/2Z06jpySXA+Dq0=">AAAB/3icbVDLSsNAFJ34rPUVFdy4CRbBVUlKUZcFNy4r2Ac0IUymk3boZBJmbsQSs/BX3LhQxK2/4c6/cdJmoa0HZjiccy9z5gQJZwps+9tYWV1b39isbFW3d3b39s2Dw66KU0loh8Q8lv0AK8qZoB1gwGk/kRRHAae9YHJd+L17KhWLxR1ME+pFeCRYyAgGLfnmsRthGAdhNs59F+gDZMWV+2bNrtszWMvEKUkNlWj75pc7jEkaUQGEY6UGjp2Al2EJjHCaV91U0QSTCR7RgaYCR1R52Sx/bp1pZWiFsdRHgDVTf29kOFJqGgV6skirFr1C/M8bpBBeeRkTSQpUkPlDYcotiK2iDGvIJCXAp5pgIpnOapExlpiArqyqS3AWv7xMuo26c1Fv3jZrrUZZRwWdoFN0jhx0iVroBrVRBxH0iJ7RK3oznowX4934mI+uGOXOEfoD4/MHVpWW6w==</latexit>

htext
<latexit sha1_base64="8oOiHFOhIi/vNLKgE1yuzMVlnjc=">AAAB/3icbVDLSsNAFJ34rPUVFdy4CRbBVUlKUZcFNy4r2Ac0oUymN+3QyYOZG7HELvwVNy4UcetvuPNvnLRZaOuBgcM593LPHD8RXKFtfxsrq2vrG5ulrfL2zu7evnlw2FZxKhm0WCxi2fWpAsEjaCFHAd1EAg19AR1/fJ37nXuQisfRHU4S8EI6jHjAGUUt9c1jN6Q48oNsNO27CA+YsXgA075Zsav2DNYycQpSIQWaffPLHcQsDSFCJqhSPcdO0MuoRM4ETMtuqiChbEyH0NM0oiEoL5vln1pnWhlYQSz1i9Caqb83MhoqNQl9PZmnVYteLv7n9VIMrryMR0mKELH5oSAVFsZWXoY14BIYiokmlEmus1psRCVlqCsr6xKcxS8vk3at6lxU67f1SqNW1FEiJ+SUnBOHXJIGuSFN0iKMPJJn8krejCfjxXg3PuajK0axc0T+wPj8ARaQlsE=</latexit>

hcode
<latexit sha1_base64="jq5TIro+HwpZRinX9ohjOJ+ROHU=">AAAB/3icbVDLSsNAFJ34rPUVFdy4CRbBVUlKUZcFNy4r2Ac0IUymk3boZBJmbsQSu/BX3LhQxK2/4c6/cZJmoa0HBs6ccy9z5gQJZwps+9tYWV1b39isbFW3d3b39s2Dw66KU0loh8Q8lv0AK8qZoB1gwGk/kRRHAae9YHKd+717KhWLxR1ME+pFeCRYyAgGLfnmsRthGAdhNp75LtAHyPL7zDdrdt0uYC0TpyQ1VKLtm1/uMCZpRAUQjpUaOHYCXoYlMMLprOqmiiaYTPCIDjQVOKLKy4r8M+tMK0MrjKU+AqxC/b2R4UipaRToyTydWvSKyP94gxTCKy9jIkmBCjJ/KEy5BbGVl2ENmaQE+FQTTCTTWS0yxhIT0JVVdQnO4peXSbdRdy7qzdtmrdUo66igE3SKzpGDLlEL3aA26iCCHtEzekVvxpPxYrwbH/PRFaPcOUJ/YHz+AC1tltA=</latexit>

hmath

Data

Current TokenSpecialist Template

<latexit sha1_base64="5unUUO7dkIfxS7wlyvvoa9Uil9g=">AAAB7XicbVDLSgNBEOyNrxhfUY9eBoPgKexK0BwDXjxGMA9IljA7mU3GzM4s8xDCkn/w4kERr/6PN//GSbIHTSxoKKq66e6KUs608f1vr7CxubW9U9wt7e0fHB6Vj0/aWlpFaItILlU3wppyJmjLMMNpN1UUJxGnnWhyO/c7T1RpJsWDmaY0TPBIsJgRbJzU7suUWz0oV/yqvwBaJ0FOKpCjOSh/9YeS2IQKQzjWuhf4qQkzrAwjnM5KfatpiskEj2jPUYETqsNsce0MXThliGKpXAmDFurviQwnWk+TyHUm2Iz1qjcX//N61sT1MGMitYYKslwUW46MRPPX0ZApSgyfOoKJYu5WRMZYYWJcQCUXQrD68jppX1WD62rtvlZp1PM4inAG53AJAdxAA+6gCS0g8AjP8ApvnvRevHfvY9la8PKZU/gD7/MHz+qPRA==</latexit>�
<latexit sha1_base64="eegS63A/jm/BlwJMu7F9KWnN0yk=">AAAB/3icbVDLSsNAFJ34rPUVFdy4CRbBVUlKUZcFNy4r2Ac0IUymk3boZBJmbsQSs/BX3LhQxK2/4c6/cdJmoa0HZjiccy9z5gQJZwps+9tYWV1b39isbFW3d3b39s2Dw66KU0loh8Q8lv0AK8qZoB1gwGk/kRRHAae9YHJd+L17KhWLxR1ME+pFeCRYyAgGLfnmsRthGAdhFue+C/QBsuLKfbNm1+0ZrGXilKSGSrR988sdxiSNqADCsVIDx07Ay7AERjjNq26qaILJBI/oQFOBI6q8bJY/t860MrTCWOojwJqpvzcyHCk1jQI9WaRVi14h/ucNUgivvIyJJAUqyPyhMOUWxFZRhjVkkhLgU00wkUxntcgYS0xAV1bVJTiLX14m3Ubduag3b5u1VqOso4JO0Ck6Rw66RC10g9qogwh6RM/oFb0ZT8aL8W58zEdXjHLnCP2B8fkDYYyW8g==</latexit>otext

<latexit sha1_base64="v1JoZplm0zUdpMXxEGaf8lmILV8=">AAAB/3icbVDLSsNAFJ34rPVVFdy4CRbBVUlKUZcFNy4r2Ac0oUymN+3QSSbM3IglduGvuHGhiFt/w51/46TtQlsPDBzOuZd75gSJ4Bod59taWV1b39gsbBW3d3b39ksHhy0tU8WgyaSQqhNQDYLH0ESOAjqJAhoFAtrB6Dr32/egNJfxHY4T8CM6iHnIGUUj9UrHXkRxGISZnPQ8hAfMmOzDpFcqOxVnCnuZuHNSJnM0eqUvry9ZGkGMTFCtu66ToJ9RhZwJmBS9VENC2YgOoGtoTCPQfjbNP7HPjNK3Q6nMi9Geqr83MhppPY4CM5mn1YteLv7ndVMMr/yMx0mKELPZoTAVNko7L8PucwUMxdgQyhQ3WW02pIoyNJUVTQnu4peXSatacS8qtdtauV6d11EgJ+SUnBOXXJI6uSEN0iSMPJJn8krerCfrxXq3PmajK9Z854j8gfX5AyGHlsg=</latexit>ocode
<latexit sha1_base64="oQC4OR328SPPwBz5pIGb3a918eA=">AAAB/3icbVDLSsNAFJ34rPUVFdy4CRbBVUlKUZcFNy4r2Ac0IUymk3boJBNmbsQSu/BX3LhQxK2/4c6/cZJmoa0HBs6ccy9z5gQJZwps+9tYWV1b39isbFW3d3b39s2Dw64SqSS0QwQXsh9gRTmLaQcYcNpPJMVRwGkvmFznfu+eSsVEfAfThHoRHsUsZASDlnzz2I0wjIMwEzPfBfoAWX6f+WbNrtsFrGXilKSGSrR988sdCpJGNAbCsVIDx07Ay7AERjidVd1U0QSTCR7RgaYxjqjysiL/zDrTytAKhdQnBqtQf29kOFJqGgV6Mk+nFr0i8j/eIIXwystYnKRAYzJ/KEy5BcLKy7CGTFICfKoJJpLprBYZY4kJ6MqqugRn8cvLpNuoOxf15m2z1mqUdVTQCTpF58hBl6iFblAbdRBBj+gZvaI348l4Md6Nj/noilHuHKE/MD5/ADhkltc=</latexit>omath Data Pool

Balance Sampler
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 LayerNorm
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× L

⊕

⊕
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⊕

⊕

Multi-head Attention
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 LayerNorm
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⊕

⊕

 LayerNorm

Hidden 
States
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LinearGatingLinearGatingLinearGating

×××

Text Expert Code Expert Math Expert

Hidden 
States

Logits

LM HeadGatingLM HeadGatingLM HeadGating

×××

<latexit sha1_base64="cBA4rQyNql3jn1CYY7NtdvUAbTM=">AAAB/HicbVDLSsNAFJ34rPUV7dJNsAhdlaQUdVlw47KCfUAbwmQ6aYdOJmHmRgwh/oobF4q49UPc+TdO2iy09cDA4Zx7uWeOH3OmwLa/jY3Nre2d3cpedf/g8OjYPDntqyiRhPZIxCM59LGinAnaAwacDmNJcehzOvDnN4U/eKBSsUjcQxpTN8RTwQJGMGjJM2vjEMPMD7JZ7o2BPkLWyj2zbjftBax14pSkjkp0PfNrPIlIElIBhGOlRo4dg5thCYxwmlfHiaIxJnM8pSNNBQ6pcrNF+Ny60MrECiKpnwBrof7eyHCoVBr6erKIqla9QvzPGyUQXLsZE3ECVJDloSDhFkRW0YQ1YZIS4KkmmEims1pkhiUmoPuq6hKc1S+vk36r6Vw223fteqdR1lFBZ+gcNZCDrlAH3aIu6iGCUvSMXtGb8WS8GO/Gx3J0wyh3augPjM8fZ3OVMA==</latexit>

h2

<latexit sha1_base64="W81rfWzThP//RUlUWoJmocZGoyE=">AAAB/HicbVDLSsNAFJ34rPUV7dLNYBG6KokWdVlw47KCfUAbwmQ6aYdOHszciCHEX3HjQhG3fog7/8ZJm4W2Hhg4nHMv98zxYsEVWNa3sba+sbm1Xdmp7u7tHxyaR8c9FSWSsi6NRCQHHlFM8JB1gYNgg1gyEniC9b3ZTeH3H5hUPArvIY2ZE5BJyH1OCWjJNWujgMDU87Np7o6APUJ2kbtm3Wpac+BVYpekjkp0XPNrNI5oErAQqCBKDW0rBicjEjgVLK+OEsViQmdkwoaahiRgysnm4XN8ppUx9iOpXwh4rv7eyEigVBp4erKIqpa9QvzPGybgXzsZD+MEWEgXh/xEYIhw0QQec8koiFQTQiXXWTGdEkko6L6qugR7+curpHfetC+brbtWvd0o66igE3SKGshGV6iNblEHdRFFKXpGr+jNeDJejHfjYzG6ZpQ7NfQHxucPaPiVMQ==</latexit>

h3

<latexit sha1_base64="PONxIvvJ37Cp4ERJWxQrW1deaEg=">AAAB/HicbVDLSsNAFJ3UV62vaJdugkXoqiRS1GXBjcsK9gFtCJPppB06mYSZGzGE+CtuXCji1g9x5984abPQ1gMDh3Pu5Z45fsyZAtv+Niobm1vbO9Xd2t7+weGReXzSV1EiCe2RiEdy6GNFORO0Bww4HcaS4tDndODPbwp/8EClYpG4hzSmboinggWMYNCSZ9bHIYaZH2RR7o2BPkLm5J7ZsFv2AtY6cUrSQCW6nvk1nkQkCakAwrFSI8eOwc2wBEY4zWvjRNEYkzme0pGmAodUudkifG6da2ViBZHUT4C1UH9vZDhUKg19PVlEVateIf7njRIIrt2MiTgBKsjyUJBwCyKraMKaMEkJ8FQTTCTTWS0ywxIT0H3VdAnO6pfXSf+i5Vy22nftRqdZ1lFFp+gMNZGDrlAH3aIu6iGCUvSMXtGb8WS8GO/Gx3K0YpQ7dfQHxucPcNCVNg==</latexit>

o1
<latexit sha1_base64="4AgQYa3UR2m2OqlL51zIFAv2MTA=">AAAB/HicbVDLSsNAFJ34rPUV7dJNsAhdlaQUdVlw47KCfUAbwmQ6aYdOMmHmRgwh/oobF4q49UPc+TdO2iy09cDA4Zx7uWeOH3OmwLa/jY3Nre2d3cpedf/g8OjYPDntK5FIQntEcCGHPlaUs4j2gAGnw1hSHPqcDvz5TeEPHqhUTET3kMbUDfE0YgEjGLTkmbVxiGHmB5nIvTHQR8hauWfW7aa9gLVOnJLUUYmuZ36NJ4IkIY2AcKzUyLFjcDMsgRFO8+o4UTTGZI6ndKRphEOq3GwRPrcutDKxAiH1i8BaqL83MhwqlYa+niyiqlWvEP/zRgkE127GojgBGpHloSDhFgiraMKaMEkJ8FQTTCTTWS0ywxIT0H1VdQnO6pfXSb/VdC6b7bt2vdMo66igM3SOGshBV6iDblEX9RBBKXpGr+jNeDJejHfjYzm6YZQ7NfQHxucPclWVNw==</latexit>

o2
<latexit sha1_base64="CPQL1xQU7r9t+RDfxJfqEe4a818=">AAAB/HicbVDLSsNAFJ34rPUV7dJNsAhdlUSLuiy4cVnBPqANYTKdtEMnkzBzI4YQf8WNC0Xc+iHu/BsnbRbaemDgcM693DPHjzlTYNvfxtr6xubWdmWnuru3f3BoHh33VJRIQrsk4pEc+FhRzgTtAgNOB7GkOPQ57fuzm8LvP1CpWCTuIY2pG+KJYAEjGLTkmbVRiGHqB1mUeyOgj5Bd5J5Zt5v2HNYqcUpSRyU6nvk1GkckCakAwrFSQ8eOwc2wBEY4zaujRNEYkxme0KGmAodUudk8fG6daWVsBZHUT4A1V39vZDhUKg19PVlEVcteIf7nDRMIrt2MiTgBKsjiUJBwCyKraMIaM0kJ8FQTTCTTWS0yxRIT0H1VdQnO8pdXSe+86Vw2W3etertR1lFBJ+gUNZCDrlAb3aIO6iKCUvSMXtGb8WS8GO/Gx2J0zSh3augPjM8fc9qVOA==</latexit>

o3

Experts

xx

<latexit sha1_base64="OrQrS9AfvSC67pQqcRdVfmayArQ=">AAAB83icbVBNSwMxFHxbv2r9qnr0EixCT2VXinoseBH0UMHWQncp2TTbhmaTJckKZenf8OJBEa/+GW/+G7PtHrR1IDDMvMebTJhwpo3rfjultfWNza3ydmVnd2//oHp41NUyVYR2iORS9UKsKWeCdgwznPYSRXEccvoYTq5z//GJKs2keDDThAYxHgkWMYKNlXw/xmZMMM9u72aDas1tuHOgVeIVpAYF2oPqlz+UJI2pMIRjrfuem5ggw8owwums4qeaJphM8Ij2LRU4pjrI5pln6MwqQxRJZZ8waK7+3shwrPU0Du1knlEve7n4n9dPTXQVZEwkqaGCLA5FKUdGorwANGSKEsOnlmCimM2KyBgrTIytqWJL8Ja/vEq65w3votG8b9Za9aKOMpzAKdTBg0towQ20oQMEEniGV3hzUufFeXc+FqMlp9g5hj9wPn8AFxuRpg==</latexit>KL

Mobiel App Development
      User Interface Design
      Responsive Design
      Database Management
……

Web Development
      HTML Basics
      Javascript Essentials
      Web Security

Algebra      
      Polynomials      
      Factoring
      Quadratic Equations

Discrete Mathematics
      Graph Theory      
      Combinatorics
      Number Theory
……

Technology
      Artificial Intelligence
      Smartphone
      Quantum Computing

Education
      Inclusive education      
      Classroom management
      Critical thinking
……

专家模型1 专家模型2 专家模型3

隐层向量

输出

语⾔建模⻔控⽹络语⾔建模⻔控⽹络语⾔建模⻔控⽹络

×××

<latexit sha1_base64="dVImxQrvhU1ewtavDsXmxK7LaXE=">AAAB/HicbVDLSsNAFJ3UV62vaJdugkXoqiRS1GXBjcsK9gFtCJPppB06mYSZGzGE+CtuXCji1g9x5984abPQ1gMDh3Pu5Z45fsyZAtv+Niobm1vbO9Xd2t7+weGReXzSV1EiCe2RiEdy6GNFORO0Bww4HcaS4tDndODPbwp/8EClYpG4hzSmboinggWMYNCSZ9bHIYaZH2Sz3BsDfYTMyT2zYbfsBax14pSkgUp0PfNrPIlIElIBhGOlRo4dg5thCYxwmtfGiaIxJnM8pSNNBQ6pcrNF+Nw618rECiKpnwBrof7eyHCoVBr6erKIqla9QvzPGyUQXLsZE3ECVJDloSDhFkRW0YQ1YZIS4KkmmEims1pkhiUmoPuq6RKc1S+vk/5Fy7lste/ajU6zrKOKTtEZaiIHXaEOukVd1EMEpegZvaI348l4Md6Nj+VoxSh36ugPjM8fZe6VLw==</latexit>

h1
<latexit sha1_base64="cBA4rQyNql3jn1CYY7NtdvUAbTM=">AAAB/HicbVDLSsNAFJ34rPUV7dJNsAhdlaQUdVlw47KCfUAbwmQ6aYdOJmHmRgwh/oobF4q49UPc+TdO2iy09cDA4Zx7uWeOH3OmwLa/jY3Nre2d3cpedf/g8OjYPDntqyiRhPZIxCM59LGinAnaAwacDmNJcehzOvDnN4U/eKBSsUjcQxpTN8RTwQJGMGjJM2vjEMPMD7JZ7o2BPkLWyj2zbjftBax14pSkjkp0PfNrPIlIElIBhGOlRo4dg5thCYxwmlfHiaIxJnM8pSNNBQ6pcrNF+Ny60MrECiKpnwBrof7eyHCoVBr6erKIqla9QvzPGyUQXLsZE3ECVJDloSDhFkRW0YQ1YZIS4KkmmEims1pkhiUmoPuq6hKc1S+vk36r6Vw223fteqdR1lFBZ+gcNZCDrlAH3aIu6iGCUvSMXtGb8WS8GO/Gx3J0wyh3augPjM8fZ3OVMA==</latexit>

h2

<latexit sha1_base64="W81rfWzThP//RUlUWoJmocZGoyE=">AAAB/HicbVDLSsNAFJ34rPUV7dLNYBG6KokWdVlw47KCfUAbwmQ6aYdOHszciCHEX3HjQhG3fog7/8ZJm4W2Hhg4nHMv98zxYsEVWNa3sba+sbm1Xdmp7u7tHxyaR8c9FSWSsi6NRCQHHlFM8JB1gYNgg1gyEniC9b3ZTeH3H5hUPArvIY2ZE5BJyH1OCWjJNWujgMDU87Np7o6APUJ2kbtm3Wpac+BVYpekjkp0XPNrNI5oErAQqCBKDW0rBicjEjgVLK+OEsViQmdkwoaahiRgysnm4XN8ppUx9iOpXwh4rv7eyEigVBp4erKIqpa9QvzPGybgXzsZD+MEWEgXh/xEYIhw0QQec8koiFQTQiXXWTGdEkko6L6qugR7+curpHfetC+brbtWvd0o66igE3SKGshGV6iNblEHdRFFKXpGr+jNeDJejHfjYzG6ZpQ7NfQHxucPaPiVMQ==</latexit>

h3

<latexit sha1_base64="PONxIvvJ37Cp4ERJWxQrW1deaEg=">AAAB/HicbVDLSsNAFJ3UV62vaJdugkXoqiRS1GXBjcsK9gFtCJPppB06mYSZGzGE+CtuXCji1g9x5984abPQ1gMDh3Pu5Z45fsyZAtv+Niobm1vbO9Xd2t7+weGReXzSV1EiCe2RiEdy6GNFORO0Bww4HcaS4tDndODPbwp/8EClYpG4hzSmboinggWMYNCSZ9bHIYaZH2RR7o2BPkLm5J7ZsFv2AtY6cUrSQCW6nvk1nkQkCakAwrFSI8eOwc2wBEY4zWvjRNEYkzme0pGmAodUudkifG6da2ViBZHUT4C1UH9vZDhUKg19PVlEVateIf7njRIIrt2MiTgBKsjyUJBwCyKraMKaMEkJ8FQTTCTTWS0ywxIT0H3VdAnO6pfXSf+i5Vy22nftRqdZ1lFFp+gMNZGDrlAH3aIu6iGCUvSMXtGb8WS8GO/Gx3K0YpQ7dfQHxucPcNCVNg==</latexit>

o1
<latexit sha1_base64="4AgQYa3UR2m2OqlL51zIFAv2MTA=">AAAB/HicbVDLSsNAFJ34rPUV7dJNsAhdlaQUdVlw47KCfUAbwmQ6aYdOMmHmRgwh/oobF4q49UPc+TdO2iy09cDA4Zx7uWeOH3OmwLa/jY3Nre2d3cpedf/g8OjYPDntK5FIQntEcCGHPlaUs4j2gAGnw1hSHPqcDvz5TeEPHqhUTET3kMbUDfE0YgEjGLTkmbVxiGHmB5nIvTHQR8hauWfW7aa9gLVOnJLUUYmuZ36NJ4IkIY2AcKzUyLFjcDMsgRFO8+o4UTTGZI6ndKRphEOq3GwRPrcutDKxAiH1i8BaqL83MhwqlYa+niyiqlWvEP/zRgkE127GojgBGpHloSDhFgiraMKaMEkJ8FQTTCTTWS0ywxIT0H1VdQnO6pfXSb/VdC6b7bt2vdMo66igM3SOGshBV6iDblEX9RBBKXpGr+jNeDJejHfjYzm6YZQ7NfQHxucPclWVNw==</latexit>

o2
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Table 15: Statistics of ULTRACHAT 2 dataset. # Topics are the number of meta-topics and sub-topics.
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The gradient flow analysis of the model reveals1371

several key insights into its learning dynamics and1372

specialization mechanisms. The gating weight1373

functions as an adaptive learning rate for each ex-1374

pert. This adaptive mechanism allows experts to1375

receive stronger gradient signals for tokens they1376

are more adept at handling, thereby encouraging1377

the fusing over time. The modulation of gradi-1378

ent magnitudes by gating weights plays a crucial1379

role in maintaining a balanced learning process.1380

This modulation prevents any single expert from1381

dominating, ensuring that each expert receives gra-1382

dients proportional to its relevance. Consequently,1383

the learning process exhibits stability, potentially1384

leading to smoother convergence compared to train-1385

ing each expert independently. Moreover, the gat-1386

ing mechanism can be seen as an information bot-1387

tleneck, compelling the model to make decisions1388

about which expert’s knowledge is most relevant1389

for each token. This forced decision-making pro- 1390

cess potentially results in more robust and inter- 1391

pretable representations within the model. The 1392

gating-weighted gradient flow also provides a form 1393

of implicit regularization, as it prevents experts 1394

from updating on tokens they’re not responsible 1395

for, potentially reducing the risk of overfitting. 1396

Furthermore, we can approxiamate a generaliza- 1397

tion bound using the Rademacher complexity of 1398

the fused model: 1399

R(FULTRAFUSER) ≤ LG
∑

j

w̄jR(Fj), (8) 1400

where R denotes Rademacher complexity (Bartlett 1401

and Mendelson, 2002), Fj is the function class of 1402

expert j, LG is the Lipschitz constant of the gating 1403

network, and w̄j is the average weight assigned 1404

to expert j. This bound suggests that the general- 1405

ization capability of ULTRAFUSER is related to 1406

the weighted sum of the complexities of individual 1407

experts and the complexity of the gating network. 1408

This provides a justification for the model’s ability 1409

to combine specialized knowledge while maintain- 1410

ing good generalization performance. 1411

G Details for ULTRACHAT 2 1412

ULTRACHAT 2 is curated in a stage-wise manner, 1413

leveraging mainly LLM’s instruction following and 1414

in-context learning power and minimal human ef- 1415

fort. In this section, we provide more details re- 1416

garding the example data we collected and specific 1417

prompts we used for GPT-4 generation. 1418

Data. The statistics and example topics of the cu- 1419

rated ULTRACHAT 2 dataset is shown in Table 15. 1420

In figures below, we provide example instruction- 1421

21



response pair we collected for code domain in UL-1422

TRACHAT 2.1423

Prompts. We provide the prompt templates for1424

constructing ULTRACHAT 2 below (code part as an1425

example). Throughout the process, we also man-1426

ually check all the generated topics and sampled1427

instructions to ensure plausibility.1428
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Example Data from ULTRACHAT 2 Code Part

Instruction: I’m trying to create a CSS class called ".highlight" that changes the background color
of an element to yellow. How can I achieve this?
Response: You can create the ".highlight" CSS class by adding the following code to your CSS
file:
.highlight {background-color: yellow;}
Then, add the "highlight" class to any HTML element you want to have a yellow background. For
example:
<div class="highlight">This text will have a yellow background.</div>

Example Data from ULTRACHAT 2 Code Part

Instruction: How do I apply the PageRank algorithm to a network graph in Python using the
NetworkX library? Can you provide a code snippet?
Response: Sure, using the NetworkX library, you can apply the PageRank algorithm to a network
graph with the following way:
1. First, you need to install the package using pip:

pip install networkx
or, if you’re using Anaconda:
conda install -c anaconda networkx
2. And here’s a sample Python code snippet:

import networkx as nx
# Create a directed graph
G = nx.DiGraph()
# Add some edges (with weights) to the graph
G.add_edge("A", "B", weight=1)
G.add_edge("B", "C", weight=1)
G.add_edge("C", "D", weight=1)
G.add_edge("D", "A", weight=1)
G.add_edge("E", "A", weight=1)
G.add_edge("A", "F", weight=1)
G.add_edge("F", "G", weight=1)
G.add_edge("G", "H", weight=1)
G.add_edge("H", "A", weight=1)
# Compute the PageRank of G
pr = nx.pagerank(G, alpha=0.9)
# Print PageRank for each node
for node, pagerank in pr.items():

print(f"Node: {node}, PageRank: {pagerank}")
# Or you can print as:
print(pr)

In this code, ‘alpha‘ is a damping factor and it is set to 0.9. It represents the probability of
randomly jumping to any other node in the graph and generally it is set to a value between 0.85 to
0.9.nx.pagerank(G, alpha=0.9) returns a dictionary where keys are nodes and values are the
PageRank of each node. You can adjust weights for the edges and change alpha value if needed
according to your data and preferences.
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Step 1: Prompt for Meta-topic Generation

Generate {number} different and representative topics about programming. Each topic should
be a phrase describing a subfield that relies highly on coding and programming. Each topic
should be a concise phrase or term describing a specific subfield, paradigm, or application area in
programming. Ensure the selection covers a diverse range of specializations, from foundational
concepts to emerging technologies.

Step 2: Prompt for Sub-topic Generation

Generate {number} different sub-topics under "{meta-topic}". Each should be a representative
component or technique required for {meta-topic}. Each sub-topic should be a specific, represen-
tative component, technique, or concept that is integral to {meta-topic}. Aim for a comprehensive
overview that would be valuable for both newcomers and experienced practitioners in the field of
{meta-topic}.
Ensure the selection:
- Covers a range of fundamental to advanced elements.
- Reflects current industry practices and academic research.
- Includes both widely used and emerging approaches.
- Represents various aspects (e.g., theoretical foundations, practical applications, tools, methodolo-
gies).
For each sub-topic:
- Provide a concise name (2-5 words).
- Include a brief (1-2 sentence) explanation of its relevance to {meta-topic}.
- If applicable, mention a common use case or implementation example.

Step 3: Prompt for Instruction Generation

Generate {number} distinct, comprehensive instructions related to "{sub-topic}" within the broader
domain of {meta-topic}. Focus on addressing prevalent challenges, best practices, and advanced
techniques in this field. Each instruction should be designed to elicit a programming-focused
response, whether it involves writing new code, modifying existing code, or debugging given code
snippets.
Ensure that each instruction is:
- Self-contained, providing all necessary context and information required to formulate a complete
response.
- Specific and actionable, clearly defining the expected output or solution.
- Technically accurate and up-to-date with current industry standards.
- Scalable in complexity, suitable for various skill levels from beginners to advanced practitioners.
- Relevant to real-world applications or scenarios in the {meta-topic} domain.
Present the instructions directly, without introductory text or numbering. Each instruction should
stand alone as a comprehensive programming task or challenge.
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Step 4: Prompt for Instruction Complication

Modify the instruction below to make it more complex. Think about when and why people would
give such instruction and how to make it more natural. You can add more detailed requirements or
add more relevant usage contexts to enrich the instruction.
Consider the following aspects:
- Potential scenarios or use cases where this instruction might be given.
- The underlying motivations or goals of the person providing such an instruction.
- Specific requirements or constraints that could be added to increase complexity.
- Relevant industry standards, best practices, or methodologies that could be incorporated.
- Possible variations or alternative approaches to the task.
{instruction}
Output the new instruction directly. Your output should be a single, cohesive instruction that
incorporates these elements without explicitly listing them.

Step 5 (Optional): User Simulation Prompt for Multi-turn Conversation

Above is a conversation between a user and an intelligent assistant. Now suppose you are the user,
say something to continue the conversation based on the given context. Your message should be
concise, informal, and consistent with the established tone and topic of the conversation. Aim to
advance the discussion naturally, as if you were genuinely engaged in this exchange.
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